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Graphical Abstract | Schematic representation of a personalized tumor vaccine strategy based on inducing GSDMD-NT genetically engineered tumor cells to induce pyroptosis and elicit antitumor immune responses. Tumor cells were genetically engineered to inducibly overexpress GSDMD-NT and induce pyroptosis as a novel personalized tumor cell vaccine. After inoculation of mice with the cells, GSDMD-NT was induced to be expressed by providing drinking water with doxy, and it oligomerized on the cell membrane to form pores. Cell swelling and pyroptosis occur with the release of inflammatory molecules, and danger signals including HMGB1, ATP, LDH, CART, and HSP70/90. These DAMPs stimulate the migration and maturation of DCs, and promote the production of tumor-specific CD8+ T cells and IFN-g, accompanied by downregulated systemic myeloidderived suppressor cells (MDSCs) and regulatory T cells (Tregs) responses and remodeling of the tumor microenvironment. Finally, tumor growth was significantly suppressed.





Highlights

	1. GSDMD-NT expression induces tumor cell pyroptosis and ICD mediator release.

	2. Pyroptosis-induced tumor cells promote DC migration and maturation.

	3. Local tumor delivery of pyroptosis-inducible cells successfully modified the TME.

	4. Immunization of the cell vaccine elicits systemic and local antitumor immunity.





Introduction

In recent years, the incidence and mortality of cancers have increased rapidly, and cancer has become one of the most important causes of death worldwide (1). Traditional surgery, radiotherapy and chemotherapy for tumor treatment usually fail to prevent tumor recurrence (2, 3). Accordingly, achieving continuous elimination of cancer cells through stimulating the immune system and rebuilding effective immunological surveillance is important and promising. The principle of a tumor vaccine is, through providing effective antigens and powerful immune stimulators, to elicit tumor-specific cellular immunity and help the body recover the capability of recognizing and clearing tumor cells. However, immune suppressive and evading mechanisms developed by tumors significantly limit the induction and function of antitumor effector cells.

Pyroptosis is a kind of programmed cell death (PCD) mediated by pore-forming proteins including gasdermin A, B, C, D, and E (4–6). The pyroptosis of tumor cells can release danger signals and inflammatory components, triggering powerful antitumor immunity (7, 8). The gasdermin D (GSDMD) protein was first identified in 2015 as a key effector molecule in the apoptosis process (9). Once cleaved by caspase-1 or caspase-4/5/11 (10), (11), active N-terminal domain of GSDMD (GSDMD-NT) will oligomerizes in the cell membrane to form approximately 18 nm pores, causing cell swelling and cell membrane rupture and releasing inflammatory molecules and cellular contents (9, 12, 13). Pyroptotic cells present many kinds of “find me” and “eat me” danger signals to stimulate immune cells. The release of the nucleoprotein high-mobility group box 1 (HMGB1) protein promotes dendritic cell uptake, processing and presentation of antigens through interaction with Toll-like receptor 4 (TLR4)( 14, 15). Extracellular adenosine-5’-triphosphate (ATP) also serves as an effective “find me” signal (16, 17) and promotes recruitment, subsequent tumor antigen uptake, antigen presentation (18, 19), maturation (20), and homing of DCs (21). ATP binds to P2X or P2Y purine receptors expressed on DCs (22) and thereby activates the NLR family pyrin domain containing three (NALP3)/ASC/inflammasome pathways, leading to the release of immune modulators such as IL-1β. Heat-shock proteins 70/90 (HSP70/90) are usually located in the intracellular compartment and have the function of protecting cells under stress, and extracellular release of HSP70/90 provides signals for immune system activation, and it acts as a carrier for peptide antigen exposure (23). In addition, exposed calreticulin (CALR) on the pyroptotic cell surface, provides an “eat me” signal to promote the phagocytosis of professional antigen presenting cells, including dendritic cells (DCs) and macrophages (24, 25).

Chemotherapeutic drug-induced pyroptosis depends on activation of pyroptosis signaling pathway and expression abundance of effector molecules, and its clinical application for the induction of pyroptosis may be limited due to drug resistance and side effects (26, 27). Previous studies have described that heterogenous expression of GSDMD-NT by an inducible system bypassed the upstream regulatory events that naturally lead to pyroptosis and was sufficient to induce pyroptosis in various cell models (28, 29). In this study, we genetically modified tumor cells to produce inducible overexpression of GSDMD-NT to provide a generally applicable induction method for tumor cell pyroptosis. After inoculation, the controllable induction of pyroptosis can be safely and simply achieved by providing drinking water with a tetracycline analog, doxycycline (doxy). We showed that DAMPs released by pyroptotic cells effectively stimulated the migration and maturation of BMDCs in vitro, and promoted systemic and local in tumor anti-tumor effector T cell responses. In grafted tumor models, local delivery into tumors or subcutaneous immunization (both preventive and therapeutic) of the modified cells showed that the induction of tumor cell pyroptosis produced significant effects on suppressing tumor growth. This study proposes a novel strategy for developing an effective personalized tumor vaccine.



Results


Inducible expression of genetically modified GSDMD-NT causes pyroptosis in TC-1/4T1/CT26 tumor cells

The well-known executor causing cell pyroptosis is the active domain of the gasdermin protein family, with a pore-forming function (5, 30). At present, six homologous genes of gasdermin family members in humans have been identified, namely, GSDMA, GSDMB, GSDMC, GSDMD, GSDME (DFNA5) and Pejvakin (DFNB59) (31–33). Expression of the N-terminal domains of all gasdermins except for pejvakin is sufficient to directly induce lytic and inflammatory cell death (13, 28). To investigate the immunological characteristics of pyroptotic tumor cells and their potency to be developed as a personalized tumor vaccine, we explored a generally applicable strategy for inducing pyroptosis of tumor cells utilizing the inducible Tet-On systems for the expression of the key downstream effector protein GSDMD-NT (1~276 a.a.) (9, 28, 29, 34), which is independent of any upstream receptor recognition or caspase activation.

First, the GSDMD-NT gene was cloned into the lenti-vector plasmid pLVX-TetOne-Puro under the control of the TRE3GS promoter, and the eGFP gene was cloned in parallel as a marker gene (Figure 1A). The plasmids lenti-vector, lenti-eGFP and lenti-GSDMD-NT were transduced into mouse tumor cells TC-1, 4T1, and CT26 respectively, followed by puromycin selection. As expected, when detected at 48 hours after the addition of doxy to the medium the expression of eGFP was induced showing clear fluorescence. Transduction of lenti-GSDMD-NT resulted in swelling and round tumor cells, presenting typical pyroptotic cell morphology as compared to the lenti-GSDMD-NT without doxy control (Figure 1B). Meanwhile, the dynamic transcription levels of the GSDMD-NT mRNA were measured, which increased with the extension of induction time and reached a maximum at approximately 24 hours after doxy induction (Figure 1C). The expression of GSDMD-NT in TC-1 cells was further confirmed by immunofluorescence assays detecting the target protein in the cultured cells, which also validated the membrane location of expressed GSDMD-NT (Figure 1D). The dynamic morphological changes in the TC-1 cells were monitored, showing that almost all of the cells swelled up and became round at 72 hours (Figure 1E). Accordingly, the TC-1 cells collected at 24 h, 48 h, 72 h and 96 h were subjected to 7-AAD and Annexin V staining for flow cytometry analysis, and the results showed that the percentage of dead cells increased with doxy incubation (Figure 1F). Death also occurred in 4T1 and CT26 cells after doxy induction (Figure 2G). In brief, with the accumulation of GSDMD-NT expression, the degree of pyroptosis-like morphology changes became stronger, and lytic cell death eventually occurred. Furthermore, it was shown that there was no difference in the proliferation avidity between the genetically modified tumor cells without doxy induction and the wild-type cells (Figure 1H). We also tested the cytotoxicity of doxy itself on cells, and the results showed that the dose used in the experiment did not affect the cell proliferation. It was clear that the toxicity presented in doxy-induced GSDMD-NT gene-modified tumor cells was completely dependent on the expression of GSDMD-NT (Figure 1I). In general, we successfully created a system for inducing pyroptosis in TC-1, 4T1, and CT26 tumor cell lines, in which the expression of GSDMD-NT was strictly controlled by the inducer doxy.




Figure 1 | Inducible expression of genetically modified GSDMD-NT causes pyroptosis in TC-1/4T1/CT26 tumor cells. (A) Schematic presentation of the Tet-On-inducible GSDMD-NT or eGFP expression constructs. (B) Representative images of GSDMD-NT or eGFP expressing cells after 48 hours of incubation with doxy. Arrowheads indicate pyroptotic cells. Scale bar, 50μm. GSDMD or G-nondoxy indicates GSDMD-NT gene-modified cells without doxy induction. (C) Histogram analysis of the dynamic expression of GSDMD-NT in TC-1/4T1/CT26 tumor cells measured by RT-qPCR (n=3). G+ indicates induction of GSDMD-NT gene-modified cells by doxy. (D) Immunofluorescent staining was performed after incubation with doxy for various durations in TC-1 cells. Blue: DAPI-stained nuclei, green: GSDMD-NT detected with FITC-labeled anti-GSDMD antibodies. Scale bar, 10 μm. (E) The classical pyroptosis-like cell morphological changes including swelling in doxy-induced GSDMD-NT-modified TC-1 cells. Scale bar, 100 μm. (F) Representative flow cytometry pseudocolor dotplots of 7-AAD- and Annexin V-stained GSDMD-NT expressing TC-1 cells after incubation with doxy (left), vector+doxy (representing represents vector-transfected cells induced with doxy) for 96 h as a homotype control, and G-nondoxy as a blank control. Histogram analysis of dynamic cell death in 7-AAD and Annexin V double-positive cells (right) (n=3). (G) Histogram analysis of flow cytometry results of 7-AAD and Annexin V double-positive 4T1 and CT26 cells at 48 hours after incubation with doxy (n=3). (H) Proliferation curve of TC-1/4T1/CT26 cells stably transfected with vector, eGFP, or GSDMD-NT and wild-type (WT) by CCK-8 assays (n=5). (I) The toxicity of doxy was detected by cell proliferation avidity curve. Doxy was added to vector+, eGFP+, GSDMD-NT+ and wild type (WT+) TC-1/4T1/CT26 cells, and GSDMD-nondoxy was used as a control, “+” represents doxy induction (n=5). (C, F, G–I) Graph shows means ± SD; One-way ANOVA; *p value < 0.05, **p value < 0.01, ***p value < 0.001, ns represents no significance.





Expression and release of immunogenic mediators in pyroptotic tumor cells

Pyroptosis is a newly recognized form of ICD that imparts high immunogenicity to tumor cells. It improves the recognition of tumor cells by the immune system by releasing DAMPs that are normally hidden within living cells and it specifically stimulates antitumor immune responses to eliminate cancer cells (35–40). The “find me” signal molecules released by immunogenically dead cells bind to their own receptors, recruiting and activating immunecells; in addition, the “eat me” signals promote tumor cells to be taken up by professional phagocytes, leading to enhanced antigen processing and presentation to T lymphocytes. The ICD occurring in some of tumor cells has the capability of guiding the immune system to track, recognize and kill other more cancer cells (25, 37, 41). In this study, we employed a new strategy by cutting off the upstream signaling and directly expressing the downstream effector molecule GSDMD-NT to induce pyroptosis. To clarify the immunological characteristics of pyroptosis induced in this way, we carefully examined the expression and release of possible immunogenic mediators (42) (Figure 2A). The tumor cells were incubated with doxy for different time durations, and they released an increasing amount of lactate dehydrogenase (LDH) over time (Figure 2B upper). ATP release was induced to the highest level at 48 hours in TC-1, CT26, and 4T1 cells (Figure 2B lower). Western blotting showed that GSDMD-NT was quickly induced by doxy (Figure 2C and Figure S1). The expression and progressive secretion and accumulation of the HMGB1 in the supernatant were found in doxy-induced TC-1 cells (Figure 2D). Meanwhile, PI uptake assays in TC-1 cells showed that the degree of damage to the cell membrane was severe at 48 hours after doxy induction (Figure 2E). The release of the inflammatory cytokines was found to be significantly increased in GSDMD-NT-induced pyroptotic cells (Figure 2F). In addition, real time qPCR showed that the transcription levels of HSP70 and HSP90 were upregulated (Figure 2G). The expression of MHC class I molecules is important for presenting antigens and eliciting the tumor-specific immune responses (43), and in qPCR analysis H-2Kb was higher in pyroptotic tumor cells (Figure 2H). Furthermore, the increased expression of H-2Kb was supported by dynamically analyzed H-2Kb-positive cells with flow cytometry (Figures 2I, J). It was reported that the ligand-dependent or drug-inducing pyroptosis can trigger the secretion of the inflammatory cytokines IL-1β and IL-18 to stimulate the immune system (44, 45). In a summary, GSDMD-NT gene-modified and doxy-induced tumor cells have similar immunological characteristics to those of classical approach-induced pyroptotic cells, indicating that our strategy provides an efficient and universal method for ICD induction and thus has the potential to be used for the development of tumor cell vaccines.




Figure 2 | Expression and release of immune mediators in pyroptotic tumor cells. (A) Pattern diagram of immunogenic pyroptosis induced by Tet-On-GSDMD-NT gene expression. (B) The release of LDH (upper) and ATP (lower) was detected during the process of pyroptosis induction. WT+, Vector+, eGFP+ served as a homotype control to eliminate the nonpyroptotic effects of doxy on cells, and G-nondoxy served as a blank control. (C, D) Western blotting showing the expression of GSDMD-NT and (D) the expression and release of HMGB1 was induced in genetically modified TC-1 cells by doxy. (E) PI uptake assays. The modified TC-1 cells were incubated with doxy for 48 h and observed under a fluorescence microscope 6 h after PI dye was added. Scale bar, 50 μm. (F) The release of inflammatory cytokines in the supernatant of pyroptotic tumor cells was detected by ELISA (n=3). (G, H) The expression of HSP70, HSP90 and (H) H-2Kb in the modified TC-1 cells was analyzed by RT-qPCR (n=3). (I, J) Representative flow cytometry pseudocolor dotplots and (J) histogram analysis of H-2Kb expressing cells (n=3) in the dynamic pyroptosis process of the modified TC-1 cells. Graph shows means ± SD; (B, J) One-way ANOVA; (F, G, H) unpaired Student’s t test, *p value < 0.05, **p value < 0.01, ***p value < 0.001, ns represents no significance.





Immunogenic pyroptotic tumor cells promote the migration and maturation of BMDCs

As mentioned above, doxy-treated GSDMD-NT cells can release the danger signal molecules (ATP and HMGB1) to recruit and activate DCs. To further support this hypothesis, a Transwell migration assay was performed with the supernatant of pyroptotic tumor cells added to the lower chamber and the BMDCs were placed into the upper chamber, or BMDCs was directly incubated with pyroptotic tumor cells (Figure 3A). After incubation for 6 hours, BMDCs were recruited by the supernatant of pyroptotic cells but not the normal cell supernatant, which served as a control (Figure 3B). At the same time, the GSDMD-NT-TC-1 cells and BMDCs were cocultured at a ratio of 1:10 for 24 hours after adding the doxy. They were analyzed by flow cytometry for the expression of costimulatory molecules CD80/CD86 and antigen-presenting molecule MHC I and MHC II. Their expression on the surface of the BMDCs was upregulated as compared to the controls, including vector-transfected cells with doxy induction and GSDMD-NT cells without doxy induction. These results indicated that pyroptotic tumor cells effectively stimulated BMDC migration and promoted their maturation activation (Figures 3C–F).




Figure 3 | Immunogenic pyroptotic tumor cells promote the migration and maturation of BMDCs. (A) Pattern of immunogenic pyroptotic tumor cells promoting BMDC migration and maturation. (B) Transwell migration assays showed that the supernatant derived from the modified TC-1 cells incubated with doxy for 24 h induced the migration of BMDCs. Representative images and statistical analysis are presented. The “control” served as background contrast. Scale bar, 100 μm. (C–F) Representative flow cytometry pseudocolor dotplots for mature marker CD80-, CD86-, MHC-I-, and MHC-II-expressing cells in CD11c+ BMDCs and the corresponding statistical analysis. The BMDCs were incubated with pyroptotic TC-1 cells for 18 h. LPS served as a positive control. (B–F) Graph shows means ± SD, One-way ANOVA, ***p value < 0.001, ns represents no significance.





GSDMD-NT overexpression induces the complete clearance of the inoculated genetically modified tumor cells in mice

The immunological properties of GSDMD-NT-mediated pyroptotic tumor cells were analyzed in vitro as described above. Next, the genetically modified tumor cells were inoculated into mice to test whether artificial control of GSDMD-NT expression and pyroptosis occurrence induced by supplementing their drinking water with doxy could abolish the development of tumors from the inoculated cells (Figure 4A). Notably, the results showed that the growth of inoculated tumor cells was significantly suppressed in the GSDMD-NT-modified TC-1 tumor-bearing mice with the induction of doxy in drinking water, as compared to that in the mice drinking water without doxy or that in the vector-transfected tumor-bearing mice (Figure 4B). These results indicated that the Tet-On system was controllable in vivo, and doxy itself didn’t affect tumor growth compared with the two control groups. Furthermore, the expression of GSDMD-NT in tumor tissue was confirmed by RT-qPCR after the doxy induction (Figure 4C). Then, a TUNEL staining was performed to analyze the pyroptotic cells in tumor tissues, and a specific labeled antibody was used to mark the expression of GSDMD molecules, and both of them were induced by doxy treatment (Figure 4D). Immunofluorescence staining showed that doxy treatment decreased the infiltration of immunosuppressive cells Tregs in tumor tissues (Figure 4E). The above results suggested that doxy-induced GSDMD-NT overexpression in TC-1 tumor bearing mice led to pyroptosis of tumor cells and remodeled the tumor immunosuppressive microenvironment. To further evaluate the antitumor potencies of inducing pyroptosis in tumor cells, GSDMD-NT expression was induced at different tumor sizes, i.e., 20-50 mm3 and 200-500 mm3 (Figure 4F). The induction of pyroptosis at 20-50 mm3 completely eradicated the tumors after approximately one week of drinking doxy water, and the induction initialed at 200-500 mm3 had the capability of reversing the tumor growth to tumor-free status approximately 50 days later (Figure 4G). In addition, we also conducted a similar experiment in an orthotopic 4T1 breast tumor model, and the induction of pyroptosis significantly promoted antitumor immune responses and suppressed tumor growth (Figure S2). Together, the results indicated that the in vivo induction of GSDMD-NT-mediated pyroptosis was effective enough to completely eliminate the established tumors from the inoculated genetically modified tumor cells.




Figure 4 | GSDMD-NT overexpression induces the complete clearance of the inoculated genetically modified tumor cells in mice. (A) The protocol for evaluating the growth of genetically inoculated tumors itself after inducing GSDMD-NT expression in a TC-1 tumor model. (B) The monitoring of tumor growth (n=3). (C) The expression of GSDMD-NT in the tumor tissues measured by RT-qPCR (n =6). On Day 32, the mice were sacrificed and the tumors were isolated. (D) TUNEL analysis (green) and immunofluorescence analysis of GSDMD-positive cells (red). DAPI was used for nuclear staining (blue). Scale bar, 50 μm. (E) Immunofluorescence analysis of tumor-infiltrating Tregs, using anti-CD4 and anti-Foxp3 antibody double staining represents Tregs, and DAPI was used for nuclear staining (blue). Scale bar, 50 μm. (F) The protocol for evaluating the potency of inducing GSDMD-NT-mediated pyroptosis, initializing the induction of GSDMD-NT expression at different tumor sizes. (G) The monitoring of tumor growth. GSDMD(s) and GSDMD(m) represent drinking doxy when the tumor volume reached to 20-50 mm3 on Day 14 or 200-500mm3 on Day 23, respectively (n=5). Graph shows means ± SD, (B) Two-way ANOVA; (C) One-way ANOVA; ***p value < 0.001, ns represents no significance.





Preventive immunization with the novel pyroptosis induction-based tumor cell vaccine significantly inhibits the growth of grafted tumors in mice

To assess the potency of employing pyroptotic tumor cells as a novel vaccine, the modified tumor cells were injected as a tumor-preventive strategy simultaneously with the induction of GSDMD-NT expression by putting doxy in the drinking water. The mice were then subjected to contralateral subcutaneous challenge with wild-type tumor cells one week later (Figure 5A). The results showed that regardless what the vaccination dose of the modified tumor cells is sufficient to prevent the growth of the inoculated wild-type tumor (Figures 5B and S3). Although the repeated freeze-thaw cell lysate (FT) also inhibited the growth of tumors as compared to the unvaccinated control (the mice only received PBS), the GSDMD-NT-expressing tumor cells presented a better effect, indicating that the pyroptotic cells produced stronger antitumor immunity. These results were supported by the data about the sizes of the isolated tumor masses (Figure 5C), the weight of the tumor masses (Figure 5D), and the tumor free rate of the mice (Figure 5E). In brief, GSDMD-NT expression induced pyroptotic TC-1 cells to significantly or even completely suppress the tumor growth in mice challenged with wild-type TC-1 tumor cells. To clarify the possible contributions of the innate immunity elicited by ICD mediators and molecules related to pyroptotic cells, their possible cross-immune protection effects on heterogeneous CT26 tumors were investigated. Similar to the previous experiments,1×106 GSDMD-NT-TC-1 tumor cells were subcutaneously inoculated on the left side of BALB/c mice. After drinking water with doxy for one week, the mice were challenged with CT26 tumor cells on the right side at a dose of 1×105 cells/mouse (Figure 5F). The data showed that the pyroptotic TC-1 tumor cell vaccine (GSDMD-NT-TC-1) significantly inhibited the growth of CT26 tumors (Figures 5G and S4) and protected 80% of the mice from forming a tumor (Figure 5H), indicating that the pyroptotic cell vaccine can elicit strong innate immunity and not just tumor antigen-specific systemic antitumor effects.




Figure 5 | Preventive immunization with the novel pyroptosis induction-based tumor cell vaccine significantly inhibits the growth of grafted tumors in mice. (A) The protocol of the preventive immunization strategy for evaluating the potency of the immunity elicited by the pyroptotic TC-1 cells against the challenge of homogenous tumors in C57 mice (n=12). (B) Tumor growth curves by group (n=12). The repeated freeze-thaw lysis of tumor cells (FT cells) and PBS were used to replace the pyroptotic cells as blank controls. (C) The size of the isolated tumor mass (n=7). (D) The weight of the isolated tumor mass (n=7). (E) The percentage of the tumor-free mice (n=12). (F) The protocol of the preventive immunization strategy for evaluating the possible effects of pyroptotic TC-1 cells against the heterogeneous challenge of CT26 tumors in BALB/c mice (n=10). (G) Tumor growth curves by groups. (H) Percentage of the tumor-free mice. (B, D, G) Graph shows means ± SD, One-way ANOVA; (E, H) Log-rank test, *p value < 0.05, **p value < 0.01, ***p value < 0.001, ns represents no significance.





Local inoculation with the pyroptosis-inducible tumor cells suppresses the growth of established TC-1 tumors and significantly improves the antitumor cellular immune responses

Pyroptotic tumor cells have already shown the significant antitumor potency through a preventive immunization. However, the strategy escaped from the immune effects by employing immunosuppressive mechanisms developed by tumor and doesn’t simulate very well the clinical settings of a vaccine application. Here, the pyroptotic tumor cells were inoculated locally into established TC-1 tumors (Figures 6A, B). The results showed that the local inoculation of GSDMD-NT gene modified tumor cells with the induction of pyroptosis by drinking with doxy water significantly suppressed the growth of fully established tumors and in some cases, led to complete eradication of the tumor (Figures 6C and S5). Compared to the controls that received vector cells with induction or GSDMD-NT cells without induction, the induction of pyroptosis in GSDMD-NT cells significantly reduced the size (Figure 6D) and the weight (Figure 6E) of the isolated tumor masses, and the weight of the spleen (Figure 6F). Lymphocytes were isolated from the spleen and tumor tissues for flow cytometry analysis. The data showed that the responses of anti-tumor immune effector cells cytotoxic T lymphocytes (CTLs) (Figures 6G, I) and NK cells (Figures 6H, J) significantly increased in both spleen and tumor tissues, while the response of immunosuppressive cells MDSCs decreased (Figures 6K, L). These results indicated that local induction or delivery of pyroptotic tumor cells into tumors was able to regulate the tumor microenvironment (TME) and elicit anti-tumor innate and adaptive immune responses, and thereby inhibiting the growth of established tumors.




Figure 6 | Local inoculation with the pyroptosis-inducible tumor cells suppresses the growth of established TC-1 tumors and significantly improves the antitumor cellular immune responses. (A) Schematic representation of the treatment of TC-1 xenograft tumors by local inoculation of the pyroptosis-inducible tumor cells. (B) The experimental protocol (n=6). (C) Tumor growth curves by groups. (D) The size of the tumor mass. (E) The weight of the tumor mass. (F) The weight of the spleen. (G–L) CTLs (IFNγ+CD8α+), natural killer cells (NK1.1+), and MDSCs (CD11b+Gr-1+) in the spleen (G, H, K) and tumor tissues (I, J, L) were analyzed by flow cytometry (n=5). (C, E– L) Graph shows means ± SD, One-way ANOVA, *p value < 0.05, **p value < 0.01, ***p value < 0.001.





Therapeutic immunization with the novel pyroptotic tumor cell vaccine suppresses the growth of established TC-1 tumors and significantly improves the antitumor cellular immune responses

To further explore the application of the novel pyroptotic tumor cell vaccine in a clinical setting, in this study, a therapeutic vaccination strategy was employed. As described above, a TC-1 tumor model was fully established with the tumor volume reaching to 40~100 mm3, and then the novel pyroptotic tumor cell vaccine was injected subcutaneously into the contralateral site on the back (Figures 7A, B). Tumor growth was monitored, and in comparison, with the control of tumor cell lysis vaccine (FT), the pyroptotic tumor cell vaccine more significantly suppressed the growth of established tumors (Figures 7C, S6). This result was consistent with the size (Figure 7D) and weight (Figure 7E) of the isolated tumor masses. In addition, the weight of the spleen was decreased in the mice receiving the pyroptotic cell vaccine (Figure 7F), implying the suppressed proliferation of lymphocytes due to the reduced tumor burden caused by vaccination. Furthermore, the characteristics of the systemic and local immune responses elicited by the vaccination in tumor-bearing mice were investigated. ELISPOT assays showed that IFN-γ secretion of lymphocytes in both spleen and tumor tissues was significantly increased in the pyroptotic cell group in comparison with those in the controls that either received PBS or freeze–thaw cell lysates in place of the vaccine, after stimulation with the specific E7 peptide in vitro (Figures 7G–I). The results of the enhanced antitumor immunity were further supported by flow cytometry analysis, which showed that the responses of CTLs (Figure 7J) and NK cells in the spleen (Figure 7K) were increased, while the responses of immunosuppressive Tregs (Figure 7L) in spleen and MDSCs (Figures 7M, N) cells were decreased significantly in the spleen and tumor. In general, the novel pyroptotic tumor cell vaccine presented a strong capacity to stimulate antitumor immune responses, downregulate immunosuppressive systemic responses and the tumor microenvironment, and produce a robust inhibitor effect on the growth of the established tumor.




Figure 7 | Therapeutic immunization with the novel pyroptotic tumor cell vaccine suppresses the growth of established TC-1 tumors and significantly improves the anti-tumor cellular immune responses. (A) Schematic representation of the treatment of TC-1 xenograft tumors by therapeutic immunization with the pyroptosis-inducible tumor cells. (B) The experimental protocol (n=8). (C) Tumor growth curves by groups. (D) The size of the tumor mass (n=6). (E) The weight of the tumor mass. (F) The weight of the spleen. (G) Representative images of E7-specific IFN-γ-expressing lymphocytes isolated from the spleen and tumor tissues (n=6). (H, I) Statistical analysis of the ELISPOT results of E7-specific IFN-γ-expressing lymphocytes in the spleens and tumors. (J–M) Flow cytometry analyses of lymphocytes isolated from the spleen, including CTLs (IFNγ+CD8α+) (J), natural killer cells (NK1.1+) (K), Tregs (CD4+Foxp3+) (L), and MDSCs (CD11b+Gr-1+) (M). (N) MDSCs (CD11b+Gr-1+) detected by flow cytometry in tumors. (C, E, F, H–N) Graph shows means ± SD, One-way ANOVA, **p value < 0.01, ***p value < 0.001.






Discussion

Tumor vaccines are a promising immunotherapeutic strategy; however, they generally lack a significant or satisfactory clinical efficacy at present. One of the possible reasons is the tumor-driven development of systemic and local tumor immunosuppressive mechanisms, which limit the generation and functional exertion of vaccine-induced antitumor effector cells (46); another reason may be attributed to the variability and heterogeneity of tumor antigens due to the genomic instability of tumor cells, which produces frequent changes in tumor antigenicity leading to tumor escape from established immunological surveillance (47). Thus, a successful vaccine strategy needs to effectively overcome immunosuppression and elicit the generation of effector cells targeting a broad spectrum of tumor antigens (48), especially with the involvement of neoantigens and personalized antigens. At present, the main tumor vaccine forms include peptide and protein-based vaccines, DNA vaccines, RNA vaccines, viruses or bacterium-vectored vaccines, DC vaccines, or tumor cell vaccines. Among these vaccines, tumor cell-based vaccines are a relatively old and traditional strategy and are thought to produce a certain of treatment efficacy against prostate cancer in the clinic (49). One of its limitations is its weaker capability of eliciting tumor-specific immune responses. However, with the development of new molecular biology technologies and immune responses theories, the vaccine strategies based on engineered tumor cell lines has been becoming more and more promising and clinically practicable. For example, granulocyte-macrophage colony-stimulating factor (GM-CSF)-secreting allogeneic pancreatic tumor cell vaccine (GVAX) has received multiple attractive clinical trials alone or in combination with other treatments (50). Theoretically, tumor cell lines are convenient to be engineered to overexpress specific and personalized tumor antigens/neoantigens and thus empowered to highlight antigen of interest -specific antitumor responses while the tumor cell itself provides multiple tumor antigens and immune stimulators, which further explores the application potentials of a vaccine based on tumor cell lines. In this study, we provide an engineered tumor cell vaccine strategy through inducing pyroptosis of tumor cells and taking advantage of its immunological characteristics to elicit anti-tumor immunity. Besides using cell lines, the tumor cells can also be obtained through isolating from the excised tumor tissues in patients receiving an operative treatment.

Chemotherapy is a major clinical tool for fighting against cancers. In addition to directly killing tumor cells, some chemotherapy drugs, such as anthracycline and platinum drugs, may also stimulate antitumor immunity by causing immunogenic cell death (ICD) of tumor cells, which brings about a dual antitumor effect. ICD-induced tumor cells release damage-associated molecular patterns (DAMPs) as danger signals, including calreticulin (CALR), high mobility group protein 1 (HMGB1), heat shock proteins (HSPs), and adenosine-5’-triphosphate (ATP), to activate the immune system and enhance antitumor immune responses (51). The immunological features indicate that immunization with ICD-induced tumor cells might be a new vaccine strategy that may be able to simultaneously provide multiple or personalized tumor antigens and strong immunostimulatory signals. This strategy has been reported previously in a few studies (52, 53). However, in order for ICD cells to act as a vaccine they need to control the proper “dying” status, allowing the cells to release immune mediators for a necessary time duration. This means that rational control of ICD status for optimized stimulation of the immune system is difficult when using drugs to induce ICD. In addition, the sensitivity and conditions for ICD induction may vary with the sources and types of tumor cells. This is key challenge in developing ICD cells for tumor immunotherapy as a new vaccine strategy.

Pyroptosis is a newly identified ICD mode that is characterized by having a central effector pathway of membrane pore formation mediated by a processed active protein from the GSDM family. It has been demonstrated that the overexpression of full-length GSDME in transplanted tumor cells could function as a vaccine through promoting the cleavage of GSDME into a pore-forming fragment, which causes tumor cell pyroptosis and enhances tumor-associated macrophage phagocytosis and the responses of tumor-infiltrating NK and CD8+ T lymphocytes (54). Another study developed a bioorthogonal system by engineering tumor cells to express a chemically cleavable construct of GSDMA3 to drive pyroptosis-induced inflammation and trigger robust T cell-depend anti-tumor immunity, revealing that less than 15% of tumor cell pyroptosis was sufficient to clear the entire 4T1 mammary tumor graft (55). Both of the studies strongly indicated that it was an attractive idea to take advantage of the immunological features of pyroptosis for developing new tumor immunotherapeutic strategies especially for the design of a tumor cell vaccine. In this study, we developed a new and commonly applicable approach to induce pyroptosis of tumor cells through transgenic modification of the GSDMD-NT gene. The overexpression of GSDMD-NT was strictly controlled in an inducible pattern by the TRE3GS promoter and tetracycline induction system. In addition, only the intracellular GSDMD- NT can cause pyroptosis, and the addition of activated gasdermin outside the cell will not cause membrane lysis (6, 45). Therefore, in this study, the remaining GSDMD-NT after pyroptosis and lysis of GSDMD-NT-expressing tumor cells did not cause damage to nearby tissues and cells. Altogether, our design explored vaccine application of pyroptotic cells, which allows the cells to express enough ICD mediators in vivo in a safe way and provides a new cell vaccine platform for further genetic modification with more functional genes.

At the beginning of the study, we demonstrated that overexpression of GSDMD-NT had the capacity to induce pyroptosis in multiple tumor cell lines, including TC-1, 4T1, and CT26. Our unpublished data using chemotherapeutic drugs to induce ICD showed that the three tumor cell lines presented different sensitivity and response features to specific drugs, while in this study, pyroptosis was indued successfully in all the three cells, supporting that GSDMD-NT is a key effector for pyroptosis induction and our strategy is a broadly applicable approach. We further analyzed the expression and release pattern of ICD mediators from GSDMD-NT-mediated pyroptosis, and the results confirmed that it produced similar immunological responses as classical receptor-mediated pyroptosis, although it lacks the direct triggering of upstream signaling in the classical pathway. It’s interesting that the three cell lines showed different dynamics of the pryoptotic induction, evidenced by Annexin V/7-ADD staining and LDH release, which may correlate with very different magnitudes/kinetics of GSDMD-NT mRNA accumulation in Fig 2C. However, it seems that the levels of GSDMD-NT protein didn’t correlate with pryoptotic cell death (Fig 3C and S1), which implied that the modulatory mechanism of membrane pore formation and pyroptosis was not simply associated with GSDMD-NT expression and more pathways might be involved. It was reported that the expression of endogenous GSDME gene in CT26 cells is much higher than that in 4T1 cells (54), and GSDMD-NT proteins can target the mitochondria to promote cytochrome c release and Gasdermin E cleavage by caspase-3 activation to liberate the GSDME-N domain and thus augment the pyroptosis pathway (56). In addition, the post- translational mTOR signaling pathway and reactive oxygen species (ROS) metabolic signaling-involved regulation mechanisms of membrane pore formation probably determine the dynamics of active GSDMs proteins -mediated pyroptosis (29).

We revealed through in vitro experiments that GSDMD-NT genetically modified cells can be effectively induced undergo pyroptosis with fully characterized presentation of immunological mediators of immunogenic death. In addition, we measured the kinetics features of cell death after induction with doxy and ensured that the cells undergoing 24 h doxy induction were destined to die even if doxy was withdrawn, which supports to some extent the safety and effectiveness of the strategy. The immunological effects of pyroptotic cells on DCs, including their influences on migration, antigen uptake and processing, and DC maturation, were further explored. Taken together, we concluded that genetically modified tumor cells with inducible GSDMD-NT overexpression demonstrated full ICD characteristics, with potential to be explored as a new tumor cell vaccine.

The first step to evaluate the application prospects of pyroptosis-inducible cell vaccines is to determine whether doxy induction can effectively prevent the development of tumors caused by an inoculated modified tumor cell itself. For this purpose, mice were inoculated with modified cells and induced with drinking doxy water when the tumor consisting of the modified cells was fully established. We found that regardless of whether the tumor sizes had reached 20-50 mm3 or 200-500 mm3 when the induction of doxy started, the tumors were eliminated completely, although larger tumors did need a longer time for clearance. The results clearly indicated that the inoculated modified tumor cells would not introduce a new tumor in vivo, which laid a basis for its application as a vaccine from the point of view of safety and effectiveness. Furthermore, to evaluate the possible efficacy of employing pyroptosis-inducible cells as a vaccine, a preventive immunization procedure was performed in this study. Although this procedure did not mimic a clinical setting very well, it allows us to determine the inherent ability of the novel pyroptotic cell vaccine to elicit antitumor immunity without the influences of tumor-developed immunosuppression mechanisms. Immunization with a pyroptotic cell vaccine significantly suppressed the development of subsequent challenge with homogenous tumors. Our further experiment demonstrated that immunization with a pyroptotic cell vaccine even provided noticeable protection against a challenge with heterogeneous tumors, implying the effects of innate immunity. It is not surprising to find innate cells’ antitumor effects here, since pyroptotic cells release a large amount of danger signals and inflammatory cytokines, which have important contributions to developing innate immunity (57). The above in vivo studies laid a foundation for using pyroptotic cells as a new tumor cell vaccine on the basis of the in vitro characterization of ICD cells.

The TME plays a key role in tumorigenesis, immune escape and metastasis (58), and the suppressive TME hinders the ability of T cells to eradicate tumor cells (59). Anti-CTLA-4, anti-PD-1/PD-L1 antibody and other immune checkpoint inhibitors (ICIs) have greatly improved the results of tumor treatment in clinical practice (60, 61). However, this therapy only benefits a small number of patients (62). Therefore, it is important to develop new strategies to reshape the immunosuppressive TME. As a proinflammatory form of cell death, it is promising to induce pyroptosis of tumor cells in local tumor tissue. In this study, after the tumor was fully established, we directly administered the pyroptosis-inducible cells into tissue to test the potency of this strategy to locally elicit antitumor immunity and modify the tumor immune microenvironment. Our results supported previous findings that the induction of tumor ICD in just a few tumor cells was sufficient to elicit antitumor immune responses and suppress the tumor growth (52, 53, 63). The responses of antitumor effector cells, including adaptive CTLs and innate NK cells, were increased in the spleen and tumor tissue, while the immunosuppressive MDSCs were significantly reduced. These results indicated that local tumor delivery and induction of GSDMD-NT expression and pyroptosis of pyroptosis-inducible cells presented a promising intratumor immunotherapy strategy. Although intratumoral delivery of chemical drugs for ICD induction might be a clinical option for the treatment of some cancers (64), our strategy has some advantages. Chemotherapeutics generally require a very high dose to induce significant ICD, which raises severe safety concerns considering the side effects of chemotherapeutics. In contrast, our approach only needs the use of tetracycline or its analogs, which are clinically applicable, to induce GSDMD-NT expression.

Another possible optional strategy for clinically inducing tumor pyroptosis is to directly target GSDM family proteins and stimulate their expression and processing specifically in tumor cells. However, if pyroptosis is induced in normal cells expressing GSDMs, severe side effects might be caused due to damage to the normal functions of these cells, as well as the generation and release of a large amount of inflammatory mediators. In fact, GSDME is expressed in many normal tissues but is silenced in most cancer cells. After caspase-3 is activated by chemotherapeutics or GSDME is targeted for regulation, normal cells may show GSDME-dependent pyroptosis (26, 54). In contrast, our strategy does not aim to activate endogenous GSDMs and just induces tumor cell pyroptosis in a strictly controlled way just in the genetically modified cells. In addition, the number of pyroptotic tumor cells is also a key factor that should be controlled. Excessive pyroptosis and the release of inflammatory factors may lead to excessive or abnormal activation of the immune system, leading to secondary pyroptosis of normal cells, and ultimately to systemic inflammation (65, 66). It is difficult to control the number of tumor cells undergoing pyroptosis using chemotherapeutic drugs or other pyrolysis inducers, while the approach reported here can control the intensity of pyroptosis by adjusting the number of modified GSDMD-NT tumor cells.

Returning to classical vaccine applications, we further used pyroptosis-inducible tumor cells to immunize tumor-bearing mice, which simulates a clinical setting of vaccine treatment. Immunization led to significant inhibition of the growth of the established contralaterally inoculated tumor. Similar to local delivery in tumors, distal subcutaneous immunization of modified cells also significantly stimulated enhanced antitumor CTL and NK responses and suppressed immunosuppressive MDSC and Treg responses in both spleen and tumor tissues. In this study, mice were given 5% sucrose water with doxy at a high dose of 500 μg/mL for 2 days to guarantee reaching at an effective working concentration quickly and then at a dose of 20 μg/mL (i.e. 8-12µg/g body weight per day) to maintain the induction of GSDMD-NT expression constantly in the following days. Although we didn’t carefully test the most appropriate or minimum doses of doxy for inducing GSDMD-NT expression in vivo, our data showed that the dose 8-12 µg/g body weight per day worked well in mice, which preliminarily implied the applicability of the induction practice for human referring to the recommended dose of oral tetracycline for adults is about 0.75g to 1.5g/day, and that of intravenous infusion is 1 to 1.5g/day (roughly 14 to 21 µg/g body weight).

Taken together, we developed a new tumor cell vaccine strategy that adequately takes advantage of the immunological characteristics and broad-spectrum tumor antigens of ICD tumor cells. We confirmed that overexpression of the key pyroptosis effector molecule GSDMD-NT was capable of directly inducing pyroptosis and presenting robust immune stimulation. Employing preventive or therapeutic immunization strategies including direct delivery to local tumors, we revealed that a pyroptosis-inducible cell vaccine produced robust antitumor immunity and effects. Considering that there is a huge demand for personalized tumor treatment (67) due to the instability of the tumor cell genome, the strategy described here represents a new and promising personalized clinical vaccine strategy. Notably, this strategy can be further explored by transgenic modification with clinically identified tumor neoantigens or extra immunoregulating genes to elicit more forceful and effective immune responses.



Experimental model and subject details


Mice and cell lines

Male C57BL/6 mice (6-8 weeks, 16~18 g) and female or male BALB/c mice (6-8 weeks, 16~18 g) were provided by the Central Animal Care Services of the Institute of Medical Biology, Chinese Academy of Medical Sciences (CAMS) and Peking Union Medical College (PUMC, Kunming, China). All mice were maintained in a specific pathogen-free environment. The animal procedures were performed with ethical compliance and approval by the Animal Care and Welfare Ethics Committee, Institute of Medical Biology, CAMS. TC-1 cells are lung epithelial cells of C57BL/6 mice cotransfected with HPV-16 E6 and E7 and the c-Ha-ras oncogene. 4T1 cells are breast cancer cells of BALB/c mice purchased from the tumor Center of the Chinese Academy of Medical Sciences. 293T/CT26 cells were purchased from the American Type Culture Collection (ATCC). TC-1/4T1/CT26 cells were cultured in Roswell Park Memorial Institute (RPMI) 1640 media (Servicebio), and 293T cells were cultured in Dulbecco’s modified Eagle’s medium (Servicebio). Cells were cultured in media containing 10% fetal bovine serum (FBS, Gibco) and 1% penicillin–streptomycin (BI) at 37 °C in 5% CO2.



Strains and plasmids

The mouse-derived GSDMD-NT gene (amino acids 1-276) and eGFP gene were separately cloned into the pLVX-TetOne-Puro vector (MiaoLing Plasmid Platform) to obtain recombinant plasmids. The pLVX-TetOne-Puro vector, pLVX-TetOne-Puro-GSDMD-NT, and pLVX-TetOne-Puro-eGFP constructs and lentivirus packaging plasmid (psPAX2, pMD2. G) were transformed into E. coli Stbl3 (MiaoLing Plasmid Platform). Strains were cultured in lysogeny broth (LB) medium with the appropriate antibiotics (ampicillin: 100 μg/mL) in a 37 °C shaking incubator.




Method details


Lentivirus production

The appropriate lentivirus packaging kit was purchased from Invitrogen (Lipofectamine™ LTX Reagent with PLUS™ Reagent, REF: 15338100) and used according to the manufacturer’s guidelines. Harvested viral particles (lenti-Vector, lenti-GSDMD-NT, lenti-eGFP) were added to TC-1, 4T1 or CT26 cells. After 24 hours, the cells were washed with RPMI 1640 media and puromycin (5 μg/mL) was added to screen for stably expressed cell lines. The selected cell lines were maintained with puromycin at a concentration of 2.5 μg/mL



RNA extraction and real-time qPCR

Total RNA was extracted from the cells and tissues using TRIzol reagent (Invitrogen, Carlsbad, China) followed by DNase I digestion, according to the manufacturer’s instructions. RNA was quantified by measuring the absorbance at 260 nm and reverse transcription into cDNA (PrimeScript™ RT Reagent Kit gDNA Eraser, Takara). Real-time quantitative PCR (qPCR) was performed using the Bio-Rad IQ5 real-time PCR system according to the manufacturer’s instructions (ChamQ Universal SYBR qPCR Master Mix, Vazyme). The primers used for qPCR are shown in Supplementary Table 1. The data were normalized using endogenous β-actin mRNA. The 2−ΔΔCt method was used to analyze the PCR data.



Western blotting

Samples were lysed in RIPA buffer (Solarbio) containing 1% (v/v) protease inhibitor. The protein concentration for each sample was detected using a BCA protein concentration determination kit (Beyotime Biotechnology) in accordance with the manufacturer’s recommendations. Subsequently, the whole-cell lysates or cell supernatant were separated by SDS–PAGE and transferred to PVDF membranes (Millipore). Rabbit monoclonal anti-GSDMD antibody (ab209845; 1:1000), rabbit monoclonal anti-HMGB1 antibody (ab79823; 1:10000) and mouse monoclonal β-actin antibody (ab6276; 1:5000) from Epitomics (Abcam, Cambridge, MA) were incubated in 1×TBST containing 5% milk for 2 h at room temperature (RT) with continuous shaking. After washing with 1×TBST three times for 10 min/wash at RT, the membranes were incubated with horseradish peroxidase (HRP)-conjugated goat anti-rabbit secondary antibody (ab6721; 1:10000) or HRP-conjugated goat anti-mouse secondary antibody (ab6789; 1:5000) from Epitomics (Abcam, Cambridge, MA) for 2 h at RT. After a final washing step with 1×TBST three times for 10 min/wash at RT, the immunoreactive bands were visualized by enhanced chemiluminescence (ECL) (Thermo Fisher Scientific, San Jose, CA) for the indicated exposure times.



Immunofluorescence

TC-1-GSDMD-NT cells on the slides were collected and treated with 4% paraformaldehyde containing 0.1% Triton X-100 for 10 min, followed by three washes with PBS. Then, the cells were blocked with 2% BSA in PBS for 1 h and incubated with rabbit polyclonal anti-GSDMD antibody (Affinity, AF4012; 1:100 in 2% BSA) for 2 h at RT, followed by three washes with PBS. Next, the samples were incubated with FITC-conjugated secondary antibody (1:2,000 in 1% BSA, Proteintech) for 2 h at RT. After washing five times with PBS, the nuclei were stained with DAPI (ab104139, Abcam) for 10 min. All of the samples were examined by confocal microscopy. Tumor tissues were collected and fixed in formalin, embedded in paraffin, and sectioned. After deparaffinization and hydration, the slides were immersed in EDTA antigen retrieval buffer. Then, the slides were incubated with anti-CD4 antibody (Biolegend) and anti-Foxp3 antibody (Biolegend) or rabbit polyclonal anti-GSDMD antibody (Affinity, AF4012, 1:100) overnight at 4 °C. Next, Cy3-conjugated secondary antibody (Servicebio, GB21303; 1:2,000 in 2% BSA) was added, followed by incubation at room temperature for 1 h. Then, the slides were incubated with DAPI (ab104139, Abcam) at RT for 10 min. All of the sections were examined by fluorescence microscopy.



Cell proliferation assay, apoptosis and the toxicity of doxy assays

For the proliferation curve, the cells were incubated in a 96-well plate (2×103 TC-1 cells or CT26 cells, 1×103 4T1 cells). At 0 h, 24 h, 48 h, 72 h and 96 h after seeding, 10% CCK-8 (Solarbio) was added and incubated for 2 h, followed by absorbance measurement at 450 nm.

For apoptosis analysis, cells were seeded into 6-well plates (5×105 cells per well). After 24 h, 10 mg/mL doxy was added to the media until the final concentration was 1 μg/mL. Then, the sample was collected and stained using an apoptosis test kit following the manufacturer’s recommendations (Becton, Dickinson and Company). Then, the samples were analyzed by flow cytometry.

For the toxicity of doxy assays, we prepared 96-well plates as for the cell; proliferation assay and added CCK-8 to measure the absorbance. The only difference was due to the expression of GSDMD-NT causing pyroptotic cell death.

The release of LDH, ATP and inflammatory cytokines after inducing pyroptosisA total of 5×104 cells were incubated in a 12-well plate for 24 h and doxy was added to induce cell death. At the indicated time points, the supernatant was collected and cleared from the dead cells by centrifugation.

For LDH release assays, the positive stimulator was added one hour before medium collection, and LDH was quantified with the LDH Cytotoxicity Assay Kit in accordance with the manufacturer’s recommendations (Beyotime).

For the ATP release assays, the supernatant was either used immediately or frozen at -20 °C for later use. ATP was measured using the Enhanced ATP Assay Kit in accordance with the manufacturer’s recommendations (Beyotime).

To detect inflammatory cytokines, the supernatant was collected after inducing for 8 h with doxy and quantified with the IL-6 ELISA kit (Invitrogen), IL-1β ELISA kit (Invitrogen) and IL-18 ELISA kit (Invitrogen).



Generation, maturation and migration of mouse BMDCs

BMDCs were extracted from the femurs and tibias of 7-week-old C57BL/6 mice and cultured for 8 days. Briefly, bone marrow cells were incubated in RPMI-1640 medium with 10% FBS and recombinant granulocyte-macrophage colony-stimulating factor (GM-CSF, 20 ng/mL, PeproTech). On the 5th day, the medium was replaced with fresh medium with GM-CSF, and after 2 days the BMDCs were harvested for future use.

For the BMDC maturation assay, TC-1 cells (vector, NT-GSDMD) and BMDCs were cocultured in a 6-well plate at a ratio of 1:10 for 24 h, and doxy was added to induce pyroptotic cell death. The positive control BMDCs were cocultured with LPS (100 ng/mL). Next, the cocultured cells were harvested and stained with CD11c, CD86, CD80, MHC-I and MHC-II (Biolegend). Finally, flow cytometry was used to analyze the percentage of mature BMDCs.

For the BMDC migration assay using Transwells, GSDMD-NT-TC-1 cells were untreated or induced to undergo pyroptotic cell death with doxy for 24 h. Then, the supernatant was collected and placed in the bottom chambers of a 24-well Transwell plate and BMDCs were added to the upper chamber. The migration rate of the BMDCs was measured by optical microscopy after incubation for 6 h.



Mouse xenograft tumor models

To induce pyroptotic tumor models in vivo, C57BL/6 or BALB/c mice were subcutaneously injected with 1×105 GSDMD-NT-TC-1 cells or GSDMD-NT-CT26 cells. When the tumor grew to a certain size, pyroptosis of the tumor cells was induced by putting doxy in the animals’ drinking water.For the tumor treatment model, C57BL/6 mice were subcutaneously injected with 1×105 TC-1 cells into the right flank and when the tumor volume reached approximately 60 mm3, the mice were treated with subcutaneous injections of 1×106 GSDMD-NT/Vector-TC-1 cells, FT-cell lysates or PBS on the left flank or the local site of the primary tumor, once every three days. Pyroptosis of the tumor cells was induced by supplying doxy in the drinking water on the day of inoculation.

In the preventive tumor models, C57BL/6 or BALB/c mice were subcutaneously injected with 1×105/1×106/1×107 GSDMD-NT-TC-1 cells, FT-cell lysates, or PBS, and pyroptosis of tumor cells was induced by putting doxy in their drinking water on the day of inoculation. Then, 1×105 TC-1 or CT26 cells were subcutaneously inoculated after one week, followed by tumor growth measurements and the time of tumor appearance records.

Tumor volumes were measured with a caliper (length (a), width (b), and height (h)) and calculated as follows: tumor volume = a×b×h/2. The tumors were excised and weighed, and immune cells in the spleens and tumors were examined by flow cytometry. The tumor tissue was fixed and subjected to immunofluorescence and TUNEL assays.



Methods of inducing pyroptosis in vitro and in vivo

The half-life of doxy in cell culture medium is 24 h. To maintain continuous induction of the GSDMD-NT/eGFP gene in cell culture, the medium was replenished with doxy every 48 h.

In vitro: The final concentration of doxy was 1 μg/mL in cell culture.

In vivo: Mice were given 5% (m/v) sucrose water with doxy at a high dose (500 μg/mL) for 2 days to reach its effective concentration quickly and then given at a low dose (20 μg/mL) to maintain its effect constantly.This regimen of doxy administration can achieve a quick switch between ON and OFF statuses of tTA-activated GSDMD-NT gene expression to induce pyroptosis.



Flow cytometry

Approximately 0.5 g of tumor tissue was digested in collagenase A (Sigma) at 37 °C at 170 rpm for 30 min. Lymphocytes were isolated from spleens or the digested tumor tissue by mashing it through a 70 μM strainer and using lymphocyte isolation solution (Biolegend). Then, the lymphocytes were plated into 96-well U-plates at 1×106 cells per well. The cells were collected for staining according to the manufacturer’s protocols (BioLegend, Inc., San Diego, CA, USA). They were stained with APC-anti-mouse CD8α, PE-anti-mouse IFN-γ, APC-anti-mouse CD11b, PE-anti-mouse Gr-1, PE-anti-mouse Foxp3, APC-anti-mouse CD4, FITC-anti-mouse CD25, PE-anti-mouse NK1.1, FITC-anti-mouse CD45, and the HPV16 CTL peptide epitope E749-57 (49 RAHYNIVTF57), which was synthesized at >98% purity by GL Biochem Ltd. (Shanghai, China).

CTLs need the E749-57 peptide (5 μg/mL) to stimulate tumor antigen-specific CD8+ T cells to produce IFN-γ. Finally, the data were acquired with BD AccuriC6 (BD Biosciences) and analyzed with FlowJo.



Enzyme-linked immunospot (ELISPOT) assays

A total of 3×105 lymphocytes from tumors or spleens were seeded into a 96-well ELISPOT plate, and the quantification of the IFN-γ spots was assessed with an IFN-γ ELISPOT assay kit (MABTECH). The E749-57 peptide (5 μg/mL) was used to stimulate tumor antigen-specific CD8+ T cells to produce IFN-γ for 24 h. The spots were photographed with an ELISPOT Reader System (AID Diagnostika GmbH, Strasberg, Germany).



TUNEL assays

The sections were derived from the paraffin-embedded tumor tissues, dewaxed and repaired with citric acid antigen repair buffer. Then, 3% (m/v) bovine serum albumin (BSA) was used to block the samples, followed by incubation with the primary antibodies at 4 °C overnight. Next, the secondary antibodies were added and incubated at room temperature (RT) for 50 min in a dark environment. The samples were treated with the TUNEL reaction solution according to the manufacturer’s protocol (Servicebio, G1501) and DAPI. Finally, a fluorescence microscope was used to view the samples.




Quantification and statistical analysis

Statistical analysis was performed with GraphPad Prism 8.0 software and Excel 2020. All of the values in the present study are presented as the means ± SD. The differences in tumor growth were analyzed by two-way ANOVA followed by Tukey’s multiple comparison test. Unpaired Student’s t-test was used for two-group comparisons, and one-way ANOVA was used for other multiple comparisons when more than two groups were compared. Significant p values are denoted by *p value < 0.05, **p value < 0.01, ***p value < 0.001, ns represents no significance.
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Background

Neuroblastoma (NB) is the most frequent solid tumor in pediatrics, which accounts for roughly 15% of cancer-related mortality in children. NB exhibited genetic, morphologic, and clinical heterogeneity, which limited the efficacy of available therapeutic approaches. Recently, a new term ‘cuproptosis’ has been used to denote a unique biological process triggered by the action of copper. In this instance, selectively inducing copper death is likely to successfully overcome the limitations of conventional anticancer drugs. However, there is still a gap regarding the role of cuproptosis in cancer, especially in pediatric neuroblastoma.



Methods

We characterized the specific expression of cuproptosis-related genes (CRGs) in NB samples based on publicly available mRNA expression profile data. Consensus clustering and Lasso-Cox regression analysis were applied for CRGs in three independent cohorts. ESTIMATE and Xcell algorithm was utilized to visualize TME score and immune cell subpopulations’ relative abundances. Tumor Immune Dysfunction and Exclusion (TIDE) score was used to predict tumor response to immune checkpoint inhibitors. To decipher the underlying mechanism, GSVA was applied to explore enriched pathways associated with cuproptosis signature and Connectivity map (CMap) analysis for drug exploration. Finally, qPCR verified the expression levels of risk-genes in NB cell lines. In addition, PDHA1 was screened and further validated by immunofluorescence in human clinical samples and loss-of-function assays.



Results

We initially classified NB patients according to CRGs and identified two cuproptosis-related subtypes that were associated with prognosis and immunophenotype. After this, a cuproptosis-related prognostic model was constructed and validated by LASSO regression in three independent cohorts. This model can accurately predict prognosis, immune infiltration, and immunotherapy responses. These genes also showed differential expression in various characteristic groups of all three datasets and NB cell lines. Loss-of-function experiments indicated that PDHA1 silencing significantly suppressed the proliferation, migration, and invasion, in turn, promoted cell cycle arrest at the S phase and apoptosis of NB cells.



Conclusions

Taken together, this study may shed light on new research areas for NB patients from the cuproptosis perspective.
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Introduction

Neuroblastoma (NB) is an embryonal tumor arising from the peripheral sympathetic nervous system and is the most common extracranial tumor of childhood. The age range most typically affected infants between 18- and 22- months, with most cases diagnosed before 5-years of age (1). NB originates from the precursor cells of the sympathetic nervous system, which typically present as a mass in the adrenal gland or sympathetic ganglion (2, 3). Approximately 700 children were diagnosed with NB each year in the United States, accounting for 8-10% of all childhood tumous and 15% of childhood tumor deaths (4). NB has long been recognized as one of the most mysterious cancers due to the variability of its outcome. In some cases, NB can completely degenerate or differentiate spontaneously, resulting in complete recovery without any intervention; whereas, in others, NB develop extensive metastases with very poor outcomes (5). The current standard of therapy for high-risk NB contained induction, consolidation, and maintenance (6). About half of high-risk patients failed to respond to standard treatment protocols or relapsed in the first two years after treatment, resulting in very poor outcomes, with long-term survival rates remaining less than 50% (7–10).

Recent advances in immunotherapy have contributed to a significant improvement in outcomes for various adult malignancies (11). The most sophisticated immune interventions involve immune checkpoint inhibition (ICI), antibody-mediated therapy, and adoptive T cell therapy. Increased survival of high-risk NB patients after implementation of anti-GD2 therapy demonstrates the potential of immunotherapy in pediatric oncology (12, 13). An attractive feature of the immunotherapeutic approach is its lack of long-term and accumulating toxicity, which is particularly important in pediatric organisms. However, highly heterogeneous nature of NB may require an individualized approach in which the genetic, biochemical, and phenotypic characteristics in each specific patient are evaluated individually to select the best combination therapy. Given that only a subset of patients respond to immunotherapy, identifying biomarkers that predict response to therapy is an important aspect of implementing immunotherapy in NB. These approaches will also help identify novel targets that lead to malignant transformation and progression of NB.

Very recently, Tsvetkov et al. revealed that copper toxicity involves the disruption of specific mitochondrial metabolic enzymes, thereby triggering an unusual cell death mechanism, termed ‘cuproptosis’ (14). Researchers described cuproptosis as a non-apoptotic cell death pathway. It relies on the accumulation of copper in cells, unlike all existing known ones. This work shows that copper toxicity is strongly associated with the mitochondrial activity. Significantly, to identify unique metabolic pathways for copper-mediated cytotoxicity, a genome-wide CRISPR-Cas9 loss-of-function screen was used followed by individual knockout experiments to further identify key genes that contribute to cuproptosis. This groundbreaking research opens up a refreshing pathway to cell death. Interestingly, several studies have shown that copper dysregulation in SH-SY5Y human neuroblastoma cells induces apoptosis through various pathways such as mitochondrial damage and oxidative stress (15–18). In addition, a previous pivotal study revealed that copper chelating drugs mediate PD-L1-driven cancer immune evasion (19). As a paradigm for big data research in pediatric oncology, several risk models have been identified in NB that can accurately predict prognosis (20–22). Yet, the role of cuproptosis in the immune landscape and prognosis of NB remains to be elucidated.

We hypothesized that cuproptosis-related gene signature allows for a valuable prognosis biomarker and allows precise TIM (Tumor immune microenvironment) characterization in NB patients. Here, we initially characterized the specific expression of cuproptosis-related genes (CRGs) in NB samples based on publicly available mRNA expression profile data. We classified NB patients in the GEO cohort according to CRGs and identified two cuproptosis-related subtypes that were associated with prognosis and immunophenotype. Subsequently, a cuproptosis-related prognostic signature was constructed and validated by LASSO regression. This model can accurately predict prognosis, immune infiltration, and immunotherapy response. This study may shed light on new research areas for NB patients from the cuproptosis perspective. Figure 1 shows a schematic representation of the major steps to portray our study clearer.




Figure 1 | Graphical abstract. (I) Identification and comprehensive analysis of cuproptosis subtypes in NB. (II) Construction and validation of the cuproptosis signature in NB. (III) Association with immune infiltration, immune checkpoint molecules, and its predictive ability for the response to immunotherapy. (IV) Expression Validation and Functional Validation.





Materials and methods


NB dataset source, preparation, and processing

Gene expression data with relevant complete clinicopathologic variables were collected from the publicly available ArrayExpress database, GEO database, and TARGET database. In total, we obtained 3 independent datasets including GSE49711 cohort from GEO database, TARGET-NB cohort from TARGET database, and E-MTAB-8248 cohort from ArrayExpress database. Patients with unavailable follow-up information were excluded, and 968 patients were enrolled for subsequent data analyses ultimately. Relevant clinical variables included age, sex, race, ploidy, COG risk, histology, MKI, 1p del/im, alt status, MYCN status, Inss stage, and survival information. Given the maximum effective sample size, we selected the GSE49711 cohort to serve as the ‘training cohort’ in which a prognosis gene signature was developed. Subsequently, the remaining two datasets, TARGET-NB (phs000467) and E-MTAB-8248 cohort (23) were used as the ‘verification cohort’ to test the reliability and immune correlation of the signature. More details of these patients are provided in Supplementary Table 1. All of analyses data are publicly available and extracted from open data platforms, no ethics approval or patient consent was required. The study was conducted in full compliance with the publication requirements from TARGET, GEO, and ArrayExpress.



Consensus clustering analysis for cuproptosis-related genes (CRGs)

10 CRGs were retrieved from the recent publication (14), as previously described. Based on the expression profile of the 10 CRGs, 498 NB patients from GSE49711 were classified using the unsupervised clustering analysis. ConsensusClusterPlus (24) was used to perform cluster analysis, which included agglomerative pam clustering with 1-pearson correlation distances and resampling 80 percent of the samples for 10 times. The empirical cumulative distribution function graph was used to identify the optimized number of clusters. Then, the principal component analysis (PCA) for the two subtypes was constructed using the ‘scatterplot3d’ R packages in terms of gene expressions of 10 CRGs. We next evaluated the correlations between molecular subtypes, clinicopathological features, and prognosis to determine the clinical utility of the two subtypes established by consensus clustering. Gene set variation analysis (GSVA) (25) was used with the hallmark gene set (c2.cp.kegg.v7.4) obtained from the MSigDB database (26) to explore the diversity of CRGs in biological pathways. The R package ‘limma’ (27) was used to analyze differences for functional annotation. Significant variations in KEGG pathways were defined as P values less than 0.05.



Establishment of a cuproptosis-related gene signature

We used data from GSE49711 cohort as our training cohort. Initial screening for prognosis-related CRGs was performed by using univariate Cox regression analysis. We focused on prognosis-related CRGs to construct a prognostic cuproptosis gene signature. The Cox proportional hazards model with a Lasso penalty (iteration = 10) was used to discover the optimal gene model for the CRGs with prognostic ability, using the R package ‘glmnet’ (28). The cuproptosis signature was constructed by combining the selected gene expression levels in a linear fashion and weighting them according to their Lasso-Cox regression coefficients. Riskscore = ∑in(Coefi * Xi) depicted the developed prognostic model succinctly, where X represented the expression level of each IRG and Coef represented the coefficient of relative prognostic IRGs in the model. This formula was applied to calculate each patient’s riskscore, and the median score was defined as a cut-off value between high-risk and low-risk subgroups. Also, PCA for the two subgroups was constructed using the ‘scatterplot3d’ R packages in terms of the risk genes expressions. In addition, Kaplan-Meier survival curves and time-dependent receiver operating characteristic (ROC) curves were performed to assess the predictive power of this signature.



Validation of the cuproptosis signature

In the validation phase, two independent datasets were obtained to validate the cuproptosis-associated riskscore model through the TARGET database (TARGET-NB cohort) and ArrayExpress database (E-MTAB-8248 cohort). To verify the clinical value of the cuproptosis signature, the distribution of clinicopathological features was also assessed in the two risk subgroups analyzed by chi-square test and visualized with heatmaps. Furthermore, to verify whether the predictive power of cuproptosis signature was independent of conventional clinical characteristics, univariate and multivariate Cox regression and stratified analysis was conducted. Subsequently, a nomogram was built using the abovementioned variables via the Cox proportional hazards model. Finally, ROC curves, calibration curves, and the decision curve analysis (DCA) performed by the R package ‘rmda’ were used to measure the accuracy of the nomogram.



Relationship between cuproptosis signature and TIM

The StromalScore, ImmuneScore, and ESTIMATEScore, that reflect the TME-related cell infiltrating degree in tumor tissues of NB were estimated by R package ‘IOBR’ using the ESTIMATE algorithm (29, 30), which was based on the single sample gene set enrichment analysis (ssGSEA). Tumors are highly heterogeneous tissues in which the tumor microenvironment (TME), which contains a variety of immune cell types, surrounds and interacts with malignant cells. To assess the heterogeneous cellular landscape of TME, the enrichment fraction of cell types was evaluated. We used the Xcell algorithms (31), an R package for cell type enrichment analysis of 64 cells in TME based on gene expression profile, to quantify the correlated abundance of immune-cell infiltrations in tumor samples through ssGSEA. Then, we compared the difference in infiltrating immune cells in the high- and low-risk subgroups by using the two-sample Wilcoxon test. To explain the differences in survival of NB patients from an immune perspective, we applied survival analysis to compare the differences based on the Stromal, Immune, ESTIMATE-scores and the fraction of immune cell infiltration in the TME of NB patients.



Relationship between the cuproptosis signature and ICB immunotherapy

We further analyzed the association with immune checkpoint molecules of the gene signature and its effect on the potential response to immune checkpoint blockade (ICB) therapy in the TARGET-NB cohort. 57 immune checkpoint molecules, including 22 inhibitory- and 35 stimulatory-immune checkpoint genes, were identified as immune checkpoint-relevant transcriptions. The correlation between riskscore and immune checkpoint genes’ expression was calculated by Pearson correlation. Additionally, the Tumor Immune Dysfunction and Exclusion (TIDE) score, generated using a computational algorithm on the basis of the corresponding gene expression profile, was used to predict tumor response to immune checkpoint inhibitors (32). In brief, the higher the TIDE score, the worse the treatment response and outcomes.



Mechanism exploration and candidate small molecule drugs

To assess the potential difference in biological pathways between the high- and low-risk subgroups, we used GSVA analysis to explore significantly enriched signaling pathways. The connectivity map (cMap) database (https://clue.io/) is unravel biology with the world’s largest perturbation-driven gene expression dataset. We discovered predicted drugs that may aggravate or avoid the biological processes of tumors according to the up-regulated and down-regulated genes when comparing the high-risk and low-risk subgroups. With an FDR value of less than 0.05 and an enrichment score ranging between -1 and 0, the prospective drugs could be served as a novel target candidate for NB patients. These putative drugs’ 3D structural images were acquired from the PubChem database (https://pubchem.ncbi.nlm.nih.gov/).



qRT-PCR assay

The expression of Riskgenes in the NB cell lines (SH-SY5Y and BE(2)-C) was verified via qRT-PCR assay. Detailed experimental protocol refers to previously published literature (33). The primers used are listed in Supplementary Table 5A.



Immunofluorescence

Of these Riskgenes, PDHA1 plays a crucial role in multiple malignancies as a tumor suppressor or oncogene. We detected the expression pattern of PDHA1 (1:500, Abcam) in human clinical samples using immunofluorescence, which was carried out as we described previously (34).



Loss of function experiments

BE(2)-C cells were transfected with PDHA1 siRNAs (Tsingke, China) for loss-of-function experiments (The sequences used for PDHA1 silencing are shown in Supplementary Table 5B). PCR and western blotting were performed to determine the silencing efficiency of PDHA1. CCK8 assay (MCE, HY-K0301), scratch wound healing assay, and Transwell assay (Falcon, 353097, USA and Biozellen, B-P-00002-4, China) were investigated to detect cell viability, cell migration, and cell invasion according to the manufacturer’s instructions. Cell cycle and apoptosis assay were carried out by flow cytometry using the BD detection kit.



Statistical analysis

GraphPad Prism version 8 software (GraphPad Prism Software Inc., La Jolla, CA) was used to analyze the experimental results. R software was used for all bioinformatics analyses and R packages. The significance level is indicated by single, double, and triple asterisks, as well as ns (*, **, ***, and **** indicated a significance level of 0.05, 0.01, 0.001, and 0.0001 respectively; and ns indicates no significant level).




Results


Identification and comprehensive analysis of cuproptosis subtypes in NB

We obtained 10 key cuproptosis-related genes (CRGs) from recently published significant findings. A Spearman correlation analysis confirmed a varying degree of association between these gene expressions in NB (Figure 2A). To interrogate the expression importance of CRGs in NB, we focused on the expression profile of the 10 CRGs and clustered NB patients using the consensus Clustering algorithm. The results indicated for K = 2 was the optimum K value, suggesting that we could divide the patients into two groups (Supplementary Figures 1A-D). Thus, two genetically distinct subtypes of NB have been defined, subtype C1 and subtype C2, respectively (Figure 2B). The clear difference in CRGs was further demonstrated by principal components analysis (PCA, Figure 2C). We next compared the clinicopathological characteristics between the two molecular subtypes. Multiple clinicopathological features, including age, COG risk, MYCN status, and Inss stage were significantly different between the two subtypes (Figure 2D). Furthermore, Kaplan-Meier curves indicate that individuals with subtype C1 had significantly worse RFS (Figure 2E). To investigate the role of CRGs in the immune microenvironment in NB, we evaluated the TME score and immune cell infiltration using a computational algorithm, ESTIMATE, and Xcell, on transcriptional profiles of the GSE49711 cohort (Supplementary Tables 2 and 3). Higher stromal or immune scores represent higher relative levels of stromal or immune cells in the TME. We observed a relatively higher StromalScore, ImmuneScore, and ESTIMATEScore in subtype C2 (Figure 2F). For immune cell infiltration, the infiltration fraction of CD4+ naive T cells, CD8+ Tcm, CD8+ Tem, Mast cells, and Tregs in subtype C2 was significantly higher than those in subtype C1, while NK cells, pro B cells, Th1 cells, and Th2 cells in subtype C2 had lower infiltration compared to subtype C1 (Figure 2G). This may in part explain the observation that subtype C2 confers a survival advantage compared to subtype C1. These results also demonstrate an essential role of CRGs in TME of NB. GSVA analysis indicated that subtype C1 was significantly enriched in cell cycle-related processes, including spliceosome, nucleotide excision repair, cell cycle, homologous recombination, DNA replication, and mismatch repair, and subtype C2 were mainly enriched in carcinogenic pathways, such as the MTOR, WNT, INSULIN, CHEMOKINE, and VEGF signaling pathways (Figure 2H).




Figure 2 | Identification and comprehensive analysis of cuproptosis subtypes in NB. (A) Expression-related clustering heat map of 10 cuproptosis-related genes. (B) Consistency of clustering results in heatmap (k = 2). Rows and columns represent samples, the different colors represent different types. (C) PCA analysis shows a remarkable difference in transcriptomes between the two subtypes. (D) Heatmap of the clinical correlation between the two subtypes in NB. (E) Patients in cluster C1 exhibited worse progression-free survival compared to those in cluster C2. (F) Estimatescore, Immunescore, and Stromalscore in the two subtypes. (G) Distribution of 22 types of immune-infiltrating cells in the two subtypes. (H) GSVA of biological pathways between the two distinct subtypes. *, **, ***, and **** indicate a significance level of 0.05, 0.01, 0.001, and 0.0001, respectively.





Construction and validation of the cuproptosis signature

Given the largest effective sample size in the GSE49711 cohort, we chose this dataset as a discovery cohort to identify a cuproptosis signature. Univariate analysis using the Log-rank test showed six CRGs with a prognostic ability (Figure 3A). We next used LASSO Cox regression analysis to identify the optimal values of the penalty parameter and establish the most optimal prognostic signature. A coefficient profile plot was generated against the log λ sequence, for which the optimal λ led to five nonzero coefficients (Figures 3B, C). A cuproptosis-related five-gene model that reached an optimal prediction efficiency was ultimately obtained. Then, five-gene cuproptosis signature was constructed using the independent regression coefficients of each gene, and the riskscore was calculated as (1.573)*PDHA1 + (-0.561)*GLS + (0.320)*LIAS + (0.088)*MTF1 + (0.301)*PDHB. Subsequently, based on the above riskscore formula, the riskscore of each patient was measured, and the patients were separated into a high- or low-risk subgroup based on their riskscore. Gene expressions in the signature lists of each patient were visualized using a heatmap (Figure 3D). PCA revealed a clear separation between the two risk subgroups, based on the expression of these 5 risk genes (Figure 3E). The time-dependent ROC curves were applied to assess the predictive accuracy of the cuproptosis-related gene signature, and the area under the curve (AUC) values predicting 3-, 5-, and 7-year survivals were 0.80, 0.80, and 0.81, respectively (Figure 3F). Finally, as expected, NB patients in the high-risk subgroup had dramatically worse survival than those in the low-risk subgroup in the GSE49711 cohort (Figure 3G).




Figure 3 | Construction of a cuproptosis-related gene signature in the training cohort. (A) The forest map shows six genes significantly correlated with progression-free survival in the univariable Cox regression analysis. (B) The trajectory of each independent variable. The horizontal axis represents the log value of the independent lambda, and the vertical axis represents the coefficient of the independent variable. (C) Partial likelihood deviance of variables revealed by the Lasso regression model. The red dots represented the partial likelihood of deviance values, the gray lines represented the standard error (SE), and the two vertical dotted lines on the left and right represented optimal values by minimum criteria and 1-SE criteria, respectively. (D) Distribution of the riskscore, the associated survival data, and the mRNA expression heatmap of the gene signature in the GSE49711 cohort. Patients were divided into high-risk (red) and low-risk (blue) groups and the median risk score was utilized as the cutoff value. (E) PCA revealed a clear separation between the high- and low-risk subgroups, based on the expression of these 5 risk genes. (F) The time-dependent ROC curves were applied to assess the predictive performance of the cuproptosis-related gene signature, in 3-, 5-, and 7-year survival. (G) Patients in the high-risk subgroup exhibited worse survival compared to those in the low-risk subgroup in the GSE49711 cohort.



To further validate our prognostic model’s applicability in NB patients, we applied the prognostic model established in the GSE49711 cohort to the two other independent NB cohorts. Subsequently, we calculated the riskscore of each patient in the TARGET-NB and E-MTAB-8248 cohort based on the developed risk model and then plotted the riskscore distribution (Figures 4A, B). Depending on the corresponding median score, the patients were stratified into a high- and low-risk subgroup. As expected, survival analysis demonstrated that patients in the high-risk subgroup have a worse prognosis than those in the low-risk subgroup, both in the TARGET-NB and E-MTAB-8248 cohort (Figures 4C, D).




Figure 4 | validation of the cuproptosis signature in two independent NB cohorts. (A, B) Distribution of the riskscore, the associated survival data, and the mRNA expression heatmap of the gene signature in the TARGET-NB and E-MTAB-8248 cohort. (C, D) Patients in the high-risk subgroup exhibited worse survival compared to those in the low-risk subgroup both in the TARGET-NB and E-MTAB-8248 cohort.





Association with clinicopathologic factors and construction of the nomogram and its accuracy verification

To investigate the clinical value of the signature in NB patients, we assessed the relationship between the cuproptosis signature and clinicopathologic features. Here, we plotted a composite heat map to display the correlations of risk groups and clinicopathologic factors (Figures 5A–C). Between the high- and low-risk subgroups, the difference in age, COG risk, MYCN status, and Inss stage in the GSE49711 cohort, difference in age, sex, MYCN status, Inss stage, ploidy, histology, COG risk, and MKI in the TARGET-NB cohort, and difference in age, 1p del/im, and MYCN status in the E-MTAB-8248 cohort were statistically significant (P < 0.05).




Figure 5 | Prognostic value and clinical relevance of the cuproptosis-related gene signature. (A–C) Relationships between clinicopathologic features and the two risk subgroups in the GSE49711, TARGET-NB, and E-MTAB-8248 cohort. (D, E) The univariate and multivariate Cox regression analysis of risk factors in NB in the GSE49711 cohort.



Next, we scrutinized its value for predicting clinical outcomes in NB patients. In univariate Cox proportional hazards analysis in the GSE49711 cohort, the riskscore of this signature was significantly associated with patients’ RFS (Figure 5D). In multivariate Cox regression analysis, after adjusting for the traditional clinical prognostic variables (age, sex, COG risk, MYCN status, and Inss stage), the cuproptosis signature remained independently significant as a predictor of patients’ outcomes, indicating that our model was not affected by clinical features and had stability (Figure 5E). To explore the effect of the cuproptosis signature on prognosis in different subgroups with NB, we performed a subgroup survival analysis. This signature’s resolving capacity for prognosis remained consistently stable in different subgroups classified by age, sex, and Inss stage (Supplementary Figures 2A-J).

For the prognostic capability of clinical indicators, the prognosis analysis from GSE49711 cohort indicated that only COG risk and Inss stage served as independent prognostic indicators for NB patients (Figure 5E). Together with the risk model and clinical features above, we constructed a nomogram to expand availability for clinical applications (Figure 6A). We assigned a riskscore to each patient by adding the points for each risk factor present, and a higher total score corresponds to a poor survival outcome. Notably, the prediction accuracy could be further improved using the full model that included both the signature riskscore and clinical prognostic factors (Supplementary Figure 2K). The AUC values predicting 3-, 5-, and 7-year survivals were increased to 0.83, 0.83, and 0.84, respectively (Figure 6B). The calibration curve (Figure 6C) showed well performance of the predictive model. Moreover, the DCA showed that the nomogram has favorable clinical utilization (the C-index of the nomogram for RFS was 0.736), and a more net benefit was gained from the combined nomogram model compared with the signature alone or clinical model alone (Figure 6D).




Figure 6 | Construction of the nomogram and its accuracy verification. (A) The riskscore assessment nomogram to evaluate prognosis in NB (1-, 3-, and 5-year survival rates). (B) The time-dependent ROC curves were applied to assess the predictive performance of the nomogram, in 3-, 5-, and 7-year survival. (C) Calibration curves of the nomogram. (D) Net benefit (y-axis) as calculated are plotted against the threshold probabilities of patients having 3-, 5- and 7-year survival on the x-axis. The green line represents the assumption that all patients have indicated survival time.





Associations between the cuproptosis signature and immune infiltration in TME

As the difference in cuproptosis subtypes is closely related to the immune characteristics in TME in NB, we hypothesized that the cuproptosis signature could reflect the landscape of immune infiltration. Thus, ESTIMATE and Xcell algorithm were utilized to visualize TME score and immune cell subpopulations’ relative abundances in the GSE49711 cohort by ssGSEA (Figure 5A). Of greatest concern, compared with the low-risk subgroup, the high-risk subgroup had a lower StromalScore, ImmuneScore, and ESTIMATEScore (Figure 7A). In addition, main lymphocyte subsets involved in anti-tumor immunity, including CD4+ memory T cell, CD4+ Tcm, CD8+ T cell, DC, Macrophages, Mast cell, NKT cell, and Tregs were significantly increased in the low-risk subgroup (Figure 7B).




Figure 7 | Associations between the cuproptosis signature and immune infiltration in TME. (A) Estimatescore, Immunescore, and Stromalscore in the two risk subgroups in the GSE49711 cohort. (B) Distribution of 23 types of immune-infiltrating cells in the two risk subgroups in the GSE49711 cohort. (C–E) Patients with a lower Estimatescore, Immunescore, or Stromalscore had a worse prognosis in the GSE49711 cohort. (F–Q) Patients with a lower tumor immune cell infiltration, that were differentially presented in the high- and low-risk subgroups, had a worse prognosis in the GSE49711 cohort.



To explain the survival differences found in NB patients from a perspective of tumor immune, we next further assessed the association of differentially presented TME scores or immune cell infiltration abundances with survival in NB in the GSE49711 cohort. As might be expected, patients with a lower TME score and tumor immune cell infiltration, that were differentially presented in the high- and low-risk subgroups, had a worse prognosis as presented in Figures 7C–Q. Additionally, we performed the same analysis in the remaining two independent cohorts, and the finding was independently confirmed (Details in Supplementary Figure 3 and Supplementary Figure 4). These results suggest that a favorable prognosis may in part be attributed to the activity of anti-tumor immunity.



Associations between the cuproptosis signature and ICB immunotherapy

Tumor cells could evade immune surveillance and develop through a variety of mechanisms, including the overexpression of inhibitory immune checkpoint molecules, which inhibit anti-tumor immunological responses (35). ICB therapy has emerged as a revolutionary immune-based cancer therapy. Immune checkpoint expression might provide clues as to clinical response to immunotherapies targeting immune checkpoints. Here, the expression patterns of 57 immune checkpoint molecules, including 22 inhibitory- and 35 stimulatory-immune checkpoint genes were presented and compared in the high- and low-risk subgroups in TARGET-NB cohort. This indicated the differential expression of several inhibitory- and stimulatory-immune checkpoints such as VEGFB, IL10, CD276, LAG3, IL12A, BTLA, ARG1, IL13, IL4, KIR2DL1, TNFRSF18, TNFRSF4, CD70, IFNG, IL2, ICOSLG, CD40LG, IL1A, TNF, and HMGB1 (Figure 8A). Further analyses exhibited a tight correlation between the five risk genes, riskscore and immune checkpoint molecules (Figure 8B). Next, based on simulations of tumor immune escape mechanism, we used the TIDE algorithm to predict the response to immunotherapy in TARGET-NB cohort. Surprisingly, the results revealed that the TIDE score of patients in high-risk subgroup was higher than that in the low-risk subgroup, showing a lower response rate to ICB treatment (21.77% vs 45.53%, Figure 8C). These results provide further evidence that low-risk patients have better prognoses and hold a greater potential for immunotherapy applications.




Figure 8 | Associations between the cuproptosis signature and ICB immunotherapy. (A) Distribution of 57 immune checkpoint molecules, including 22 inhibitory- and 35 stimulatory-immune checkpoint genes in the two risk subgroups in the TARGET-NB cohort. (B) Relationships between the five risk genes, riskscore, and immune checkpoint molecules. (C) Immune response difference between the high- and low-risk subgroups based on TIDE scores in TARGET-NB cohort. *, **, ***, and **** indicate a significance level of 0.05, 0.01, 0.001, and 0.0001, respectively.





Biological pathways related to the cuproptosis signature and small molecule drugs exploration

To further explore potential biological pathways enriched by the cuproptosis signature, we performed GSVA analysis (Figure 9A). The low-risk subgroup exhibited enrichment in pathways associated with immune activation, including JAK-STAT, TOLL-like, Natural killer cell mediated cytotoxicity, chemokine, B cells and T cells receptor signaling pathways, and several carcinogenic pathways, such as mTOR, INSULIN, ERBB, NOTCH, MAPK, and VEGF signaling pathways. The high-risk subgroup was enriched in basal metabolism and ‘cell fate’-related processes, such as oxidative phosphorylation, citrate cycle TCA cycle, glutathione metabolism, and pyrimidine metabolism pathways, and protein export, DNA replication, mismatch repair, RNA degradation, and cell cycle pathways.




Figure 9 | Biological pathways related to the immune signature and small molecule drugs exploration. (A) GSVA of biological pathways between the two risk subgroups. (B) Differentially expressed genes between the two risk subgroups.



Moreover, small molecule drugs were explored for NB using the cMap database. 55 up-regulated and 30 down-regulated genes were identified in the comparison of low- and high-risk subgroups (Figure 9B). The 11 most relevant drugs were then explored as prospective candidates for NB patients based on differentially expressed genes (Supplementary Table 4). The 3D structures of these drugs were displayed through the PubChem database (Supplementary Figure 5).



Riskgenes exhibit tissue-specific expression patterns in various groups of clinicopathological characteristics

Differences in the expression levels of five Riskgenes were significant between groups in terms of clinical characteristics, including age, COG risk, Inss stage, MYCN status, histology, ploidy, and MKI (Supplementary Figure 6 and Supplementary Figure 7). Moreover, PDHA1 presented significant differential expression in different clinical subgroups in three independent cohorts including GSE49711, TARGET-NB and E-MTAB-8248 cohort (Figures 10A–C). As presented in the discussion, this gene serves as a prognostic marker and therapeutic target for a variety of tumors. Therefore, this gene was selected for further functional analysis.




Figure 10 | PDHA1 presented tissue-specific expression patterns in all three datasets. PDHA1 presented tissue-specific expression patterns in terms of age, Inss stage, COG risk, and MYCN status in GSE49711 dataset (A), in terms of age, Inss stage, and MYCN status in E-MTAB-8248 dataset (B), and in terms of age, Inss stage, COG risk, MYCN status, histology, ploidy, and MKI in TARGET-NB dataset (C). *, **, ***, and **** indicate a significance level of 0.05, 0.01, 0.001, and 0.0001, respectively.





Expression validation and functional validation

We first examined expression differences of five Riskgenes between SH-SY5Y (nonamplified MYCN) and BE(2)-C (amplified MYCN) cell line (Figure 11A). We then examined the expression of PDHA1 protein in clinical samples, given its important role in malignancies (Figure 11B). As previously described, PDHA1 was highly expressed in amplified MYCN cell lines and tumor tissues. To investigate the functional role of PDHA1 in NB carcinogenesis, we designed three siRNA for silencing this gene. We chose siRNA-3 for the follow-up experiments as it is the most efficient siRNA (Figure 11C). Compared with the negative control, siRNA-3 greatly decreased the protein level in BE(2)-C cells (Figure 11D). Loss-of-function experiments showed that silencing of PDHA1 significantly suppressed the proliferation, migration and invasion ability of NB cells through CCK-8 assay, wound healing assay, and transwell assay, respectively (Figures 11E–G). In addition, flow analysis indicated that PDHA1 gene silencing promoted cell cycle arrest at the S phase and apoptosis of NB cells (Figures 11H, I).




Figure 11 | Expression Validation and Functional Validation. (A) Expression of five Riskgenes between SH-SY5Y and BE(2)-C cells. (B) Expression of PDHA1 protein in clinical samples. (C) qRT-PCR analysis of PDHA1 expression in NB cells after transfection with siRNAs. (D) Western blot analysis of PDHA1 expression in NB cells after transfection with siRNA-3. (E–G) Silencing of PDHA1 suppressed proliferation, invasion, and migration in NB cells. (H,I) Silencing of PDHA1 promoted cell cycle arrest at the S phase and apoptosis in NB cells. *, **, ***, and **** indicate a significance level of 0.05, 0.01, 0.001, and 0.0001, respectively.






Discussion

For well over a century, researchers have noted that NB exhibits a diverse and dramatic clinical presentation. A subset of tumors resolved on their own, while others persistently progressed (36). The identification of patient subgroups with different biological and genetic characteristics has allowed for a refinement of risk stratification. Since the initial discovery of MYCN, many prognostic biomarkers have been proposed for NB, with the most intensive studies including histopathologic classification, tumor staging, MYCN amplification, tumor cell DNA index (ploidy), and segmental chromosomal aberrations (37–39). Evidence-based risk stratification for NB has made significant advances in the outcomes, but the prognoses of patients with high-risk NB still have a margin of significant improvement. Genetic and molecular profiling of NB using microarray, RNA-seq, or other techniques is increasingly being used to identify genetic features that predict patient prognosis. In addition, the use of molecularly targeted therapies focused on genetic abnormalities and impacted pathways provided a novel strategy for the therapy of NB patients (40). Very recently, a new term ‘cuproptosis’ has been used to denote a new form of cell death triggered by the action of copper, revealing that copper toxicity derives from the disruption of certain mitochondrial metabolic enzymes, resulting in a unique cell death mechanism (14). The mechanism could explain the pathology in relation to copper overload diseases and propose a novel way for cancer treatment (41). The utilization of metabolic features of cancer cells that can selectively induce cuproptosis is promising to overcome the limitations of conventional anti-cancer drugs. In this context, the research of cuproptosis for novel cancer therapeutic techniques is quite appealing. Significantly, the team has identified key regulatory genes that promote copper-induced cell death. As an initial aim of this study, we aimed to provide a comprehensive analysis of the role of cuproptosis-related genes in NB, which has potential clinical implications for prognostic prediction and molecular targeted drug developing.

A recent outstanding review systematically discusses the selectivity of copper ion carriers for tumor cells and the mechanisms responsible for this selectivity (42). The development of new therapeutic agents could improve selectivity and thus reduce side effects. Currently, cuproptosis has not been systematically researched in cancer. Here, we started the present study with cuproptosis mechanism, focusing on 10 key genes associated with cuproptosis in NB. In the present study, we found that NB could be divided into two independent subtypes based on the expression of 10 CRGs. The two subtypes were associated with several key clinicopathological features (age, COG risk, MYCN status, and Inss stage) and showed differences in prognosis. Despite recent advances in immunotherapy, the prognosis of NB patients continues to exhibit heterogeneity, highlighting the critical role of TME in NB tumorigenesis and progression. Therefore, we explored the immune characteristics of different subtypes. We found that TME scores and the relative abundance of several key tumor-infiltrating immune cells (CD4+ naive T cells, CD8+ Tcm, CD8+ Tem, Mast cells, and Tregs, NK cells, pro B cells, Th1 cells, and Th2 cells) showed significant differences between the two subtypes. These results may partially explain the observation of different prognostic characteristics of the two subtypes. It also demonstrates the important role of CRGs in TME of NB. To analyze the reasons for these differences, GSVA analysis was performed, and it was clear from the results that cluster C1 was significantly enriched for processes concerning the ‘cell cycle’, while cluster C2 was predominantly enriched for cancer-promoting signaling pathways.

Previous studies have provided clues to the potential role of CRGs in NB prognosis and TME. It is necessary to define cuproptosis-related biomarkers from the perspective of tumor immunity, which could help select potential candidates for immunotherapy. We submitted these genes into a Lasso penalized Cox regression analysis for establishing a five-cuproptosis-related gene signature and further established a risk scoring system. Here, all patients were separated into a high- and low-risk subgroup using this five-gene prognostic signature. These genes also showed differential expression in various characteristic groups of all three datasets and NB cell lines. Via PubMed, we found that these target genes play a crucial role in the prognosis and malignancy of tumors. Yuan et al. showed through a comprehensive pan-cancer analysis that LIAS may have potential significance in the progression of various cancers and also predict the efficacy of immunotherapy in cancer patients (43). PDHB could act as regulatory targets of multiple non-coding RNAs to regulate tumor cell progression (44–46). GLS is a key enzyme in glutamine metabolism with diverse functions in tumorigenesis (47). MTF1 is an important component of the metal regulatory system in mammalian cells, and the knockdown of MTF1 inhibits the epithelial-to-mesenchymal transition in ovarian cancer cells (48). PDHA1 was founded to be involved in the oncogenesis and progression of numerous malignancies through metabolic regulation (49, 50). In several tumor types such as hepatocellular carcinoma, cholangiocarcinoma, ovarian cancer, or esophageal squamous carcinoma, this gene regulates tumor progression by modulating the Warburg effect or metabolic reprogramming (50–55). Moreover, PDHA1 may be a prognostic and immune-related biomarker in a variety of cancers (56). Therefore, PDHA1 is considered a key target for anti-cancer therapy. Here, PDHA1 was thus selected for further expression analysis and functional validation in NB. The result revealed that this gene was specifically expressed in tissues and cells. Loss-of-function experiments indicated that PDHA1 silencing significantly suppressed the proliferation, migration, and invasion, in turn, promoted cell cycle arrest at the S phase and apoptosis of NB cells. Moreover, the model revealed a promising value in predicting both survival risk and clinicopathological features. Univariate and multivariate Cox regression analysis indicated that the riskscore was an independent prognostic indicator for NB patients, supporting it as a reliable predictive tool. Importantly, our findings obtained in the discovery cohort could be confirmed in the validation cohort. To provide clinicians with a quantitative approach to predicting the prognosis of NB patients, we integrated clinical characteristics with the signature to construct a combined nomogram model, which could more accurately predict their short-term and long-term survival.

Recent literature highlights the TIM as a complex environment in which the imbalances between tumor cells and the host immune response may result in a malignancy progression (57). Understanding the immunological status of the TME will allow us to deepen our knowledge of the anti-tumor immune response and develop more effective immunotherapies. Tumor-infiltrating immune cells are a critical part of the TME. Increasing evidence has revealed its clinicopathological significance in predicting prognosis and therapeutic response (58). We confirmed that the high-risk subgroup was significantly associated with characteristics related to the TME, especially immune infiltration. By investigating the level of immune cells infiltration in the TME, we observed two main features: 1) high-risk subgroup had lower immunoreactivity, 2) major lymphocyte subsets involved in anti-tumor immunity, including CD4+ memory T cells, CD4+ Tcm, CD8+ T cells, DCs, macrophages, mast cells, NKT cells, and Tregs were significantly absent in the high-risk subgroup. Hence, impaired anti-tumor immunity in high-risk patients might be the reason for their unfavorable prognosis. In general, the higher the anti-tumor immune cell infiltration the better the prognosis of patients. To verify this hypothesis, we performed a subgroup survival analysis of differentially presented TME scores and immune cell infiltration. As expected, patients with lower TME scores and tumor immune cell infiltration had a worse prognosis, and this finding was confirmed by two independent cohorts. We speculate that cuproptosis may follow a mechanism similar to ferroptosis and be involved in the regulation of anti-tumor immunity (59–61). These findings have contributed to the understanding of relationship between cuproptosis, TME, and NB. However, the exact mechanism is not clear.

In adult oncology, the study of the TIM has shown great promise in revealing new prognostic markers as well as new therapeutic forms and represents a significant advantage with the benefit of reduced toxicity over traditional chemotherapy. The introduction of immunotherapy into the field of pediatric oncology has been met with enthusiastic efforts, although with some delay. Immunotherapy is expected to become a promising choice for high-risk patients that were resistant to currently available therapies. On the other hand, the early and late toxicities of cytotoxic chemoradiotherapy caused serious problems in pediatric oncology, as it affected them until puberty and adulthood (62–64). Promisingly, immunotherapy offers a unique opportunity to create new treatment options that can be implemented into clinical practice. Further, the expression and regulation of immune checkpoint molecules also play a crucial surveillance role in the regulation of immune responses by inhibiting the activation of protective immune cells and promoting immune responses (65). High expression of immune checkpoint molecules generally benefits more from ICB therapy. In NB, the application of the anti-GD2 antibody Dinutuximab to the standard of care significantly improved the prognosis of patients. Indeed, Dinutuximab-dependent cytotoxicity was considered to be mediated primarily by neutrophils and NK cells (66, 67). The 5-year survival rate for patients with high-risk NB remains below 50%, which has triggered research into new immunotherapeutic approaches. ICB therapies have proven highly successful in a variety of adult tumors, but challenges remain in pediatric oncology. NB exhibits low immunogenicity due to its low mutational load and lack of MHC-I expression (68–70). In addition to low tumor immunogenicity, TIL responsiveness to NB may be heavily modulated by the presence of immune checkpoint molecules in TME. Although NB has been considered an immunologically ‘cold’ tumor (71, 72), a combination of different immunotherapies, as well as personalized strategies, may be promising ways. Our results revealed an excellent correlation between the signature and expression of immune checkpoint molecules. Combined with TIDE algorithm analysis, we explore the association between riskscore and ICB immunotherapy response in TARGET-NB cohort. TIDE results presented that more immunotherapeutic responders appeared in the low-risk subgroup than in the high-risk subgroup, which means low-risk patients with a lower TIDE score are more promising in responding to ICB. These results further suggest that the signature based on cuproptosis-related genes could help predict patients’ outcomes and identify optimal candidates for immunotherapy.

We believe that stratification of patients based on the established prognosis signature might prove useful. We, therefore, explored the downstream mechanism involved in the different riskgoup and showed that the phenotypic regulation of the cell-fate decisions in high- and low-risk subgroups was potentially regulated via affecting pathways associated with immune activation, cell cycle, autophagy, apoptosis, and oncogenesis. Of these, the mTOR pathway is an important pro-survival signaling pathway that is activated in most NB and is involved in regulating the protein levels of MYCN (73–76). AZD8055, a dual inhibitor of mTORC1-mTORC2, has been evaluated in preclinical NB models (77). In addition, targeting MEK1/2 inhibitors inhibited the growth of NB tumor cells (78). In contrast to many other tumors, NB typically has intact wild-type p53 (79, 80). Targeted antagonists against this pathway have shown promising results (81–83). In addition, inhibitors targeting apoptosis and autophagy have been tested in vitro and in vivo models (84, 85). Several drugs have been reported to induce apoptosis in neuroblastoma cells by increasing intracellular copper levels, demonstrating the therapeutic potential of copper-dependent pathways (16, 18). Thus, the relevant potential drugs were also predicted based on the significantly differentially expressed genes between the two risk subgroups. In some cases, small molecule drugs target both tumor cells and immune cells and exert beneficial or reversing effects on the immunosuppression of TME. A recent study confirmed that tipifarnib-mediated inhibition of small cell extracellular vesicle secretion may serve as a viable therapeutic strategy to enhance the anti-tumor efficacy of anti-GD2 immunotherapy in patients with high-risk NB (86). Several other small molecule drugs, including acarbose (87–89), brivanib (90–97), tipifarnib (98–106), fraxetin (107–109), NU1025 (110–112), trifluridine (113–117), imatinib (108, 118), quizartinib (119), lapatinib (120–122) have been tested in clinical trials in a variety of adult tumors and have shown promising results. However, children are not ‘small adults’. Pediatric tumors are likely to follow a unique immuno-oncologic mechanism. Further investigation of these issues will help in understanding molecular mechanisms leading to immune evasion in NB and provide a rational basis for novel therapies in the future. These areas remain to be explored.

To our knowledge, this is the first study involving the cuproptosis, tumor immunity, prognosis, and functional experiments. The major conclusions were validated in three independent and distinct cohorts of NB, a major strength of the study. The present results can contribute to improving the clinical risk evaluation of NB patients and offer new perspectives for future research on neoadjuvant therapy. However, some limitations ought to be considered in generalizing the present study’s findings. Firstly, this study is a retrospective review of public datasets; selection bias is inherent to the design. Thus, large and longitudinal prospective studies will be necessary to test this hypothesis before it can be implemented in clinical practice. Secondly, since immunotherapy has not been widely developed in NB, the patients’ response to immunotherapy was predicted by TIDE analysis. Finally, although functional analysis revealed the correlation between CRGs and immune-related features, the exact mechanism remains to be explored. Overall, additional research should be developed to clarify these hypotheses that hold the promise of improving the prognosis of NB patients.

In summary, we identified clues that suggest that CRGs affect the immune status and thus the prognosis of NB. The signature can help risk-adjusted personalized treatment and identify optimal candidates for immunotherapy. These findings highlight the crucial clinical implications of CRGs and help provide new insights into the molecular mechanisms of NB progression, as well as explore potential targeted therapies for NB patients.
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Objective

The treatment of residual/recurrent cervical cancer within a previously irradiated area is challenging and generally associated with a poor outcome. Local treatments such as salvage surgery and re-irradiation are usually traumatic and have limited efficacy. High intensity focused ultrasound (HIFU) treatment can directly ablate solid tumors without damaging neighboring healthy tissue. However, the HIFU studies for these patients are limited. Experience gained over the course of 10 years with the use of HIFU for the management of residual/recurrent cervical cancer after chemoradiotherapy is reported herein.



Methods

153 patients with residual/recurrent cervical cancer in a previously irradiated field who received HIFU treatment between 2010 and 2021 were retrospectively analyzed. Adverse effects, survival benefit and factors affecting prognosis were given particular attention.



Results

A total of 36 patients (23.5%) achieved a partial response following HIFU treatment and 107 patients (69.9%) had stable disease. The objective response and disease control rates were 23.5% and 93.5%, respectively. The median progression-free survival (mPFS) and median overall survival (mOS) were 17.0 months and 24.5 months, respectively. Moreover, patients with lesions ≥1.40 cm before HIFU treatment and a shrinkage rate ≥ 30% after treatment had a higher mPFS and mOS, and patients with lesions ≤1.00 cm after HIFU treatment had a higher mPFS (P=<0.05). All the treatment-related adverse events were limited to minor complications, which included skin burns, abdominal pain and vaginal discharge.



Conclusions

HIFU treatment is likely a preferred option for cervical cancer patients with residual disease or recurrence following CRT that can safely improve the local control rate and extend survival.
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Introduction

Cervical cancer is one of the most common gynecological malignancies. There were approximately 570,000 newly diagnosed cases and about 311,000 deaths cases of cervical cancer in women worldwide in 2018 (1). Chemoradiotherapy (CRT) has been recognized as the standard treatment for patients with locally advanced cervical cancer (LACC) (2). However, approximately 30%-65% of patients have residual disease or subsequent recurrence after completing CRT (3–5). Local residual disease and recurrence are important factors that contribute to treatment failure and the poor prognosis for LACC patients (6). The treatment of cervical cancer following residual disease or recurrence represents a challenging problem. Thus, research is required to provide safe and effective treatments for patients with radiation resistant cervical cancer. Furthermore, the administration of radiotherapy is usually chosen cautiously due to the side effects associated with the treatment and the dose limitation for healthy tissue.

Systemic platinum-based dual-drug combination salvage chemotherapy is often considered to be an important treatment option for these patients, such as cisplatin combined with paclitaxel or topotecan. Unfortunately, cervical cancer patients with residual disease or recurrence following CRT often face a poor prognosis following the chemotherapy (7–10). A recent multicenter retrospective study reported the median progression-free survival (mPFS) and median overall survival (mOS) following systemic chemotherapy in patients with persistent cervical cancer after CRT to be 8.4 months and 18.0 months, respectively (11). A number of reasons for the poor efficacy have been proposed, including 1) that the prior radiation therapy limited the drug distribution to the tumor, 2) an intrinsic chemoresistance of residual or recurrent lesions, 3) poor bone marrow and/or kidney function in these patients that reduces their tolerance to chemotherapy (7). Nevertheless, the addition of bevacizumab to the platinum-based doublet chemotherapy, has been reported to reduce the risk of death for these patients by 27%. However, this treatment schedule was associated with a 15% fistula occurrence (12).

A local therapy (as opposed to a systemic therapy) has often been considered to be a better choice for cervical cancer patients with local residual disease or recurrence after CRT. Pelvic exenteration or radical hysterectomy has been offered as an optional treatment, however, the benefit for these patients remains controversial. The published five-year survival rate following surgery for patients with residual disease or recurrence following CRT ranges from 20% to 73% (4, 6, 11, 13–15). Overall, surgery appears to offer a significant improvement for patients, however, surgery after CRT is difficult due to the risk of serious pelvic adhesions, poor tissue recovery, unclear anatomy and excessive local blood supply. Moreover, the frequency of serious complications is high (15-25% chance of adverse events ≥grade 2, including postoperative death), which leads some patients to refuse surgery (6, 11, 16, 17). Ota et al. (18) reported that out of 162 patients with persistent local disease following CRT only 35 (21.6%) opted for a hysterectomy. The majority of patients were considered inoperable, 62.3% of patients were not operated on due to their advanced age, poor medical condition or refusal of surgery, and 16.0% could not receive surgery due to concomitant distant metastasis.

High intensity focused ultrasound (HIFU) is a method for solid tissue ablation using focused ultrasound energy (19). In recent years, HIFU has been increasingly used to treat malignant tumors, including: liver, pancreatic and prostate cancer, especially for tumors that lack other effective treatment methods. A number of studies have confirmed the effectiveness, safety and feasibility of HIFU for the treatment of malignant tumors (20, 21). HIFU is a non-invasive technique that can focus on a specific treatment area with a clear boundary from the non-treatment area, which enables the preservation of tumor adjacent healthy tissues (22). The fact that few side effects are caused by HIFU make the technique a good option for patients who have received pelvic CRT, especially those with severe pelvic adhesions and those unable to tolerate an additional high-intensity systemic treatment. However, there are few reports describing the use of HIFU treatment for cervical cancer (23, 24). Therefore, the study contained herein details the use of HIFU for 153 cervical cancer patients that experienced disease persistence or recurrence following CRT. The experience gained from this treatment schedule over more than 10 years is reported with particular attention to adverse effects, survival benefit and factors affecting prognosis.



Materials and methods


Patients characteristics

This retrospective analysis of cervical cancer patients who underwent radiotherapy (included either radiotherapy after radical hysterectomy or definitive radiotherapy with or without chemotherapy) and experienced tumor persistence or recurrence in a previously irradiated field from January 2010 to January 2021 at the Guizhou Provincial People’s Hospital (CN). The inclusion criteria were as follows: (1) an age of ≥18 years; (2) patients with cervical cancer disease persistence/recurrence after CRT that was confirmed using at least two imaging techniques (such as computed tomography (CT), magnetic resonance imaging (MRI) or positron emission tomography (PET) with [18F]-fluorodeoxyglucose, with one occurring no more than two weeks prior to the HIFU treatment) and with histological (or cytological) confirmation for those in accessible sites; (3) those with malignant lesions that were localized only within the pelvic cavity; (4) patients who either refused or were unsuitable for salvage surgery and radiotherapy; (5) an Eastern Cooperative Oncology Group (ECOG) performance status of 0-2; (6) sufficient organ function (a neutrophil count ≥1.5 × 109/L; hemoglobin  ≥8 g/dL; platelets ≥75 × 109/L; AST/ALT ≤5 × normal value; creatinine within the normal range or creatinine clearance ≥50  mL/min); (7) patients with lesions for treatment that were large enough to be sufficiently visible using ultrasound; (8) the provision of signed informed consent. The exclusion criteria were: (1) extensive pelvic lesions or lesions beyond the pelvic cavity; (2) an ECOG performance status ≥3; (3) patients with lesions that could not be visualized, or with lesions that were unable to be targeted by the focus range; (4) pronounced scarring along the acoustic path. The clinicopathological data and the treatment details for the aforementioned patients were also collected.



HIFU therapeutic procedure

HIFU ablation was performed with a high intensity focused tumor therapy system (model HIFU-2001, Shanghai Jiao Tong University’s Xindi Industrial Company, CN) equipped with a real time ultrasound guidance device. The therapeutic-focused ultrasonic working frequency was set to 50 Hz with an output power of 1kW and degassed water as a treatment medium. The effective treatment depth was 10 mm-150 mm, a focal volume of 3 mm × 3 mm × 8 mm and an effect focus of 6 mm × 6 mm × 10 mm. The parameters of HIFU treatment were adjusted for each patient according to the location and depth of the tumor, the tumor tissue density and the sound attenuation rate. The treatment array was formed by point accumulation with fractional treatment for large volumes of lesions.

All patients consumed semi-liquid/liquid food for 2-3 days, fasted for 12 hours and received an enema prior to the HIFU treatment. The patients were positioned prone on the HIFU treatment table with the abdominal wall in contact with degassed water. Their breathing, heart rate, blood pressure and oxygen saturation were monitored throughout treatment. The distance of the target tumor from the skin was measured using B-ultrasound, which was marked on the skin. The B-ultrasound probe was used to move the focus to the deepest part of the tumor and the treatment area was delineated. The treatment area was computationally marked by the displacement of the treatment basin in the form of dots, lines and surfaces, after which the HIFU treatment was automatically completed by the HIFU system under the supervision of 1-2 doctors.



Evaluation of therapeutic efficacy and survival

Four to eight weeks following the HIFU treatment, the patients received imaging with CT, MRI or PET with [18F]-fluorodeoxyglucose, and a follow up appointment was performed every 2-3 months, including a gynecological examination and cytology if necessary. The tumor response was defined by the response evaluation criteria in solid tumors (RECIST) version 1.1 (25, 26). The response for each target lesion was classified as having a complete response (CR), partial response (PR), stable disease (SD) or progressive disease (PD). The objective response rate (ORR) was defined as the proportion of patients who had a CR or PR that was confirmed with a subsequent scan at least four weeks following treatment. The disease control rate (DCR) reported the proportion of patients with tumor shrinkage or stabilization for at least four weeks, including cases with CR, PR and SD. Progression-free survival (PFS) was calculated from the date of the HIFU treatment until progression, death or the last follow-up appointment. Overall survival (OS) was calculated from the date of HIFU treatment until death or the last follow-up appointment. Complications such as pain, skin reactions, bleeding, urogenital system and digestive system damage were also analyzed, which were based on the Society of Interventional Radiology (SIR) Classification System for Complications by Outcome (27). August 2021 was used as the end date of the study for the PFS and OS data censorship.



Statistics

All the data was presented using the mean ± standard deviation unless otherwise specified. The statistical analysis was performed using SPSS version 25.0. The actuarial survival was computed using the Kaplan-Meier method, prognostic factors were compared using the log-rank test and the Cox hazard proportion model was used in the multivariate analysis. The threshold for statistical significance was set at a P-value of equal to or less than 0.05.




Results


Clinical characteristics

A total of 217 cervical cancer patients received HIFU treatment at the Guizhou Provincial People’s Hospital from January 2010 to January 2021, of which 153 were included in this study in accordance with the aforementioned inclusion and exclusion criteria. Of the 153 patients, 52 cases represent patients with residual tumors that remained from the initial therapy and 101 patients experienced regional (from within the previous radiotherapy area) disease recurrence following irradiation (Figure S1). The clinicopathological data for these patients is presented in Table 1. All patients presented with stage IIA-IVA disease (predominantly squamous cell carcinoma) at initial diagnosis with an average patient age of 50.84 ± 10.99 years. The average lesion size was 1.80 ± 0.43 cm before HIFU treatment, with the uterine cervical or vaginal region being the most common site of the residual or recurrent lesions.


Table 1 | Clinical characteristics for the cervical cancer patients prior to HIFU treatment.





Evaluation of HIFU treatment

Each patient received on average 9.64 ± 0.86 (range: 5-10) fractions within one HIFU ablation course. The average treatment power, treatment time and sonication time was shown in Table 2. None of the 153 patients experienced CR following the HIFU treatment, but PR in was observed for 36 cases (23.5%) and SD for 107 cases (69.9%). The ORR and DCR were 23.5% (95% Confidence Interval [CI], 16.7-30.3) and 93.5% (95% CI: 89.5-97.4), respectively. The changes in the index tumor size from the baseline are shown in Figure 1. Representative images displaying lesions before and after HIFU treatment were shown in Figure 2. Age, stage, initial treatment, biologically effective dose of radiotherapy, lesion location and size did not affect the disease control for these patients (Figure S2).


Table 2 | HIFU ablation parameters and treatment response.






Figure 1 | Evaluation of cervical tumor response after HIFU treatment. The index tumor size change from the baseline following HIFU treatment for (A) cervical cancer patients previously treated with CRT and experiencing residual tumors or recurrence (total) within a previously irradiated field, (B) patients experiencing residual tumors and (C) patients experiencing tumor recurrence. Abbreviations: partial response (PR), stable disease (SD), progressive disease (PD), objective response rate (OR), disease control rate (DCR) and confidence interval (CI).






Figure 2 | Representative images demonstrating the reduction of cervical cancer lesions following HIFU treatment. (A) Images from a 54-year-old patient with stage IIB cervical cancer before and after HIFU treatment, which display residual lesions that were previously treated with CRT. (B) Images from a 55-year-old patient with stage IIIB cervical cancer before and after HIFU treatment, which display recurrent lesions that occurred within an area that was previously irradiated. The transverse T2 MR images, transverse T1-fs MR images and sagittal T2 MR images all show that the tumor was significantly reduced.





Survival analysis

During this study the mPFS was 17.0 months (95% CI: 15.5-18.5) and the mOS was 24.5 months (95% CI: 22.3-26.7). The PFS rate was 72.5% for 12 months and 14.4% for 24 months. The OS rate was 46.4% and 7.2% for 24 and 48 months, respectively. The loss to follow-up rate was 8.5% and the median time to follow-up was 36.0 months (95% CI: 34.9-37.1).

The survival analysis demonstrated that the mPFS for patients with residual or recurrent lesions ≥1.40 cm was significantly higher than those with lesions less than 1.40 cm (17.2 months [95%CI: 15.5-18.5] versus 11.5 months [95%CI: 10.6-12.4]; P=<0.0001). After treatment, patients with a lesion size of ≤1.00cm had a higher mPFS than patients with >1.00cm (20.0 months [95% CI: 18.2-21.6] versus 14.9 months [95% CI: 13.4-16.4]; P=0.002) and patients with a shrinkage rate of ≥30% had a higher mPFS than those with <30% (20.2 months [95% CI: 17.7-22.7] vs. 14.4 months [95% CI: 12.9-15.9]; P=<0.0001) (Figure 3A).




Figure 3 | The PFS and OS associated with of different disease patterns and lesion characteristics for cervical patients treated with HIFU. The (A) PFS and (B) OS of cervical cancer patients treated with HIFU. (A/BI) The response to HIFU for previously irradiated patients that experienced residual disease compared to recurrence. Patient outcome when stratified for (A/BII) lesion size prior to HIFU treatment, (A/BIII) lesion size after HIFU treatment and (A/BIV) lesion shrinkage ratio (comparing the lesion size change before and after HIFU treatment). Crosses were used to denote censored patients. Hazard ratio (HR), confidence interval (CI).



The mOS for patients with residual tumor prior to HIFU was higher than those with disease recurrence (29.0 months vs. 23.1 months [95% CI: 21.4-24.8]; P=0.007); but the mPFS of patients with the two disease patterns were similar (P=>0.05). Correspondingly, patients with lesions ≥1.40 cm before treatment and a lesions shrinkage ratio of ≥30% after treatment had better mOS. No statistical difference in the mOS for patients with different lesion sizes following the treatment was observed (P=>0.05) (Figure 3B). A multivariate analysis showed that the lesion size before or after HIFU treatment was significantly related to PFS and OS. Moreover, patients whose initial treatment was radiotherapy or CRT after surgery had worse survival when compared to those who received radical radiotherapy or CRT (Hazard ratio: 1.69 [95% CI: 1.02-2.80]; P=0.043) (Figure 4).




Figure 4 | Risk factors associated with prognosis following HIFU. An analysis to determine the association of various risk factors with the (A) progression free survival and (B) overall survival of cervical cancer patients following HIFU treatment. Abbreviations: hazard ratio (HR), confidence interval (CI).





Safety

The treatment-related adverse events for all the patients were considered to be minor complications. Of the 153 patients, 19 patients (12.4%) had grade A/B skin burns, 18 patients (11.8%) had grade A abdominal pain and 9 patients (5.9%) had grade A vaginal discharge. It is noteworthy that all the patients with vaginal bleeding had this symptom prior to the HIFU treatment, and that the bleeding did not worsen following treatment. No adverse events that were grade C or higher occurred in any of the patients. Additionally, there were no reports of vesicovaginal fistula, rectovaginal fistula, ileus, hemorrhage, infection or damage to other organs (Table S1). The occurrence of complications was not affected by age, stage, initial treatment, biologically effective dose of radiotherapy or lesion location and size (Figure S3).




Discussion

While prophylactic HPV vaccination programs have led to a significant reduction in cervical cancer incidence and mortality in developed countries, the disease burden of cervical cancer in underdeveloped countries remains high and the treatment of advanced disease is problematic. The publication of the KEYNOTE-826 study indicated that pembrolizumab combined with chemotherapy ± bevacizumab is the preferred treatment option for patients with PD-L1-positive persistent, recurrent or metastatic cervical cancer. However, the mPFS was only 10.4 months for these patients, even with the addition of immunotherapy (28). More efficient and personalized treatment options are still required. Previous studies have demonstrated the feasibility of HIFU for the treatment of cervical cancer, but the reports are sporadic and often do not contain information regarding adverse effects or survival data (29). It was therefore important to assess these aspects of HIFU application for patients with residual or recurrent cervical cancer following CRT, which has been detailed in the study contained herein.

The ORR and DCR after HIFU treatment were 26.1% and 93.5%, respectively. The mPFS and mOS of patients reached 17.0 months and 24.5 months, respectively. Moreover, treatment-related complications were few and mild, and patient recovery following treatment was generally fast. Even patients with an advanced age or poor physical condition were able to tolerate the HIFU therapy (the oldest patient in this study was 84 years old). This is due to the relative safety of the HIFU treatment, which leaves tissue immediately outside the target area mostly intact (30, 31). Indeed, we have observed that an outpatient HIFU service can be offered for patients who are relatively asymptomatic at the time of consultation and have no obvious adverse reactions during the treatment. This is desirable because the outpatient service helps reduce the physical and economic burden for these patients. Furthermore, this therapy can be conducted regardless of the patient PD-L1 expression status. Our study shows that local HIFU therapy may be a good option for patients with residual or recurrent tumors located in the pelvis.

Previous studies have shown that re-irradiation for cervical cancer patients may cause surrounding healthy tissues to be exposed to an intolerable dose that can result in serious complications, such as radiation enteritis, intestinal perforation and rectovaginal fistula. Whereas, the study herein demonstrated that the survival and complication rate after HIFU treatment was not related to the previous exposure dose of patient. This suggests that the application of HIFU treatment is not limited to the level of the previous radiation dose and the tolerance of the surrounding healthy tissues. Nevertheless, brachytherapy may be an option for carefully selected patients with smaller central lesions (<2 cm) (32–35). The use of image-guided radioactive 125I seed has been reported as a method for the treatment of patients with recurrent disease after external beam radiotherapy, the local control rate was 88.9%, and the median local PFS and mOS were 7.5 months and 11.5 months, respectively (36). Different methods of external beam radiotherapy have also been proposed for these patients, such as stereotactic body radiotherapy and proton therapy, however the sample sizes included in these studies have been small so far and thus further demonstration of efficacy and safety is needed (37).

The prognosis for patients with tumor recurrence has generally been considered to be worse than those with residual disease, which is consistent with the observations herein, where the survival time was shorter for patients experiencing recurrence. However, the mPFS of the two categories was similar, which suggests that HIFU treatment has the same local control capability for lesions resulting from residual and recurrent lesions. Additionally, patients with smaller lesions after HIFU had a better mPFS, which is consistent with previous reports (18, 38, 39). Moreover, patients with greater lesion shrinkage after HIFU treatment have a higher mPFS and mOS, which supports the notion that HIFU treatment was efficacious for cervical cancer patients with residual disease or recurrence following CRT.

It is interesting to note that previous studies have suggested that patients with larger residual or recurrent tumors had a poorer prognosis, regardless of whether they were treated with surgery, radioactive seed implantation or brachytherapy (11, 33, 40). Whereas the patient’s described herein with lesions ≥1.4cm had a significantly greater mPFS and mOS than those with lesions <1.4cm. This may be related to the greater ability to obtain an accurate target location for large lesions and/or the higher target dose used. However, this could be due to an insufficient sample size and/or insufficient follow-up time and therefore a rigorous large-sample prospective study would be required to validate this observation.

This retrospective analysis was a single-center study, which does introduce the possibility that there were confounding factors that were not considered during the analysis. Nevertheless, this study demonstrates that HIFU treatment could provide a complementary method for the treatment of cervical cancer patients who experience a poor outcome following CRT. It is interesting that the multivariate analysis showed that patients whose initial treatment was surgery followed by radiotherapy or CRT had a higher risk of death than those who received radical radiotherapy or CRT. This notion requires further confirmation and mechanistic exploration. It also further highlights the need for a larger prospective multi-center randomized trial to verify these results and more precisely define the patient subgroups that would benefit the most from HIFU treatment.



Conclusions

Our research shows that HIFU treatment can significantly reduce the size of lesions in cervical cancer patients with residual disease or recurrence following CRT and is capable of increasing the local control rate and survival time. The non-invasive nature of HIFU means that the treatment-related side effects are less frequent, which enables the provision of an efficacious highly tolerable therapy to a group of patients who are often not able to receive other conventional therapies.
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Bispecific antibodies (bsAbs) are artificial antibodies with two distinct antigen-binding sites that can bind to different antigens or different epitopes on the same antigen. Based on a variety of technology platforms currently developed, bsAbs can exhibit different formats and mechanisms of action. The upgrading of antibody technology has promoted the development of bsAbs, which has been effectively used in the treatment of tumors. So far, 7 bsAbs have been approved for marketing in the world, and more than 200 bsAbs are in clinical and preclinical research stages. Here, we summarize the development process of bsAbs, application in tumor treatment and look forward to the challenges in future development.
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1 Introduction

The development of bsAb began in 1961, Nisonoff and his colleagues linked the Fab fragments of two different rabbit antibodies by reoxidation, and proved that the product can recruit two different types of cells, and proposed the concept of bsAb (1). In 1975, Milstein and Kohler fused splenic B lymphocytes and myeloma cells from immunized mice to form hybridoma cells that could produce monoclonal antibodies (2). In 1983, Milstein et al. produced the first bsAb with an intact Immunoglobulin G (IgG) structure using two fused hybridoma cells. In 1985, Perez et al. demonstrated that bsAbs that can bind to T cell receptors and tumor-specific antigens can attract T cells to tumor sites and induce T cells to kill tumors (3, 4), enhancing antibody-dependent cell-mediated cytotoxicity (ADCC). With the continuous advancement of antibody technology, double-antibody drugs have gradually begun to appear in the market. In April 2009, the EMA approved the first therapeutic bsAb catumaxomab developed by Trion Pharma in Europe for the intraperitoneal treatment of patients with malignant ascites (5). Although catumaxomab was withdrawn from the market in 2017 due to poor sales and other reasons, research on it is still ongoing. In December 2014, the FDA approved blinatumomab developed by Amgen for the treatment of acute lymphoblastic leukemia (6), which is also the first approved drug targeting CD19. In November 2017, the FDA approved emicizumab developed by Roche for the treatment of hemophilia A (7). In May 2021, the FDA approved amivantamab, developed by Janssen, for the treatment of EGFR-mutated non-small cell lung cancer (8). In January 2022, the FDA approved faricimab, developed by Genentech, for the treatment of wet age-related macular degeneration (w-AMD) and diabetic macular edema (DME) (9). In June 2022, the FDA approved mosunetuzumab developed by Roche for the treatment of adult patients with relapsed/refractory follicular lymphoma (R/R FL) who have received at least two prior systemic therapies. China Medical Products Administration (NMPA) approved candonilimab developed by Akeso for the treatment of relapsed or metastatic cervical cancer (R/M CC) in June 2022. With the successful listing and effective clinical application of bsAbs, it has gradually become a hot spot in antibody drug research. Currently, there are more than 200 bsAbs in clinical and preclinical research stages. This article will summarize and discuss the structure type, mechanism of action, clinical application and future challenges of bispecific antibodies (Table 1).


Table 1 | Timeline of bsAb development.





2 Bispecific antibody

Bispecific antibodies (bsAbs) have two distinct antigen-binding sites and can recognize two distinct epitopes on the same or different antigens (10). According to the structure, bsAbs can be roughly divided into two categories: IgG-like subtypes containing an Fc region and non-IgG-like subtypes without an Fc region (11) (Figure 1).




Figure 1 | Structures of bsAbs.




2.1 Structures of bsAbs


2.1.1 IgG subtypes

This type of bsAb is based on the structure of full-length IgG. Because it has an Fc region, it has the advantages of good solubility and stability, long half-life (12), and enhanced tumor killing effect through ADCC and complement dependent cytotoxicity (CDC) effects. Among them, the symmetrical type has a structure and stability similar to that of natural IgG, with mature technology and high expression. However, its differences in structure and size from native antibodies can negatively affect related favorable properties such as stability and solubility, and thus may lead to impairments in physicochemical or pharmacokinetic properties (13). Due to the symmetry of the class, most formats in clinical development are characterized by the close proximity of antigen-binding sites, which may affect bispecific binding and even lead to reduced functional potency. The asymmetric type solves the technical bottleneck of Knobs-into-Holes in common light chain, realizes the bivalent binding of tumor antigens and the monovalent binding of CD3, and can reduce the toxicity of CD3 antibodies when binding tumor antigens. However, there are also problems such as long technical route and high difficulty in design process in its preparation process. There are many technical platforms for the preparation of IgG subtype bsAbs, among which the platforms for producing asymmetric bsAbs include Triomab quadroma, Knobs-into-Holes (KiH), CrossMab, DuoBody and so on. Platforms for producing symmetrical bsAbs include DVD-Ig, FynomAb, Two-in-one/DAF, etc. Only TrioMab and CrossMab are clinically validated. However, since catumaxomab has been withdrawn from the market, strictly speaking, only CrossMab has obtained clinical validation. Other platform products are in the early and mid-stage clinical trials.


2.1.1.1 Triomab quadroma

The technology platform, jointly developed by Fresenius and TriOn Pharma, is based on the somatic fusion of two different hybridoma cells to generate monoclonal antibodies with the desired specificity (14), which are structurally similar to conventional antibodies. Since quadroma produces antibodies by randomly assembling two different heavy chains and two different light chains, many different structures are produced, but only one of them is the desired functional bsAb. A chimeric quadroma technology was later developed by fusing murine and rat hybridoma cell lines (15), which enriches functional bsAbs and reduces mismatches. The bsAb catumaxomab targeting EpCAM and CD3 was developed based on this platform and consists of mouse IgG2a and rat IgG2b (5). The mechanism of Triomab quadroma is shown in Figure 2.




Figure 2 | Triomab antibodies redirect T cells and other accessory cells to a tumor cell.





2.1.1.2 Knobs-into-Holes

KiH was developed by Genentech, which involves engineering the CH3 domain to create a “knob” or a “hole” on each heavy chain to promote Fc heterodimerization (16) and reduce mismatches. A small molecule amino acid in the CH3 domain is replaced with a large molecule amino acid, resulting in a knob, and a large molecule amino acid in another CH3 domain is replaced with a small molecule amino acid, resulting in a hole, and the knob binds to the hole to promote heterozygous dimerization (17). The heterodimer formation mediated by this technology can provide more than 90% of the desired product under co-expression conditions, resulting in large-scale production to meet clinical and market needs (18). While KiH technology solves the problem of heavy chain mismatches, the problem of light chain mismatches remains to be solved, and random light chain binding can cause unwanted antibodies to mix with desired antibodies. In response to this problem, researchers have proposed some methods: 1) Generate bsAbs with a common light chain (19). But this method is not applicable to all bsAbs, and specific binding may be limited; 2) Knob-containing and hole-containing half-molecules are expressed in different bacteria, respectively. This approach avoids mispairing of light chains, but expression in bacterial cells also results in the loss of key glycosylation modifications, which may affect antibody effector function (20); 3) binds CrossMab and knobs-into -holes. In CrossMab antibodies, the CH1 domain of the heavy chain was exchanged with the CL domain of the corresponding light chain to induce correct pairing of the light chain (21); 4) additional mutations were introduced in the VH-VL and CH1-CL interface. These mutations prompt the heavy chain to preferentially pair with the light chain (22), but the disadvantage is that it requires extensive mutation in conserved regions of the antibody.



2.1.1.3 CrossMab

CrossMabs were developed by Roche and are based on the intra-arm cross-exchange of the Fab domains of bispecific IgG antibodies, allowing for correct chain binding and correct heterodimerization of heavy chains via knob-into-hole or charge interaction to achieve (23–25). There are various ways of exchange, which can be Fab domains (CrossMabFab format), variable VH-VL domains in Fab fragments (CrossMabVH-VL format) and invariant CH1-CL domains (CrossMabCH1-CL format). The technology is proven and mature, becoming one of the most versatile antibody engineering techniques in industry and academia. To date, at least eight different bsAbs using CrossMab technology have entered clinical development (26), and many are in late preclinical development. The bsAb Vanucizumab developed by Roche targeting VEGF-A and angiopoietin 2 (Ang-2) is prepared by CrossMAb technology: CL and CH1 in the Fab domain of Ang-2 antibody are exchanged using CrossMAb technology, The Fab structure of VEGF antibody remains unchanged. The modified Ang-2 antibody light chain is not prone to mismatch with the heavy chain of VEGF antibody. At the same time, the “knob-into-hole” structure can promote the heterodimerization of the two heavy chains. change (27).



2.1.1.4 DuoBody

The technology platform was developed by Genmab. The DuoBody technology generates bsAbs through a controlled Fab-arm exchange redox reaction of two parental homodimeric antibodies (28). Parental mAbs are expressed and pooled separately prior to selective reduction of disulfide bonds in the hinge region. Chains are recombined to a bispecific molecule, which is facilitated by the amino acid substitutions in the CH3 domain to drive preferential chain association of a heterodimer. DuoBody preserves the structural integrity of the homodimeric mAb and preserves Fc function. This process can generate four types of bsAbs: two combinations of symmetrical unoxidized, symmetrically oxidized, and asymmetrically oxidized (29). The process of producing bsAbs using the DuoBody generally involves three basic steps: 1) separate production of monospecific antibodies with the corresponding mutations in mammalian cell culture, 2) purification according to standard procedures, 3) in specific experiments Fab-arm exchange was performed under chamber conditions, followed by another purification step. This typically yields bsAbs with heterodimer content greater than 95% (30). The bsAb Amivantamab targeting mesenchymal transition factor (MET) and epidermal growth factor receptor (EGFR) was developed using this platform for the treatment of advanced non-small cell lung cancer.



2.1.1.5 DVD-Ig

The technology platform was developed by Abbott, and its product is a bispecific tetravalent IgG-like molecule containing an Fc region and a constant region, and each arm of the molecule contains two variable domains (VDs): an external VD or VD1 composed of VH1 and VL1; and an internal VD or VD2 adjacent to CH1 and CL and composed of VH2 and VL2 (31). VD1 and VD2 are linked by flexible linkers with different binding specificities, and they can theoretically be synthesized by linking variable region sequences from any pair of mAbs (32). Linker is usually the sequence connecting VH-CH1 and VL-CL in IgG1 mAb, and it can also be the amino acid sequence or G4S sequence of IgG1 hinge region. This technique avoids mismatches between different light and heavy chains, but has the disadvantage that the affinity of the internal VD or VD2 may be reduced. The keys to the design of DVD-Ig molecules are (1): the selection of VD pairings from the parental mAb (2), the inner/outer orientation of the selected VDs, and (3) the amino acid sequence used to link the VDs (33). bsAb lutikizumab targeting IL-1 alpha and IL-1 beta was developed using the DVD-Ig technology platform for the treatment of synovitis in knee osteoarthritis and has been completed in OA (hand and knee OA) Two phase II trials were conducted.




2.1.2 Non-IgG subtypes

This type of bsAb has no Fc region and is based on the structure of a single-chain variable fragment (scFv), which has the advantages of weak immunogenicity, low dosage, small size, and strong tissue penetration (34). The disadvantages are short half-life, low expression, and unstable structure (35). scFv is composed of antibody VL and VH connected by a short peptide (linker) of 15-20 amino acids, without Fc fragment, and belongs to small molecule genetically engineered antibodies. Linker is usually 15-20 amino acids in length, usually composed of glycine (Gly) and serine (Ser), and has certain elasticity and protease resistance. Technologies for preparing bsAbs with this structure include BiTE, DART, bi-Nanobody, TandAbs, etc., and only BiTE has been clinically validated.


2.1.2.1 BiTE

BiTE is an antibody construct with 2 binding domains that recognize tumor-expressed antigens and CD3 of T cells, respectively, thereby linking endogenous T cells to tumor-expressed antigens, activating the cytotoxic potential of the patient’s own T cells to eliminate cancer without genetic modification or ex vivo expansion of T cells (36, 37). The binding domains are 2 scFv regions from a monoclonal antibody linked by a flexible peptide linker. The first scFv binding domain can be modified to target any surface antigen and thus can be targeted for different types of tumors. The second scFv binding domain was always specific for CD3 in the TCR. When BiTE molecules bind to both cytotoxic T cells and tumor cells, T cells begin to proliferate, thereby increasing the total number of effector cells and enhancing the effect of BiTE treatment (38), which then leads to tumor cell lysis. Because this does not require co-stimulation or the typical complex mechanisms of major histocompatibility, BiTE molecules can engage any T cell (39, 40). Blinatumomab is the first approved classical BiTE molecule, linking the variable regions of two monoclonal antibodies targeting CD19 on tumor cells and CD3 on T cells through a polypeptide chain, making blinatumomab largely Independent of genetic alterations or intracellular escape mechanisms (41). Because it is mainly composed of two single-chain antibodies, BiTE has a small molecular weight (55-60kDa), easily penetrates tumor tissue, and lacks the Fc segment, so its immunogenicity is low. Clinical trials have demonstrated that even at very low doses, blinatumomab can effectively recruit T cells and clear tumors, significantly improving median OS in patients with relapsed or refractory B-cell precursor acute lymphoblastic leukemia. The mechanism of BiTE is shown in Figure 3.




Figure 3 | BiTE antibodies redirect T cells to a tumor cell.





2.1.2.2 DART

DART is developed by MacroGenics. DART molecules are heterodimers formed by the combination of two polypeptide chains, with two unique antigen-binding sites. Its structure is to use a linker to connect the VH and VL sequences of an antibody variable region with the VL and VH sequences of another antibody variable region to form scFv, and then co-express two scFv fragments, using the antibody VH and VL domains. interact to form bispecific fragments. In addition, cysteine was introduced at the C-terminus of the two polypeptide chains, and the interchain disulfide bond was formed through the cysteine, which improved the stability of the antibody (42). Unlike BiTE, DART is designed to mimic the natural interactions within IgG molecules, maintains potency both in vitro and in vivo administration, and aggregates at a lower scale in production. DART has better structural and biological properties than BiTE, including better stability and optimal redirection of the cytotoxic effect of T cells against malignant cells. The bsAb flotetuzumab targeting CD3ϵ and CD123 was developed based on the DART platform as a rescue immunotherapy for patients with refractory acute myeloid leukemia and is currently available in Japan and in Europe through an expanded access program (43).



2.1.2.3 bi-Nanobody

The technology platform, developed by Ablynx (acquired by Sanofi in 2018), refers to the antibody structure of camelids (which only contains heavy chains and completely lacks light chains), and preserves the VH region through recombinant technology (44). Nanobody (Nanobody) is to connect the VH regions of two or more antibody molecules to achieve multi-specific binding. It has the advantages of small molecular weight, simple structure, strong tissue penetration, and can penetrate the blood-brain barrier. Sticking and clumping. But nanobodies also have the disadvantage of having a short half-life. In response to this problem, Ablynx uses half-life extension technology to combine nanobody with serum albumin, increase the molecular weight, and extend the half-life from several hours to more than 3 weeks with the help of the recycling effect of FcRn. Serum albumin can also play a role in transporting drugs to target sites. Ozoralizumab is a bi-Nanobody-based bsAb consisting of two anti-TNFα nanobodies and an anti-HSA nanobody. It is a good TNF inhibitor that inhibits arthritis progression (45) and is currently in phase II clinical studies for the treatment of rheumatoid arthritis.



2.1.2.4 TandAbs

This technology platform, developed by Affimed, produces tetravalent bsAbs containing two peptide chains that provide two binding sites for each antigen (46). The N-terminus to C-terminus of each peptide chain is arranged in the order of VL1-VH2-VL2-VH1, and the two peptide chains are paired in opposite directions to form a homodimeric molecule. Such antibodies can recruit NK cells or T cells to the surrounding tumor, thereby harnessing the innate or adaptive immune system to fight cancer. The relative molecular mass of TandAbs is about 110 kD, which is between the whole molecule antibody and BiTE (about 50 kD), and the half-life of the product can reach 23 h. The protein has no glycosylation modification, the product is more uniform, and the immunogenicity is low. The bsAb AFM13, which targets CD30 and CD16A on NK cells, was developed based on this platform. CD30 is highly expressed in Hodgkin lymphoma, and CD16A is an active receptor involved in tumor cell killing (47). A Phase I clinical trial of AFM13 for the treatment of relapsed/refractory CD30-positive Hodgkin lymphoma has been completed, and results were presented at the American Association for Cancer Research 2021 Annual Meeting, demonstrating that AFM13 treats relapsed/refractory CD30-positive Hodgkin lymphoma The objective response rate of the tumor was 100%.





2.2 Mechanism of action

The advantage of bsAb is that it can bind two different epitopes at the same time, which provides a variety of different pathways for the realization of its function, so that it can treat diseases through different mechanisms (Figure 4).




Figure 4 | Examples of obligate mechanisms of action of bsAbs. (A) Linking T cells and tumor cells. (B) Receptor inhibition. (C) Receptor activation. (D) Analoging cofactor. (E) Using target to transport. (F) Surrogate cytokine agonists.




2.2.1 Linking T cells and tumor cells

This method mainly connects effector T cells and tumor cells through bsAb (48), also called T cell engaging bsAb (T-bsAb). The bsAb in this approach contains both a T-cell binding domain and a tumor-binding domain, which can bind to CD3ϵ in the CD3ϵ-TCR complex and activate T cells without antigen presentation (49) to kill tumor cells. However, only two T-bsAbs, catumaxomab and blinatumomab, are currently approved for clinical use, mainly due to difficulties in protein engineering during antibody preparation and the potential toxicity of the new constructs (50), as well as the clinically encountered association with cytokine release syndrome and neurotoxicity-related disorders (51, 52). However, studies have shown that T-bsAb has properties such as CD3 affinity screening and bystander effect, it can actively redirect internal T cells and promote their recruitment from the periphery to tumor tissues (53), and a variety of proteases accumulate in large quantities, which are beneficial for T cells and tumor cells. The formation of cytolytic synapses between target cells provides the necessary components (54). At the same time, T cells proliferate and release a variety of cytokines (55). Many mechanistic findings have been reported in preclinical studies, we are able to modulate the effects of T-bsAbs at the molecular or cellular level, and many clinical trials evaluating the efficacy and safety of T-bsAbs are ongoing. Therefore, T-bsAb is a promising emerging antibody therapy. The current state-of-the-art T-bsAb is a carcinoembryonic antigen T-cell bispecific antibody (CEA TCB) named cibisatamab (56).


2.2.1.1 Cibisatamab

Cibisatamab has a single binding site for the CD3ϵ chain on T cells and two CEA binding sites that modulate binding affinity to cancer cells with moderate to high cell surface expression of CEA (21). The introduction of a CH1-CL cross into the CD3-bound Fab formed the light chain of cibisatamab (18), while the correct association of the heavy chain was achieved by the knob-into-hole technique (23, 57). The CEA-binding agent (designated CH1A1A) used in the CEA TCB is derived from the PR1A3 antibody and possesses properties such as humanization, affinity maturation, and stabilization (58, 59). CEA, also known as carcinoembryonic antigen–related cell adhesion molecule 5 (CEACAM5) or CD66e, is a 180 to 200 kDa protein belonging to the CEACAM superfamily that is anchored to the cell surface via glycosylphosphatidylinositol (GPI), It is often highly expressed in various tumor entities (60). Preliminary results of cibisatamab in a phase Ia/Ib study in locally advanced and/or metastatic CEA-positive solid tumors reported that monotherapy produced significant antitumor activity and manageable adverse events (61). The data demonstrate that CEA TCB has favorable antitumor activity and the ability to alter the tumor microenvironment, is effective against non-inflammatory, poorly invasive tumors, and transforms non-inflammatory tumors into highly inflammatory tumors.




2.2.2 Receptor inhibition

Receptor tyrosine kinases (RTKs) are the largest class of enzyme-linked receptors, which are both growth factor receptors and enzymes that can catalyze the phosphorylation of downstream target proteins, including HER family, VEGFR family, etc. RTKs play an important regulatory role during cell proliferation, and precise regulation of the magnitude and duration of their signaling is critical for the execution of cellular programs and behaviors (62). Mutations in RTKs and their abnormal activation of intracellular signaling pathways may contribute to the development of cancer (63). Tumors can be treated by targeted inhibition of tumor receptor tyrosine kinases (RTKs), but other RTKs can escape from specific receptor inhibition and activate parallel signaling pathways, resulting in drug resistance. Therefore, bsAbs targeting multiple RTKs or their ligands can be developed to simultaneously block two or more signaling pathways to reduce tumor cell escape and overcome drug resistance. For example, zenocutuzumab is an ADCC-enhanced IgG antibody developed using Merus’ Biclonics technology and MeMo technology to target HER-2 and HER-3.


2.2.2.1 Zenocutuzumab

Zenocutuzumab is a HER2×HER3 bispecific antibody that is effective in treating tumors driven by NRG1 gene rearrangements. NRG1 rearrangements are recurrent oncogenic drivers in solid tumors. NRG1 binds to HER3, leading to heterodimerization with other HER/ERBB kinases, increasing downstream signaling and tumorigenesis, and NRG1 induces phosphorylation of HER2 and HER3 when only HER2 and HER3 are expressed (64). The HER2-HER3 dimer may be the most carcinogenic heterodimer in the ERBB family (65). Zenocutuzumab inhibits HER3 and AKT phosphorylation, induces the expression of apoptosis markers, and inhibits tumor cell growth. Zenocutuzumab binds to NRG1 or NRG1 fusion protein and prevents HER3 from interacting with NRG1 or NRG1 fusion protein. This inhibition produced robust efficacy in preclinical models and durable responses in patients with few treatment options. Zenocutuzumab is a promising treatment option in development for patients with NRG1 fusion-positive cancers. Based on this proof-of-concept, a global multicenter Phase 1/2 clinical trial in NRG1 fusion-positive cancers has been initiated (66). The FDA has granted Fast Track designation to zenocutuzumab for the treatment of patients with metastatic solid tumors harboring an NRG1 gene fusion who have progressed after receiving standard therapy.




2.2.3 Receptor activation

The treatment of some diseases requires activation of receptor signaling using agonistic antibodies, so bsAbs can also be used to activate multicomponent receptor complexes with receptors and coreceptors. For example, fibroblast growth factor 21 (FGF21) controls energy expenditure and nutrient metabolism by stimulating FGF receptor (FGFR) isoforms (1c, 2c, and 3c) that bind to the coreceptor Klothoβ (KLB) (67), the long-term use of recombinant FGF21 can improve the metabolic health of humans, but there is also a problem that the rapid molecular turnover limits the therapeutic effect. The bispecific anti-FGFR1/KLB agonist antibody BFKB8488A designed against it can treat obesity-related metabolic defects by specifically activating the FGFR1/KLB complex. Only when KLB is present on the cell surface, BFKB8488A enhances dimerization of the c-isoform of FGFR1 (FGFR1c) and stabilizes the interaction between FGFR1c and the extracellular domain of KLB protein. A clinical study in overweight human participants demonstrated that a single dose of BFKB8488A resulted in transient weight loss, sustained improvement in cardiometabolic parameters, and a trend toward reduced preference for sweetness and carbohydrate intake (68). A phase II clinical study of BFKB8488A in nonalcoholic steatohepatitis is ongoing.



2.2.4 Analoging cofactor

BsAbs can also mimic enzymes or cofactors in enzyme-substrate complexes. For example, hemophilia A is a bleeding disorder caused by a deficiency of factor VIII (FVIII), which normally acts as a cofactor for activating factor IX (FIXa) and promotes the activation of factor X (FX). The researchers designed bsAb(Mim8) as an activated FVIII mimetic. Mim8 is an anti-FIXa/anti-FX bispecific antibody whose activity is achieved in part through FIXa-stimulating activity present in the anti-FIXa arm. Preclinical experiments have shown that it has an effective hemostatic effect (69), and it has obtained an implied license for clinical trials in China. Intended to be developed for routine prophylaxis in children (<12 years of age) with hemophilia A (congenital factor VIII deficiency) with or without FVIII inhibitors to prevent or reduce the frequency of bleeding.



2.2.5 Using target to transport

A bsAb can also utilize the specificity of its first target to transport its second specific target. For example, the blood-brain barrier is a huge obstacle to developing treatments for neurological diseases. The application of bsAbs to the transferrin transport pathway can cross the blood-brain barrier and enter the immune-privileged brain regions to target pathogenic mediators that cause neurological diseases (70). By targeting the transferrin receptor (TfR), which is highly expressed on the surface of brain endothelial cells, with one of the binding arms of a bsAb, the bsAb binds to TfR and crosses the blood-brain barrier into the brain through receptor-mediated endocytosis. The second binding arm targets beta-secretase 1 (BACE1), blocking BACE1 activity in the brain. TfR×BACE1 bsAb reduces the levels of amyloid-β (Aβ) peptide, an enzymatic product of BACE1, in brain tissue and cerebrospinal fluid (71). The amyloid-β (Aβ) peptide is thought to be involved in the pathogenesis of Alzheimer’s disease, and its pathological overproduction leads to impaired memory, oxidative damage, blood-brain barrier damage, neurofibrillary tangles, and amyloid plaque formation (72).



2.2.6 Surrogate cytokine agonists

Cytokines can initiate signal transduction through receptor dimerization for immunomodulation, but their structure often influences their effects. BsAbs can dimerize cytokine receptors, thereby acting as a substitute for cytokines. Combining VHH and scFv can generate single-chain dual-specific ligands with multiple functional activities that force cytokine receptor heterodimerization and then initiate signaling. Type I IFNs have antiviral activity and can dimerize IFNAR1/IFNAR2 to activate certain signal transduction. Combining a single variable domain of a heavy chain (VHH) and a single-chain antibody fragment (scFv) in a type I IFN system to construct a surrogate agonist applied to human IFNAR1 and IFNAR2, which effectively inhibits viral replication, but does not have pro-inflammatory effects. This means that the strategy can obtain specific ligands corresponding to each receptor through screening, and it also means that the construction of dual-specific ligands is not limited to the induction of dimerization of natural receptors (73).





3 Application

The research and development of antibody drugs has always been a hot topic, among which bsAb is also a key target of corporate research and development. So far, a total of 7 bsAbs have been approved for marketing in the world, they are catumaxomab (which has been withdrawn from the market in 2017), blinatumomab, emicizumab, amivantamab, faricimab, candonilimab and mosunetuzumab (Table 2), and more than 200 bsAbs are in clinical and preclinical research stages (Tables 3, 4).


Table 2 | BsAbs that have been on the market.




Table 3 | Bispecific antibodies in clinical trials.




Table 4 | BsAbs in clinical trials in combination with other immunotherapy.




3.1 BsAbs that have been on the market


3.1.1 Catumaxomab

Catumaxomab is the world’s first commercialized monoclonal bispecific trifunctional antibody, developed by TrionPharma, produced by Triomab quadroma technology, and approved by EMA in April 2009 for intraperitoneal use in patients with malignant ascites caused by EpCAM-positive tumors treatment, but was withdrawn from the market in 2017 due to, among other reasons, poor sales. Catumaxomab consists of mouse IgG2 and rat IgG2b and targets CD3 on T cells and EpCAM on tumor cells (74). Epithelial cell adhesion molecule (EpCAM) is a 40KD type I transmembrane glycoprotein consisting of an extracellular domain (EpEX), a single transmembrane domain and an intracellular domain (EpICD) (75). Studies have shown that it plays an important role in intercellular adhesion, cell signaling, proliferation, differentiation, and the formation and maintenance of organ morphology (76). EpCAM is expressed on the entire cell surface (77) and is a very strongly and frequently expressed tumor-associated antigen (78), in ovarian, gastric, colon, pancreatic, prostate, lung and endometrial cancers. There are expressions (79). Although catumaxomab has been withdrawn from the market in 2017, its related research has not stopped. Recent studies have shown that two patients with EpCAM-positive recurrent non-muscle invasive bladder cancer were first treated with intravesical catumaxomab, which was well tolerated without any overt signs of toxicity and was Intravesical administration of catumaxomab is feasible, safe, and effective in muscle-invasive bladder cancer, thus supporting its further clinical development in this indication (80). Catumaxomab is currently undergoing clinical trials in breast, ovarian, peritoneal, non-small cell lung and gastrointestinal cancers (81).



3.1.2 Blinatumomab

Blinatumomab was developed by Amgen and was approved by the FDA in December 2014 for the treatment of Fisher chromosome-negative precursor B-cell acute lymphoblastic leukemia. Blinatumomab is a bispecific monoclonal antibody derived from recombinant mouse. It is a class of bispecific T cell engagers (BiTEs) that target the CD3 cell surface antigen on T lymphocytes and the CD19 locus on (malignant) B lymphocytes (54), enabling T cell trafficking to tumor cells And showed strong tumor killing ability. In Phase I/II clinical trials, blinatumomab was demonstrated in patients with relapsed and/or refractory (R/R) non-Hodgkin lymphoma and R/RB cell precursor acute lymphoblastic leukemia (B precursor ALL) Significant single drug activity. Cytokine release syndrome and neurologic side effects are both dose-limited, with manageable and transient adverse effects (82). However, blinatumomab also has the characteristics of possible drug resistance (83) and easy renal clearance due to its small size (84). Recent studies have shown that Among children with high-risk first-relapse B-cell acute lymphoblastic leukemia, treatment with 1 cycle of blinatumomab compared with standard intensive multidrug chemotherapy before allogeneic hematopoietic stem cell transplant resulted in an improved event-free survival at a median of 22.4 months of follow-up (85). The experimental results prove that blinatumomab has a good market prospect.



3.1.3 Emicizumab

Hemophilia A (HA) is a congenital X-linked bleeding disorder that results in complete or partial loss of activated factor VIII (FVIII) coagulation activity. Emicizumab is a recombinant humanized bispecific monoclonal antibody that restores the function of missing FVIII by bridging FIXa and FX to promote effective hemostasis in hemophilia A (HA) patients (86). Emicizumab mimics the cofactor activity of activated FVIII (FVIIIa), one arm of which binds to epidermal growth factor (EGF)-like domain 1 of FIX/FIXa, and the other arm recognizes EGF-like domain 2 of FX/FXa (87), thereby bridging FIXa and FX as a cofactor to form a sterically correct structure that facilitates the conversion of FX to FXa. Emicizumab is only functionally similar to FVIII but has a completely different molecular structure and does not bind to existing FVIII antibodies, so it is effective even in the presence of FVIII antibodies and does not induce the production of new FVIII antibodies (88). Emicizumab was developed by Roche and was approved by the FDA in November 2017 for the treatment of HA. Studies have shown that emicizumab prophylaxis is associated with a significantly lower rate of bleeding events compared with no prophylaxis in HA participants using inhibitors (89); in HA patients not using inhibitors, once a week or every 2 Once-weekly subcutaneous emicizumab prophylaxis was associated with significantly lower bleeding rates compared with no prophylaxis; more than half of the participants who received prophylaxis had no treatment-bleeding events (90). This shows that the therapeutic effect of emicizumab in HA is quite effective and has a good market prospect.



3.1.4 Amivantamab

Amivantamab, a bsAb targeting EGFR and MET (91), was developed by Janssen Biotechnology and approved by the FDA in May 2021 for patients with non-small cell lung cancer (NSCLC) whose tumors have EGFR exon 20 insertion mutations (92). Aberrant activation of EGFR and MET signaling pathways drives tumor cell growth and proliferation in lung cancer (93–96). EGFR mutations become constitutively activated signaling pathways that generate pro-survival and anti-apoptotic signals. Cancer cells with EGFR mutations become dependent on EGFR for survival, making EGFR an attractive target for anticancer therapy (97). c-MET amplification activates parallel oncogenic signaling pathways that bypass EGFR, resulting in resistance to EGFR-KI (98). Amivantamab binds to the extracellular domains of EGFR and cMet and blocks the binding of the ligand EGF to EGFR and the binding of the ligand HGF to its receptor cMet; it also induces degradation of both receptors in vivo, extending its effects to Ligand-independent receptor-driven diseases are included (99), and can bind to immune effector cells through ADCC to eliminate antigen-expressing tumor cells (100). The study showed that in patients with locally advanced or metastatic NSCLC with EGFR exon 20 insertion mutation after platinum-based chemotherapy, the overall response rate after using amivantamab was 40%, and the median duration of response was 11.1 months, indicating a good clinical effect (101).



3.1.5 Faricimab

Faricimab, which targets VEGF-A and Ang-2, was developed by Genentech and approved by the FDA in January 2022 for the treatment of wet age-related macular degeneration (wAMD) and diabetic macular edema (DME), the first approved bsAbs in this field. VEGF is an important cytokine in angiogenesis (102), and VEGF-A in particular is the target of current retinal diseases. It binds to the extracellular ligand-binding domains of VEGFR-1 and VEGFR-2, thereby activating internal signaling pathways that alter angiogenesis and vascular permeability genes (103). The Tie-2/Angiopoietin pathway plays an important role in vascular development and function (104). Activation of Tie-2 receptors by Ang-1 can maintain vascular stability to limit extravasation. Ang-2 replaces Ang-1 by binding to Tie-2 receptors and prevents its activation, thereby blocking the anti-inflammatory and anti-inflammatory effects of Ang-1. Apoptosis and tight binding support (105). Co-expression of Ang-2 and VEGF-A accelerated neovascularization in the developing retina and in ischemic retinal models. Studies have shown that Ang-2 and VEGF levels are elevated in vitreous samples from diabetic patients (106). Serum VEGF and Ang-2 levels were also higher in the proliferative diabetic retinopathy group than in the non-proliferative diabetic retinopathy group, suggesting that their levels may be associated with the progression of retinopathy (107). Preliminary 1-year results from Phase 3 trials of YOSEMITE and RHINE suggest that faricimab, which inhibits the dual action of Ang-2 and VEGF-A pathways, is designed for intraocular use to provide non-deteriorating visual gain and improved anatomical outcomes that can be achieved by This is achieved with dose adjustments up to every 16 weeks (108).



3.1.6 Mosunetuzumab

Mosunetuzumab was developed by Roche and approved by the FDA in June 2022. It is a CD20×CD3 T-cell engaging bsAb which can be used to treat adult patients with relapsed/refractory follicular lymphoma (R/R FL) who have received at least two prior systemic therapies (109). It is also the world’s first listed CD20×CD3 bsAb. CD3×CD20 is currently one of the most competitive bsAb target combinations. This type of bsAb can simultaneously bind to CD20 expressed on the surface of many B cell malignant tumors and CD3 on the surface of immune T cells, which can recruit T cells to surrounding tumor cells and activate T cells to kill tumor cells, providing tumor patients with an innovative treatment. In clinical trials, mosunetuzumab demonstrated high complete response rates, with most patients lasting at least 18 months of remission after complete responses, and was well tolerated in FL patients who had received extensive frontline therapy. A clinical development program for mosunetuzumab is underway to study the molecule as a monotherapy and in combination with other agents in patients with B-cell non-Hodgkin lymphoma, including follicular lymphoma, diffuse large B-cell lymphoma and other blood cancers.



3.1.7 Candonilimab

Candonilimab is a bsAb which targets PD-1 and CTLA-4, developed by Akeso and approved by NMPA in June 2022, for the treatment of R/M CC after failure of platinum-based chemotherapy. It is the first dual immune checkpoint inhibitor bsAb approved for marketing in the world. The median overall survival of patients with recurrent or metastatic cervical cancer treated with candonilimab was 17.51 months, and the overall survival of patients was prolonged by 8-13 months. At present, the phase III clinical study of candonilimab plus platinum-based chemotherapy with or without bevacizumab in the first-line treatment of persistent, recurrent or metastatic cervical cancer has been completed. Phase III pivotal registrational clinical study of primary adenocarcinoma, registrational/phase III clinical study of candonilimab combined with concurrent chemoradiotherapy for locally advanced cervical cancer, and the efficacy of candonilimab for adjuvant therapy after radical resection of hepatocellular carcinoma with high recurrence risk. Phase III clinical studies are in progress.




3.2 Application of bsAb in tumor immunotherapy

Over the past two decades, tumor immunotherapy has developed into the fourth pillar of cancer treatment in addition to surgery, radiotherapy and chemotherapy (110). One of the most successful immunotherapy modalities is antibody therapy (111). Among the 119 clinical and 176 preclinical bsAb projects, there are 99 clinical and 153 preclinical projects for tumor therapy. The roles of bsAb in tumor treatment are as follows.


3.2.1 Anti-angiogenesis

Angiogenesis, the formation of new blood vessels from pre-existing blood vessels, is one of the hallmarks of cancer (112). Tumor cells develop an angiogenic phenotype such that pro-angiogenic mechanisms overwhelm anti-angiogenic mechanisms. Endothelial cells grow rapidly, enabling oxygen and nutrients to reach the tumor microenvironment, supporting tumor growth and spread (113, 114). Identified pro-angiogenic molecules include VEGF, transforming growth factor-α and -β (TGF-α and -β), epidermal growth factor and so on (115). In addition, bsAb can block two or even multiple angiogenesis pathways at the same time, enhancing the anti-angiogenic effect. For example, bsAb ABL001 targeting vascular endothelial growth factor (VEGF) and Delta-like ligand4 (DLL4) competitively inhibits VEGF binding to VEGFR-2 and DLL4 to Notch1, blocking VEGF/VEGFR2 and DLL4/Notch1 in endothelial cells signaling pathway that inhibits angiogenesis. Compared with antibodies targeting VEGF alone and antibodies targeting DLL4 alone, ABL001 has shown higher potency anticancer effects in several human cancer xenograft models (116, 117), and is currently being evaluated in a phase 1 clinical study of heavy chemotherapy or targeted therapy pre-treated cancer patients (118).



3.2.2 Anti-tumorigenesis

There are high or abnormal expression of cytokine receptors in many tumors, resulting in an increase in the number of receptors or constant activation, which may lead to enhanced downstream signaling and uncontrollable cell proliferation, thereby causing cancer. Targeting oncogenic receptors is one of the widely used antitumor approaches. Most of the targeted sites of these bsAbs are HER2, HER3, EGFR, cMet, and LRP5/6. Zanidatamab is a bsAb developed by Zymeworks that can simultaneously bind two non-overlapping epitopes of HER2, ECD2 and ECD4 (119), called biparatopic binding. This unique design results in multiple mechanisms of action, including dual HER2 signaling blockade, increased cell surface HER2 protein binding and removal, and potent effector functions that lead to enhanced antitumor activity. Zymeworks is currently conducting multiple Phase 1, 2 and pivotal clinical trials worldwide to develop zanidatamab as a targeted therapy option for patients with HER2-expressing solid tumors. 1G5D2 is a bsAb targeting HER2 and HER3, and it can specifically bind to HER2 and HER3 expressed on tumor cells, thereby inhibiting AKT and ERK downstream signaling pathways and tumor cell proliferation in vitro (120), indicating that it may act as a HER2/HER3 transducer. A therapeutic candidate for expressing cancer is still in preclinical research.



3.2.3 Enhance T cell function

Tumor immunotherapy aims to improve the patient’s own anti-tumor immune response. It can enhance anti-tumor immunity by enhancing T cell helper activation signals. Common target sites include 4-1BB and OX40. Researchers developed a bsAb targeting B7-H3 and 4-1BB, which enhanced the proliferation and cytokine production of terminally differentiated CD8+ tumor-infiltrating lymphocytes, thereby enhancing antitumor immunity (121). B7-H3 (CD276) is a tumor antigen that is overexpressed in various human malignancies and tumor-associated vasculature, but not in healthy tissues. 4-1BB (CD137) is a costimulatory receptor that is widely expressed on immune cells and belongs to the tumor necrosis factor (TNF) receptor superfamily. It-mediated T cell co-stimulation can enhance T cell proliferation, cytotoxicity, and cytokine secretion, and protect T cells (122). Compared with the 4-1BB agonist mAb, the B7-H3 × 4-1BB bsAb showed more potent T-cell co-stimulatory activity and higher tumor localization in vitro. The bsAb is currently in the preclinical research stage.



3.2.4 Remove T cell inhibition

Boosting anti-tumor immunity can also be achieved by blocking T cell response inhibitory signals, commonly targeting sites including CTLA-4 and PD-1/PD-L1. We developed ATOR-1015, an IgG1 bsAb targeting OX40 and CTLA-4, that induces T cell activation and regulatory T cell (Treg) depletion in vitro. CTLA-4 is constitutively expressed on Tregs and is highly expressed in the tumor microenvironment, especially in Tregs (123). OX40 (CD134) is a co-activating member of the NGFR/TNFR superfamily expressed on activated CD4+ and CD8+ T cells, neutrophils and natural killer cells. OX40 has an important costimulatory function during T cell activation, mediating the survival and expansion of CD4+ and CD8+ T cells in a variety of animal models of autoimmunity, infectious diseases, and cancer (124). OX40 is also involved in the control of effector and memory T cell responses (125). ATOR-1015 reduces tumor growth and improves survival in several syngeneic tumor models, including bladder, colon, and pancreatic cancer models; also induces tumor-specific and long-term immune memory and enhances response to PD-1 inhibition. ATOR-1015 localizes to the tumor area, reduces the frequency of Tregs and increases the number and activation of CD8+ T cells (126). Currently, ATOR-1015 has completed the first-in-human Phase 1 clinical trial in patients with advanced and/or refractory solid malignancies.



3.2.5 Modulating tumor microenviroment

To escape immune system surveillance, tumors can suppress the function and proliferation of immune cells in the tumor microenvironment (TME) by expressing immunosuppressive molecules (eg, TGFβ, CD73) and recruiting immunosuppressive cells. Some bsAbs were developed to overcome immunosuppressive effects in the TME. For example, programmed cell death protein 1 (PD-1), an immune checkpoint expressed on T cells, inhibits T cell activity when it binds to the ligands PD-L1 or PD-L2. The PD-1-PD-L1 axis is not only an important feedback loop for immune homeostasis, but also involved in tumor immune escape (127). Transforming growth factor-β (TGF-β) is a tumor suppressor that inhibits cell proliferation and inflammation, and induces apoptosis. TGF-β is overexpressed in advanced tumors and is associated with poor prognosis (128). In TMEs with hyperactive TGF-β signaling, anti-PD-1/PD-L1 therapy has limited efficacy (129), necessitating simultaneous blockade of both PD-1/PD-L1 and TGF-β pathways. The researchers developed a bsAb YM101 targeting TGF-β and PD-L1, the world’s first anti-PD-L1 and TGF-β bispecific antibody. It can block both TGF-β and PD-L1 pathways simultaneously, and has a good antitumor effect (130), and in vivo experiments showed that the antitumor activity of YM101 was superior to that of anti-TGF-β and anti-PD-L1 monotherapy. YM101 promotes immune-inflammatory tumor formation, normalizes dysregulated antitumor immunity, and provides an immune-supportive TME. Y101D was granted an implied clinical license on May 17, 2021 for locally advanced or metastatic tumors.



3.2.6 Depletion of target cell

This type reflects the biological mechanism of most of the bsAbs currently under development, that is, by mediating effector cells or through Fc-mediated functions such as ADCC, antibody-dependent celluar phagocytosis (ADCP) and CDC, it directly targets tumor cells to achieve the purpose of clearance. Catumaxomab works through this mechanism. It uses the Triomab molecular pattern and relies on two antigen-binding arms to bind the CD3 site of cytotoxic T cells and the EpCAM site of tumor cells respectively, thereby guiding T cells to kill target cells (131–133). The bsAb AFM24 developed by Affimed targets EGFR and CD16A located on innate immune cells and can bind and redirect innate immune cells such as NK cells and macrophages to EGFR+ tumor cells (134), thereby directly killing tumor cells. AFM24 is effective against a variety of EGFR-expressing tumor cells regardless of EGFR expression level and KRAS/BRAF mutation status (135). AFM24 is currently in a Phase II clinical study for advanced solid tumors.





4 Challenges in the future

At this stage, the research and development of antibody drugs has a good momentum of development, and the research in the field of bsAb is also in full swing (Figure 5). However, there are also some risks in the clinical application of bsAbs. The higher affinity of bsAbs for CD3 may lead to activation of T cells by bsAbs before they bind to tumor cells, inducing a large release of cytokines and triggering a cytokine storm. In addition, the Fc fragment of bsAbs is immunogenic and can bind to Fc receptors on the surface of other effector cells, so full-length double antibodies are more likely to cause tumor-independent T cell activation, and in extreme cases, cytokine storms. Furthermore, the molecular structure of bsAbs does not exist in nature, which enhances the immunogenicity and elicits an immune response in the body. Therefore, the structure of bsAbs should be designed with a reasonable range of antibody affinity, which can inhibit Fc-mediated effector function as much as possible while having a more specific tumor target. Improving the humanized components of bsAbs and evaluating the immunogenicity in preclinical and clinical trials will effectively improve the safety and clinical efficacy of bsAbs.




Figure 5 | The future directions of bsAbs.





5 Conclusions

The rapid development of antibody drugs has promoted the development of bsAbs. So far, more than 200 bsAbs are in clinical and preclinical research stages, and there are 7 bsAbs have been approved for marketing in the world. BsAbs have diverse structures, have different mechanisms of action, and are widely used in the treatment of tumors and other diseases. In the field of tumor therapy, bsAbs are widely used, and play a number of roles in anti-angiogenesis, regulation of signaling pathways, and regulation of tumor microenvironment. At present, most bsAbs are still in the clinical or preclinical research stage, and there is still a certain distance from the market. In the process of research and development, they still face many problems. With the advancement of science and technology, the research on bsAb will be further developed. It is believed that many problems faced in the research and development process will be gradually solved. We also expect that more and more bsAbs will be used in clinical treatment in the future to treat more patients with pain.
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Programmed cell death (PCD) refers to a molecularly regulated form of cell death that functions as an essential anticancer defense mechanism and serves as a target of anticancer therapies. Multiple types of PCD comprehensively regulate tumorigenesis and tumor progression and metastasis. However, a systemic exploration of the multiple types of PCD in cancers, especially bladder cancer, is lacking. In this study, we evaluated the expression pattern of genes associated with multiple types of PCD in bladder cancer using the “ssGSEA” method and conceptualized the multiple types of PCD as being collectively involved in “Pan-PCD”. Based on the differentially expressed genes related to Pan-PCD, we developed a Pan-PCD-related prognostic signature (PPRPS) to predict patient prognosis via univariate and multivariate Cox regression analysis. The PPRPS is an independent prognostic factor, and the AUC (Area Under Curve) for 3-year overall survival was 0.748. Combined with age and stage, PPRPS displayed excellent predictive ability. Based on the PPRPS, higher levels of immune cell infiltration, tumor microenvironment, and immune checkpoint molecules were observed in the high-PPRPS group. Furthermore, PPRPS enabled accurate risk prediction for metastatic urothelial carcinoma after anti-PD-L1 monoclonal antibody treatment. Patients in the high-PPRPS group had poor prognoses. Docetaxel, staurosporine, and luminespib were identified as potentially effective drugs for high-PPRPS bladder cancer patients. In summary, we developed the Pan-PCD signature to improve the accuracy of bladder cancer prognostic predictions and to provide a novel classification method to guide treatment selection.
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Introduction

Bladder cancer is one of the most common cancers and represents the 13th most deadly malignancy worldwide (1). Among them, urothelial cell bladder cancer accounts for 90-95% of all bladder cancer cases and is the most prevalent male genitourinary cancer with substantial morbidity (1). The incidence of bladder cancer is steadily increasing, especially in developed countries (2). In 2018, an estimated 550,000 people were diagnosed with bladder cancer worldwide according to GLOBOCAN data, accounting for approximately 3% of all newly diagnosed cancers (3). As the most common type of urological system tumor, bladder cancer is associated with a poor treatment effect due to its high recurrence (4) despite the availability of multiple therapies.

Programmed cell death (PCD) is a dedicated form of molecularly regulated cell death that includes apoptosis, necroptosis, ferroptosis, pyroptosis, autophagy, cuproptosis, and other types of programmed cell death, which is in contrast with accidental cell death (5). And PCD in mammalian cells can usually be delayed or accelerated by pharmacological or genetic interventions (6). PCD has become a critical and popular topic in the cancer research field in recent years. On the one hand, escape from programmed cell death is integral to tumorigenesis, tumor immune evasion (7), and metastasis (8). Various cancer therapies promote tumor cell death (9). On the other hand, inhibiting immune cell death enhances the effects of immunotherapy (10). Furthermore, diverse PCD-related microenvironments may direct lineage commitment in certain types of cancers (11). Physical, chemical, and mechanical insults often lead to accidental cell death (6), which manifests as necrosis and terminates with cell corpse disposal in the absence of obvious phagocytic and lysosomal involvement (12). Accordingly, the PCD environment may act as a potential therapeutic target that recruits immune cells, regulates cell migration, and establishes tumorigenesis and metastasis. The multiple types of PCD can be involved in the definition “Pan-PCD”. The identification of a pan-PCD signature as well as its prognostic effect and treatment characteristics within specific types of cancers is a subject of interest that has not been extensively addressed.

Recently, an increasing number of studies have demonstrated that PCD is tightly correlated with tumorigenesis and treatment (13), especially in bladder cancer. A phase I/II clinical trial on the safety and efficacy of alpha1-oleate treatment in nonmuscle invasive bladder cancer has been reported, and treated tumors exhibited apoptosis and inhibition of the expression of cancer-related genes (14). For example, the Bcl-2 inhibitor ABT-737 can induce MLKL-mediated necroptosis by upregulating RIPK3 expression in bladder cancer (15). OTUB1 expression is markedly elevated in human bladder cancers; knockdown of OTUB1 expression diminishes endogenous SLC7A11, which subsequently enhances ROS-mediated ferroptosis in bladder cancer cell lines (16). Pyroptosis has also been reported to influence the tumor immune microenvironment and prognosis in bladder cancer (17). Similarly, MIR516A promotes bladder cancer cell growth by attenuating autophagy. MIR516A binds to the PHLPP2 3′-UTR to inhibit PHLPP2 expression, subsequently promoting CUL4A-mediated BECN1 protein degradation to regulate autophagy (18). As a result, evasion of multiple types of programmed cell death is a hallmark of human bladder cancer. A greater understanding of Pan-PCD may contribute to mitigating tumorigenesis, tumor progression, and treatment resistance in bladder cancer.

Early studies of PCD in bladder cancer focused on specific types of cell death, such as necroptosis and pyroptosis (19). However, multiple types of programmed cell death comprehensively regulate tumorigenesis as well as tumor progression and metastasis. A systemic exploration of the role of Pan-PCD in bladder cancer is lacking. In this study, we evaluated the expression pattern of Pan-PCD in bladder cancer and conceptualized multiple types of PCD as “Pan-PCD”. Based on the novel concept of Pan-PCD, we developed a Pan-PCD-related prognostic signature to predict patient prognosis. Notably, we verified that the Pan-PCD signature can improve the accuracy of the prognostic prediction of bladder cancer.



Material and methods


Data source

Bladder cancer transcriptome data were downloaded from The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/). A total of 409 subjects and 19 controls were included in our study. Corresponding clinicopathological data of patients were obtained from TCGA Bladder Cancer cohort. Our Pan-PCD gene set comes from the reported multiple types of PCD-related genes, which includes 87 apoptosis genes, 51 necroptosis genes, 59 ferroptosis genes, 39 pyroptosis genes, 136 autophagy genes, and 6 cuproptosis genes (Table 1). We totally obtained 378 Pan-PCD-related genes. The presence of tumor-infiltrating immune cells in TCGA-BLCA samples was estimated by TIMER2.0 (http://timer.compgenomics.org/). The m6A-related gene list was obtained from a previous study (20). The IMvigor210 cohort was a multicenter, phase 2 clinical trial that evaluated the efficacy and safety of atezolizumab, an anti-PD-L1 monoclonal antibody, in metastatic urothelial carcinoma (mUC) (21). Therefore, the IMvigor210 cohort was used to validate the potential effect of PCDs on immunotherapy for bladder cancer. More cohorts, including three pathological types of kidney cancer and prostate adenocarcinoma from TCGA, as well as two independent bladder cancer cohorts ArrayExpress (E-MTAB-4321) and Gene Expression Omnibus (GSE13507), were used to validate the prognostic value of Pan-PCD signature.


Table 1 | List of pan-PCD genes.





Identification of differentially expressed PCD genes

The expression matrix of Pan-PCD-related genes was extracted. Then, the differentially expressed genes (DEGs) between tumor and control specimens were screened using the “edgeR” R package. Here, log2|fold change>1| and an adjusted p value (padj) <0.05 were established as the cutoff values. The R package “ggplot2” was used to visualize the volcano plots and box plots of DEGs. Heatmaps were generated using the R package “pheatmap”.



Functional analysis of DEGs

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were conducted to explore potential molecular processes and biological pathways related to Pan-PCD in bladder cancer. These analyses were performed using the R package “clusterProfiler” for all Pan-PCD-related DEGs. The p values < 0.05 were considered statistically significant.



Pan-PCD-related prognostic signature evaluation

The prognostic value of PCD genes in the TCGA-BLCA cohort was investigated by univariate Cox regression analysis. Multivariate Cox regression analysis was subsequently performed to identify independent prognosis-related genes, and we constructed the Pan-PCD-related prognostic signature. A Kaplan–Meier plot of survival curves was utilized to evaluate the survival probability of the low- and high-PPRPS groups. Using the “timeROC”, “survival”, and “survminer” R packages, the time-dependent receiver operating characteristic curve (ROC) curve was drawn based on the calculated PPRPS score. The area under the curve (AUC) represents the 1-, 2-, and 3-year overall survival (OS) probability to estimate the accuracy of the predicted survival probability and the actual observation rate.



Independent prognostic analysis of PPRPS

We obtained the clinical parameters of patients from TCGA-BLCA cohort. These clinical variables and PPRPS were combined and analyzed in the regression model. Univariate and multivariate Cox regression models were utilized to investigate independent prognostic factors. Forest plots were used to show the results of univariate and multivariate Cox regression analyses using the “forestplot” R package.



Nomogram development and decision curve analysis

A nomogram was generated to visualize PPRPS and for use in clinical applications. To evaluate the value of clinical characteristics in predicting the OS probability of bladder cancer patients, we developed multiple decision curves based on the clinical characteristics, PPRPS, and combined clinical-PPRPS models. The clinical application could be determined by quantifying the net benefits at different threshold probabilities.



Gene set enrichment analysis

To further explore the difference in the Pan-PCD-related prognostic signature, gene set enrichment analysis (GSEA) was performed to investigate the Pan-PCD-related prognostic signature with P values < 0.05 indicating enrichment for significant functional annotation. The detailed parameters were described in a previous study (22). The annotated gene sets of C2,cp.kegg.v7.0.symbols.gmt in the Molecular Signatures Database (MSigDB) version 7.5.1 were selected in GSEA version 4.2.3. The number of permutations was 1,000. The collapse dataset with gene symbols was set as “False.” The permutation type was set as “phenotype.” GSEA was performed. The cutoff criteria were as follows: false discovery rate (FDR) q > 0.25, nominal p < 0.05, and normalized enrichment scores (NES) > 1.5.



Immune landscape in low- and high-PPRPS bladder cancer patients

The difference in tumor-infiltrating immune cells between the two PPRPS groups was estimated based on the following 7 algorithms: CIBERSORT, TIMER, CIBERSORE-ABS, MCPCOUNTER, QUANTISEQ, XCELL and EPIC. In addition, the characteristics of the tumor microenvironment were also evaluated through scoring with the “ssGSEA” method. Furthermore, a few checkpoint molecules were analyzed to investigate the differences between the low- and high-PPRPS groups.



Identification of differentially expressed m6A-related genes

m6A modification regulates the expression level of PCD genes. We selected 12 m6A RNA methylation regulators, including 2 erasers (ALKBH5 and FTO), 5 writers (METTL3, METTL14, WTAP, RBM15, and ZC3H13), and 5 readers (HNRNPC, YTHDC1, YTHDC2, YTHDF1, and YTHDF2). To identify the expression differences in m6A regulators between the low- and high-PPRPS groups, a t-test was used.



Evaluation of the effect of pan-PCDs on anti-PD-L1 immunotherapy in bladder cancer

The IMvigor210 cohort was used to assess the effect of anti-PD-L1 immunotherapy. The best overall response was defined as the best response recorded from the start of the treatment until disease progression/relapse. The best overall response was summarized by response category as follows: complete response (CR), partial response (PR), stable disease (SD), or progressive disease (PD). The Kaplan–Meier method was used to estimate OS rates.



Chemical response prediction

Based on the pharmacogenomics database Genomics of Drug Sensitivity in Cancer (GDSC) (https://www.cancerrxgene.org/), we predicted the chemotherapy response of each sample. Twenty anticancer drugs effective against bladder cancer were selected. The analysis was performed using the R package “oncoPredict”. The IC50 of each sample was estimated, and the different IC50 values between the high- and low-PPRPS groups were statistically analyzed using the Wilcoxon method.




Results


Identification of differentially expressed pan-PCD-related genes in bladder cancer

To investigate the expression pattern of different PCD biological behaviors in bladder cancer, single-sample gene set enrichment analysis (ssGSEA) was conducted to assess the enrichment scores of our Pan-PCD gene set in every sample we chose. The ssGSEA results are shown in Figure 1A. The heatmap revealed the differences in each sample among the six types of PCDs, and these samples were subclustered according to the expression pattern of Pan-PCD enrichment scores. To identify the potential Pan-PCD-related DEGs specific to bladder cancer, the expression levels of 378 Pan-PCD-related genes were compared between tumor and normal tissues obtained from bladder cancer patients (Figure 1B). Among the comparisons, a total of 120 Pan-PCD-related DEGs were discovered in tumor tissue. Sixty-one Pan-PCD-related genes showed significantly higher expression, whereas 59 Pan-PCD-related genes revealed significantly decreased expression in bladder cancer (Figure 1C). We subsequently used these Pan-PCD-related DEGs to perform further analysis.




Figure 1 | Identification of differentially expressed Pan-PCD-related genes in bladder cancer. (A) Heatmap of ssGSEA showing the enrichment scores of the Pan-PCD gene set in each bladder cancer tissue. (B) The heatmap revealed the expression level of 378 Pan-PCD-related genes between tumor and normal tissues. (C) The volcano plot displays Pan-PCD DEGs discovered in tumor tissue. Sixty-one genes showed significantly higher expression (red dots), whereas 59 genes showed significantly lower expression (green dots) in bladder cancer.





GO enrichment and KEGG pathway analysis of the pan-PCD-related DEGs

To investigate the biological functions and relevant pathways of these DEGs, GO and KEGG analyses were performed. The top 10 terms for each GO category and the top 30 pathways for KEGG are shown in Figure 2. The biological processes of the Pan-PCD-related DEGs involved in the GO analysis included cellular response to external stimulus, regulation of DNA-binding transcription factor activity, and positive regulation of cytokine production. The cellular components of the Pan-PCD-related DEGs of GO were mainly vacuolar membrane, vacuolar lumen, and secretory granule lumen. The molecular functions of the Pan-PCD-related DEGs of GO included DNA-binding transcription activator activity, ubiquitin protein ligase binding, ubiquitin-like protein ligase binding, and others. Additionally, the DEGs enriched in the KEGG pathway were largely related to the MAPK signaling pathway, NOD-like receptor signaling pathway, microRNAs in cancer, and the apelin signaling pathway. In addition, some Pan-PCD-related pathways also revealed significant enrichment in KEGG, including apoptosis, autophagy-animal, and necroptosis.




Figure 2 | GO enrichment and KEGG pathway analysis of the Pan-PCD-related DEGs. (A) Top 10 terms for each GO category of the Pan-PCD-related DEGs. (B) Top 30 enriched KEGG pathways of the Pan-PCD DEGs.





Construction of a pan-PCD-related prognostic signature in bladder cancer

Based on the differentially expressed Pan-PCD-related genes, 33 Pan-PCD-related genes with prognostic value were preliminarily identified via univariate Cox regression analysis with p<0.05 (Figure 3A). Among them, 20 genes with hazard ratio (HR) > 1 were related to increased risk, whereas the remaining 13 genes with HR < 1 were protective genes. Then, multivariate Cox regression analysis was performed, and 15 genes were used to construct a Pan-PCD-related prognostic signature in bladder cancer as noted in the following formula: EGR1*0.091+KLF9*(-0.241) + PPP3CB*0.236+FANCD2*(-0.346) +MYC*0.102+ABCB9*0.343+HDAC10*(-0.120) + BECN2*(-0.127) + CHMP4C*(-0.130) + SREBF1*0.169 +TFRC*0.178 + NGF*0.090 + EPDR1*0.115 + CTSE*(-0.045) + FADS2*0.139.




Figure 3 | Construction of the Pan-PCD-related prognostic signature in bladder cancer. (A) Univariate Cox regression analysis of Pan-PCD-related DEGs. (B) Distribution of bladder cancer patient survival based on TCGA cohort data. (C) The distributions of status PPRPS showed that the number of deaths increased as the PPRPS increased. (D) Kaplan–Meier (K-M) curves of the high-PPRPS and low-PPRPS groups. Patients in the high-PPRPS group had a poor prognosis compared to the low-PPRPS group (p<0.001). (E) AUC of time-dependent ROC curves. (F) K-M curves of the high- and low-PPRPS groups in ArrayExpress cohort E-MTAB-4321. (G) K-M curves of the high- and low-PPRPS groups in GEO cohort GSE13507.



Then, these patients were divided into low-PPRPS and high-PPRPS subgroups according to the median PPRPS score as the cutoff value (Figure 3B). As shown in Figures 3C, D, the number of deaths was increased in the high-PPRPS group compared to the low-PPRPS group, and higher PPRPS were associated with significantly shorter survival times (P < 0.001), as shown in Figure 3D. Finally, to evaluate the specificity and sensitivity of the Pan-PCD prognostic model, 1-, 3-, and 5-year receiver operating curves (ROCs) were constructed, and the area under the ROC curve (AUC) was 0.726 at 1 year, 0.729 at 2 years, and 0.748 at 3 years (Figure 3E).

We further validated the prognostic value of PPRPS in two other independent bladder cancer cohorts from ArrayExpress (E-MTAB-4321) and Gene Expression Omnibus (GSE13507). As shown in Figures 3F, G, a higher PPRPS score was associated with significantly lower survival probabilities in both of these two cohorts (P = 0.003 and P = 0.0047, respectively), which is quite in accordance with our prognostic signature.



Evaluation of the independent prognostic value of pan-PCD-related prognostic models

To further validate the clinical application of our Pan-PCD-related prediction model, we integrated the patients’ clinical information, including grade, stage, age, and PPRPS, to perform univariate and multivariate Cox analyses to develop the nomogram for OS (overall survival). The results in Figures 4A, B show that stage, age, and the PPRPS were independent prognostic predictors of OS. The nomogram predicts the 1-year, 3-year, and 5-year OS of bladder cancer patients (Figure 4C). Moreover, the 1-year ROC curves with clinicopathological features, including grade, stage, age, sex, and PPRPS, are shown in Figure 4D. The AUCs were 0.726 for the PPRPS, 0.680 for age, and 0.626 for stage. The decision curve analysis (DCA) of different models is shown in Figure 4E. The results indicated relatively acceptable concordance between the predicted probabilities of the survival model and the actual bladder cancer recurrence within 1 year after surgery. The DCA results reveal a large distance between the combination curve and all other curves, suggesting that the combination of PPRPS, age, and stage was the key index to evaluate the prognosis.




Figure 4 | Univariate and multivariate Cox analyses of the PPRPS and clinical characteristics based on Pan-PCD signature genes. (A, B) Predicting overall survival (OS) based on univariate (A) and multivariate (B) Cox analyses. (C) Nomogram to predict the 1-, 3- and 5-year OS of bladder cancer patients. (D) Comparison of 1-year ROC curves with clinicopathological features. (E) Decision curve analysis (DCA) of the clinicopathological model predicts the net increase in the risk of bladder cancer.





Clustering of tumor samples based on pan-PCD DEGs and functional analysis of pan-PCD DEGs in the prognostic model

The heatmap of 15 Pan-PCD genes in the Pan-PCD-related prognostic signature is displayed in Figure 5A, and the clinical characteristics were analyzed. The distribution heatmap revealed significant differences in pathologic stage, T stage, and pathological grade between the low- and high-PPRPS subgroups (p < 0.05). To further explore the functional differences in the biological pathways, GSEA of transcriptome patterns between prognostic models was performed. As shown in Table 2 and Figure 5B, C, focal adhesion, ECM receptor interaction, and other pathways were enriched in the high-PPRPS group, whereas porphyrin and chlorophyll metabolism, pentose and glucuronate interconversions, linoleic acid metabolism, metabolism of xenobiotics by cytochrome P450, and retinol metabolism signaling pathways were enriched in the low-PPRPS group. The results indicated that the pathways related to immune factors, cellular adhesion, and tumor metastasis were involved in the high-PPRPS group of bladder cancer, whereas altered metabolic status played a major role in the low-PPRPS group, which was tightly associated with different PCD classifications.




Figure 5 | Clustering of tumor samples based on Pan-PCD DEGs and functional analysis of the prognostic model. (A) Relevance between the PPRPS and clinical features among 16 DEGs. The pathologic stage, T stage and pathological grade differed between the low- and high-PPRPS subgroups (P < 0.05). (B) Pathways enriched in the high-PPRPS group. (C) Pathways enriched in the low-PPRPS group.




Table 2 | KEGG signaling pathways enriched in different PPRPS groups.





Immune landscape between low- and high-PPRPS bladder cancer patients

The differences in immune cell infiltration between the two PPRPS groups were calculated based on the 7 algorithms. The results shown in Figure 6A suggested that many tumor-infiltrating immune cells displayed significant differences between the low- and high- PPRPS groups, and most of these cells were enriched in the high-PPRPS group. According to the different algorithms, 65 types of immune cells were significantly different between the two PPRPS groups. The detailed immune cell scores of each type of immune cell based on 7 algorithms are summarized in Supplementary Figure 1. For example, according to the results of CIBERSORT, CIBERSORE-ABS, QUANTISEQ, and XCELL, both M1 and M2 macrophages were significantly increased in the high-PPRPS group. TIMER, CIBERSORE-ABS, QUANTISEQ, XCELL, and EPIC results reveal that CD8+ T cells were significantly increased in the high-PPRPS group. However, activated myeloid dendritic cells exhibited a significant decrease in the high-PPRPS group based on CIBERSORT, CIBERSORE-ABS, XCELL, and MCPCOUNTER results. We further analyzed 13 immune-related signatures (Figure 6B), and most of these signatures were significantly upregulated in the high-PPRPS group compared with the low-PPRPS group. Only the Type_II_IFN_Response showed significant downregulation in the high-PPRPS group, whereas no difference in APC_co_inhibition was observed. To explore the possible role of the tumor microenvironment (TME), the expression signature of 29 TME-related genes (23) is illustrated in Figure 6C (23). Most TME signatures exhibited increased levels, indicating increased biological activity in the high-PPRPS group. Because immune checkpoints play vital roles in cancer treatment, the expression of checkpoints was compared between the two PPRPS groups (Figure 6D). We found that only two genes, TNFRSF14 and TNFSF15, exhibited increased expression in the low-PPRPS group, whereas most immune checkpoint-related genes were highly expressed in the high-PPRPS group. For example, immune checkpoints, including CD274 (PD-L1), PDCD1 (PD-1), and PDCD1LG2 (PD-L2), exhibited increased expression in the high-PPRPS group, revealing immunotherapy as a potential treatment for high-PPRPS patients.




Figure 6 | Immune microenvironment, immune-related pathways, tumor microenvironment (TME) and checkpoint genes in the low- and high-PPRPS groups. (A) Heatmap of the immune microenvironment revealing the immune cells and stromal score between the two PPRPS groups. (B) Scores of 13 immune-related pathways between the two PPRPS groups. (C) Twenty-nine functional gene expression signatures (Fges) describing the TME in the two PPRPS groups. (D) Expression of immune checkpoint genes in the high- and low-PPRPS groups. *p < 0.05, **p < 0.01, ***p < 0.001, ns, not significant.





Identification of DEGs of m6A patterns between low- and high-PPRPS bladder cancer patients

Recent studies have shown that aberrant m6A methylation and related regulatory proteins are closely associated with a variety of cancers (24), including bladder cancer (25). Therefore, the m6A-related DEGs were analyzed in the low- and high-PPRPS groups. Increased METTL3, YTHDC1, and YTHDF1 expression were noted in the low-PPRPS group than in the high-PPRPS group (Figure 7).




Figure 7 | m6A-related DEG patterns between low- and high-PPRPS bladder cancer patients. The expression of 12 m6A-related genes was evaluated within the low- and high-PPRPS groups. *p < 0.05, **p < 0.01, ns, not significant.





Effect of PPRPS on anti-PD-L1 immunotherapy in pan-PCD bladder cancer subtypes

To explore the potential effect of PPRPS on immunotherapy for bladder cancer, we obtained data from the IMvigor210 cohort to evaluate the efficacy of atezolizumab, an anti-PD-L1 monoclonal antibody, in patients with metastatic urothelial cancer. The frequency of high-PPRPS patients in different groups of immune responses is presented in Figure 8A. The number of deaths was greater in the high-PPRPS group compared with the low-PPRPS group (p = 0.0025). The results indicated that the Pan-PCD-related prognostic signature exerts very few impacts on anti-PD-L1 immunotherapy. The low-PPRPS group showed a better therapeutic effect after treatment, but the high-PPRPS group showed a limited effect (Figure 8B).




Figure 8 | Effect of Pan-PCDs on anti-PD-L1 immunotherapy for bladder cancer. (A) Evaluation of the best overall response. Confirmation of CR, PD, PR, and SD in the low- and high-PPRPS groups. CR, complete response; PR, partial response; SD, stable disease; PD, progressive disease. (B) Kaplan–Meier (K-M) curve of the high-PPRPS and low-PPRPS groups after anti-PD-L1 immunotherapy, demonstrating that the patients in the high-PPRPS group had a poorer prognosis than those in the low-PPRPS group (p = 0.0025).



To further explore the immune landscape between the low- and high-PPRPS groups, 13 immune-related signatures, 29 TME-related gene expression signatures, and gene expression of checkpoints were analyzed. As shown in Supplementary Figure 2A, all immune-related signatures were significantly upregulated in the high-PPRPS group compared with the low-PPRPS group with the exception of type_II_IFN_Response, which showed no difference between the two groups. The 29 TME-related gene expression signatures (23) illustrated in Supplementary Figure 2B (23) revealed that most TME signatures exhibited increased expression in the high-PPRPS group, whereas only the tumor proliferation rate was significantly downregulated. Moreover, the scores of checkpoint-related genes were compared between the two PPRPS groups (Supplementary Figure 2C). Most immune checkpoint-related genes demonstrated higher scores in the high-PPRPS group, including CD274 (PD-L1), PDCD1 (PD-1), and PDCD1LG2 (PD-L2). Taken together, these immune landscape characteristics strongly support our therapeutic finding that the low PPRPS group benefits more from anti-PD-L1 immunotherapy.



Sensitivity of pan-PCD subtypes to chemotherapy

Given that the high-PPRPS group did not show sensitivity to anti-PD-1 treatment, we further aimed to determine whether conventional chemotherapy would exhibit efficacy in this group of patients. In total, 20 chemotherapy drugs were selected, and the responses of the low- and high-PPRPS groups to these drugs were evaluated based on the IC50 of each sample in our TCGA dataset. According to Figure 9, the anticancer drugs docetaxel, staurosporine, dactolisib, rapamycin, daporinad, and luminespib exhibited significantly different effects between different pan-PCD subtypes. Among them, higher sensitivity to docetaxel, staurosporine, and luminespib was noted the high-PPRPS group (p= 0.011, p= 0.00019, and p= 0.00037). However, patients in the high-PPRPS group were less sensitive to dactolisib, rapamycin, and daporinad compared with the low-PPRPS group (p= 0.021, p= 0.0026, and p= 1e−05). Together, our results suggested that docetaxel, staurosporine, and luminespib are effective in high-PPRPS bladder cancer treatment.




Figure 9 | The pan-PCD score of chemotherapeutic agents during the courses of cancer chemotherapy. The IC50 values of chemotherapeutic agents among the high- and low-PPRPS groups are shown in the figure.





Prognostic value of PPRPS for kidney cancer and prostate cancer

To further investigate the prognostic value of PPRPS in genitourinary cancers, we chose another three pathological types of kidney cancer and prostate cancer for validation. The results indicated that PPRPS has a good prognostic value for kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), and prostate adenocarcinoma (PRAD), but not for kidney chromophobe (KICH) in Supplementary Figure 3. In contrast with the results of bladder cancer, KIRC, and KIRP, the patients with high PPRPS had a good prognosis, suggesting a different Pan-PCD expression pattern in PRAD.




Discussion

Cell death has been established as an important anticancer defense mechanism and therapeutic target. Evasion of malignant cells from cell death is regarded as a crucial requirement for malignant transformation and tumorigenesis. In this sense, exploring the mechanisms and functions of cell death, especially the forms of programmed cell death and the steps involved in regulated cell deaths, would shed some light on tumor development and anticancer therapy. Bladder cancer has shown many different PCD-associated signatures that can be used to understand death resistance (26), prognosis (27), the tumor microenvironment (17), and other features of bladder cancer. In our present study, we aimed to answer three questions: First, can Pan-PCD be applied as a signature to bladder cancer subtype classification given that various PCDs serve as a defense mechanism against oncogenesis as well as the tumor microenvironment in bladder cancer? Second, can bladder cancer subtypes be used to predict the prognosis and immune infiltration of specific bladder cancer patients? Finally, are the new pan-PCD molecular subtypes associated with the response to anticancer therapy?

In our study, we utilized Pan-PCD-related DEGs to construct a prognostic signature in bladder cancer. We discovered that bladder cancer exhibited varied Pan-PCD levels based on our TCGA datasets, and these levels were used to create the high-PPRPS group and the low-PPRPS group. The bladder cancer subtypes revealed an intrinsic cell death signature in patients, which subsequently impacted patient prognosis. Accordingly, the high-PPRPS group had a shorter survival time. The Pan-PCD-related prognostic model showed that stage, age, and the PPRPS score were independent prognostic predictors of OS. Specifically, these features were highly associated with a high PPRPS score of Pan-PCD in patients.

DEG functional analysis provides some cues on the mechanisms that characterize the high- and low-PPRPS subgroups. GSEA results in subgroups suggested that the expression of genes in the high-PPRPS group is enriched in some classical tumorigenesis-, development- and progression-related pathways. For example, focal adhesion signaling-related genes were enriched in our high-PPRPS group. The signaling in this pathway involves a wide range of prosurvival signaling molecules, including integrins, growth factor receptors, and intracellular molecules, that regulate cell behavior and tumor cell survival (28). ECMs, such as N- and P-cadherin, promote invasive and malignant phenotypes of bladder cancer (29), as evidenced by the GSEA-enriched pathways associated with the high-PPRPS group. On the other hand, dysregulated expression of some cancer-related metabolic genes was recurrently observed in the low-PPRPS group. For instance, a pan-cancer study on metabolic gene expression found that pentose and glucuronate interconversions are significantly dysregulated in a variety of cancers (30). Similarly, our results indicated that pentose and glucuronate interconversions were enriched in the low-PPRPS group. In the low-PPRPS group, retinol metabolism-related genes were also enriched. Similar findings are observed in some population-based epidemiological studies on vitamin A (including retinol, retinal, RA, and retinyl esters). A meta-analysis investigating the quantitative effects of vitamin A on bladder cancer suggested that high vitamin A intake and high blood retinol levels were associated with a reduced risk of bladder cancer (31). Moreover, retinoid therapy for cancer chemoprevention and treatment has yielded successful results in skin cancers, neuroblastomas, breast cancer, and some leukemias (32). As a result, divergent expression patterns between the high- and low-PPRPS groups may contribute to the different prognoses and survival times.

m6A modifications are increasingly recognized as an important layer of posttranscriptional gene expression regulation. Its dysregulation has been broadly reported within various cancer cells and tumors (33). Due to the critical role of m6A in controlling oncogene expression, m6A has become a promising therapeutic target for anticancer drug development (34). In our research, we identified m6A-related DEGs between the low- and high-PPRPS groups. METTL3, YTHDC1, and YTHDF1 expressions were decreased in the high-PPRPS group, and these genes could potentially serve as candidate drug targets based on pan-PCD subtypes.

Low- and high-PPRPS bladder cancer demonstrated diverse immune landscapes, including immune cell infiltration, immune-related signatures, the tumor microenvironment, and immune checkpoints, based on our analysis. As a result, we hope to identify ideal immunotherapy for high-PPRPS bladder cancer subtypes. We further used the IMvigor210 cohort, a multicenter, 2-cohort, phase 2 trial that investigated the efficacy and safety of atezolizumab in metastatic urothelial carcinoma (mUC), to validate the potential effect of PCDs on bladder cancer. However, the high-PPRPS group showed fewer curative effects than the low-PPRPS group when anti-PD-L1 monoclonal antibody therapy was applied, indicating that patients with these high-PPRPS features will likely not benefit from anti-PD-L1 immunotherapy.

In the context of cancer treatment, many chemotherapies induce cancer cell death, including apoptosis, ferroptosis, autophagy, and pyroptosis (35–37). Hence, we focused on chemotherapy to identify chemicals to which patients in the high-PPRPS group were sensitive. The high-PPRPS group showed lower IC50 values for docetaxel, staurosporine, and luminespib. However, patients in the high-PPRPS group were less sensitive to dactolisib, rapamycin, and daporinad. The results may be helpful to guide subsequent therapy for individual patients. The mechanisms by which these three candidate drugs induce Pan-PCD-resistant cells in the high-PPRPS group require further study. One limitation of our study is that our results provide only some clues on the role of PPRPS in bladder cancer. However, the biological functions of Pan-PCD-related DEGs remain unclear, and further in-vitro or in-vivo experiments are required.



Conclusion

We successfully developed a Pan-PCD-related prognostic signature of bladder cancer to predict a patient’s prognosis and perform risk prediction, and have validated the prognostic model in two other bladder cancer cohorts. Furthermore, the low- and high-PPRPS groups exhibited unique immune landscapes and m6A patterns. Finally, the low-PPRPS group benefited more from anti-PD-L1 immunotherapy, and Pan-PCD subtypes showed diverse sensitivities to chemotherapy. In conclusion, our results demonstrated that the PPRPS facilitates accurate prediction of bladder cancer prognosis and provides a novel classification method to guide the selection of therapeutic treatment.
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Supplementary Figure 1 | Summary of immune cell scores of each type of immune cell between high- and low-PPRPS groups based on 7 algorithms. *p < 0.05, **p < 0.01, ***p < 0.001.

Supplementary Figure 2 | Immune microenvironment, immune-related pathways, tumor microenvironment (TME) and checkpoint genes in the low- and high-PPRPS groups of the IMvigor210 cohort. (A) Scores of 13 immune-related pathways in the low- and high-PPRPS groups. (B) Twenty-nine functional gene expression signatures describing the TME in the low- and high-PPRPS groups. (C) Scores of immune checkpoint genes in the low- and high-PPRPS groups. *p < 0.05, **p < 0.01, ***p < 0.001.

Supplementary Figure 3 | Validation of the Pan-PCDs’ effect on the prognostic value of PPRPS in kidney cancer and prostate cancer. Kaplan–Meier (K-M) curve of the high- and low-PPRPS groups in kidney renal clear cell carcinoma (KIRC) (A), kidney renal papillary cell carcinoma (KIRP) (B), and prostate adenocarcinoma (PRAD) (C) demonstrating a great prognosis in patients. (D) the PPRPS did not show a good prognostic value to kidney chromophobe (KICH).
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Introduction

Glutamine is characterized as the nutrient required in tumor cells. The study based on glutamine metabolism aimed to develop a new predictive factor for pan-cancer prognostic and therapeutic analyses and to explore the mechanisms underlying the development of cancer.



Methods

The RNA-sequence data retrieved from TCGA, ICGC, GEO, and CGGA databases were applied to train and further validate our signature. Single-cell RNA transcriptome data from GEO were used to investigate the correlation between glutamine metabolism and cell cycle progression. A series of bioinformatics and machine learning approaches were applied to accomplish the statistical analyses in this study.



Results

As an individual risk factor, our signature could predict the overall survival (OS) and immunotherapy responses of patients in the pan-cancer analysis. The nomogram model combined several clinicopathological features, provided the GMscore, a readable measurement to clinically predict the probability of OS and improve the predictive capacity of GMscore. While analyzing the correlations between glutamine metabolism and malignant features of the tumor, we observed that the accumulation of TP53 inactivation might underlie glutamine metabolism with cell cycle progression in cancer. Supposedly, CAD and its upstream genes in glutamine metabolism would be potential targets in the therapy of patients with IDH-mutated glioma. Immune infiltration and sensitivity to anti-cancer drugs have been confirmed in the high-risk group.



Discussion

In summary, glutamine metabolism is significant to the clinical outcomes of patients with pan-cancer and is tightly associated with several hallmarks of a malignant tumor.





Keywords: glutamine metabolism, prognosis, cell cycle, tumor microenvironment, immunotherapy



Introduction

The precise control of cellular metabolic processes maintains the morphology of the cells (1–3), but during transformation into the malignant state, the cells acquire a series of hallmarks, including metabolic reprogramming (4). The survival of tumor cells depends on the intake of large amounts of nutrients. Therefore, metabolic reprogramming is effectuated through alterations in several signaling pathways to maintain the unlimited proliferative capacity of tumor cells (2–5). Since Otto Warburg explicated aerobic glycolysis (6), glucose metabolism has been the center of tumor metabolic research, while only a few studies have focused on other nutrients, such as glutamine. However, a recent study by Bradley et al. (7) reported that the tumor microenvironment (TME) comprises the most sugar-consuming population in tumor-associated macrophages (TAMs), which are primarily dependent on sugar metabolism for energy supply. However, tumor cells show a significant preference for glutamine metabolism. This finding has greatly shaken the role of carbohydrate metabolism in tumor metabolism in recent decades.

Glutamine is the most abundant free amino acid in circulation (8) and is used as a ready source of carbon and nitrogen to support biosynthesis, energy metabolism, and intracellular homeostasis of tumor cells (9). Under the catalysis of glutamine-specific glutaminase (GLS), glutamine is taken into cells via the glutamine transporter protein ASCT2 (also known as SLC38A5) and SN2 and is catabolized to glutamate; the increased expression of this gene is essential for the development of cancer (10). Subsequently, glutamine is further catabolized into α-Ketoglutaric acid (α-KG) by glutamine dehydrogenase (GLUD), and a group of transaminases (including GOT, GPT, and PSAT) enters the tricarboxylic acid (TCA) cycle, which provides energy for cell growth. Then, glutamine and its metabolites support the synthesis of biomolecules, such as nucleic acids, proteins, and fatty acids (11). In addition, glutamine plays a crucial role in cellular autophagy, reactive oxygen species (ROS) stress, and the formation of tumor microenvironment (7, 12, 13). Owing to the non-negligible role of glutamine on cellular neo-metabolism, several studies (14–16) have shown that glutamine deprivation leads to tumor cell death.

In the present study, a series of bioinformatics and machine learning approaches have been applied to investigate the potential impact of glutamine metabolism on patient prognosis, immune status, and treatment outcome in pan-cancer analysis and identify critical pathways and genes involved in the process of glutamine metabolism. The resulting specific glutamine metabolism-related genes were used to construct a prognostic glutamine metabolism-related risk score (GMscore) and predict the overall survival (OS) of patients. The GMscore demonstrated stable and accurate predictive capability than conventional clinical features. Next, we constructed a scoring nomogram as a survival prediction model to further improve the prediction accuracy. In addition, we observed significant associations between glutamine metabolism and cell cycle processes, and CAD was significantly associated with prognosis in glioma patients with IDH1 mutations. We also evaluated the immune infiltration of patients in both risk cohorts and provided valuable hints for anti-cancer drug and immune checkpoint blockade (ICB) decisions based on glutamine metabolism genes.



Materials and methods


Data acquisition and preprocessing

Publicly available transcriptome data with the matching clinical annotation obtained from the Cancer Genome Atlas program (TCGA, https://portal.gdc.cancer.gov/) were utilized as discovery and validation cohorts, respectively. We randomly categorized 70% of the 9370 (6559/9370) patients involved in 32 types of tumors, without samples of acute myeloid leukemia (LAML), as the training set, and the remaining (2811/9370) comprised the testing set. Additionally, 899 samples from the International Cancer Genome Consortium (ICGC, https://dcc.icgc.org/), four individual microarray datasets [GSE21653 (n=252), GSE72094 (n=398), GSE17674 (n=44), GSE2748 (n=28)] form Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/), and two individual RNA-sequence datasets including 325 and 693 samples from Chinese Glioma Genome Atlas (CGGA, http://www.cgga.org.cn/) were retrieved for further validation. We also obtained 7862 normal samples in the Genotype-Tissue Expression (GTEx) from USCS Xena (http://xenabroswer.net/hub). As reported previously (17–19), all the microarray and RNA-sequence data were normalized to transcripts per million (TPM) values and log2 transformed. The gene sets of hallmarks of cancer were retrieved from the Molecular Signatures Database (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb/), and the gene sets related to immune infiltration were obtained from a previous study by Charoentong et al. (20). Somatic mutation data of the 32 types of tumors sorted in the mutation annotation format (MAF) files had been analyzed using the R package “maftools.” RNA-sequence data of the glutamine metabolism inhibition and the 24 patients who received anti-PD1 therapy were retrieved from GEO [GSE120345 (n=10), GSE115821(n=24)] and normalized into TPM values.



Establishment of the prognostic GMscore

Glutamine metabolism engages in many biological pathways, including the TCA cycle, biosynthesis, TME formation, autophagy, ROS, and signal transduction. Consequently, we combined the results of several latest reports (9, 21–26) and gene sets of glutamine metabolism from MsigDB (27). As a result, 118 genes (Supplemental Table 1) converged as the initial biomarkers of glutamine metabolism for signature training.

Subsequently, the R package “coxph” was used to calculate the HR value and p-value for each gene involved in the initial biomarkers to assess the correlations of the expressions of the 118 genes in the OS of patients in the TCGA training set. Subsequently, 67 candidates, with a threshold of p-value<0.001, were entered into the least absolute shrinkage and selection operator (LASSO) Cox regression model via the action of a penalty parameter (λ) to the Cox regression model that led to zero coefficients. In our studies, 25 genes retained their coefficients with an optimal λ after LASSO regularization. Furthermore, Mantel test was used to identify genes that have the same expression mode. After excluding such genes, a GMscore for each sample, based on the expression of the last 21 genes, was calculated as follows:

	



Survival analysis

The patients were divided into two risk groups, GMscore-high and GMscore-low cohorts, respectively, based on the median value of GMscore. Then, the Kaplan–Meier method was used to plot the survival curves, and the log-rank test was applied to estimate the differences in the prognosis between the two risk cohorts. Multivariate Cox regression analysis was used to assess the risk significance for survival. Moreover, R package “survConcordance”, a time-dependent concordance index (C-index) was used to compare the predictive probability among different variables.



Construction of comprehensive prognostic models

A comprehensive scoring nomogram was generated to improve the predictive capacity for survival via a combined GMscore with detailed clinicopathological features, including gender, age, stage, and cancer types. In addition, calibration curves for predictions of 1-, 3-, and 5-year OS were plotted to compare with the actual OS. Using the R package “TimeRoc”, time-dependent receiver operating characteristic (tROC) analysis was conducted to estimate the accuracy of the nomogram and compare the predictive capacity among different variables.



Single cells analysis

The RNA-sequence data (read counts and TPM value) of 1067 single cells, which included cells in different cell cycles retrieved from the GEO database (GSE146773). Then, pseudo time trajectory analysis was performed to speculate the development correlation of the clusters with R package “monocle2”, and plot the expressions of genes engaged in glutamine metabolism against the development of cell cycle progress.



Immune infiltration analysis

Gene set enrichment analysis (GSEA), accomplished with an R package “clusterProfiler”, was used to enrich the genes highly regulated in the GMscore-high cohort. Four algorithms, named ESTIMATE (28), xCell (29), CIBERSORT (30), and Tumor Immune Estimation Resource (TIMER, cistrome.shinyapps.io/timer) (31), were used to measure the absolute and relative abundance of immune cells between the different cohorts. In addition, the tumor purity of each sample was assessed by the ESTIMATE algorithm. Cytolytic activity (CYT) score was defined as the geometric mean of PRF1 and GZMA (32).



Additional bioinformatic and statistical analyses

Based on the requirements of R package, R (v.4.2.1 and v.4.0.0, http://www.r-project.org) was applied for all statistical analyses. The Mantel test was used to evaluate the correlations among the expressions of genes using the R package “linkET”. The R package “clusterProfiler” was applied to complete the enrichment analysis. Protein-protein interaction (PPI) network was constructed using STRING database and “Cytoscape” software. Based on the transcriptome data (TPM value) from the TCGA training set, z-scores of initial biomarkers and five gene sets of hallmarks of cancer were calculated by the “z score” algorithm provided by R package “GSVA”. The R package “DESeq2” was utilized to identify the differential genes between the two cohorts with RNA-sequence data (read counts). The R package “pRRophetic” was used to reckon the sensitivities of commonly used chemotherapeutic drugs and target epidermal growth factor receptor (EGFR) drugs of each patient. The responses to ICB therapy of samples from TCGA were predicted by the TIDE algorithm (33). Then, the R package “randomForest”, a random forest algorithm was applied to screen the critical candidates related to the prediction of ICB therapy responses among initial biomarkers. The R package “pROC” was used to plot the ROC curves and calculate the area under the curve (AUC) to evaluate the feasibility of the model. p-value<0.05 was considered statistically significant.




Results


Identification of a set of 21 glutamine metabolism-associated genes

First, the HR and p-values of each gene involved in the 118 initial biomarkers were calculated based on the transcriptome data with the matching clinical annotation of the TCGA pan-cancer training set (Figure 1A). After applying a filtering threshold of p-value<0.001, 67 candidates were entered into LASSO logistic regression analysis (Figure 1B). A ten-fold cross-validation was used to overcome the over-fitting effect (Figure 1C), confirming an optimal λ value of 0.01507538; finally, 25 glutamine metabolism-related genes retained their coefficients. Subsequently, a Mantel test was conducted on the 25 genes (Figure 1D), and SLC1A3, SLC38A7, TGFB1, LDHA, PSAT1, EGLN1, SLC7A11, CXCL8, and SHMT2 showed a significant correlation with patients’ OS. We also observed high correlation coefficients between MIOS and GFPT1, SLC25A12 and MAPK8, PYCR1 and SLC25A22, LDHA and CXCL8, and MIOS and MAPK8. To overcome the over-fitting effect caused by a large number of samples in pan-cancer analysis, we randomly removed one of the paired genes (MIOS, SLC25A12, PYCR1, and LDHA) and further analyzed the 21 glutamine metabolism-related genes.




Figure 1 | A set of 21 glutamine metabolism-related genes was identified. (A) Exhibition of HR and p-values of 118 genes calculated by univariate Cox regression analysis. (B) 67 genes entered into the LASSO Cox proportional risk model with a threshold of p-value<0.001. (C) 25 genes with their coefficients were filtered with the optimal λ. (D) Correlations of expression level among 25 candidates and the genes related to survival were assessed using the Mantel test.





Establishment and validation of GMscore

A total of 21 genes were identified and used to establish a signature to predict the OS of the pan-cancer patients based on their coefficients and expression levels (TPM value). Thus, a GMscore for each sample was calculated via the established formula mentioned before. While comparing the GMscores among the 32 types of tumors, we observed that the tumors originating from the brain, such as GBM and LGG exhibited the highest GMscore; also, distinct disparities were observed between dead patients and those who were still alive (Figure 2A). Then, multivariate Cox regression analysis was performed on four variables, including GMscore (continuous value), gender (male or female), age (continuous value), and stage (I–IV), and the results demonstrated that the GMscore was an independent risk factor among all the variables (p<0.001) in TCGA training set for validating the effectiveness of the signature (Figure 2B). The results were validated in the TCGA test cohort (Figure 2C). Furthermore, to measure the predictive capacity of GMscore, we compared the C-index of the four variables, and the results showed that the GMscore ranked first among all the variables in the training set (Figure 2D); a similar conclusion was obtained in the TCGA test cohort (Figure 2E). Next, we divided the training set samples into two risk groups according to the median value of GMscore. Kaplan–Meier analysis proved that patients with high GMscore had poor OS in the training set (p<0.001, Figure 2F) and had been verified in the test and external validation sets from ICGC, respectively (p<0.001, Figure 2G, H). Moreover, to prove that the GMscore could be effective in specific tumors, Kaplan–Meier analysis was conducted on 32 types of tumors independently. Consequently, we exhibited the top four cancer types (KIRC, LUAD, MESO, and UCEC) that showed significant differential prognosis between different risk cohorts (Supplementary Figures 1A–D). Four individual datasets retrieved from GEO demonstrated the correctness of the result (Supplementary Figures 1E–H). In addition, RNA-sequence data from CGGA, collected from a large number of glioma patients, had been used for further validation. As expected, distinct differences were detected in the OS between the two risk groups (Supplementary Figures 1I, J). It was worth noting that there was a distinct difference in the baseline when we compared the GMscore of sequence data retrieved from TCGA and CGGA, respectively (Supplementary Figure 1K), indicating that differences in our dietaries or ethnicities might have a great effect on GMscore. Therefore, defining ethnic origin should be better concerned when we are conducting patient risk assessments in clinics. In summary, these results revealed that GMscore was an individual risk factor distinct from other clinicopathological features but an ideal model with a better predictive probability of prognosis compared to these features.




Figure 2 | Establishment and validation of the GMscore in pan-cancer. (A) Distribution of GMscore among 32 types of cancers. *p < 0.05; **p < 0.01; ***p < 0.001. (B, C) Multivariate Cox regression demonstrated that GMscore is an independent risk factor among all variables in the TCGA training and test cohorts. (D, E) The c-index of GMscore ranked first among all parameters in both cohorts. (F–H) Kaplan-Meier analysis was used to validate patients with low GMscore who showed improved prognosis in the TCGA training and test cohorts and ICGC cohort, respectively.





Construction of an integrated model for predicting the OS of pan-cancer

In order to equip GMscore with an excellent predictive capacity and provide an individual risk assessment for each patient, we established an integrated scoring nomogram by combining the GMscore with other clinicopathological features, including gender (male or female), age (continuous value), stage (I–IV), and cancer types of patients (Figure 3A). This action led to a readable and quantitative measurement for the GMscore to clinically predict the probability of adverse events that could be provided for each sample. The calibration curves were plotted to confirm the accuracy of the comprehensive model (Figure 3B). The results showed that the predictions of 1-year (green dotted line), 3-year (blue dotted line), and 5-year (red dotted line) OS were close to the ideal performance (45° line), suggesting that the correction of the model could be well-described. tROC analysis compared the predictive probability of nomograms with GMscore alone, which shows that the predictive capacity of nomograms was always higher than the GMscores in both the training and test sets (Figure 3C). Furthermore, compared to the other four variables, the nomogram exhibited the highest prediction of OS (Figure 3D). As a result, we concluded that combining GMscore with conventional clinicopathological features played a critical role in the clinical assessment of patients.




Figure 3 | An integrated prognostic model was constructed to improve the estimation of survival probability for pan-cancer. (A) A comprehensive nomogram was generated to predict the OS possibilities at 1, 3, 5, and 10 years. ***p < 0.001. (B) Calibration curves of 1-year (green dotted line), 3-year (blue dotted line), and 5-year (red dotted line) prediction were close to the ideal performance (45°, grey line). OS, overall survival. (C) Predictive efficiency of the nomogram signature was better than GMscore in the TCGA training and test cohorts. (D) Time-dependent ROC analysis provided a robust capability to predict the OS probability compared to the other conventional characters.





GMscore was significantly correlated with cell cycle progression

As mentioned before, normal cells acquire a series of hallmarks of the malignant tumor during the process of transforming into a malignant state (4). Recent studies (7, 34–36) illustrated that the process of glutamine metabolism and the enzymes involved play a significant role in many biological pathways, including angiogenesis, immune infiltration, epithelial-mesenchymal transition (EMT), and mitosis. Thus, to investigate the connections between glutamine metabolism and the hallmarks of malignant tumors, we searched the gene sets of EMT, angiogenesis, response to inflammation, and cell cycle procession (CCP) from MSigDB. Additionally, the gene sets related to immune infiltration were retrieved from a study by Charoentong et al. (20). We qualified all the features, including EMT, angiogenesis, inflammation, immune infiltration, CCP, and glutamine metabolism for each sample using the z-score algorithm. Subsequently, we calculated the Pearson’s correlation coefficient (r) between glutamine metabolism and these malignant features, respectively, and showed significant correlations between glutamine metabolism and malignant features (p<0.001); the strongest correlation was observed between glutamine metabolism and CCP (R=0.91, p<0.001, Figure 4A). Interestingly, only a few studies have been reported on glutamine metabolism and CCP in recent years. To explore how these correlations are distributed, we observed the associations in various cancer types. The results demonstrated that a strong correlation was retained in almost all tumor types since R>0.9 (p<0.001, Supplementary Figure 2A). Moreover, we also investigated the correlations between glutamine metabolism and the other four features successively, and the top eight cancer types with the highest value were presented for each feature (Supplementary Figures 2B–E).




Figure 4 | GMscore was significantly correlated with cell cycle progression. (A) Correlations between glutamine metabolism and hallmarks of the malignant tumor. (B) Differential genes among G1, S, and G2 phases. (C) Pseudo time trajectory analysis conjectured the developmental correlations of the clusters based on the differential genes. (D) Pseudo time trajectory analysis exhibited the developmental direction of the three clusters. (E) The expression level of genes involved in glutamine metabolism was enriched in two distinctive clusters. (F) Significantly upregulated genes in the G1 phase were enriched in the p53 signaling pathway. (G) PPI network revealed the critical gene regulating the metabolism of glutamine: TP53.



To elucidate the correlation between glutamine metabolism and CCP, we retrieved single-cell RNA-sequence data from 346 cells in the G1 phase, 334 cells in the S phase, and 387 cells in G2M phase (37). Based on the differential genes among the three clusters (Figure 4B), we conducted a pseudo time trajectory analysis to speculate on the developmental correlations among the three clusters (Figure 4C, Supplementary Figure 3A) and found that these cells were divided into three clusters at different states (Supplementary Figure 3B); this finding supported the significance of our study. According to the chronological order of development among clusters (Figure 4D), we plotted the expressions of the genes involved in the glutamine metabolism processes, downloaded from MSigDB (Figure 4E). The heatmap illustrated that the genes involved in decomposing glutamine to enter the TCA cycle gathered in cluster 2, while those engaged in the biosynthesis were enriched in cluster 1, which correspond to the G1 and S phases, respectively. Next, we selected the genes at key points of decomposing glutamine and observed their change in expressions along with development. Interestingly, the genes involved in glutamine metabolism are highly expressed only in the G1 phase (Supplementary Figures 3C–F). Furthermore, the RNA-sequence data of glutamine inhibitor-treated mice cell lines retrieved from GEO showed that the expression levels of these genes (Asns, Gfpt1, Ctps1, Cad, Pfas, Gmps, Fasn, Ppat, Asnsd1, Glyatl1, Nr1h4, Acly, Glud1, Ctps2, Bloc1s6, Glul, Cps1, Gls, Gls2, Gfpt2, Lgsn) were down-regulated obviously (Supplementary Figure 3G). Based on these results, we supposed that cells uptake abundant glutamine in the G1 phase to produce substantial energy to satisfy the biosynthesis and mitosis, and a part of glutamine and metabolites participate in the process of biosynthesis during the S phase. In order to explain this phenomenon, KEGG enrichment analysis was used for the differential genes of cell clusters in the G1 phase (Figure 4F). Moreover, a PPI network was generated with the initial biomarkers (Figure 4G). As a result, the G1 phase and the process of glutamine metabolism were regulated by TP53.



The landscape of genomic alterations between different risk cohorts and CAD is important to patients with IDH1 mutant glioma

Since the development of cancer is often accompanied by alterations in the genome, we identified the top 15 genes with the most frequent mutations in various risk groups, respectively (Figures 5A, B). As shown in the oncoplots, TP53 occupied the first position among the genes both in the GMscore-high and -low cohorts. A lollipop plot illustrated the different spots of mutation in TP53, while more frequency and locations of mutations were defined in the GMscore-high cohort compared to the -low cohort (Figure 5C). Moreover, we compared the cumulative mutated proportion of classic carcinogenic pathways (Supplementary Figure 4A), which showed that the TP53 signaling pathway ranked first among all variables. Baslan et al. (38) demonstrated that the occurrence and development of cancer relied on an ordered determined genome evolution caused by the accumulation of TP53 inactivation. Combining the results in this study, we hypothesized that the cells lost precise regulation of the cell cycle and glutamine metabolism due to TP53 mutations. Moreover, the GMscore-high cohort, with frequent mutations of TP53, exhibited a poor prognosis. Then, we found some key genes that might be beneficial to clinical decisions and appropriate drug choices (Supplementary Figure 4B). Subsequently, co-occurrence and mutually exclusive mutations have been compared between the two risk groups, and a distinctive exclusion of IDH1 was observed (Figure 5D). Simultaneously, the forest plot showed that IDH1 owns the highest OR among all mutated genes (Figure 5E). Considering these results might account for the IDH1 mutation occurring in glioma (39), we analyzed IDH1 in specific tumors, including LGG and GBM in the TCGA cohort (Figure 5F, Supplementary Figure 4D); IDH1 exhibited the highest mutation frequency in TCGA LGG cohort (77%). Additionally, exclusive mutations of IDH1 were plotted (Supplementary Figure 4C). Two recent studies (40, 41) revealed that IDH1-mutant glioma cells are hypersensitive to drugs targeting enzymes in the de novo pyrimidine nucleotide synthesis pathway. As a major material in the process of synthesizing pyrimidine, glutamine is catalyzed by carbamoyl-phosphate synthetase 2, aspartate transcarbamylase, dihydroorotase (CAD) to supply nitrogen to the pyrimidine, which has become a key step in the synthesis of pyrimidine. Our data also presented that the expression level of CAD decreased evidently after inhibiting the glutamine metabolism (Supplementary Figure 4E). We then explored the correlation between the expression CAD and prognosis based on the median value of the different expression levels of CAD in the LGG and GBM cohorts from the TCGA database. Consequently, a significantly poor prognosis was observed in patients with high CAD expression in the LGG cohort (p<0.05), which was accompanied by the highest mutation frequency of IDH1 (Figure 5G). In the GBM cohort, which did not present mutated IDH1, no differences were observed between the expression level of CAD and prognosis (p>0.05, Supplementary Figure 4F). To validate the conclusion further, we retrieved the RNA-sequence data of patients with glioma in CGGA, showing that high expression of CAD had a poor prognosis (Figure 5H, I).




Figure 5 | Genomic alterations between two risk groups and CAD is crucial to patients with IDH1 mutant glioma. (A, B) Top 15 most frequently mutated genes exhibited in two risk cohorts. (C) A lollipop plot showed the different spots of TP53 between the two risk cohorts. (D) Exclusive mutations related to IDH1 were observed in the GMscore-high cohort. (E) TP53 ranked first, and IDH1 owned the highest OR among all mutated genes ***p < 0.001. (F) Top 15 frequently mutated genes were illustrated in the LGG cohort. (G–I) Correlation between the expression of CAD and survival in TCGA LGG cohort, CGGA cohort, and patients with a primary tumor in CGGA cohort.





Different immune characteristics between the GMscore-high and -low cohorts

Regarding the immune infiltration between two risk cohorts, a series of bioinformatic methods were conducted to evaluate the immune landscape. Together, a threshold with FDR q<0.0001 and |log2FoldChange|≥2 defined 252 upregulated and 667 downregulated genes in the GMscore-high cohort (Figure 6A). GSEA analysis was conducted based on the differential genes, and the results showed that the upregulated genes in the GMscore-high cohort were enriched in many pathways that were related to immunity with a threshold of FDR q<0.001 and normalized enrichment score (NES)>2 (Figure 6B). The cytokine activity pathway ranked first with NES=2.47 (Supplementary Figure 5A). Additionally, we observed IL-10 as a pivotal regulator in cytokine activity via a PPI network (Supplementary Figure 5B), and the expression level of IL-10 elevated significantly in the GMscore-high cohort (Supplementary Figure 5C). These results indicated a high immune infiltration in the GMscore-high cohort. The latest findings reported that elevated IL-10 was closely associated with exhausting CD8+ T cells (42–44). Through measuring the number of CD8+ T cells of each patient by the TIMER algorithm, we found that CD8+ T cells decreased in the GMscore-high cohort (Supplementary Figure 5D). Next, we compared the common immune checkpoints, including PDCD1 (also known as PD-1), LAG3, TIGIT, CTLA4, HAVCR2, CD47, CD274 (also known as PD-L1), CD276, and other indicators, such as INFG, CYT score, and TMB. All these features were elevated in the GMscore-high cohort significantly (p<0.05, Figures 6C–F), which was consistent with a previous report (45). In addition, these results might indicate there was a better therapeutic response in the GMscore-high cohort. As many scientists had confirmed that the effect of glutamine on T cells depends on the cell type and state (23, 25, 45), to analyze different infiltration of other cells in the tumor microenvironment, three algorithms (ESTIMATE, CIBERSORT, and xCell) were used to measure the absolute and relative abundance of immune cells between the different cohorts. ESTIMATE demonstrated that the GMscore-high cohort was characterized by significantly high immune, stromal, and estimate scores and low tumor purity (Figure 6G, Supplementary Figure 5E). CIBERSORT was applied to evaluate the relative abundance of various immune cells, and the M2 macrophage was maximal (Figure 6H, Supplementary Figure 5F). The results of CIBERSORT and xCell (Figure 6I) are consistent with TIMER that CD8+ T cells decreased evidently in the GMscore-high cohort. And we found that many different types of cells were elevated in the GMscore-high cohort. Besides, we proved that the GMscore-high cohort, which with lower glutamine metabolic, presented a higher number of dendritic cells (DCs) as reported (46). Our data also matched a well-known report that IL-10 may play a vital role in the antitumor effect through DCs (47). In addition to DCs, the number of other immune cells like Th1 cells was up-regulated in the GMscore-high cohort.




Figure 6 | Immune characteristics between the GMscore-high and GMscore-low cohorts. (A) Differential genes between the two cohorts are shown in the volcano plot. (B) GSEA illustrated that the upregulated genes in the GMscore-high cohort were enriched in many immune-related pathways. GSEA, gene set enrichment analysis; NES, normalized enrichment scale. (C) The representative immune checkpoints, including PDCD1, LAG3, TIGIT, CTLA, CD47, CD274, and CD276, were significantly elevated in the GMscore-high cohort. (D–G) The GMscore-high cohort was characterized by significantly high INFG expression, CYT score, TMB, immune score, stromal score, and ESTIMATE score. (H, I) CIBERSORT and xCell algorithm qualified 28 and 67 types of immune cells between the two cohorts, respectively, and high immune infiltration was observed in the GMscore-high cohort. *p < 0.05; **p < 0.01; ***p < 0.001.





Sensitivity predictions of anti-cancer drugs and immunotherapy

Based on the results before, we characterized the GMscore-high cohort with a lower metabolic level of glutamine. Some studies (48–50) pointed out that the endogenous nucleophile glutathione (GSH) could bind covalently with cisplatin, which may contribute to cisplatin resistance. This hinted to us that there might be a better therapeutic response of chemotherapeutic drugs in the GMscore-high cohort. Next, we investigated the differential sensitivities of commonly used chemotherapeutic drugs, including Cisplatin, Paclitaxel, and Methotrexate, and target EGFR drugs, such as Gefitinib and Cetuximab in each risk cohort with R package “pRRophetic”. (51). As we expected, the estimated IC50 value was significantly elevated in the GMscore-low cohort, indicating that the GMscore-high cohort might provide an improved outcome (Figures 7A–E). Nevertheless, our aforementioned data (Figure 2A) suggested that the malignancy of tumors might be negatively correlated with their mean GMscore. To confirm this hypothesis, data collected from the United States, the United Kingdom, and China (52) were further analyzed in order to avoid the errors caused by geographical, medical technology, and dietaries. The results suggested a significant negative correlation between the patients’ average five-year survival rate and GMscore (the United States: R=-0.77, p=0.0014; the United Kingdom: R=-0.76, p=0.0015; China: R=-0.71, p=0.0064, Supplementary Figures 6A-C). Sankey diagram showed the source of tumor types for patients in different risk cohorts (Supplementary Figure 6D). In order to improve the predictions of immunotherapy response in patients with different glutamine metabolism characteristics, we developed a brand new signature named glutamine metabolism immunotherapy response score (GMIRS) based on the initial biomarkers. As a result, the 118 genes with two optimal parameters (mtry=40, ntree=2000, Figure 7F) were ranked by two methods in the random forest analysis (Figure 7G). Then, the 16 overlapped candidates were input into LASSO regulation analysis (Figure 7H), and ten-fold cross-validation was conducted to overcome the over-fitting effect (Supplementary Figure 6E). Finally, 15 genes (SLC38A5, CTPS2, SEH1L, L2HGDH, JAK2, TGFB1, E2F3, EPAS1, SIRT5, PPAT, TET1, EIF2A, MIOS, PYCR1, SDHD) were selected to construct the predictive model. ROC analysis was applied to validate the accuracy, following which we observed that the response of ICB therapy could be predicted in the TCGA training and testing cohorts (GMIRS=0.9173, GMIRS=0.9162, Figure 7I, J). Additionally, RNA sequence data of 24 patients who received anti-PD1 therapy from GEO was used for further validation, and the results exhibited a high GMIRS with 0.8696, as expected (Figure 7K).




Figure 7 | Impact of glutamine metabolism on anti-cancer drugs and immunotherapy. (A–E) Predictions of ICD50 values of the commonly used chemotherapy drugs (Cisplatin, Paclitaxel, and Methotrexate) and EGFR-targeted drugs (Gefitinib and Cetuximab) were significantly low in the GMscore-high cohort. (F) A random forest algorithm was applied to screen for the significant candidates related to the response of immunotherapy. (G) 15 genes were overlapped in the two ranking methods. (H) LASSO logistic regression analysis was used to construct a robust signature to predict the immunotherapy response. (I–J) GMIRS exhibited an AUC of 0.9173 and 0.9162 in the TCGA training and test cohorts, respectively. (K) GMIRS could describe the responses (AUC=0.8696) in patients treated with anti-PD1.






Discussion

Herein, we generated a brand-new gene signature to guide the clinical decision-making of patients. A recent study (7) showed that high glutamine metabolism is a significant feature of tumor cells. The specific demand of tumor cells for glutamine makes it possible to develop new clinical predictions, treatment plans, and imaging strategies. Next, we used relevant genes involved in glutamine metabolism and regulation processes as the initial biomarkers. Finally, 21 genes related to glutamine metabolism (CPS1, ME1, ASNS, SLC1A3, DEPDC5, SLC38A7, SLC7A5, TGFB1, MAPK8, WDR24, PSAT1, EGLN1, SDHC, GLUD1, SLC7A11, CXCL8, BCL2, SLC25A22, SHMT2, GFPT1, and SDHD) were selected by machine learning to construct a prognostic gene signature related to glutamine metabolism. Among these, SLC38A7 and SLC7A5 are proteins used for glutamine transportation, GLUD1 and PSAT1 are necessary for glutamine catabolism, and some key enzymes (CPS1 and ASNS) involved in the biosynthesis of glutamine and its metabolites participated in the construction of this model. We divided the patients into two metabolic risk groups using the median value of signatures. After validating with significant clinical data, patients with low-risk scores showed improved prognoses. Furthermore, by combining a series of clinical features, we could accurately predict the OS of patients.

The unique metabolism of tumor cells often drives the development of other malignant characteristics. In the correlation analyses between glutamine metabolism and hallmarks of malignant tumors, a correlation was established between glutamine metabolism and cell cycle progression. Accumulating evidence (53) indicated that glutamine deprivation causes cell stagnation in the S phase. According to the current results, this phenomenon could be attributed to the lack of energy and raw materials in the biosynthesis of tumor cells during the S phase. Based on recent studies, we observed specific expression of glutamine metabolism-related genes in 1067 cells during the G1 (346 cells), S (334 cells), and G2M (387 cells) periods, respectively. We found that genes involved in glutamine uptake and catabolism into the TCA were highly expressed at the beginning of the G1 phase, while genes that used glutamine as a substrate to participate in biosynthetic steps were enriched in the S phase. RNA-sequence data from mice treated by inhibitor of glutamine metabolism confirmed that the expression level of these genes decreased indeed, while the change in vivo would be discussed in future. To further explore the reason for this phenomenon, we performed an enrichment analysis based on cycle-specific differential genes. The results showed that the G1 phase was regulated by the P53 signaling pathway, as described previously. The analysis of the metabolic regulation of glutamine revealed that the accumulation of TP53 gene inactivation might be the link between glutamine and G1 phase regulation during the development of tumor cells. Nonetheless, the specific mechanism has not yet been clarified in our study, which will be proved in future experiments.

A recent study (54) found that the survival of IDH1 mutated glioma cells was dependent on the de novo synthesis of pyrimidine. The specific inhibition on DHODH, the key enzyme of pyrimidine synthesis, could have a very good effect on the treatment of patients with IDH1 mutant glioma. As a major enzyme in its upstream, CAD plays a key role in glutamine participation in pyrimidine synthesis. The comparison of the prognosis of patients with different expression levels implied that the use of targeted inhibitors of glutamine-related genes involved in CAD and its upstream could be an optimal treatment for IDH mutant glioma patients.

Based on the impact of glutamine metabolism on the immune microenvironment mentioned by Vander et al. (46, 55), we compared the differences in immune infiltration among patients in different risk groups. The high-risk scores were accompanied by high immune cell infiltration and activation of immune pathways. Among them, the cytokine activation pathway ranks first with NES=2.47. We identified IL-10 as the pivotal regulator in cytokine activity, and its level was upregulated significantly in the GMscore-high cohort. As an immunosuppressive factor, IL-10 is thought to be associated with exhausting CD8+ T cells (42–44). Besides, Leone RD et al. (56) showed that varied glutamine metabolic states can shape the TME into different immune landscapes. They proved that glutamine was vital for proliferating CD8+ T cells, and lacking glutamine can accelerate the depletion of CD8+ T cells and exhibit a higher expression level of immunosuppressive molecules such as PD-1 and LAG-3, which is constant with our result. Intriguingly, some studies (47, 57) illustrated that a half-life-extended IL-10–Fc can expand terminally exhausted CD8+ tumor-infiltrating lymphocytes (TILs) directly, which means IL-10 may function positively in the anti-tumor process. This might be the reason why DCs was up-regulated in the GMscore-high cohort with elevated IL-10. In addition to DCs, the other immune cells like Th1 cells, which recruit and activate macrophages and cytotoxic T cells mainly by expressing CD40L and cytokines like INFG and IL-2, also elevated in GMscore-high group (58). This suggested an up-regulation of macrophages and type II interferon (IFN) response. Consequently, all these conclusions indicated that the gene signature constructed in this study might be effective in guiding clinical treatment.

Our data proved that lower drug resistance and higher immune infiltration indicated better therapeutic response in the GMscore-high cohort. The comparison of the sensitivity of chemotherapy drugs and targeted drugs of patients in different risk groups revealed that the results did meet our expectations. As we mentioned above, GMscore has different distribution characteristics among tumors, and GMscore is normally elevated in some neoplasms of high malignancy such as glioma and pancreatic cancer while shows lower levels in some low malignancy tumors such as thyroid cancer, breast cancer, and prostate cancer. And We found that the majority of patients in the high-risk cohort were from highly malignant tumors. Tumors with high malignancy are characterized by recurrence and deterioration easily, directly leading to shorter OS in patients in the GMscore-high cohort. In addition, we found that the CD8+ T cell number in the GMscore-high group was significantly lower than that in the GMscore-low cohort, which may also result in the shorter OS of patients in the GMscore-high cohort. Furthermore, gene signatures derived from glutamine metabolism genes could predict the patient’s response to immunotherapy. These results guided the clinical medication of patients.

Taken together, glutamine metabolism is closely related to several malignant features of tumors, especially cell cycle disorder. Various metabolic levels predict different prognoses of patients. Various metabolic levels are observed under different immune landscapes. Therefore, the unique metabolic characteristics of patients may guide the personalized treatment of patients.
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Supplementary Figure 1 | Lower GMscore had an OS probability in many cohorts among various databases. (A–D) Kaplan–Meier analysis was used to validate patients with low GMscore who had improved prognoses in KIRC, LUAD, MESO, and UCEC cohorts from TCGA. (E–H) Kaplan-Meier analysis was used to validate patients with low GMscore with better prognoses in the four individual cohorts from GEO. (I, J) Kaplan-Meier analysis was used to validate the patients with low GMscore who had better prognoses in CGGA cohorts with 325 and 693 patients, respectively. (K) Significantly difference of baseline of the GMscores was observed among RNA-sequence
data retrieved from TCGA and CGGA.

Supplementary Figure 2 | Significant correlations between glutamine metabolism and hallmarks of the malignant tumor. (A) Significant correlations between glutamine metabolism and cell cycle progression among 32 types of cancer. (B) Top 8 significant correlations between glutamine metabolism and EMT. (C) Top 8 significant correlations between glutamine metabolism and immune infiltration. (D) Top 8 significant correlations between glutamine metabolism and angiogenesis. (E) Top 8 significant correlations between glutamine metabolism and inflammation.

Supplementary Figure 3 | GMscore was significantly correlated with cell cycle progression. (A) Distribution of three clusters in pseudo time trajectory analysis. (B) Pseudo time trajectory analysis divided the cells into three clusters by state. (C–F) The expression of critical genes in charge of glutamine metabolism in different types of cells. (G) The expression level of critical genes decreased after inhibiting glutamine metabolism.

Supplementary Figure 4 | Genomic alterations between two risk groups and CAD is crucial to patients with IDH1 mutant glioma. (A) A cumulative mutated proportion of classic carcinogenic pathways between different risk cohorts. (B) The possible genes that could be used to guide clinical decisions. (C) Co-occurrence and exclusive mutations in the TCGA LGG cohort. (D) The top 15 frequently mutated genes were illustrated in GBM cohorts. (E) The expression level of CAD decreased after inhibiting glutamine metabolism. (F) No significance (p>0.05) was detected in the prognosis based on the expression level of CAD in the GBM cohort.

Supplementary Figure 5 | Different immune characteristics between the GMscore-high and -low cohorts. (A) The cytokine activity pathway ranked first in the GSEA with an NES of 2.47. (B) A PPI network was constructed, which revealed that the most important gene in the cytokine activity pathway is IL-10. (C) The expression level of IL-10 elevated in the GM-high cohort. (D) TIMER showed lower CD8+ T cells infiltration in GMscore-high cohort. (E) The GMscore-high cohort was characterized by significantly low tumor purity. (F) CIBERSORT algorithm was used to reveal that macrophage M2 accounts for the highest proportion among all the immune cells.

Supplementary Figure 6 | Impact of glutamine metabolism on anti-cancer drugs and immunotherapy. (A–C) Negative correlation between the average five-year survival rate of each tumor and its matched GMscore. (D) Sankey diagram showed the source of tumor types for patients in different risk cohorts. (E) The optimal λ was identified with ten-fold-cross-validation.

Supplementary Table 1 | Initial biomarkers of glutamine metabolism.
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Background

Previous studies have shown that stroke is a potential first sign of neoplasia, but the relationship between stroke and cancer remains unclear. As a complex brain disease, ischemic stroke involves cell death and immunity. Thus, it is necessary to investigate the association of the tumor immune microenvironment and cell death with ischemic stroke.



Methods

We established a photothrombosis-induced ischemic injury model in mouse brain and skull. Subsequently, we sequenced the whole transcriptome of the injured mouse brain and skull and analyzed the expression profiles. To investigate the association of stroke with cell death and cancer, we systematically performed gene set enrichment analysis in pan-cell death (i.e., apoptosis, cuproptosis, ferroptosis, necroptosis, and pyroptosis) and the cancer hallmark pathways. The time-dependent immune cell abundance variations after ischemic injury were estimated. Furthermore, pan-cancer genomic and prognostic analyses of the ischemic injury-related gene sets were also performed.



Results

In this study, we found that there exist temporal and spatial differences in the gene expression patterns of both the brain and skull with ischemic injury. The skull ischemic injury-induced changes in the brain transcriptome were particularly great, but could recover in a short period, while the skull transcriptome variation resulting from brain ischemic injury was long-lasting. In addition, the expression of the genes related to ischemic injury was also associated with pan-cell death and the cancer hallmark pathways. The changes in the abundance of immune cells indicate that brain ischemic injury may disrupt the immune microenvironment for a longer time, while the skull can balance the stability of the immune microenvironment better. Moreover, the brain ischemic injury-related gene sets were highly correlated with a variety of tumors, particularly glioblastoma multiforme (GBM), kidney renal clear cell carcinoma (KIRC), brain lower grade glioma (LGG), and uveal melanoma (UVM), which carry a greater mortality risk after stroke.



Conclusion

This systematic analysis not only helps in the understanding of the changes in the gene expression profiles of both the brain and skull with ischemic injury but also reveals the association of the tumor immune microenvironment and cell death with ischemic stroke.
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1 Introduction

Cancer and stroke are among the leading causes of death worldwide (1–3) that share various epidemiological risk factors and bring a huge public health burden. Stroke, a heterogeneous pathological process, will lead to acute neurological damage. A previous study illustrated that cancer is one of the potential risk factors associated with stroke (4). Cerebrovascular disease is the second most common neurological manifestation after metastasis in cancer patients (5). In addition, a previous study reported that about 15% of patients with cancer had a stroke, half of whom were asymptomatic (6). A recent study has also shown that the risk of stroke among patients with cancer was twice that of the general population and increases with longer follow-up (7). In addition, patients diagnosed with a brain tumor face a high risk of stroke throughout life (7). This means that patients with cancer have a high risk of stroke (8–12). Stroke may be a potential first sign of neoplasia. However, the relationship between cancer and stroke is still unclear.

Recent studies have challenged our cognition of the skull. Findings indicate that the skull bone marrow plays an important role in immunosurveillance of the central nervous system (CNS) (13, 14). Some studies have reported a direct local vascular connection between the brain and the skull bone marrow through the meninges (14–16). Additionally, a significant increase in the number of cranial myeloid cells that migrate to the meninges and injury area after stroke onset has been observed (7). This means that the skull is an important component of brain immunity that plays an essential role in the process of cerebral ischemic injury and repair. However, the changes that occur in the skull after brain ischemic injury and the effects of skull damage on the brain remain to be elucidated. Some early studies discovered via transcriptome analysis that many differential gene enrichments after ischemic stroke are associated with cancer (17). As is known, severe hypoxia occurs in the area of brain lesions after ischemic stroke. Hypoxia is a widespread trait in 90% of solid tumors, which has a profound effect on cell proliferation, metabolism, migration, and angiogenesis during cell development and disease (18–20). Therefore, it is necessary to investigate the associations between ischemic injury to the brain/skull and the tumor.

In addition, cerebral ischemia could result in secondary brain injury and neuronal death, producing inflammatory mediators and leading to immune responses in brain tissues (21). After ischemic stroke, the damaged cells could cause systemic immune response by releasing the specific signals that activate immunodepression (22). These studies all suggest that immune response and inflammation are important factors associated with the pathogenesis of stroke and its outcomes (23, 24). In recent years, a growing number of studies have shown that ischemic stroke is a complex brain disease regulated by multiple cell death pathways, including apoptosis, necroptosis, and ferroptosis (25, 26). However, the relevant mechanisms still need to be explored further. Until just recently, cuproptosis has been newly characterized as a form of cell death (27); whether it is associated with ischemic stroke has not been reported yet.

In this work, a photothrombosis-induced ischemic injury model in the brain and skull of mice was established. The gene expression profiles of the brain and skull after ischemic injury were analyzed and compared with the whole transcriptome. Enrichments of the relevant differential genes in the cancer and cell death pathways were also explored. Moreover, changes in the immune microenvironment after ischemic injury were further analyzed. Finally, pan-cancer genomic and prognostic analyses of the ischemic injury-related gene sets were performed.



2 Materials and methods


2.1 Animal preparation and ethics

All experimental procedures were performed according to the animal experiment guidelines of the Experimental Animal Management Ordinance of Guangdong Province, China, and the guidelines from the Guangdong Medical University, which have been approved by the Institutional Animal Ethics Committee of Central People’s Hospital of Zhanjiang. Wild-type male BALB/c mice (n = 33, 8 weeks old) were used for ischemic injury modeling. The mice were raised under specified pathogen-free (SPF) conditions, with a 12/12-h light/dark cycle.



2.2 Photothrombosis ischemic injury model

A mouse focal photothrombosis (PT) ischemic injury model was constructed after establishing the optical clearing skull window. About 100 μl of Rose Bengal (RB) solution (4 mg/ml; Sigma-Aldrich, St. Louis, MO, USA) was injected via the tail vein right before laser irradiation, and occlusion was induced with 532 nm laser (1 mm diameter, 2 mW; Laserwave, Beijing, China) irradiation for 210 s. When the light spot was controlled to 1 mm in diameter, the light source was about 2 cm away from the head of the mouse.



2.3 Assessment of brain injury with rhodamine extravasation

Mice in the control, PT-2 (2 days after skull PT), and PT-6 (6 days after skull PT) groups were injected with 0.05 ml rhodamine (0.5 mg/ml; Sigma-Aldrich, St. Louis, MO, USA) through the tail vein. About 30 min after circulation, the mice were decapitated and their brain rapidly taken out and fixed in 4% paraformaldehyde (PFA) for 24 h. Subsequently, the brains were cut into 50 μm slices and stained with DAPI. Images of the intact brain slices were captured using a fluorescence microscope (Ni-E Microscope; Nikon, Tokyo, Japan) at ×20 objective (NA = 0.75). ImageJ software was employed to analyze the images.



2.4 Transcriptome profiling

Mouse brain and skull tissues with the ischemic and peri-ischemic regions were harvested for RNA sequencing (RNA-seq) at representative time points. Each group of skull or brain tissue samples was kept in nearly the same volume.



2.5 RNA-seq library preparation

The total RNA of the samples was extracted using TRIzol reagent (Thermo Fisher Scientific Inc., Waltham, MA, USA) and further treated with DNase to remove contamination of the genomic DNA. The messenger RNA (mRNA) was isolated using the NEBNext Poly(A) mRNA Magnetic Isolation Module (New England Biolabs, Ipswich, MA, USA), which was then used for the preparation of the RNA-seq library with the NEBNext Ultra II mRNA Library Prep Kit for Illumina (New England Biolabs, Ipswich, MA, USA). These were performed using Illumina sequencing with the paired-end 2 × 150 sequencing mode.



2.6 RNA-seq data quality control and preprocessing

Raw RNA-seq data in FASTQ format were processed with fastp v0.23.0 (28), an ultra-fast FASTQ preprocessor with useful quality control and data filtering using default parameters. Afterward, the clean reads were mapped to the Mus musculus genome (mm10) with HISAT2 v2.1.0 (29). To integrate our previous RNA-seq data into the current work, we used ComBat_seq from the R package sva (v3.42.0) (30) to remove batch effects. Differential expression analysis of two groups (three biological replicates per condition) was performed using the R package DESeq2 (v1.18.1) (31). Normalized counts were derived using DESeq2 to compare the gene expression across samples (32). Genes with |log2(fold change)| >1 and a false discovery rate (FDR) <0.05 were considered as differentially expressed genes (DEG).



2.7 Gene set enrichment and variation analyses for the RNA-seq data

The Gene Ontology (GO) term enrichment and the gene set enrichment analysis (GSEA) (33) between groups were performed with the R package clusterProfiler (v4.0) (34) with default parameters on the MSigDB (35) C5 and hallmark pathways. The gene set variation analysis (GSVA) scores were estimated using the R package GSVA (v1.42.0) (36) for the gene set in each sample. We used ComplexHeatmap v2.10.0 (37) to generate heatmaps.



2.8 Estimation of immune cell abundance

The immune cell abundance was estimated based on the expression read count data of each sample with ImmuCellAI-mouse (Immune Cell Abundance Identifier for mouse) (38). Significant differences in the immune cell abundance values between the injured groups and the control groups were analyzed with the two-sided Student’s t-test. A p-value less than 0.05 was considered to indicate significant difference. We used the Kruskal–Wallis test to determine the statistically significant differences between three groups. For the correlation between gene expression and immune cell abundance, we used Pearson’s correlation and considered |R| > 0.9 and p < 0.05 to represent a significant correlation.



2.9 Statistical analysis

All figures herein without specification were plotted with the R package ggplot2. The p-values of the other tests without specification were calculated using a two-sided Student’s t-test. P-values less than 0.05 were considered statistically significant.




3 Results


3.1 Transcriptome analysis of brain and skull ischemic injury

Here, we established the ischemic injury model using PT for the brain and skull and performed whole-transcriptome sequencing, including the injured skull (second and fourth days), the skull with brain injury (second and sixth days), the injured brain (second and sixth days), the brain with skull injury (second and fourth days), and the skull and brain in the control groups (Figure 1A). The time points for the sample selection referred to our previous work (39). In order to verify the effectiveness of model establishment and to evaluate brain recovery after ischemic injury, we evaluated the changes in the blood–brain barrier after ischemic injury from the acute phase (second day) to the chronic phase (sixth day) based on the area of dye leakage (Figure 1B). The results showed that the disruption of the blood–brain barrier was severe on the second day after PT, but was greatly restored on the sixth day after PT. Moreover, we combined the transcriptome data of the untreated brain and skull as control groups from our previous work (39) (GSE191183). We performed removal of batch effects for the transcriptome dataset before further analysis, as shown in Supplementary Figure S1. Subsequently, we determined the DEGs for brain and skull sequencing, as shown in Supplementary Figures S2A, B and Table S1. We further investigated the changes in the number of DEGs in the brain after skull and brain injury. By comparing with the control group, we found that the number of upregulated and downregulated genes in the brain on the second day after skull PT (S2B vs. BC: 4,779 upregulated and 4,727 downregulated) was more than that on the second day after brain PT (B2B vs. BC: 1,639 upregulated and243 downregulated). On the contrary, the number of up- and downregulated genes in the brain 4 days after skull PT (S4B vs. BC: 206 upregulated and143 downregulated) was less than that at 6 days after brain PT (B6B vs. BC: 1,130 upregulated and 132 downregulated). Interestingly, compared with the brain after skull and brain PT (second day), the number of up- and downregulated genes in the brain after skull PT (fourth day) (S4B vs. S2B: 5,386 upregulated and 5,010 downregulated) was far more than that after brain PT (sixth day) (B6B vs. B2B: 255 upregulated and 525 downregulated) (Figure 1C, left panel). However, we observed different phenomena in the skull after skull and brain injury. Compared with the control group, the number of up- and downregulated genes in the skull after brain PT (second day) (B2S vs. SC: 1,924 upregulated and 1,052 downregulated) was less than that after skull PT (second day) (S2S vs. SC: 5,302 upregulated and 4,455 downregulated). But the number of up- and downregulated genes in the skull after brain PT (sixth day) (B6S vs. SC: 4,779 upregulated and 3,759 downregulated) was less than that after skull PT (fourth day) (S4S vs. SC: 5,375 upregulated and 4,248 downregulated). Compared with the skull after brain and skull PT (second day), the number of up- and downregulated genes in the skull after brain PT (sixth day) (B6S vs. B2S: 5,346 upregulated and 5,068 downregulated) was far more than that after skull PT (fourth day) (S4S vs. S2S: 572 regulated and 424 downregulated) (Figure 3C, right panel).




Figure 1 | Experimental design and transcriptome analysis of the brain and skull after photothrombosis (PT). (A) Experimental design of the brain and skull PT. BC, control group for the uninjured brain; B2B and B6B, brain samples of the second and the sixth day after brain PT; SC, control group for the uninjured skull; S2S and S4S, skull samples of the second and the fourth day after skull PT; B2S and B6S, skull samples of the second and the sixth day after brain PT; S2B and S4B, brain samples of the second and the fourth day after skull PT. (B) Rhodamine extravasation evaluating the degree of brain injury at different time points after brain PT (n = 3, mean ± standard deviation). ***p < 0.001. (C) Number of up- and downregulated genes between the brain and the skull groups. (D) Gene set enrichment analysis (GSEA) of brain and skull ischemic injury with adjusted p-values less than 0.05 (top 10 up- and downregulated terms).



Furthermore, GSEA was performed for S2/4B vs. BC and B2/6S vs. SC. For the brain on the second day after skull PT, the upregulated biological processes were mostly associated with the immune effector process and immune cell migration, whereas the processes related to regulation of synapse and neurotransmitter transport were downregulated (S2B vs. BC) (Figure 1D, top left panel). For the brain on the fourth day after skull PT, the upregulated biological processes were mostly enriched in the regulation of immune response and myeloid cell activation, while the downregulated biological processes mainly included skeletal system development and ossification (S4B vs. BC) (Figure 1D, bottom left panel). For the skull on the second day after brain PT, the processes associated with forebrain cell migration, regulation of synapse, and neurotransmitter activity were upregulated, while the downregulated biological processes were mostly enriched in skeletal system development and bone morphogenesis (B2S vs. SC) (Figure 1D, top right panel). For the skull on the sixth day after brain PT, the processes related to immune response and immune cell migration were upregulated, and most of the biological processes on cell communication were downregulated (B6S vs. SC) (Figure 1D, bottom right panel). These results indicate the existence of close immune communications between the brain and the skull after ischemic injury; thus, researchers should pay more attention to the immune response of the skull in brain disease studies.

Furthermore, we compared the DEGs between the brain and the skull after ischemic injury, as shown in Figure 2A. For the brain on day 2 after skull PT (vs. BC) and the skull on day 2 after brain PT (vs. SC), 3,228 genes were downregulated only in the brain, which were mostly related to the regulation of synapse and neurotransmitter transport (Supplementary Figure S3 and Table S2). A total of 3,558 genes were upregulated only in the brain, and most of these genes were related to extracellular matrix organization and wounding healing. In addition, 308 genes were upregulated only in the skull, with the enriched GO terms including muscle contraction, organ morphogenesis, and cell motility. For the brain on day 4 after skull PT (vs. BC) and the skull on day 6 after brain PT (vs. SC) (Supplementary Figure S3 and Table S2), 3,382 genes were downregulated only in the skull, most of which were associated with the regulation of synapse and neurotransmitter transport. Moreover, 3,192 genes were upregulated only in the skull, which were mainly involved in extracellular matrix organization and cell migration. For the brain on day 4 after skull PT (vs. B6B) and the skull on day 6 after brain PT (vs. S4S) (Supplementary Figure S3 and Table S2), 1,134 genes were downregulated only in the brain, which were mainly involved in extracellular matrix organization and immune response. There were 229 genes upregulated only in the brain, most of them associated with neurotransmitter transport and neural activity. A total of 472 genes were upregulated only in the skull, most of which were related to regulation of synapse and neurotransmitter transport.




Figure 2 | Comparative analysis of the up- and downregulation of the differentially expressed genes (DEGs) between the brain and skull with ischemic injury at different time points. (A) Number of intersecting DEGs in the different groups of brain and skull samples (upregulated: FC > 2 and FDR < 0.05; downregulated: FC < 1/2 and FDR < 0.05). FC, fold change; FDR, false discovery rate; No Sig., not significant. (B, C) Heatmap of the brain (B) and the skull (C) after photothrombosis (PT) with DEGs (different colored genes are the representative genes from the cancer hallmark to the cell death pathways). BC, control group for the uninjured brain; B2B and B6B, brain samples of the second and sixth days after brain PT; SC, control group for the uninjured skull; S2S and S4S, skull samples of the second and fourth days after skull PT; B2S and B6S, skull samples of the second and sixth days after brain PT; S2B and S4B, brain samples of the second and fourth days after skull PT. (B, C, show the rows clustered using Pearson’s correlations).



We also investigated the expression patterns of the DEGs across the different time points after ischemic injury of the brain and skull, shown in the heatmaps in Figures 2B, C. We found that, for the brain, the expression patterns of the DEGs changed dramatically on day 2 after skull PT compared to those of the brain on days 2 and 6 after brain PT, but this difference almost disappeared by day 4 after skull PT.

For the skull, the expression patterns of the DEGs were greatly altered on day 2 after skull PT compared to the control groups, which did not recover until day 4. However, the expression patterns of the DEGs in the skull changed slightly on day 2 after brain PT, with the major changes occurring on day 6. For both brain and skull ischemic injury, we found that a large number of the gene expression changes among these groups were related to cancer hallmark and cell death pathways, including the P53, interferon gamma response, pyroptosis, necroptosis, ferroptosis, cuproptosis, and apoptosis pathways.



3.2 Associations between brain/skull ischemic injury and cell death

Cell death is one of the most important mechanisms in the development of ischemic stroke (40). Here, we systematically analyzed the changes in the gene expression profiles related to five cell death pathways for the brain and skull in different groups, including the injured skull (days 2 and 4), the skull with brain injury (days 2 and 4), the injured brain (days 2 and 6), the brain with skull injury (days 2 and 6), and the skull and brain in the control groups. We found that ischemic injury of the brain and skull was associated with the cell death pathways of apoptosis, ferroptosis, cuproptosis, necroptosis, and pyroptosis (Figure 3A), and the genes involved in apoptosis and ferroptosis accounted for the majority. In addition, the gene expression profiles related to cell death pathways varied at different injured sites and ischemic injury time points.




Figure 3 | Expression patterns of the cell death pathway genes in brain and skull ischemic injury. (A) Heatmap of the genes in the cell death pathways (apoptosis, cuproptosis, ferroptosis, necroptosis, and pyroptosis pathways) for brain and skull ischemic injury. (B, C) Analysis of the changes in the representative genes Ripk1 (B) and Gls (C) associated with necroptosis and cuproptosis in brain and skull ischemic injury (n = 3). ns, not significant. **p < 0.01, ***p < 0.001, ****p < 0.0001. BC, control group for the uninjured brain; B2B and B6B, brain samples of the second and sixth days after brain photothrombosis (PT); SC, control group for the uninjured skull; S2S and S4S, skull samples of the second and fourth days after skull PT; B2S and B6S, skull samples of the second and sixth days after brain PT; S2B and S4B, brain samples of the second and fourth days after skull PT. (A, the “cluster_within_group” function  was used for the row and column clusters based on Pearson’s correlation).



We found that the expression of the cuproptosis-related genes (CRGs) (27, 41) (i.e., Gls, Atp7b, Cdkn2a, Dlat, Dld, Fdx1, Lias, Lipt1, Mtf1, Pdha1, Pdhb, and Slc31a1) changed dramatically between brain and skull ischemic injury. Intriguingly, Gls is involved in ischemic stroke-related ferroptosis (42) and has also been identified as a typical cuproptosis-associated gene (43). We systematically evaluated the genetic alterations of the Gls-related cuproptosis pathway in the different experimental groups, as shown in Figure 3B. On the second day after brain PT, Gls in the damaged brain tissue was significantly downregulated (p < 0.01), which returned to normal on the sixth day. Moreover, Gls in the brain after skull PT was also significantly downregulated on the second day (p < 0.001), also returning to normal on the fourth day. On the second day after brain PT, Gls in the skull hardly changed, but was significantly downregulated on the sixth day (p < 0.01). As for the second and fourth days after skull PT, Gls in the damaged skull tissue was significantly downregulated (p < 0.01).

It has been shown that early ischemic brain injury activates Ripk1 in endothelial cells to drive the necroptosis process in order to induce cerebral hemorrhagic phenomena and pro-inflammatory responses. Thus, we also analyzed changes of the necroptosis-related typical gene (Ripk1) in brain and skull ischemic injury (Figure 3C). On the second day after brain PT, Ripk1 in the damaged brain tissue was significantly upregulated (p < 0.01), which returned to normal on the sixth day. The Ripk1 gene in the brain after skull PT was also significantly upregulated on the second day (p < 0.001) and returned to normal on the fourth day. On the second day after brain PT, the Ripk1 gene in the skull was hardly changed, but was significantly upregulated on the sixth day. On the second and fourth days after skull PT, Ripk1 in the damaged skull tissue was significantly upregulated (p < 0.001). It has been widely reported that stroke leads to changes in the Gls and Ripk1 genes (42, 44, 45), which is consistent with the changes in the expression levels of Gls and Ripk1 in the brain on the second day after brain injury (B2B vs. BC). These results indicate a close association between cell death and brain/skull ischemic injury, which might play an important role in ischemic stroke.



3.3 Association of ischemic injury with cancer hallmark pathways

We further performed enrichment analysis of the cancer hallmark gene sets of the different groups after brain and skull ischemic injury, as shown in Figure 4 and Supplementary Table S3. There were 39 cancer hallmark pathways associated with brain and skull ischemic injury. Figure 4A shows the consistent pattern of variations in the up- and downregulation of the gene expression in these cancer hallmark pathways (e.g., IL2/STAT5 signaling, IL6/JAK/STAT3 signaling, interferon alpha response, interferon gamma response, epithelial–mesenchymal transition, allograft rejection, apoptosis, E2F targets, G2M checkpoint, hypoxia, inflammatory response, TNF-α signaling, NF-κB, angiogenesis, complement, KRAS signaling, P53 pathway, and myogenesis). The pattern of alterations in the brain after brain PT was found to be almost identical to that in the skull after skull PT (B2B vs. BC, B6B vs. BC, S2S vs. SC, and S4S vs. SC), and a higher enrichment score of the skull groups was also found. On the second day after skull PT, the brain showed evident changes (S2B vs. BC), which almost returned to the normal pattern by the day 4 (S4B vs. BC). However, on the second day after brain PT, the brain showed almost no changes (B2S vs. SC), but significant changes appeared on the sixth day (B6S vs. SC). Furthermore, two representative cancer hallmark pathways (i.e., interferon gamma response and hypoxia) were selected to explore the changes in brain and skull ischemic injury based on the GSEA plots (Figures 4B, D). The results showed a consistent pattern of changes between brain and skull ischemic injury, but manifested completely opposite patterns of change at different time points after ischemic injury.




Figure 4 | Enrichment analysis of the genes associated with the cancer hallmark pathways in brain and skull ischemic injury. (A) Enrichment patterns of the brain and skull ischemic injury-related genes in the cancer hallmark pathways. (B, D) Gene set enrichment analysis (GSEA) between the brain and skull ischemic injury groups for the representative interferon gamma response (B) and hypoxia (D) pathways. (C, E) Gene set variation analysis (GSVA) scores of the single samples for the representative interferon gamma response (C) and hypoxia (E) pathways (n = 3). BC, control group for the uninjured brain; B2B and B6B, brain samples of the second and sixth days after brain photothrombosis (PT); SC, control group for the uninjured skull; S2S and S4S, skull samples of the second and fourth days after skull PT; B2S and B6S, skull samples of the second and sixth days after brain PT; S2B and S4B, brain samples of the second and fourth days after skull PT.



Moreover, comparisons of the GSVA scores representing the extent of interferon gamma response and hypoxia between the brain and skull ischemic injury groups showed that the genes associated with both pathways were significantly upregulated on day 2 after ischemic injury (p < 0.01) (Figures 4C, E) and were downregulated in the injured sites on days 4 and 6. However, after skull PT, the genes related to these two pathways in the brain were significantly upregulated on the second day (p < 0.001), but returned to normal on the fourth day. On the other hand, the genes related to these two pathways did not change significantly in the skull tissues on the second day after brain PT (p > 0.05), but significant changes occurred on the sixth day. These results suggest that the effect of skull ischemic injury on the brain manifests rapidly, while there is a relative delay in the effect of brain ischemic injury on the skull.



3.4 Alterations in the immune cell abundance during brain and skull ischemic injury

We further analyzed the association of immune cell abundance with brain and skull ischemic injury. We determined the immune cells from bulk RNA-seq data using the immune cell abundance estimation tool ImmuCellAI-mouse and found 32 classes of immune cells altered during brain and skull ischemic injury, as shown in Supplementary Table S4. Figure 5A shows that, on the second day after skull PT, the immune cell abundance in the brain was altered, but recovered by the fourth day. In contrast, on the second and sixth days after brain PT, the immune cell abundance in the skull had little alteration. This indicates that the skull possesses a relatively stable immune microenvironment and plays a very important role in brain immunity. Additionally, we predicted the abundance of immune cells, which revealed dynamic changes in immune cell infiltration during brain and skull ischemic injury (Figures 5B, C). We found that the immune microenvironment of the brain was indeed affected by skull injury on the second day, whereas the brain almost returned to normal on the fourth day. However, the immune cell abundance in the skull was not changed immediately when ischemic injury occurred in the brain, but was activated on the sixth day. In order to understand the molecular mechanisms of the alterations in the immune cell abundance after brain and skull ischemic injury, the correlation between the brain and skull ischemic injury-related genes and immune cells needs to be unveiled.




Figure 5 | Changes in the immune cell abundance after ischemic injury. (A) Immune abundance changes in the brain and skull groups. (B, C) Boxplot of the immune cell abundance differences in the brain (B) and skull (C) groups (n = 3; Kruskal–Wallis test: *p < 0.05, **p < 0.01). (D, E) Positive (red) and negative (blue) correlation patterns between the ischemic injury-related genes and the different immune cell types across the brain (D) and skull (E) ischemic injury groups (Pearson’s correlation: r > 0.9, p < 0.05). BC, control group for the uninjured brain; B2B and B6B, brain samples of the second and sixth days after brain photothrombosis (PT); SC, control group for the uninjured skull; S2S and S4S, skull samples of the second and fourth days after skull PT; B2S and B6S, skull samples of the second and sixth days after brain PT; S2B and S4B, brain samples of the second and fourth days after skull PT.



The number of immune cell infiltration-related genes after brain ischemic injury was less than that after skull ischemic injury (Figures 5D, E). The abundance of macrophages increased significantly on the second day after brain ischemic injury (p < 0.05). A total of 1,312 genes were positive for M1 macrophage, while only 120 genes were negative. Similarly, 946 genes were positive for M2 macrophage, while only 95 genes were negative. For day 6 of brain ischemic injury, 846 genes were positive for M1 macrophage abundance, but only 57 genes were negative. Similarly, 884 genes were positive for M2 macrophage abundance, but only 64 genes were negative (Figure 5D). The abundance of macrophages was significantly increased on the second day after skull ischemic injury (p < 0.05), with 4,693 genes positive and 3,949 genes negative for M1 macrophage abundance. Similarly, 4,693 genes were positive and 3,994 genes were negative for the abundance of M2 macrophage. For day 4 of skull ischemic injury, 4,373 genes were positive and only 3,603 genes were negative for M1 macrophage abundance. Similarly, 4,203 genes were positive and only 3,570 genes were negative for M2 macrophage abundance (Figure 5E). Furthermore, the number of genes with positive and negative correlations were roughly similar in each immune cell for skull ischemic injury, whereas for there was a huge gap between the number of positive and negative correlations for brain ischemic injury. These results suggest that ischemic injury-related genes are associated with alterations in the abundance of immune cells. We can reasonably speculate that brain ischemic injury may disrupt its immune microenvironment for a longer time, while the skull can balance the stability of the immune microenvironment better.



3.5 Pan-cancer genomic and prognosis analyses of ischemic injury-related genes

The enrichment analysis showed that the ischemic injury DEGs were highly enriched in the cancer hallmark pathways, hinting at the connection between stroke and cancer. To investigate this potential association, we used the top 50 highly expressed genes in the injured brain tissue as the brain ischemic injury-associated genes (BIIGs). Subsequently, we used a gene set cancer analysis (GSCA) web server (46) to explore the genomic and prognostic associations of the BIIGs with The Cancer Genome Atlas (TCGA) pan-cancers (47). We utilized 14 cancer types from TCGA with paired tumor-normal RNA-seq samples to identify the DEGs for BIIGs. Overall, the BIIGs were significantly differentially expressed in 14 cancer types (FDR < 0.05). We interpreted an increased expression as upregulation and a decreased expression as downregulation compared with the control groups (Figure 6A). Some BIIGs were upregulated in multiple cancer types: Top2a, Mki67, Rrm2, Mcm6, and Spp1 were upregulated in more than eight cancer types, while Emp1, Ptx3, and Socs3 were upregulated in seven cancer types. Some BIIGs were downregulated in various cancers, especially Il1r1, Srgn, Emp1, Ptx3, Socs3, and Cebpd, which were downregulated in at least seven cancer types. A recent study has shown that Spp1, Top2a, and Mki67 played a vital role in the inflammatory response during brain ischemic injury (48, 49) and that Ptx3 was an important target in brain ischemic injury and possibly other brain inflammatory disorders (50). Some other findings indicated that the downregulation of Socs3 in the microglia/macrophages could lead to a marked bias toward the M2 phenotype and ameliorate the inflammation, which could promote neuroprotective effects after stroke (51). Therefore, this suggests that ischemic injury-associated genes play different roles in different tumor environments.




Figure 6 | Pan-cancer genomic and prognostic analyses of the ischemic injury-associated genes. (A) Upregulation (red) and downregulation (blue) patterns of the ischemic injury-associated gene sets across different cancer types (y-axis) compared to paired normal samples. The x-axis represents the 50 core brain ischemic injury-associated genes. The color intensity indicates the fold change, while the point size indicates the significance of the p-value. Upper bars show the frequency of cancer types, with upregulation (red) and downregulation (blue) for each brain ischemic injury-related gene. (B) Gene set variation analysis (GSVA) scores of the ischemic injury-associated gene set in each cancer type (n = 3). *p < 0.05, **p < 0.01. (C) Expression of the ischemic injury-associated genes correlated with the overall survival (OS), progression-free survival (PFS), disease-specific survival (DSS), and disease-free survival (DFI) in various cancers from The Cancer Genome Atlas (TCGA). (D) Kaplan–Meier curves showing the OS of the ischemic injury-related gene sets analyzed in glioblastoma multiforme (GBM), kidney renal clear cell carcinoma (KIRC), brain lower grade glioma (LGG), and uveal melanoma (UVM). BC, control group for the uninjured brain; B2B and B6B, brain samples of the second and sixth days after brain photothrombosis (PT); SC, control group for the uninjured skull; S2S and S4S, skull samples of the second and fourth days after skull PT; B2S and B6S, skull samples of the second and sixth days after brain PT; S2B and S4B, brain samples of the second and fourth days after skull PT.



Furthermore, we evaluated the GSVA scores of the 50 BIIGs in TCGA cancer types, as indicated in Figure 6B. We found that the GSVA scores of the BIIGs were low in brain-related tumors [e.g., brain lower grade glioma (LGG) and glioblastoma multiforme (GBM)] and higher in diffuse large B-cell lymphoma (DLBC). Subsequently, we analyzed the association of the BIIGs with prognosis, including overall survival (OS), progression-free survival (PFS), disease-specific survival (DSS), and disease-free survival (DFI), in TCGA cancer types (Figure 6C). We classified the patients into a high-BIIG and a low-BIIG group based on the median GSVA scores of the BIIGs. The hazard ratio greater than 1 of the higher GSVA score group compared to the lower GSVA score group indicated a higher risk. We found that tumor patients with GBM, kidney renal clear cell carcinoma (KIRC), LGG, and uveal melanoma (UVM) had a greater mortality risk with higher BIIG GSVA scores. As shown in Figure 6D, patients with high expression levels of the ischemic injury-associated genes showed significantly worse survival in GBM (log-rank test, p = 0.0031), KIRC (log-rank test, p = 0.0031), LGG (log-rank test, p = 2 × 10−6), and UVM (log-rank test, p = 0.0012).




4 Discussion

In this study, we evaluated the high GSVA scores of the BIIGs in DLBC, mesothelioma (MESO), and acute myeloid leukemia (LAML) (Figure 6B). These highly correlated tumors were not directly related to the brain, which may be due to the limited number of ischemic injury-associated genes we selected for analysis (top 50 highly expressed genes). However, there have also been some case reports showing the strong association between DLBC (52) and MESO (53) and stroke. Additionally, a recent study has demonstrated that RNA signatures in the blood can be used to identify cancer-associated acute ischemic stroke and to monitor patients with cryptogenic acute ischemic stroke for occult cancer (54). This may explain our finding of a higher association between LAML and stroke.

Among the top genes we selected that were consistently overexpressed after brain ischemic injury, Top2a has been reported to accelerate tumor development and progression in many cancers, whose upregulation correlated with tumor metastasis and shorter survival in patients (55). Moreover, Mki67 plays an important role in tumor microenvironment and congenital immunity (56). A lot of studies have reported that Mki67, Rrm2 (57), and Mcm6 (58) could act as prognostic biomarkers in several cancer types. In addition, Ptx3 is also an inflammatory molecule related to cancer proliferation, invasion, and metastasis (59). These results fully indicate a certain relationship between the tumor microenvironment and ischemic stroke.

The process of ischemic stroke is inevitably accompanied by cell death due to the cutoff of the nutrient supply to the injured site. Previous stroke-related studies have focused on apoptosis (40). In this work, we found that ischemic injury may involve multiple pathways of cell death, including the apoptosis, cuproptosis, ferroptosis, necroptosis, and pyroptosis pathways. An understanding of the mechanisms of the different cell death pathways is crucial to helping with modern treatments of protecting apoptotic neurons after ischemic stroke.

In this work, the ischemic injury modeling was consistent with our recent study (39), and the time points we selected for brain and skull sampling were based on the vascular regeneration patterns reported. Since we needed to compare and analyze the changes in the brain and skull after ischemic injury, we controlled the degree of ischemic injury; thus, the PT-induced ischemic injury model was quite suitable.

In summary, transcriptome analysis was performed to analyze and compare the gene expression profiles between the brain and the skull after ischemic injury. There exist temporal and spatial differences in the gene expression patterns for both the brain and the skull with ischemic injury, with the skull playing an important role in cerebral ischemic injury. Moreover, the brain ischemic injury-related gene sets were highly correlated with a variety of tumors, particularly GBM, KIRC, LGG, and UVM, which carry a greater mortality risk after stroke.
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Supplementary Figure 1 | The batch effect removal of RNA-seq data. (BC: control group for uninjured brain; B2B and B6B: brain samples group for the 2nd or 6th day after brain PT; SC: control group for uninjured skull; S2S and S4S: skull samples group for the 2nd or 4th day after skull PT; B2S and B6S: skull samples group for the 2nd or 6th day after brain PT; S2B and S4B: brain samples group for the 2nd or 4th day after skull PT)

Supplementary Figure 2 | Volcano plot of DEGs for the brain and skull ischemic injury (up-regulated in purple, down-regulated in green). (BC: control group for uninjured brain; B2B and B6B: brain samples group for the 2nd or 6th day after brain PT; SC: control group for uninjured skull; S2S and S4S: skull samples group for the 2nd or 4th day after skull PT; B2S and B6S: skull samples group for the 2nd or 6th day after brain PT; S2B and S4B: brain samples group for the 2nd or 4th day after skull PT)

Supplementary Figure 3 | GO term of biological process enrichment with intersected genes in each group (Top 20 of terms). (BC: control group for uninjured brain; B2B and B6B: brain samples group for the 2nd or 6th day after brain PT; SC: control group for uninjured skull; S2S and S4S: skull samples group for the 2nd or 4th day after skull PT; B2S and B6S: skull samples group for the 2nd or 6th day after brain PT; S2B and S4B: brain samples group for the 2nd or 4th day after skull PT)

Supplementary Table 1 | Differential expression genes for each group.

Supplementary Table 2 | GO biological process enrichment for up- and down-regulated genes.

Supplementary Table 3 | GSVA score of cancer hallmarks for each sample.

Supplementary Table 4 | Estimated immune cell abundances for each sample.
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Cuproptosis was characterized as a novel type of programmed cell death. Recently, however, the role of cuproptosis-related long noncoding RNAs (CRLs) in tumors has not yet been studied. Identifying a predictive CRL signature in hepatocellular carcinoma (HCC) and investigating its putative molecular function were the goals of this work. Initially, Pearson’s test was used to assess the relationship between lncRNAs and cuproptosis-associated genes obtained from HCC data of The Cancer Genome Atlas (TCGA). By implementing differential expression and univariate Cox analysis, 61 prognostic CRLs were subsequent to the least absolute shrinkage and selection operator (LASSO) Cox regression analysis. A prognostic risk score model was then constructed to evaluate its ability to predict patients’ survival when combined with clinicopathological parameters in HCC. The five-lncRNA prognostic signature categorized the HCC patients into high- and low-risk groups. The low-risk group exhibited more sensitivity to elesclomol than the high-risk one. Surprisingly, distinct mitochondrial metabolism pathways connected to cuproptosis and pivotal immune-related pathways were observed between the two groups via gene set enrichment analysis (GSEA). Meanwhile, there were substantial differences between the high-risk group and the low-risk group in terms of tumor-infiltrating immune cells (TIICs). Furthermore, a positive relationship was shown between the risk score and the expression of immune checkpoints. Additionally, differential expression of the five lncRNAs was confirmed in our own HCC samples and cell lines via RT-qPCR. Finally, in vitro assays confirmed that WARS2-AS1 and MKLN1-AS knockdown could sensitize HCC cells to elesclomol-induced cuproptosis. Overall, our predictive signature may predict the prognosis of HCC patients in an independent manner, give a better understanding of how CRLs work in HCC, and offer therapeutic reference for patients with HCC.
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Introduction

Hepatocellular carcinoma remains one of the most common malignancies globally, ranking as the third cause of cancer-related mortality and sixth with regard to the incidence of all tumor types (1). A number of risk factors for the occurrence of HCC include hepatitis B virus (HBV), hepatitis C virus (HCV), alcoholic liver disease, and nonalcoholic steatohepatitis (2). Due to the low rate of early diagnosis in HCC, the majority of cases are not detected until they have progressed to an advanced stage of cancer (3). Over the past decades, many different treatment modalities have been developed to combat HCC, but high post-operative recurrence rates and drug resistance continue to be barriers to cure HCC (4, 5). As a result, a thorough understanding of the networks involved in HCC development and progression is essential for improving detection efficiency and developing more effective therapies.

It is known that copper (Cu) is a cofactor for enzymes that control a variety of vital cellular activities, including mitochondrial respiration, antioxidant defense, and the manufacture of hormones (6). According to recent findings, although Cu is increasingly implicated in cell proliferation (7), dysregulation of Cu stores can also induce cytotoxicity via multiple pathways. One mechanism proposed by Masazumi Nagai et al. demonstrated that the Cu-binding drug elesclomol preferentially chelated Cu outside of cells and selectively transported the Cu to mitochondria as elesclomol-Cu (II), thereby triggering mitochondrial reactive oxygen species (ROS) induction (8). Another Cu chelators disulfiram (DSF) formed a DSF/Cu complex with Cu to severely disrupt mitochondrial homeostasis and increase the free iron pool, ultimately provoking lipid peroxidation and causing ferroptotic cell death (9). However, these traditional views of copper-induced cytotoxicity have been challenged by emerging evidence that Cu-dependent death occurs via direct binding of Cu to lipoylated components of the TCA cycle, which leads to proteotoxic stress and ultimately cell death (10). In addition, treatment with inhibitors of other well-known cell death pathways, such as apoptosis (Z-VAD-FMK), ferroptosis (ferrostatin-1), necroptosis (necrostatin-1), and oxidative stress (N-acetyl cysteine), could not reverse Cu ionophore-induced cell death. Therefore, scientists proposed this previously uncharacterized cell death mechanism as cuproptosis. So far, there have only been a few cuproptosis-related genes discovered in cancer. It is urgent for us to find novel regulators of cuproptosis for the purpose of improving the diagnosis and treatment of cancer.

In recent years, advances in sequencing technologies have led to the discovery of a multitude of non-coding RNA (ncRNA) species, which are a class of RNAs lacking potential to encode proteins. Pervasive transcription produces a vast repertoire of ncRNAs of all sizes and shapes, including short ncRNAs (such as microRNAs), long non-coding RNAs (lncRNAs), and circular RNAs (cirRNAs) (11). ncRNA containing more than 200 nucleotides was defined as lncRNA, which can act as miRNA sponges, RNA-binding protein sequestering factors, as well as regulators of gene expression by controlling mRNA transcription (12). LncRNAs have been implicated in tumorigenesis-associated biological functions such as metastasis and programmed death, according to a growing body of research over the last several decades (13, 14). Despite the fact that lncRNAs have been studied extensively in other types of cell death (15), no study on cuproptosis-associated lncRNAs has yet been documented. It is thus a great challenge for us to explore how lncRNAs work during the process of cuproptosis especially in cancer. Intriguingly, studies have also shown that cell death-related lncRNA could exert a pivotal role in the regulation of immune cells. For example, three lncRNA A2M-AS1, C2orf27A, and ZNF667-AS1 were identified as the upstream transcriptional regulators of several hub ferroptosis-associated genes (FAGs) while these FAGs had a significant effect on immune cell infiltration in gastric cancer, indicating that lncRNA might affect immune response via mediating ferroptosis process (16). Moreover, another literature has reported that the construction of a ferroptosis-related lncRNA model could contribute to the immune status and response to immunotherapy of lung cancer, which built a link between cell death-related lncRNAs and immune regulation (17). Such findings have provided us with new perspectives on the investigation of the relationship between the cuproptosis-related lncRNAs and tumor-associated pathways in the future.

In this work, we developed a predictive model based on cuproptosis-associated lncRNAs in HCC. The performance of predicting survival on the basis of the signature-based risk score was analyzed together with other standard clinicopathological parameters. In addition, its significance in assessing the sensitivity of cuproptosis inducer elesclomol has been further evaluated between the high- and low- risk groups. Moreover, internal cohorts were then carried out to verify the results above. Further investigation into the mechanism of action of CRLs in HCC was conducted using gene set enrichment analysis (GSEA). and immune infiltration analysis. Finally, the role of three lncRNAs in regulating cuproptosis was validated via in vitro experiments. Overall, our findings provided valuable clues into the underlying mechanisms of cuproptosis in HCC and may help predict patients’ survival more accurately.



Methods


Patients and datasets

The fragments per kilobase of transcript per million mapped reads (FPKM)-standardized RNA-seq data of 424 samples, including 50 normal hepatic tissues and 374 tumor samples, and the corresponding clinical and prognostic data were downloaded from the TCGA website (https://portal.gdc.cancer.gov/projects/TCGA-LIHC). Patients with unknown clinical information and an overall survival time of less than 30 days were excluded. Then, Ensembl IDs were processed and converted to official gene symbol, including lncRNAs, protein-coding genes, miRNAs, etc.



Identification of cuproptosis-related lncRNAs

To identify the CRLs, a total of 13 cuproptosis-related genes (CRGs) were summarized from recently published literature (10) (Supplementary Table S1). According to previous documents, Pearson analysis was considered an accepted method to investigate the correlation between coding genes and lncRNAs in the RNA-seq data of TCGA HCC samples (18, 19). Before obtaining enough cuproptosis-related lncRNAs, we have set various R values based on the published documents (18, 20, 21) and chosen R > 0.4 and P < 0.001 as the best cutoff value eventually. Then, the associations between CRLs and CRGs were initially filtered.



Differential expression analysis of lncRNAs

The expression levels of CRLs between HCC and normal hepatic tissues were examined using the Wilcoxon test. A false discovery rate (FDR) < 0.01 and |Fold change (FC)| > 2 were set as screening criteria to obtain differentially expressed lncRNAs (DELs).



The construction of the co-expression network

The co-expression network between CRLs and CRGs was constructed by Cytoscape software (version 3.7.2). Then, the ggalluvial R software package was used to plot a Sankey diagram in order to demonstrate the degree of correlation between CRLs (risk/protect) and their corresponding CRGs.



The construction of cuproptosis-related prognostic signature

By using the ‘survival’ R package and defining p < 0.05 as screening criteria, the intersecting lncRNAs of CRLs and DELs were subsequent to univariate cox analysis for obtaining prognostic CRLs in HCC patients. least absolute shrinkage and selection operator (LASSO) Cox regression analysis was applied to construct CRLs predictive signature (22, 23). Initially, 18 prognostic lncRNAs were screened out on the basis of the optimal penalty parameter λ determined by tenfold cross-validation following the minimum criteria. Afterwards, multivariate cox regression analysis was conducted for the establishment of a five-lncRNA predictive model. The computational formula used for cuproptosis-related prognostic risk score was as follows:

Risk score = Coefi lncRNA1 × lncRNA1 expression + Coefi lncRNA2 × lncRNA2 expression + · ···· +Coefi lncRNAn × lncRNAn expression. Coefi represents the coefficient value of the corresponding lncRNA. Based on the median value of the risk score, patients were divided into low-risk and high-risk groups. The R package ‘survminer’ was used to generate the Kaplan–Meier curve with a log-rank test to compare the prognostic significance of cuproptosis-related five-lncRNA risk model. To assess the predictive ability of the lncRNA-based prognostic risk signature, the R package “timeROC” was used to examine the receiver operating characteristic (ROC) of 1/3/5-year survival (24). Moreover, univariate and multivariate Cox regression methods were performed to evaluate the prognostic prediction power of this risk score model.



Construction of nomogram

A nomogram for predicting the 1-, 3-, and 5-year survival of HCC patients was developed using the risk model in conjunction with clinicopathological parameters such as age, gender, grade, stage, metastasis (M), positive lymph node (N) and vascular invasion. To determine if the anticipated survival rate was congruent with the observed survival rate, we employed a calibration curve.



Function enrichment analysis

For the purpose of investigating the molecular mechanism and biological process involved in the cuproptosis-related lncRNA signature, GSEA was performed to discover which pathway genes were mainly enriched between the high/low risk groups using the h.all.v7.4 symbols.gmt [Hallmarks], and the Kyoto Encyclopedia of Genes and Genomes (KEGG) dataset c2.cp.kegg.v7.4.symbols.gmt from the molecular signature dataset (https://www.gsea-msigdb.org/gsea/msigdb) as references (25). The criteria for statistical significance were nominal p < 0.05 and FDR<0.25.



Immune infiltrate analysis

CIBERSORT is an analytical tool that uses preprocessed gene expression profiles to depict the cell composition of complex tissues (26). 22 different kinds of TIICs were examined using CIBERSORT. To compare the fraction of tumor-infiltrating immune cells, the Wilcox test was performed. Spearman’s correlation test was used to examine the link between the signature’s risk score and immune cells. The relationship between the signature’s risk score and the expression of immune checkpoint genes was determined by Pearson’s test.



The role of the risk signature in predicting drug sensitivity

Predictions of drugs’ IC50 values were made using the ‘pRRophetic’ R program (27), which calculates the efficiency of Elesclomol in provoking cuproptosis.



HCC cell lines, human samples and reagents

Researcher Tong Ji, an assistant of the principal investigator at Cang laboratory at Zhejiang University, provided HCC cells, including HA22T and Huh7. Normal liver cell, MIHA, was kindly provided by Dr J R Chowdhury (Albert Einstein College of Medicine, New York). All cell lines were cultured in DMEM medium (Gibco, USA) containing 10% fetal bovine serum (FBS, Gibco) at 37°C in humidified air with 5% CO2. A total of 36 HCC samples and adjacent normal tissues were collected from HCC patients who underwent surgical resection at the Sir Run Run Shaw Hospital (SRRSH). All patients involved provided written informed consent. This research was approved by the Institutional Review Board of the SRRSH, School of Medicine, Zhejiang University, Hangzhou, China. Elesclomol (S1052), Z-VAD-FMK (ZVF, S7023), ferrostatin-1 (Fer-1, S7243), necrostatin-1 (Nec-1, S8037), and N-acetyl cysteine (NAC, S5804) were purchased from Selleck. Tetrathiomolybdate (TTM, 323446) was purchased from Sigma.



RNA interference

The Ribo™ Smart Silencer, composed of three anti-sense oligonucleotides (ASO) and three small interference RNAs (siRNAs) was designed and synthesized in Ribobio (China), which could effectively knock down both nuclear and cytoplasmic lncRNAs. Cells were transfected with 100 nM of smart silencer for each well using the Lipofectamine™ 3000 transfection reagent (L3000015; Thermo Fisher, USA). After 48 hours of transfection, cells were collected and processed for RT-qPCR and other experiments. The sequences of the lncRNA smart silencer were listed in Table 1.


Table 1 | Sequences of lncRNA smart silencers.





RNA extraction and quantitative real-time PCR

RNA extraction was performed using the RNA-Quick Purification Kit (ES Science) following the manufacturer’s instructions. Reverse transcription was conducted according to the Eco M-MLV RT Premix kit (AG11706, Accurate Biology). Target gene expression was normalized to the endogenous control gene glyceraldehyde 3-phosphate dehydrogenase (GAPDH). RT-qPCR was conducted on the QuantStudio 1 (applied biosystems, Thermo Fisher Scientific, USA) machine utilizing SYBR Green Premix Pro Tag HS qPCR kit (AG11701, Accurate Biology). Expression levels of lncRNAs were calculated with 2−ΔΔCT method. Table 2 showed the primer sequences used for RT-qPCR.


Table 2 | Primers used in this study.





Cell viability

A total of 3000-4000 HCC cells per well were planted into a 96-well plate and allowed to attach for 16-24h. Then HCC cells were exposed to increasing doses of elesclomol for 24h. Then, 100 μL of fresh medium containing 10% CCK8 solution (MA0218, Meilunbio, China) was added, and the 450-nm absorbance was detected following incubation for 1.5h at 37°C using a spectrophotometer (Multiskan Spectrum 1500, Thermo, USA). Where specified, indicated concentrations of Cucl2 were added to the media. As for the chemical rescue assay, cell death inhibitors were added after plating for 6h, then cuproptosis inducer elesclomol was added into plates and incubated for 48h.



Statistical analysis

RStudio and its associated packages were used to conduct all statistical analyses. The ‘ggplot2’ package was utilized to visualize the graphs. The Wilcox test was used to compare lncRNA expression between HCC and para-noncancerous tissues of TCGA. The chi-squared test was used to examine differences in the proportions of clinical features. A paired t-test was used to analyze the data between HCC and adjacent normal tissues in house. Variances among multiple groups were analyzed by one-way ANOVA. Statistical significance was defined as a p-value<0.05.




Results


Identification of cuproptosis-related differentially expressed lncRNAs in HCC

Figure 1 illustrated the research flow diagram for our investigation. The FPKM-standardized RNA-seq data of 424 samples were downloaded from TCGA. Then, a total of 14086 lncRNAs and 19604 mRNAs were separated, respectively. According a recently published literature (10), authors have proposed a novel cell death named cuproptosis in various diseases context, which was not reported previously. We obtained 13 CRGs from the study and listed their detailed information in Supplementary Table 1. To evaluated CRLs, the correlation between CRGs and lncRNAs was performed via Pearson analysis on the basis of R>0.4 and p value<0.001. There were a total of 291 CRLs defined in total. Meanwhile, 3261 lncRNAs with differential expression were discovered in HCC samples compared to the normal tissues (log2|FC| > 1, FDR < 0.01) (Supplementary Table 2). Supplementary Figure 1 depicted a volcanic map of DELs. Moreover, combined with CRLs and DELs, we obtained a total of 221 cuprotosis-related differentially expressed lncRNAs (CRDELs) (Figure 2A).




Figure 1 | The flowchart of this work. HCC, hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; DElncRNAs, differentially expressed lncRNAs; lncRNAs, long noncoding RNAs; ROC, receiver operating characteristic; GSEA, gene enrichment analysis.






Figure 2 | Prognostic analysis of differentially expressed cuproptosis-related lncRNAs and the construction of a coexpression network. (A) Venn diagram identifying the lncRNAs shared by differentially expressed lncRNAs and cuproptosis-related lncRNAs. (B) Forest plots displaying the outcomes of the univariate cox regression analysis of about 61 prognostic differentially expressed CRLs. (C) The correlation between 61 prognostic CRLs and 13 CRGs in the TCGA-HCC cohort. Each unit’s color indicated the degree of correlation. Red implied the positive relationship, blue was on the contrary. (D) Coexpression network of 61 prognostic differentially expressed CRLs and CRGs based on the Pearson’s R>0.4 and P<0.001. (E) The Sankey diagram illustrated the link between the 61 prognostic differentially expressed CRLs and CRGs on the basis of Pearson’s R>0.4 and P<0.001. lncRNAs, long noncoding RNAs; CRLs, cuproptosis-associated lncRNAs; CRGs, cuproptosis-related genes; HCC, hepatocellular carcinoma. *p < 0.05, **p < 0.01, and ***p < 0.001.





Identification of prognostic cuproptosis-related differentially expressed lncRNAs

The predictive ability of the CRDELs was examined by univariate Cox regression analysis utilizing the overall survival (OS) data of HCC patients in the TCGA database. This led to the identification of 61 prognostic CRDELs (Figure 2B and Supplementary Table S3). All of these lncRNAs were regarded as “risk” genes. As shown in Figure 2C, the correlation between the prognostic CRDELs and CRGs was plotted. In addition, the detailed correlation rate and p value between each prognostic CRDEL and CRG were listed in Supplementary Table 4.

Furthermore, a lncRNA-gene coexpression network was created in order to further assess the relationship between these 61 prognostic CRDELs and the representative CRGs based on the Pearson’s R>0.4 and p<0.001 in great detail (Figure 2D). Among these lncRNAs, two lncRNAs (WARS2-AS1 and ZNF32-AS2) were co-expressed with 4 CRGs including LIPT1, MTF1, GLS, ATP7A, while AC099850.4 was co-expressed with MTF1, GLS, CDKN2A, ATP7A. Among CRGs, lipoyltransferase 1 (LIPT1), exhibited positive coexpression with 29 prognostic CRDELs significantly. Additionally, ATPase Cu transporting alpha (ATP7A) was linked to 17 prognostic CRDELs. Supplementary Table 5 provided further information on the coexpression network in detail. Following that, the intrinsic link between prognostic CRDELs and CRGs was later revealed via visualizing their prognostic function. CRDELs, CRGs and their roles in HCC were shown in a Sankey diagram that we created (Figure 2E).



Construction of the prognostic signature based on cuproptosis-associated five-lncRNAs

To build a prognostic model utilizing the expression profiles of 61 CRDELs described above, LASSO Cox regression analysis was used. Figures 3A, B showed the cvfit and lambda curves, respectively, based on multivariate cox regression analysis, the five-lncRNA expression risk score for each sample was calculated as follows: 0.475 × FOXD2-AS1 expression + 0.631× NRAV expression + 0.903 × MED8-AS1 expression + -1.24 × WARS2-AS1 expression + 1.362 × MKLN1-AS expression. Univariate and multivariate Cox regression analyses were performed among the clinical variables to examine whether the predictive signature was an independent prognostic factor for HCC patients. Univariate cox regression analysis found that gender, grade, stage, T stage, M stage, vascular invasion, and risk score were all significant predictors of OS in patients with HCC (Figure 3C). The results of a multivariate cox regression analysis revealed that grade, M stage and risk score were independent determinants of OS in HCC patients (Figure 3D).




Figure 3 | Construction of a 5-cuproptosis-related-lncRNA signature and evaluation of its predictive value. (A, B) Cvfit and lambda curves demonstrating LASSO regression generated using a 10-fold cross-validation. (C, D) Results of the univariate and multivariate independent prognostic analysis in addressing the 5-cuproptosis-related lncRNA signature’s overall survival. (E) The nomogram model of age, gender, grade, stage, M, N, vascular invasion and risk score was used to forecast the 1-year, 3-year, and 5-year overall survival rate of HCC patient. (F-H) The calibration curves evaluated the congruence between the observed OS rates and the expected survival rates at 1, 3, and 5 years. The dashed grey diagonal line was the optimal nomogram. lncRNAs, long noncoding RNAs; LASSO, Least absolute shrinkage and selection operator; OS, overall survival; HCC, hepatocellular carcinoma; M, metastasis, N, lymph node.



In order to better forecast the prognosis of HCC patients, we developed a nomogram that included different clinicopathological characteristics as well as the risk score. This nomogram was capable of predicting the prognosis of HCC patients at 1, 3, and 5 years (Figure 3E). Furthermore, the calibration curves demonstrated a high degree of congruence between the observed and anticipated survival rates at 1, 3, and 5 years (Figures 3F–H).

Following that, we focused on the prognostic value of this 5-CRL model to evaluate how well it performed. The median cut-off value was used to divide the patients into high-risk and low-risk groups (Figure 4A). As the risk score increased, an increasing number of HCC patients died (Figure 4D). The Kaplan-Meier method was used to compare the OS time of the high- and low-risk groups. In comparison to the low-risk group, the high-risk group’s OS time was much shorter (Figure 4G). Intriguingly, good predictive performance was shown by the area under the curve (AUC) of survival at 1, 3, and 5 years, which were 0.794, 0.715, and 0.708 respectively (Figure 4J). For further validation, an ROC curve was built to demonstrate the signature’s superior predictive accuracy in comparison with other clinicopathological parameters (Figure 4M). To assess the prognostic signature for OS’s applicability throughout the overall TCGA dataset, 342 HCC patients were randomly separated into two cohorts via 1:1 ratio. Consistent with the results observed in the entire dataset, there was a reasonable distribution of the samples from the two risk categories in the first (Figures 4B, E, H, K, N) and second internal cohort (Figures 4C, F, I, L, O). Taking all of these studies together, it was shown that this unique cuproptosis-associated five-lncRNA signature could be a reliable independent predictive factor for patients with HCC.




Figure 4 | Construction and validation of the cuproptosis-related lncRNA signature model in the overall, first internal and second internal cohorts. (A-C) The distribution and median value of the risk scores in the overall, first internal and second internal cohorts. (D-F) The distribution of overall survival status, survival time and risk score in the overall, first internal and second internal cohorts. (G-I) The Kaplan–Meier curves for survival status and survival time in the overall, first internal and second internal cohorts. (J-L) AUC of time-dependent ROC curves demonstrated the ability of the signature of prognostic cuproptosis-related lncRNAs to predict 1-, 2-, and 3-year OS in the overall, first internal and second internal cohorts. (M-O) AUC of ROC curves comparing the prognostic accuracy of the lncRNA signature model and other prognostic parameters in the overall, first internal and second internal cohorts. lncRNAs, long noncoding RNAs; ROC, receiver operating characteristic; AUC, area under the curve; OS, overall survival.





Relationship between the 5-CRL signature and the clinicopathological characteristics in HCC patients

The variations in clinicopathological parameters between the two risk groups were compared (Figure 5A). Interestingly, there were significant differences in fustat (p<0.001), T stage (p<0.05), TNM stage (p<0.05) and grade (p<0.05) between the high- and low-risk groups. In addition, HCC patients were classified into groups according on age, gender, AFP, grade, M stage, T stage, N stage, TNM stage, and vascular invasion in order to explore the correlation between the predictive signature and the prognosis of HCC patients. It was clear that for each group, the OS time of patients at high risk was considerably shorter than that of individuals in the low-risk group (Figures 5B–I and Supplementary Figures 2A–H). Due to the small number of patients in N1 and M1 groups, the survival curves were not presented here. Altogether, these findings implied that the predictive signature may accurately predict the outcome of HCC patients without taking clinicopathological characteristics into account.




Figure 5 | Correlation analysis between the prognostic signature and different clinicopathological characteristics in the TCGA cohort. (A) The heatmap illustrating the distribution of ten distinct clinicopathological features, together with the risk score for each patient based on the predictive signature. Clinicopathological features in red indicated that there was an obvious difference distributed in the high- and low-risk group. (B-I) Kaplan-Meier survival curves for high-risk and low-risk patient groups based on age, gender, TNM stage and grade classification. *p < 0.05, and ***p < 0.001.





Correlation between the predictive signature and cuproptosis

Based on the risk model, a heatmap of the expression levels of five cuproptosis-related lncRNAs signature was depicted (Figure 6A). Meanwhile, the heat map of potential lncRNAs signature profiles revealed that FOXD2-AS1, NRAV, MED8-AS1, WARS2-AS1 and MKLN1-AS were all significantly increased in the high-risk group (Figure 6B). In order to investigate the relationship between the five-lncRNA model and cuproptosis, the differential expression of all 13 CRGs was compared between the two groups. Results indicated that most CRGs were obviously dysexpressed with significant p value (Figure 6C). Furthermore, Cu ionophore like elesclomol was small molecule that bound Cu and transported it into cells, making it valuable for investigating Cu toxicity (8, 10). To better understand the sensitivity of differences between the two risk groups in terms of the cuproptosis inducer elesclomol, the estimated IC50 value of elesclomol was lower in the low-risk group, which was beneficial for developing tailored treatment strategies for individuals in the low-risk groups (Figure 6D). Collectively, these results implied that this five-lncRNA signature might exert a vital role during the process of cuproptosis, which provided a novel clue for us to explore this unique cell death in HCC.




Figure 6 | Correlation between the predictive signature and cuproptosis. (A) The expression levels of 5 lncRNAs associated with cuproptosis in HCC and normal tissues. (B) The expression levels of 5 cuproptosis-related lncRNAs in groups with low and high risk. (C) The differential expression levels of CRGs between high- and low-risk groups. (D) Comparison of senstivity of cuproptosis inducer elesclomol between high- and low-risk groups. lncRNAs, long noncoding RNAs; HCC, hepatocellular carcinoma; CRGs, cuproptosis-related genes. *p < 0.05, and ***p < 0.001.





GSEA enrichment analysis

To better understand the biological processes and pathways linked with the two risk groups identified using the 5-CRL signature, GSEA was conducted. Results of GSEA analysis indicated that several immune-associated signaling pathways were enriched in the high-risk group, including inflammatory response, IL6/JAK/STAT3 signaling, B cell receptor signaling pathway, chemokine signaling pathway, natural killer cell mediated-cytotoxicity and T cell receptor signaling pathway (Figures 7A–F). More surprisingly, glycolysis was mainly correlated with high-risk groups while pathways related to the low-risk group were mainly involved in the regulation of oxidative phosphorylation and the citrate cycle TCA cycle (Figures 7G–I). Since oxidative phosphorylation and the TCA cycle were the main biological processes associated with cuproptosis (10), it is convincible to us that the five lncRNAs might play a critical role in the regulation of this unique cell death. Apart from those, numerous cancer malignant phenotypes-associated pathways, including PI3K/AKT/mTOR, TGF-β signaling and wnt/β/cantenin pathways, were more prevalent in the high-risk group (Figures 7J–L). The details of the GSEA results are listed in Supplementary Table 6.




Figure 7 | Biological functional and pathway enrichment analysis of high-risk group and low-risk group based on the cuproptosis-associated lncRNA signature via GSEA analysis. (A-F) GSEA showing significant enrichment of immune-related pathways in the high-risk HCC patients, including inflammatory response, IL6/JAK/STAT3 signaling, B cell receptor signaling pathway, chemokine signaling pathway, natural killer cell mediated-cytotoxicity and T cell receptor signaling pathway. (G-I) Glycolysis was mainly enriched in the high-risk group while oxidative phosphorylation and citrate cycle TCA cycle were related to low-risk group. (J-L) GSEA showing significant enrichment of tumor-related pathways in the high-risk HCC patients, including PI3K/AKT/mTOR, TGF-β signaling and wnt/β/cantenin pathways. lncRNAs, long noncoding RNAs; HCC, hepatocellular carcinoma; GSEA, gene enrichment analysis.





Immunity analysis of the risk score

For the purpose of determining whether this five-lncRNA signature was associated with tumor immunity, this signature was then examined in relation to the 22 types of TIICs in HCC that were identified using the CIBERSORT algorithm (Supplementary Figure 3). As illustrated in Figure 8A, the CIBERSORT-based heat map of immune responses revealed that M0 macrophages, activated mast cell, monocyte, neutrophil and T cell functions, including resting/activated memory CD4+ T cells, follicular helper T cells, and regulatory T cells, were all significantly different between the high-risk and low-risk groups. A considerably greater proportions of M0 macrophages, neutrophil, activated memory CD4+ T cells, follicular helper T cells, and regulatory T cells was found in the high-risk group while the low-risk group displayed a lower percentage of activated mast cell, monocyte and resting memory CD4+ T cells and (Figures 8B–I). These findings suggested that the infiltration of these immune cell subtypes into the tumor microenvironment might have a significant impact on the prognosis of HCC patients.




Figure 8 | Relationship between the lncRNA-based signature and immune responses in HCC. (A) Relative proportion of 22 different immune cells based on CIBERSORT in the low-risk group and the high-risk group. Immune cells in red indicated that there was a significant difference within the two groups. (B-I) The proportion of M0 macrophages, neutrophil, activated memory CD4+ T cells, follicular helper T cells, regulatory T cells, activated mast cell, monocyte and resting memory CD4+ T cells in the low-risk group and the high-risk group. (J) Heat map showing the relations between risk score and various immune checkpoints via Pearson test. (K) PDCD1 and CD274 were significantly upregulated in the high-risk group. lncRNAs, long noncoding RNAs; HCC, hepatocellular carcinoma. *p < 0.05, **p < 0.01, and ***p < 0.001.



Moreover, the clinical significance of immune therapy strategies in HCC prompted us to explore the link between the risk score and a number of immune checkpoints (28). This was shown by the heat map in Figure 8J, which indicated a positive relationship between the risk score and various immune checkpoints. Among them, numerous immunotherapy targets that have been shown to be beneficial in clinical, such as PDCD1 (PD-1), CD274 (PD-L1), were expressed at a high level in the high-risk group (Figure 8K). Additionally, we have explored the correlation between differentially expressed CRGs within two risk groups and immune checkpoints. Results indicated that most CRGs were significantly co-expressed with immune checkpoints, which established a link between cuproptosis and immune response directly (Supplementary Figure 4). The detailed correlation rate and p value between each CRG and immunity gene were listed in Supplementary Table 7.



Validation of five cuproptosis-related lncRNAs expression in HCC cell and tissues

The five cuproptosis-related lncRNAs expression in HCC cells and tissue were detected through RT-qPCR assay. As shown in the Figures 9A–E, compared to the normal liver cell MIHA, the expression levels of FOXD2-AS1, NRAV, MED8-AS1, and WARS2-AS1 were significantly upregulated in HCC cells except MKLN1-AS. Furthermore, we also conducted RT-qPCR to validate their expressions in 36 pairs of HCC tissues and adjacent normal tissues. Results indicated that FOXD2-AS1, NRAV, MED8-AS1, WARS2-AS1 and MKLN1-AS exhibited higher expressions in HCC patients (Figures 9F–J). However, although the results of MKLN1-AS in tissues and cell lines differed, the RT-qPCR results in the tissue were more credible because the expression level in the cell line did not fully represent the RNA-seq data of TCGA. Overall, our experimental findings also validated the reliability of the predictive signature.




Figure 9 | Validation of five cuproptosis-related lncRNAs expressions in HCC cell and tissues. (A-E) FOXD2-AS1, NRAV, MED8-AS1, WARS2-AS1 and MKLN1-AS expression in normal liver cells and HCC cells. (F-J) FOXD2-AS1, NRAV, MED8-AS1, WARS2-AS1 and MKLN1-AS expression in HCC tissues and adjacent normal tissues. *p < 0.05, **p < 0.01, and ***p < 0.001.





Elesclomol-induced cuproptosis regulated by WARS2-AS1 and MKLN1-AS

Accumulating evidence indicated that elesclomol was characterized as a Cu-binding small molecule and elesclomol-induced cell death was attributed to accumulation of intracellular Cu instead of the effect of elesclomol itself (29, 30). However, studies have reported that Cu ionophore elesclomol could provoke various cell death including apoptosis, ROS and ferroptosis (29–31). To date, the Cu-induced cytotoxicity in HCC has not been clearly elucidated. Firstly, we evaluated whether the elesclomol-induced HCC cell death was dependent on Cu itself. Since serum was the source of Cu, we therefore found that HCC was more resistant to elesclomol in the absence of serum (Figure 10A). On the contrary, the restoration of elesclomol sensitivity was due to the addition of Cu in the cell medium (Figure 10B). Next, the IC50 values of elesclomol in two HCC cell lines were assessed, which were 36nM and 33nM respectively (Figures 10C, D). Under the induction of elesclomol, the cell viability was almost rescued by Cu chelator TTM while other cell death pathway inhibitors, including ZVF, Nec-1, Fer-1 and NAC failed to reverse the cell death provoked by the Cu ionophore elesclomol (Figures 10E, G). Comparable results were also found in another HCC cell line Huh7 (Figures 10F, H). These results indicated that elesclomol-induced cell death was dependent on Cu accumulation and that this cell death was distinct from other traditional cell death mechanisms.




Figure 10 | Validation of cuproptosis induced by elesclomol. (A) Cell viability of HCC cell when grown in the presence or absence of serum and treated with elesclomol. (B) Cell viability of HCC cell when grown in the presence or absence of serum and treated with either elesclomol or elesclomol in the presence of CuCl2. (C, D) HA22T and Huh7 cells were exposed to different doses of elesclomol for 24h and detected by CCK8 reagent. (E, F) Representative images of HCC cells treated with elesclomol (40nM) with or without TTM (5 μM) for 48h. Scale bars represent 200μm. (G, H) The rescue effect of cell death inhibitors on elesclomol treatment in HA22T and Huh7 was explored through CCK8 assay. Data was presented as mean+SD. ZVF, Z-VAD-FMK; Fer-1, ferrostatin-1; Nec-1, necrostatin-1; NAC, N-acetyl cysteine; TTM, Tetrathiomolybdate.



According to Figure 2D, three lncRNAs (NRAV, WARS2-AS1 and MKLN1-AS) in our signature were shown to be central position within this coexpression network, which implied that they might exert important effects in HCC cuproptosis. Therefore, we chose the three lncRNAs for further experimentation Firstly, we designed a special smart silencer to knockdown the expression of NRAV, WARS2-AS1 and MKLN1-AS in two HCC cell lines. As shown in Figures 11A–C, the downregulation efficiency was verified by RT-qPCR. Then, a cell viability assay indicated that depletion of WARS2-AS1 and MKLN1-AS sensitized HCC cell to elesclomol-induced death in a dose-dependent manner, while NRAV deficiency had no effect on elesclomol (Figures 11D–I). Collectively, these results suggested that cuproptosis-related lncRNA WARS2-AS1 and MKLN1-AS played vital roles in HCC progression.




Figure 11 | WARS2-AS1 and MKLN1-AS knockdown rendered cells susceptible for cuproptosis. (A-C) Relative NRAV, WARS2-AS1 and MKLN1-AS mRNA level in HCC cell with or without NRAV, WARS2-AS1 and MKLN1-AS knockdown (n=3). (D-I) HCC cells with or without NRAV, WARS2-AS1 and MKLN1-AS knockdown were exposed to different doses of elesclomol for 24h and detected by CCK8 reagent. SSi-NC, smart silencer negative control; *P < 0.05; **P < 0.01; ***P < 0.001; ns, no significant.






Discussion

Cuproptosis, an uncharacterized cell death, which was proposed in 2022, has attracted researchers worldwide (10). However, the role of cuproptosis in cancer remains unknown, and greater effort is needed to reveal the underlying mechanisms of cuproptosis. In previous studies, lncRNAs have been reported to be closely connected with programmed cell death (PCD) including apoptosis, autophagy, necroptosis, and ferroptosis (15). For instance, overexpressed maternally expressed 3 (MEG3) was able to inhibit growth of breast cancer xenografts and promote cell apoptosis via regulating apoptosis related factors (32). Several lncRNA types may also facilitate tumorigenesis and ferroptosis resistance by acting as competing endogenous RNAs (33). Additionally, lncRNAs were able to protect tumor cells against necroptosis by blocking certain associated proteins (34). LncRNAs also had the ability to initiate autophagy by activating enzymes that were involved in the process (35). Furthermore, predictions of tumor patient outcome using lncRNA-associated signatures have been made using differentially expressed lncRNAs (36, 37). Currently, few research has been conducted to investigate the involvement of lncRNAs in cancer cuproptosis. Therefore, the discovery of CRLs is critical for the development of novel cancer targets. Here, we established a cuproptosis-related lncRNA signature for the first time, which was not only helpful for predicting prognosis and immune response in HCC patients but also presented a potentially effective strategy for guiding individual treatment.

In this study, CRG-associated lncRNAs from TCGA HCC RNA-seq data were initially analyzed followed by filtering out via differential analysis. Then, 221 CRDELs were subsequent to univariate cox regression analysis, and a total of 61 prognostic CRDELs were finally identified. Based on the 61 prognostic CRDELs, a lncRNA-CRG coexpression network was established. We observed a strong connection between LIPT1 and 29 prognostic CRDELs. LIPT1 is essential to lipoic acid metabolism, while lipoic acid is required for catalysis by multiple mitochondrial 2-ketoacid dehydrogenase complexes like pyruvate dehydrogenase (PDH) (38). Regulation of mitochondrial metabolism via PDH complex played a vital role in the process of cuproptosis (10). Meanwhile, we noticed that ATP7A was linked to 17 prognostic CRDELs. ATP7A acts as a Cu exporter to maintain intracellular Cu homeostasis. Once the balance is disrupted, it may affect multiple metabolic pathways and result in the occurrence of physiological disorders (39). Additionally, WARS2-AS1, ZNF32-AS2 and AC099850.4 were all co-expressed with four CRGs. Although the roles of WARS2-AS1 and ZNF32-AS2 have not been clarified previously, AC099850 was proved to be a tumor-promoting lncRNA to promote proliferation and invasion of HCC cells (40). The mechanism by which these lncRNAs regulate cuproptosis deserved to be explored in the future.

LASSO Cox regression analysis was applied to build a five-lncRNA prognostic signature, including FOXD2-AS1, NRAV, MED8-AS1, WARS2-AS1 and MKLN1-AS. The formula was used to calculate the risk score for each patient, and the median value was used to separate the patients into high- and low-risk groups. The patients in high-risk groups had a worse overall survival rate than that in the low-risk groups. Moreover, the predictive signature was shown to be accurate indicated by an excellent prediction performance via the ROC curve. Intriguingly, clinicopathological factors may not perform as well in predicting the prognosis of HCC patients as reliably as the predictive signature. In addition, internal validation also verified the formula’s predictive ability. In order to further investigate the relationship between the five-lncRNA model and cuproptosis, we compared the CRGs expression levels and the IC50 value of Cu ionophore elesclomol within the two groups. Results demonstrated that more than half of CRGs were dysregulated between the high- and low- risk groups, and elesclomol sensitivity was possibly more obvious in the low-risk group.

Furthermore, we conducted GSEA analysis to explore the biological processes and pathways between the two risk groups. Multiple immune-related pathways were shown to be strongly associated with high-risk patients, such as the inflammatory response, IL6/JAK/STAT3 signaling, T/B cell receptor signaling pathway, and chemokine signaling pathway and natural killer cell mediated-cytotoxicity. Inflammation is a well-documented cancer characteristic that plays an important role in the onset and progression of cancerous lesions. A growing body of data supports the importance of local and systemic inflammation in the growth of tumors and the survival of cancer patients (41). It was reported that glioma initiating CD133(+) cells and Mφs/microglia cointeraction activated expression of B7-H4 via IL6-activated STAT3, thereby blocking effective T-cell immune responses within the microenvironment of gliomas (42). Chemokines are chemotactic cytokines which are crucial for guiding immune cell movement and subsequently delivering an efficient anti-tumor immune response; however, chemokines also play a role in the production and recruitment of immune cells that contribute to a tumorigenic milieu (43). Considering the current evidence, we may conclude that tumor immunity is strongly associated with cuproptosis-related lncRNAs in HCC. In addition to immune-related signaling, we found that oxidative phosphorylation and the citrate cycle TCA cycle were mainly enriched in the low-risk group. As verified in the work by P. Tsvetkov et.al, mitochondrial aerobic respiration was the critical biological process affected by elesclomol induction (10). Therefore, we can deduce that CRLs might exert a vital role in the cuproptosis of HCC. Furthermore, combining immunotherapy with targeting CRLs is expected to become an optional alternative in the treatment of HCC.

Since there has been no evidence of a direct association between cuproptosis and immune cell infiltration in HCC, we used CIBERSORT to quantify the percentage of 22 kinds of tumor-infiltrating immune cells in HCC. Immune tolerance was shown in the high-risk HCC patients, due to significantly higher amounts of follicular helper T cells, regulatory T lymphocytes (Tregs), neutrophil and M0 macrophages. Emerging research has indicated that immune evasion and resistance to treatment are mediated by the tumor microenvironment in HCC, which includes tumor-associated macrophages (TAMs), cancer-associated fibroblasts (CAFs), Tregs, and myeloid-derived suppressor cells (MDSCs) (44). Combined with GSEA results, glycolysis was mainly related to the high-risk group. Glycolysis is the primary energy source for cancer cells, and they reshape their microenvironment to take advantage of this abundant supply (45). Previous research has shown that tumor glycolysis and tumor immune evasion are interdependent. Increased tumor glycolysis hampered the immune system’s ability to eliminate tumor cells (46). To our surprise, HIF-1α-stabilizing long noncoding RNA (HISLA) as signal transducers between TAMs and tumor cells was able to promote cancer aerobic glycolysis, which in turn contributed to the activation of TAMs through lactate release (47). Furthermore, PDL1-induced depletion of follicular helper T cells resulted in impaired B cell activity, accelerating the development of advanced HCC (48). An earlier study indicated that an increase in chemotaxis factor production might recruit neutrophil to produce an immunosuppressive milieu, resulting in the development of HCC (49). The role of immunotherapy in the treatment of HCC has been an increasingly hot topic in recent years (50). We next investigated the connection between the predictive signature and different immune checkpoints. Surprisingly, the patients in the high-risk groups showed a significant rise in the expression of PD1 and PDL1, implying that several immune checkpoint blockades may be beneficial for these individuals. It is therefore possible that the cuproptosis-related lncRNAs may be used to identify patients who are more likely to respond to anti-tumor immunotherapies. Apart from that, most differentially expressed CRGs within two risk groups were co-expressed with immune checkpoints significantly, providing a direct link towards immune response and cuproptosis. In addition, the expression level of the five CRLs in our signature was verified via RT-qPCR assay in our own HCC samples and cell lines. The expression trend was consistent with the prediction of the above bioinformatics research. Finally, the cuproptosis induced by elesclomol was further confirmed in our study, and this cytotoxicity was dinstinct from other traditional cell death. Three vital lncRNAs (NRAV, WARS2-AS1 and MKLN1-AS) were chosen for subsequent analysis. Results implied that only WARS2-AS1 and MKLN1-AS could regulate HCC cuproptosis significantly.

The findings of our research, however, had several limitations. Firstly, there is a lack of clinical follow-up data in-house to prove the accuracy of our predictive model. Additionally, although HCC cuproptosis was related to WARS2-AS1 and MKLN1-AS alteration, the exact molecular mechanisms controlled by WARS2-AS1 and MKLN1-AS needed more-in-depth investigations in depth.

In conclusion, our signature-based risk model outperformed standard clinicopathological parameters in terms of predicting survival. Low-risk groups exhibited more sensitive towards elesclomol than the high-risk group. Moreover, enrichment analysis revealed that several critical pathways were found to be associated with cuproptosis and immune response between the two groups, offering us novel insights into the treatment of HCC patients.
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Supplementary Figure 1 | Differential expression analysis of lncRNAs in HCC samples compared to the normal tissues. Red indicated upregulated lncRNAs; Bule indicated downregulated lncRNAs; Grey indicated lncRNAs with no alteration. lncRNAs, long noncoding RNAs; HCC, hepatocellular carcinoma. *p < 0.05, **p < 0.01, and ***p < 0.001.

Supplementary Figure 2 | Kaplan-Meier survival curves for high-risk and low-risk patient groups based on based on M stage, N stage, AFP, T stage and vascular invasion.

Supplementary Figure 3 | The correlation of risk score and 22 types of TIICs in HCC using the CIBERSORT algorithm via Pearson test. TIICs, tumor-infiltrating immune cells; HCC, hepatocellular carcinoma.

Supplementary Figure 4 | The correlation between differentially expressed CRGs within the two risk groups and immune checkpoints. CRGs, cuproptosis-related genes. *p < 0.05, **p < 0.01, and ***p < 0.001.
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  Cholangiocarcinoma (CCA) is a highly heterogeneous and aggressive malignancy of the bile ducts with a poor prognosis and high mortality rate. Effective targeted therapy and accurate prognostic biomarkers are still lacking. Ferroptosis is a form of regulated cell death implicated in cancer progression and has emerged as a potential therapeutic target in various cancers. However, a comprehensive analysis of ferroptosis-related genes (FRGs) for predicting CCA prognosis and therapeutic targets and determining the role of ferroptosis in CCA remain to be performed. Here, we developed a prognostic FRG signature using a least absolute shrinkage and selection operator Cox regression analysis in a training cohort. We then validated it using four independent public datasets. The six-FRG signature was developed to predict CCA patient survival, stratifying them into low-risk and high-risk groups based on survival time. Significantly, the high-risk CCA patients had shorter overall survival. A receiver operating characteristic curve analysis further confirmed the prognostic FRG signature’s strong predictive ability, indicating that it was an independent prognostic indicator for CCA patients. Furthermore, the high-risk group was associated with fluke infection and high clinical stages. Cancer-associated fibroblast (CAF) score and CAF markers were significantly higher in the high-risk group than the low-risk group. Moreover, our FRG signature could predict immune checkpoint markers for immunotherapy and drug sensitivity. The mRNA expression levels of the six-FRG signature was validated in 10 CCA cell lines and dividing them into low-risk and high-risk groups using the FRG signature. We further showed that high-risk CCA cell lines were more resistant to ferroptosis inducers, including erastin and RSL3, than the low-risk CCA cell lines. Our study constructed a novel FRG signature model to predict CCA prognoses which might provide prognostic biomarkers and potential therapeutic targets for CCA patients. Ferroptosis sensitivity in high-risk and low-risk CCA cell lines suggests that ferroptosis resistance is associated with high-risk group CCA. Therefore, ferroptosis could be a promising therapeutic target for precision therapy in CCA patients.
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  1. Introduction.

Cholangiocarcinoma (CCA/CHOL) is a highly heterogeneous malignancy originating from epithelial bile ducts at any level of the bile duct tree. Its incidence rate has significantly increased worldwide, with higher prevalence in Asian countries over the past few years (1). Due to a lack of effective early diagnosis, most CCA patients are usually diagnosed at advanced stages where surgical resection cannot be performed (2, 3). While, therapeutic options for CCA patients are increasing, such as chemotherapy, targeted therapy, and immunotherapy, their overall prognosis remains unsatisfactory (4–6). Therefore, identifying novel predictive models, accurate prognostic biomarkers, and novel therapeutic targets are urgently required to improve overall survival of CCA patients.

Ferroptosis is a novel regulated form of cell death that relies on iron overload, accumulation of reactive oxygen species (ROS) and polyunsaturated fatty acids (PUFA), and phospholipid peroxidation (7–9). System  and glutathione peroxidase 4 (GPX4) are key regulators in the glutathione pathway that control the ferroptosis mechanism. Erastin and RAS-selective lethal (RSL3) can induce ferroptosis by inhibiting system  and GPX4 activity, respectively (9–11). Recent studies have shown that ferroptosis represents a novel target for efficient therapeutic strategies to overcome treatment resistance in several cancers (12). In addition, ferroptosis-related genes (FRGs) and ferroptosis signaling dysregulation might be associated with cancer patient prognosis. However, the role of ferroptosis in CCA progression and prognosis remain unknown. In addition, very few studies have explored the therapeutic applications of ferroptosis for CCA patients. Therefore, discovering key prognostic FRGs predicting CCA prognosis and clinical outcomes is urgently needed since they might act as novel biomarkers and therapeutic targets for CCA patients.

This study obtained RNA expression profiles and clinical data from two cohorts in the Gene Expression Omnibus (GEO) database and developed a six-FRG signature. We validated our six-FRG signature for CCA prognosis prediction in four independent cohorts in GEO, The Cancer Genome Atlas (TCGA), the European Bioinformatics Institute (EMBL-EBI) database, and the National Omics Data Encyclopedia (NODE) database. Our six-FRG signature was used to stratify CCA patients into two groups, confirming their prognosis prediction. In addition, these two patient groups differed in their functional and biological processes, immune cell infiltration, cancer-associated fibroblast (CAF) abundance, and drug sensitivity. Moreover, we confirmed the mRNA expression levels of these six-FRG signature in a panel of CCA cell lines, dividing them into two groups based on their mRNA expression levels for these six-FRG signature. We further investigated the sensitivity of these CCA cell lines to ferroptosis inducers, including erastin and RSL3.


 2. Materials and methods.

 2.1. Data collection and processing.

A flow chart describing the data collection and analysis process is provided in  Figure 1 . Five public RNA expression and clinical information were downloaded from four platforms. The TCGA-CHOL dataset was downloaded from the University of California at Santa Cruz (UCSC) Xena platform (https://xena.ucsc.edu/). The E-MTAB-6389 dataset was downloaded from the European Bioinformatics Institute (EMBL-EBI) database (https://www.ebi.ac.uk/). The OEP001105 dataset reported by a previous study (13) was downloaded from The National Omics Data Encyclopedia (NODE) database (https://www.biosino.org/node/). The GSE76297, GSE89749, and GSE107943 datasets were downloaded from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/). The GSE89749 dataset’s clinical information was obtained from previous study (14). In total, 267 FRGs were identified from published studies (15, 16) and the FerrDb database (http://www.zhounan.org/ferrdb/) (17). CCA patient characteristics in all datasets are summarized in  Supplementary Table S1 .

 

Figure 1 | Flow chart of the study. 




 2.2. Identification of ferroptosis-related differentially expressed and prognostic genes.

Differentially expressed genes (DEGs) were identified in the GSE76297 cohort, which includes 91 pairs of tumor and non-tumor tissues using a paired-sample t-test with a |log2(fold change)| > 1 and p-value < 0.0001. A univariate Cox regression analysis was performed to screen out prognostic genes associated with overall patient survival in the GSE89749 cohort. This cohort includes 111 patients of which only those with an overall survival ≥ 30 days were included to ensure this study’s reliability. Genes with a p-value < 0.05 were considered prognostic genes. Finally, overlapping DEGs and prognostic genes were identified as candidate genes using a Venn diagram. A protein-protein interaction (PPI) network analysis was performed on candidate genes by the STRING database (https://www.string-db.org/) (18).


 2.3. FRG signature construction.

The GSE89749 cohort was used as a training cohort to construct an FRG signature. A least absolute shrinkage and selection operator (LASSO) Cox regression analysis was used to develop the FRG signature from candidate genes using the R statistical software’s “glmnet” package. Then, the following formula was used to calculate a ferroptosis-related risk score for each patient: risk score = (Exp.Gene1 × Coef.Gene1) + (Exp.Gene2 × Coef.Gene2) + … + (Exp.Genen × Coef.Genen), where Exp.Gene is the expression of FRG signature genes and Coef.Gene is the regression coefficient obtained from the LASSO Cox regression analysis. The 111 patients in the GSE89749 cohort were stratified into low-risk and high-risk groups based on the median risk score. Kaplan-Meier and log-rank test were used to compare patient survival between risk groups using R’s “survminer” package. A time-dependent receiver operating characteristic (ROC) curve was used to predict the FRG signature’s specificity and sensitivity for predicting patient survival at 1, 3, and 5 years using R’s “survivalROC” package. The FRG signature’s prognostic potential was validated using the OEP001105, E-MTAB-6389, GSE107943, and TCGA-CHOL datasets.


 2.4.. Independent prognostic value analysis.

A univariate Cox regression analysis was used to evaluate the prognostic value of the FRG signature and other clinical characteristics, including age, liver fluke infection, sex, and stage. A multivariate Cox regression analysis was performed to evaluate whether the FRG signature was an independent prognostic factor. Each variable’s hazard ratio (HR) and 95% confidence interval (CI) were calculated, with p-value < 0.05 considered statistically significant. Moreover, Fisher’s exact test was used to assess differences in clinical characteristics between low-risk and high-risk groups.


 2.5. Functional gene set enrichment analysis.

A GSEA was performed in the training cohort using GSEA software to identify functions and pathways enriched between low-risk and high-risk groups based on Gene Ontology (GO; c5.go.v7.5.1.symbols.gmt) and Kyoto Encyclopedia of Genes and Genomes (KEGG; c2.cp.kegg.v7.5.1.symbols.gmt). Gene sets with a | normalized enrichment score (NES)| > 1, p-value < 0.05, and false discovery rate (FDR) < 0.25 were considered statistically significant.


 2.6. Immune cell infiltration and tumor microenvironment analysis.

The CIBERSORTx algorithm (https://cibersortx.stanford.edu/) (19) was used to analyze the immune cell fractions of 22 immune cell types in the training cohort. Moreover, the MCP-counter (20) and EPIC (http://epic.gfellerlab.org/) (21) algorithms were used to estimate CAF abundance.


 2.7. Drugs sensitivity and immunotherapy prediction.

Differences in drugs sensitivity between the two patient groups were estimated by comparing half-maximal inhibitory concentration (IC50) using R’s “pRRophetic” package and the Genomics of Drug Sensitivity in Cancer (GDSC) database (https://www.cancerrxgene.org/) (22). Furthermore, the differential expression of common immune checkpoints in low-risk and high-risk groups was examined to predict potential immunotherapy targets.


 2.8. Cell culture.

The human immortalized non-tumor cholangiocyte cell line (MMNK-1) and CCA cell lines (CCLP-1, HuCCT-1, KKU-055, KKU-100, KKU-213, KKU-214, RBE, and TFK-1) were obtained from the Japanese Collection of Research Bioresources (JCRB) Cell Bank (Osaka, Japan). The HuCCA-1 and RMCCA-1 CCA cell lines were developed from Thai patients with CCA (23, 24). All cell lines were grown in Dulbecco’s modification of Eagle’s medium (DMEM; HyClone Laboratories, Logan, UT, USA) supplemented with 10% fetal bovine serum (Sigma-Aldrich, St Louis, MO, USA) and 1% Penicillin–Streptomycin (HyClone Laboratories) and were cultured in a humidified incubator at 37°C with 5% carbon dioxide. All cell lines were tested to be negative for mycoplasma contamination.


 2.9. Reverse transcription-quantitative PCR.

Total RNA was extracted from the cells using GENEzol Reagent (Geneaid Biotech, Taiwan). Then, 1 μg of RNA was reverse-transcribed using a Maxime RT PreMix Kit (iNtRON Biotechnology, Seongnam-si, Gyeonggi-do, Republic of Korea). RT-qPCR was performed using iTaq universal SYBR Green Supermix (Bio-Rad, Hercules, CA, USA) following the manufacturer’s instructions. All primers used in this study are listed in  Supplementary Table S2 . Relative expression in CCA cell lines was normalized to MMNK-1 cell line using the 2-ΔΔCt method with β-actin (ACTB) as an internal control. Moreover, average 2-ΔCt values were used as each gene’s values to classify CCA cell lines. Then, the expression values were transformed to z-score in each gene of all CCA cell lines. These z-score expression values were used to calculate risk scores in CCA cell lines which were then stratified into low-risk and high-risk FRG groups.


 2.10. Treatment and cell viability assay.

Erastin and RSL3 were obtained from ApexBio Technology (Boston, MA, USA). Two CCA cell lines groups based on the FRG risk groups, including CCLP-1, KKU-214, RBE, and RMCCA-1 were seeded in 96-well plates and incubated in a humidified incubator at 37°C with 5% carbon dioxide for 24 h. The cells were treated for 48 h using a two-fold serial dilution method with erastin concentrations of 0.3125, 0.625, 1.25, 2.5, 5, 10, 20, and 40 μM or RSL3 concentrations of 7.8125, 15.625, 31.25, 62.5, 125, 250, 500, and 1000 nM. Cell viability was determined using 3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyl-2H-tetrazolium bromide (MTT) assay after 48 h of treatment. Briefly, 10 μl of MTT reagent was added to each well and incubated in a humidified incubator for 2 h. Next, the supernatant was removed, and 100 μl of dimethyl sulfoxide (DMSO) was added to each well. Then, cell viability was determined at 570 nm using a microplate reader and the percentage of viable cells was calculated and normalized to the DMSO vehicle control. The IC50 of erastin and RSL3 was calculated and compared between two CCA cell line groups. Three-independent experiments were performed with triplicate samples.


 2.11. Statistical analysis.

All data were analyzed using the R statistical software (version 4.1.0) or SPSS (version 22.0, IMM Corp; Armonk, NY, USA). Wilcoxon or Student’s t-tests were used to assess differences between groups. The log-rank test was used to assess differences in survival between low-risk and high-risk groups, and a Kaplan-Meier curve was used to visualize patient survival. Pearson’s correlation coefficient (r) was used in all correlation analyses. All results with p-value < 0.05 were considered statistically significant (*p < 0.05, **p< 0.01, ***p < 0.001, ****p < 0.0001).



 3. Results.

 3.1. Candidate gene identification.

This study included 267 FRGs which are listed in  Supplementary Table S3 . Forty-eight ferroptosis-related DEGs were identified between paired tumor and non-tumor tissues in the GSE76297. Heatmap and volcano plots visualized their expression and distribution among samples, with 21 upregulated and 27 downregulated ( Figures 2A, B ). One hundred eleven patients with overall survival ≥ 30 days from the GSE89749 dataset were used a univariate Cox regression analysis to identify prognostic genes. The 47 prognostic genes associated with survival are listed in  Table 1 . A Venn diagram identified 17 intersecting genes (candidate genes) among the 48 ferroptosis-related DEGs and 47 prognostic genes ( Figure 2C ). The univariate Cox regression results for these 17 candidate genes were visualized in a forest plot ( Figure 2D ). Four were protective factors (ACO1, PEBP1, GOT1, and CXCL12), and 13 genes were risk factors (FANCD2, MT1G, PTGS2, SQLE, NQO1, SLC1A5, TF, MUC1, HELLS, SLC7A5, HAMP, SLC2A1, and RRM2) in CCA patients. The PPI network indicated associations between 17 candidate genes ( Figure 2E ). Correlations among these genes are shown by a correlation network ( Figure 2F ).

 

Figure 2 | Identification of ferroptosis-related candidate genes. (A) Heatmap and (B) volcano plot showing the expression levels and distribution of differentially expressed genes (DEGs) in cholangiocarcinoma (CCA) tissues and normal tissues in the GSE76297 cohort. (C) A Venn diagram showing the intersection between DEGs and prognostic genes. (D) A forest plot showing the hazard ratios of candidate genes. (E) A protein-protein interaction (PPI) network of the candidate genes in the STRING database. (F) A correlation network of the candidate genes. 



 Table 1 | Univariate Cox regression analysis of ferroptosis-related genes in GSE89749 cohort. 




 3.2. FRG signature construction.

This study’s reliability was ensured by excluding three out of the 17 candidate genes (MTIG, TF, and HAMP) from gene signature construction. While these three genes were downregulated in tumor samples, their higher expression was associated with poorer prognosis. Therefore, the expression levels of the 14 remaining candidate genes and overall survival data from the GSE89749 cohort were used as a training cohort to construct the FRG signature via a LASSO Cox regression analysis. A six-FRG signature (ACO1, GOT1, PTGS2, SLC2A1, FANCD2, and SQLE) was identified based on the LASSO Cox regression with the minimum optimal lambda value using tenfold cross-validation ( Figures 3A, B ). Each patient’s risk score was calculated using the LASSO Cox regression analysis coefficient and patients were divided into low-risk and high-risk groups based on their median risk score. The six-FRG signature’s expression in the two risk groups was visualized as a heatmap ( Figure 3C ). Kaplan-Meier curves were used to compare survival in the two risk groups. They showed that survival was significantly longer in the low-risk group than in the high-risk group (p-value < 0.0001;  Figure 3D ). The six-FRG signature’s predictive efficacy was evaluated with a time-dependent ROC curve. The area under the ROC curves (AUCs) for the six-FRG signature at 1, 3 and 5 years of survival were 0.7540, 0.8389, and 0.8103, respectively, suggesting that it had high sensitivity and specificity ( Figure 3E ).

 

Figure 3 | Construction of the ferroptosis-related gene (FRG) signature in a training cohort. (A, B) A least absolute shrinkage and selection operator (LASSO) Cox regression analysis of the candidate genes. (C) A heatmap showing the expression levels and distribution of the six-FRG signature. (D) A Kaplan-Meier curve showing the overall survival of CCA patients. (E) Area under the curve (AUC) of time-dependent receiver operating characteristic (ROC) curves showing the six-FRG signature’s predictive efficacy for survival time in CCA patients. 




 3.3. FRG signature validation in independent cohorts.

The six-FRG signature’s reproducibility was assessed using four independent cohorts. Patients with overall survival < 30 days were excluded from the validation cohorts. The model obtained with the training GSE89749 cohort was used to calculate each patient’s risk score in the validation cohorts. The OEP001105 (244 patients), E-MTAB-6389 (75 patients), GSE107943 (30 patients), and TCGA-CHOL (33 patients) cohorts were divided into low-risk and high-risk groups according to their median risk score, except for the TCGA-CHOL cohort, which was divided using best cut-off. Kaplan-Meier curves for the OEP001105, E-MTAB-6389, and GSE107943 cohorts indicated that survival was significantly shorter in the high-risk group than in the low-risk group (p-value < 0.0001, p-value = 0.0003, and p-value = 0.0267, respectively;  Figures 4A, C, E ). While the Kaplan-Meier curve for the TCGA-CHOL cohort was non-significant (p-value = 0.1638), this might reflect population variation due to small size. Nevertheless, the TCGA-CHOL cohort’s Kaplan-Meier curve indicated that the high-risk group tended to have shorter survival times than the low-risk group, which differed in their median survival ( Figure 4G ). ROC curves were used to assess the FRG signature’s accuracy in predicting patient survival. The AUCs at 1, 3, and 4 years were 0.7522, 0.7078, and 0.6712 in the OEP001105 cohort, respectively ( Figure 4B ). The AUCs at 1, 3, and 5 years were 0.7346, 0.7234, and 0.6433 in the E-MTAB-6389 cohort, respectively ( Figure 4D ). These results indicated that the FRG signature showed the greatest accuracy at one year, then gradually decreased with increasing years. However, the AUCs at 1, 3, and 5 years were 0.7694, 0.8575, and 0.7552 in the GSE107943 cohort, respectively, showing the greatest accuracy at three years ( Figure 4F ). Furthermore, the AUCs at 1, 3, and 5 years were 0.7105, 0.5829, and 0.6308, in the TCGA-CHOL cohort, respectively ( Figure 4H ). Altogether, these results suggested that our FRG signature could accurately predict CCA prognosis in patients.

 

Figure 4 | Validation of the six-FRG signature in four independent cohorts. (A, C, E, G) Kaplan-Meier curves and (B, D, F, H) time-dependent ROC curves for each independent cohort. 




 3.4. Independent prognostic value of the six-FRG signature and clinical characteristics.

A univariate Cox regression analysis was used to investigate the association between risk score and clinical characteristics, including fluke infection, sex, age, and stage in the GSE89749 and OEP001105 cohorts. A forest plot of the univariate Cox regression showed that risk score (HR = 3.77), fluke infection (HR = 2.95), and stage (HR = 4.07) were significantly associated with patient survival in the GSE89749 cohort ( Figure 5A ). Similarly, risk score (HR = 2.08) and stage (HR = 2.24) were significantly associated with patient survival in the forest plot of OEP001105 cohort ( Figure 5D ). A multivariate Cox regression was performed to determine whether risk score was an independent prognostic factor. The forest plot for the multivariate Cox regression showed that risk scores were an independent prognostic factor in the GSE89749 and OEP001105 cohorts (p-value < 0.001;  Figures 5B, E ). Furthermore, the high-risk group was also associated with fluke infection and high clinical stages in the GSE89749 cohort, but only with high clinical stages in OEP001105 cohort ( Figures 5C, F ).

 

Figure 5 | Univariate and multivariate Cox regression analyses of the six-FRG signature and other clinical characteristics in the (A–C) GSE89749 and (D–F) OEP00105 cohorts. 




 3.5. GO and KEGG pathway enrichment analyses.

GSEA was performed to investigate the underlying differences in functions and biological processes between the low-risk and high-risk groups based on GO and KEGG pathways. The GO analysis identified biological process (BP), cellular component (CC), and molecular function (MF) enriched in the high-risk CCA patient groups ( Figure 6A ). KEGG pathway analysis identified differential pathway enrichment between the low-risk and high-risk CCA patient groups ( Figure 6B ).

 

Figure 6 | Functional and pathway enrichment analyses in a training cohort. (A) Gene Ontology (GO) analysis of differences between risk groups in three functional categories: Biological processes (BPs), cellular components (CCs), and molecular functions (MFs). (B) A Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis of differences between risk groups. 




 3.6. Immune cell infiltration and TME analysis.

The 22 immune cell infiltration results estimated by the CIBERSORTx algorithm showed that plasma cells, regulatory T cells (Tregs), resting natural killer (NK) cells, and activated dendritic cells were significantly higher in the high-risk than in the low-risk groups. Gamma delta T cells and M1 and M2 macrophages were significantly lower in the high-risk group than in the low-risk group ( Figure 7A ). In addition, EPIC and MCP-counter algorithms were used to estimate CAF scores in the low-risk and high-risk groups. Both EPIC and MCP-counter algorithms showed that CAF scores were significantly higher in the high-risk group than in the low-risk group ( Figures 7B, C ). Furthermore, CAF specific marker expression was compared between the risk groups. FAP, ACTA2, MFAP5, COL11A1, PDPN, and ITGA11 expression levels were significantly higher in the high-risk group than in the low-risk group ( Figure 7D ). These results indicated that immune responses and CAF statuses differed in these two patient groups, which might be translated to target the TME in CCA.

 

Figure 7 | Immune cell infiltration and tumor microenvironment (TME) analysis. (A) A box plot showing the differences in multiple immune cells between low-risk and high-risk groups based on the CIBERSORTx algorithm. (B, C) A box plot showing differences in cancer-associated fibroblast (CAF) score based on EPIC and MCP-counter algorithms. (D) A box plot comparing CAF marker expression levels between risk groups. Key: ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001. 




 3.7. Potential drugs targeting the two risk groups and an immune checkpoint analysis.

The GDSC database was used to estimate IC50 of various drugs via R’s “pRRophetic” package to predict drug sensitivity between the low-risk and high-risk groups. The estimated IC50 for 10 drugs (BI-2536, GW843682X, Afatinib, Paclitaxel, Imatinib, WZ-1-84, GW441756, PHA-665752, CHIR-99021, and SB-216763) out of 138 screened drugs were lower in the high-risk group than in the low-risk group, indicating that the high-risk group was more sensitive to these drugs than the low-risk group ( Figure 8A ). Moreover, an immune checkpoint analysis showed that CD47, HHLA2, and TNFRSF14 expression was significantly higher in the high-risk group than in the low-risk group ( Figure 8B ). Therefore, these immune checkpoints might be effective immunotherapy targets in the high-risk CCA patient group.

 

Figure 8 | Drug sensitivity prediction and immune checkpoint analysis. (A) Differences in estimated half-maximal inhibitory concentration (IC50) between risk groups for 10 candidate drugs. (B) A box plot comparing immune checkpoint marker expression levels between risk groups. Key: ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001. 




 3.8. Validation of the expression of six-FRG signature proteins in CCA patients.

A total of 8,320 proteins were identified in the OEP001105 cohort. Four of six-FRG signature genes were present in this database (ACO1, GOT1, SLC2A1, and SQLE). Therefore, correlations between their mRNA and protein expression levels were analyzed in this cohort to confirm their protein expression. Protein and mRNA levels were significantly correlated for ACO1 (r = 0.78), GOT1 (r = 0.89), SLC2A1 (r = 0.83) and SQLE (r = 0.78;  Figures 9A–D ). In addition, the score formula obtained from the training cohort was used to evaluate patient survival in this cohort based on the protein levels of these four genes. Kaplan-Meier curves showed that survival time was significantly shorter in the high-risk group than in the low-risk group ( Figure 9E ). The AUCs at 1, 3, and 4 years of survival were 0.7200, 0.7013, and 0.7360, respectively ( Figure 9F ). These results suggested that these four genes could provide an accurate prognostic signature. In addition, The Human Protein Atlas (HPA) database (https://www.proteinatlas.org/) (25) was used to confirm the protein expression of the six-FRG signature in CCA. The immunohistochemistry images from The HPA database showed that ACO1 and GOT1 levels were lower in tumor compared to normal tissues. In contrast, FANCD2, PTGS2, SLC2A1, and SQLE were higher in tumor compared to normal tissues ( Supplementary Figure S1 ).

 

Figure 9 | Validation of the six-FRG signature based on protein levels in the OEP001105 cohort. (A–D) Scatter plots showing the correlation between mRNA and protein expression levels of ACO1, GOT1, SLC2A1, and SQLE. (E) A Kaplan-Meier curve comparing survival time between patient groups defined on six-FRG signature protein levels. (F) Time-dependent ROC curves. 




 3.9. Expression of the six-FRG signature in CCA cell lines and ferroptosis inducer sensitivity.

RT-qPCR was used to investigate the expression of six-FRG signature in 10 CCA cell lines relative to a non-tumor cholangiocyte cell line (MMNK-1). ACO1 and GOT1 expression was downregulated in most CCA cell lines compared to the MMNK-1 cell line. In contrast, FANCD2, PTGS2, SLC2A1, and SQLE expression was upregulated in CCA cell line compared to the MMNK-1 cell line ( Figures 10A–F ). Interestingly, the expression of the six-FRG signature in CCA cell lines showed a similar trend to their expression in CCA tissues. Moreover, the formula constructed from the training cohort was used to calculate risk score for each CCA cell line and divided them into high-risk and low-risk groups. The functional role of the six-FRG signature in ferroptosis was investigated by examining the sensitivity of the two CCA cell lines with the highest (KKU-214 and RMCCA-1) and lowest (CCLP-1 and RBE) risk scores to ferroptosis inducers ( Figure 10G ). Their sensitivity to ferroptosis inducers erastin and RSL3 was compared using IC50 values. Interestingly, the two CCA cell lines with the lowest-risk scores (CCLP-1 and RBE) were more sensitive to both ferroptosis inducers. The CCA cell lines with the highest-risk scores (KKU-214 and RMCCA-1) had higher IC50 values than the CCA cell lines with the lowest-risk scores following treatment with both ferroptosis inducers ( Figures 10H–J ). These results highlight the association between the risk score and ferroptosis sensitivity. CCA cell lines with higher-risk scores were more resistant to ferroptosis, indicating that protective mechanisms against ferroptosis might be enhanced in such CCA cell lines.

 

Figure 10 | Expression of the six-FRG signature in CCA cell lines and their sensitivity to ferroptosis inducers. (A-F) The relative expression levels of the six-FRG signature in 10 CCA cell lines normalized to a non-tumor MMNK-1 cell line. (G) Risk scores calculated using six-FRG signature in 10 CCA cell lines. (H) Cell viability of CCLP-1, RBE, KKU-214, and RMCCA-1 treated with erastin. (I) Cell viability of CCLP-1, RBE, KKU-214, and RMCCA-1 treated with RSL3. (J) A table showing IC50 of erastin and RSL3 in CCLP-1, RBE, KKU-214, and RMCCA-1. Key: ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001. 





 4. Discussion.

CCA is the second most common cancer in the hepatobiliary system. Patients with CCA have poor prognoses and high mortality rate in which patients in advanced stages have a low 5-year survival rate of 5% to 10%. Due to tumor heterogeneity and no effective therapy, patients with CCA have the worst prognosis. Targeting programmed cell death is one of the most effective cancer treatments, and dysregulation of this pathway and its-related genes are directly associated with prognosis of patients. Accumulating evidence has demonstrated that ferroptosis, a recently identified regulated cell death pathway, is a promising cancer therapy in several cancers. In addition, several studies have shown the relationship between FRGs and patient prognosis. While few previous studies have explored the relationship between FRG signatures and prognosis in CCA patients, a comprehensive analysis and validation in more patients and cohorts have not been performed. Moreover, to our knowledge, studies focusing on the role of prognostic genes and their associations with ferroptosis are limited. Consequently, how ferroptosis contributes to CCA remains unclear. Therefore, discovering a novel FRG signature might aid in predicting prognosis and developing novel therapeutic targets that can help to improve the overall survival of CCA patients.

This study constructed an FRG signature to predict the prognosis of CCA patients. Seventeen DEGs with prognostic values were identified in a training cohort using paired-sample t-tests and univariate Cox regression analyses. We then obtained a six-FRG signature related to patient survival in a LASSO Cox regression analysis in a training cohort. Following Kaplan-Meier analyses, our FRG signature showed that CCA patients with high-risk scores had poor prognoses, and low-risk scores had a longer survival time, indicating that our new FRG signature had strong prognostic potential in CCA patients. Predictive ability was further confirmed via ROC curve analyses, where our FRG signature had adequate predictive power. Furthermore, univariate and multivariate Cox regression analyses indicated that the risk score based on this six-FRG signature was an independent prognostic factor. The risk scores were associated with fluke infection and clinical stages in patients in the GSE89749 cohort, but only with clinical stages in patients in the OEP001105 cohort, potentially reflecting the small number of fluke- infected patients in this cohort. Therefore, our novel six-FRG signature can accurately predict prognoses for CCA patients and divide them into low-risk and high-risk groups in which appropriate therapeutic strategies can be used for personalized therapy.

High expression of four genes in the six-FRG signature (FANCD2, PTGS2, SLC2A1, and SQLE) were associated with poor prognosis in CCA patients and low expression of the six-FRG other two genes (ACO1 and GOT1) were associated with poor prognosis in CCA patients. Previous studies have shown that most FRGs in the signature are involved in tumor progression in CCA and various other cancers. ACO1, also known as IRP1, is an RNA-binding protein that controls iron homeostasis by regulating TFRC and FTH1 expression in CCA and hepatocellular carcinoma (26, 27). ACO1 depletion decreased iron levels and suppressed erastin- and RSL3-induced ferroptosis in melanoma (28). Moreover, GOT1 downregulation suppressed ferroptosis in melanoma by reducing α-ketoglutarate which is a metabolic intermediate in ROS production (29). However, the role of GOT1 in CCA remains unknown. In contrast, FANCD2 was found to be a ferroptosis suppressor in bone marrow injury by regulating the expression of iron metabolism and lipid peroxidation-related genes (30). FANCD2 was identified as a prognostic gene associated with poor prognosis in colon cancer, lung adenocarcinoma, clear cell renal cell carcinoma, and glioma (31–34). PTGS2, also known as COX-2, was identified as an upregulated ferroptosis marker during ferroptosis (11). PTGS2 was upregulated in tumor tissues and promoted tumor progression and chemotherapy resistance in various cancers (35–37). PTGS2 has been shown to promote tumor development in CCA, while its inhibition potentiated conventional chemotherapy effects (38–41). SLC2A1, also known as GLUT1, is a glucose transporters family member. SLC2A1 was found to be upregulated and play a role in tumor progression in various cancers (42–45). A previous study identified SLC2A1 as a prognostic gene in CCA patients (46, 47). Overexpression of SQLE, a key enzyme in cholesterol biosynthesis, increased lipid peroxidation, leading to ferroptosis (48). Recent studies found that SQLE promoted tumor progression, and its expression was associated with poor prognosis in breast cancer, pancreatic adenocarcinoma, and bladder cancer (49–51). In summary, consistent with the previous studies, our study showed that ACO1 and GOT1 were downregulated and correlated with good prognosis in CCA patients. In contrast, FANCD2, PTGS2, SLC2A1, and SQLE were upregulated and correlated with poor prognosis in CCA patients. However, their functional roles in ferroptosis and CCA progression remain unknown, and mechanistic studies on each prognostic FRG in our signature are needed.

In addition, our GO analysis identified BP, CC, and MF enrichments in the high-risk group. Among the BPs, the nuclear division process was enriched in the high-risk group, indicating that they might have higher proliferation than the low-risk group. The CC results showed that Golgi apparatus components were enriched in the high-risk group. Previous studies have shown that the Golgi apparatus plays important roles in cellular redox control and prevents ferroptosis (52, 53). The MF results showed that cell adhesion molecules, such as laminin and cadherin binding, and cell adhesion mediator activity were enriched in the high-risk group. Recently, cell-cell interaction was found to regulate ferroptosis sensitivity (54). Moreover, a KEGG pathway analysis was used to identify the main signaling pathways contributing to CCA by comparing low-risk and high-risk groups. Many signal transduction pathways frequently dysregulated in cancers were enriched in the high-risk group, including the phosphatidylinositol, mammalian target of rapamycin (mTOR), vascular endothelial growth factor (VEGF), erb-be receptor tyrosine kinase (ERBB), Wnt, and mitogen-activated protein kinase (MAPK) signaling pathways. These signaling pathways have been shown to play important roles in CCA and various cancers (55–66). In contrast, amino acid, carbohydrate, and lipid metabolism were enriched in the low-risk group, while glycan biosynthesis and metabolism were found to be enriched in the high-risk group. In summary, our study has shown differences in signaling pathway enrichment between CCA risk groups, which could be targeted to develop treatment strategies and improve prognosis in each CCA risk group.

Accumulating evidence has shown the interplay between tumor cells and other cell types in the TME, including a subset of immune cells and CAFs that play important roles in tumor progression and developing therapeutic resistance (67). CCA is a dysmorphic tumor with abundance CAFs and immunosuppressive cells in the TME (68). Therefore, we further investigated immune cell and CAF enrichment by comparing low-risk and high-risk groups. Tregs are an immune system component that suppressed anticancer immunity and are associated with poor prognoses in various cancers (68–71). Recent studies showed that FOXP3+, a Treg marker associated with poor prognosis in CCA patients (72, 73). Plasma cells were found to be a source of immunosuppressive factor interleukin (IL)-10 (74, 75). Moreover, CAFs are major TME components with tumorigenic properties, especially, in immunosuppressive TME modulation (76). This study found that levels of these immunosuppressive components, including Tregs, plasma cells, and CAFs were significantly higher in the high-risk group. Therefore, immunosuppressive components might be promising therapeutic targets to improve the efficacy of CCA treatment and patient survival.

Drug sensitivity prediction analysis was performed to overcome treatment resistance and improve CCA patient prognosis, particularly in the high-risk group. Our analysis predicted 10 effectives potentially candidate drugs for the high-risk CCA patient group. Paclitaxel, Imatinib, and Afatinib are US Food and Drug Administration (FDA)-approved drugs used in clinics to treat various cancers. A recent study showed that Paclitaxel could be a drug candidate for CCA patients resistant to conventional therapies (77). Our analysis supported Paclitaxel potentially having a better effect in treating CCA patients within the high-risk group. The ABL, KIT, and PDGFR inhibitor Imatinib was effective in treating gastrointestinal stromal tumor with KIT or PDGFR overexpression or mutation (78). The epidermal growth factor receptor (EGFR) and ERBB tyrosine kinase inhibitor Afatinib has been used as a first-line drug for non-small cell lung cancer patients with an EGFR mutation (79). However, relatively few studies have investigated the efficacy of these kinase inhibitors in CCA patients (80–82). Moreover, PLK1 inhibitors BI-2536 and GW843682X were predicted to be effective drugs for the high-risk group. Consistent with our results, previous studies have shown that PLK1 was associated with poor prognosis in CCA patients, and its inhibition was effective against CCA cells (83–85). NTRK1 fusion has been found in CCA patients (86) resulting in constitutive TRKA activation, and its inhibition showed positive responses in specific CCA patient groups (87). In this study, a selective TRKA inhibitor GW441756 was shown more effective in the high-risk group. In addition, selective c-Met inhibitor PHA-665752 and GSK3B inhibitors CHIR-99021 and SB-216763 were shown to be more effective in the high-risk group. Both c-MET and GSK3B were associated with poor prognosis, and targeting c-MET or GSK3B has been reported to be potentially effective in treating CCA patients (88–93). Altogether, based on risk stratification groups, our study predicted effective candidate drugs for treating CCA patients, which could be used in precision therapy to improve their prognosis.

Immunotherapy has been proposed as a potential therapeutic option for CCA (94, 95). However, the outcomes of anti-PD-1/PD-L1 immune checkpoint inhibitors (ICIs) remain controversial in CCA. In this study, PD-1 (PDCD-1) and PD-L1 (CD274) expression levels did not differ between low-risk and high-risk groups. Interestingly, other immune checkpoint markers, including CD47, HHLA2, and TNFRSF14 showed significantly higher expression in the high-risk group. Therefore, these immune checkpoints might be potential targets for developing ICIs to reactivate antitumor immunity which might improve the survival of patients with poor prognoses.

Previous studies have analyzed FRG signatures in several cancers. However, most have analyzed FRG signatures and classified patients into low-risk and high-risk groups that did not reflect relative ferroptosis levels (96–98). Therefore, this study calculated risk scores based on the expression levels of a six-FRG signature in each CCA cell line and could divide them into low-risk and high-risk groups. Using two representative CCA cell lines of the low-risk and high-risk groups, our study showed that low-risk score CCA cell lines were significantly more sensitive to ferroptosis inducers than high-risk score CCA cell lines. This result suggests that ferroptosis resistance might explain the relationship between the high-risk group and poor prognosis. Consistent with our findings, a previous study showed that activating ferroptosis suppressor genes enabled CCA cells to evade ferroptosis (99). Therefore, inhibiting ferroptosis suppressor genes and targeting ferroptosis resistance mechanisms might be effective therapeutic strategies for improving prognosis, particularly in the high-risk group. Besides ferroptosis resistance mechanisms, other factors, such as CCA stage, might contribute to differences in ferroptosis inducer sensitivity in the two CCA cell line groups. Unfortunately, information on the stages of CCA cell lines is only available for the high-risk group (i.e., RMCCA-1: T2N0M0; KKU-214: stage IVB)

However, our study had some limitation. First, the data used in this study were collected from public databases. Consequently, they differed appreciably in their CCA patient numbers, patient heterogeneity, ethnicity, and etiology. Second, the FRGs were identified from FerrDb and previous studies. However, the role of ferroptosis in cancers is still in its infancy. Therefore, some unidentified FRGs might be missing from our analyses. Finally, further in vitro and in vivo studies are needed to investigate the roles of these prognostic genes in ferroptosis and their underlying mechanisms in CCA.


 5. Conclusions.

In summary, our study showed that a six-FRG signature scoring model could divide CCA patients into low-risk and high-risk groups. Our novel FRG signature model effective predicted the prognosis of CCA patients, potentially providing prognostic biomarkers and potential therapeutic targets for CCA patients. Moreover, oncogenic signaling pathways, immune cell and CAF infiltration, drug sensitivity, and immune checkpoint marker expression differed between two CCA risk groups, which might represent novel therapeutic targets for improving survival, particularly of patients with poor prognoses. In addition, we predicted drug candidates for CCA patients in the high-risk group. Based on ferroptosis sensitivity in low-risk and high-risk CCA cell lines, our results suggest that ferroptosis resistance is associated with the high-risk group and targeting ferroptosis resistance mechanisms in this group could be a promising therapeutic strategy for these CCA patients.
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Immunotherapy plus chemotherapy has been approved for the first-line treatment of extensive-stage small cell lung cancer (ES-SCLC, stage IV). Recently, the 2023 version of the National Comprehensive Cancer Network Guidelines recommended immunotherapy plus chemotherapy as the neoadjuvant regimen in patients with resectable non-small cell lung cancer (NSCLC). However, it is still unclear whether the combination regimen of immunotherapy plus chemotherapy is also beneficial for SCLC in the neoadjuvant context. Here, we report the case of a patient with stage IIIB SCLC who showed long-term survival and good tolerance to the neoadjuvant chemoimmunotherapy consisting of tislelizumab (an anti–PD-1 monoclonal antibody) plus etoposide-carboplatin. The patient achieved pathological complete response after receiving two cycles of neoadjuvant tislelizumab and chemotherapy followed by surgery. Two courses of post-operative tislelizumab and etoposide-carboplatin treatment were performed. The patient has survived for more than 23 months with no recurrence or metastases after neoadjuvant therapy. Multiplexed immunofluorescence and immunohistochemistry staining showed that the post-treatment specimens had remarkable immune cells infiltration, including CD3+ T cells, CD4+ T cells, and CD8+ T cells, which contrasted with very low levels of these cells in the pre-treatment samples. This study is, to the best of our knowledge, the first attempt to present the neoadjuvant chemoimmunotherapy of tislelizumab in combination with etoposide-carboplatin in SCLC. Our study suggested that neoadjuvant tislelizumab plus chemotherapy may facilitate radical resection and benefit patients with locally advanced (stage IIB-IIIC) SCLC.
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Introduction

It is generally acknowledged that surgery is limited to very early stages (I–IIA) in small cell lung cancer (SCLC). The standard therapies for locally advanced (stage IIB-IIIC) SCLC have shown limited benefits. Therefore, improvements in treatment regimens are still needed. Neoadjuvant treatment showed promise with respect to the R0 resection (no residual tumor) rate and pathological complete response (pCR, 0% viable tumor in resected lung and lymph nodes) rate, which are related to clinical benefits (1–4). However, the pCR rate was as low as 5% (2/40) for patients with stage IIIA SCLC who were treated with neoadjuvant chemotherapy alone (5).

Tislelizumab is a monoclonal antibody with the high affinity for PD-1. A phase II study revealed potent antitumor effects of tislelizumab plus platinum-etoposide in extensive-stage small cell lung cancer (ES-SCLC, stage IV), with a median PFS of 6.9 months and 1-year overall survival rate of 76% (6).

Previous studies have demonstrated that chemotherapy enhances antitumor activities through direct or indirect immune-system activation (7). It has been established that a combination regimen of immunotherapy and chemotherapy has superior benefits both in neoadjuvant and first-line setting for non-small cell lung cancer (NSCLC) (8–10). Tislelizumab plus chemotherapy as the first-line regimen has been approved by the National Medical Products Administration (NMPA) of China for the treatment of advanced NSCLC. In addition, the IMpower133 and CASPIAN study revealed a significant effect on OS with the addition of immunotherapy to standard chemotherapy, leading to the approval of combination regimens by the Food and Drug Administration (FDA) for first-line treatment of ES-SCLC (11, 12).

In the neoadjuvant context, immunotherapy aims to enhance systemic immunity, eliminating micrometastatic tumor deposits (13). The FDA approved nivolumab (an anti–PD-1 antibody) plus chemotherapy as the neoadjuvant regimen for resectable NSCLC based on the CheckMate-816 trial. This study showed that neoadjuvant nivolumab plus chemotherapy resulted in significantly longer event-free survival and a higher pCR rate than chemotherapy alone (2).

However, it remains unknown whether neoadjuvant immunotherapy plus chemotherapy could also be beneficial for limited-stage SCLC (LS-SCLC, stages I–III). Here, we report a patient with stage IIIB (cT3N2M0) SCLC who achieved pCR after receiving neoadjuvant tislelizumab plus etoposide-carboplatin.



Case report

In January 2021, a 46-year-old Chinese man was admitted to our hospital for cough. The patient was in good health and had no history of smoking, family history of hereditary disease, or tumor. However, the chest computed tomography (CT) and positron emission tomography (PET)-CT scan presented a mass of 5.4 cm × 4.5 cm, centrally located in the left lower lobe, with hilar and mediastinal lymph nodes metastasis (Figures 1A, B). Blood tests showed a significant elevation of pro-gastrin-releasing peptide (Pro-GRP). The contrast-enhanced CT of the abdomen and magnetic resonance imaging (MRI) of the brain were normal. Then, the patient accepted the fiberoptic bronchoscopy and biopsy. Eventually, the diagnosis of LS-SCLC, cT3N2M0, and stage IIIB (Eastern Cooperative Oncology Group performance-status score of 0) was given. Immunohistochemical analyses suggested “PCK(+), CK7 (+), TTF-1 (+), CD56 (+), CgA (+), Syn (+), CD34(-), desmin(-)、P63(-), Ki-67 (80%+). ”




Figure 1 | Clinical and pathological response. Images (A, B) show FDG uptake in the lung parenchyma. (C) CT images acquired after two circles of neoadjuvant tislelizumab plus chemotherapy display a decrease in the size of the tumor lesion. (D) Hematoxylin-eosin (HE) and immunohistochemistry staining in the tumor bed. The staining of the lung mass (lower panels) showed no viable tumor cells; negative for synaptophysin (Syn), pan-cytokeratin (PCK), and chromogranin A (CgA). Scale bars: D = 100 µm.



The treatment of the patient was discussed by the multi-disciplinary team (MDT). The tumor was considered potentially resectable; thus, neoadjuvant therapy followed by surgery might be an ideal option. Our patient chose the neoadjuvant regimen of etoposide (100 mg/m2, days 1–3), carboplatin (AUC 5, day 1), and tislelizumab (200 mg, day 1) every 3 weeks. After two cycles of neoadjuvant treatment, a repeated CT scan manifested the mass obviously shrank to a nodule with a diameter of 0.8 cm (Figure 1C). Patients underwent left lower pulmonary lobectomy and lymphadenectomy 38 days after neoadjuvant tislelizumab plus chemotherapy. Notably, the efficacy was evaluated as pCR. Tumor cell was found neither in hematoxylin-eosin (HE) staining nor in immunohistochemistry (IHC) staining of pan-cytokeratin (PCK), chromogranin A (CgA), and synaptophysin (Syn) (Figure 1D). After surgery, the patient received two cycles of tislelizumab in combination with etoposide-carboplatin. Regular imaging assessments were done every 2 months during the follow-up period. More than 23 months after neoadjuvant tislelizumab plus chemotherapy, no recurrence or metastases were detected (Figure 2). The treatment-related adverse event was hypothyroidism, which was diagnosed in April 2022. No adverse events led to discontinuation.




Figure 2 | Timeline from January 2021 to January 2023.





Discussion

We report a case of a patient with stage IIIB SCLC who obtained pCR and long-term benefits after neoadjuvant tislelizumab plus etoposide-carboplatin followed by surgery. To our knowledge, this is the first report of neoadjuvant therapy comprising tislelizumab plus chemotherapy in SCLC.

It is well accepted that significantly more immune effector T cells were in LS-SCLC than in ES-SCLC (14), suggesting that patients with earlier stage SCLC may gain more benefits from neoadjuvant chemoimmunotherapy.

The addition of immunotherapy to chemotherapy had the potential advantage of inducing systemic tumor-specific T-cell response (15). Various studies have identified that CD4+ and CD8+ T-cell subpopulations experience a proliferative burst after immunotherapy, which was associated with improved survival (16–18). To explore the tumor immune microenvironment, we performed IHC staining of CD3+, CD4+, and CD8+ T cells (Figure 3A) and multiplexed immunofluorescence staining of immune markers (CD4+, CD8+, DAPI, PD-1, and PanCK) (Figure 3B) on pre- and post-treatment specimens. Notably, the post-treatment samples exhibited remarkable immune cell infiltration. The positive area fractions of CD3+, CD4+, and CD8+ T cell in post-treatment specimens were 4.02, 2.60, and 8.38 times higher than those in pre-treatment specimens, respectively (Figure 3C).




Figure 3 | Representative images demonstrating changes in the tumor bed. (A) CD3+, CD4+, and CD8+ immunohistochemistry staining of the pre- and post-treatment specimen. (B) Multiplex immunofluorescent images of tumor tissue sections, which labels five immune biomarkers within the tumor bed: PD-1 (green), CD4 (red), CD8 (yellow), DAPI (blue), pan-CK (light blue). Overall, the numbers of various immune cell phenotypes were higher in post-treatment specimens. (C) Area fraction of indicated immune cell populations in pre- and post-treatment. A significant increase in CD3+, CD4+, and CD8+ in the tumor bed is observed after neoadjuvant tislelizumab plus chemotherapy (multiple unpaired t-tests p<0.000, p = 0.0013, and p<0.000, respectively). (D) HE staining of post-treatment specimen shows inflammatory cells, a proliferation of fibrosis, cholesterol clefts, and granulomatous reaction after neoadjuvant tislelizumab plus chemotherapy. Scale bars: A = 500 µm. B: i, ii, and iv =1000 µm; iii and v = 100 µm. D: i = 2.5 mm; ii = 500 µm; iii = 250 µm; iv = 50 µm.



Pathologic features of pCR after neoadjuvant tislelizumab plus etoposide-carboplatin therapy were observed. It was detected that inflammatory cells, a proliferation of fibrosis, cholesterol clefts, and granulomatous reaction were in the areas of the previous tumor bed (Figure 3D). The association of pCR with survival benefits warrants further evaluation involving patients with SCLC.

Atezolizumab or durvalumab (anti–PD-L1 antibody) in combination with chemotherapy is considered the standard of care in the first-line setting in SCLC. However, in January 2021, the patient finally selected tislelizumab (anti–PD-1 antibody), mainly due to financial distress. Of note, serplulimab, an anti–PD-1 antibody, combined with chemotherapy have recently come under intense focus after a phase 3 study showed improvement in overall survival compared with chemotherapy alone (15.4 months vs. 10.9 months, respectively; hazard ratio, 0.63) in patients with ES-SCLC (19). Based on this study, serplulimab was approved by the NMPA of China for the first-line treatment of ES-SCLC and was also granted orphan drug designations by the FDA and European Commission for the treatment of SCLC. Our study suggests that tislelizumab may have similar antitumor effects in SCLC and deserves further investigation.



Conclusion

Our case shows that neoadjuvant tislelizumab plus chemotherapy might facilitate radical resection and benefit patients with locally advanced (stage IIB-IIIC) SCLC without impeding the feasibility of surgery or increasing the incidence of adverse events.
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Background

Renal clear cell carcinoma (ccRCC) is one of the most prevalent cancers worldwide. Accumulating evidence revealed that copper-induced cell death played a vital role in various tumors. However, the underlying mechanism of cuproptosis with molecular heterogeneity and tumor microenvironment (TME) in ccRCC remains to be elucidated. The present study aimed to discover the biological function of cuproptosis regulators with the potential to guide clinical therapy.





Methods

Using Single-cell RNA-seq, bulk transcriptome and other multi-omics datasets, we identify essential cuproptosis-related hub gene PDHB for further study. The dysregulation of PDHB in ccRCC was characterized, together with survival outcomes, pathway enrichment and immune infiltration among tumor microenvironments. The functional significance and clinical association of PDHB was validated with loss of function experiments and surgical removal specimens.





Results

PDHB mRNA and protein expression level was significantly downregulated in ccRCC tissues compared with normal and paired normal tissues. Clinicopathological parameters and tissue microarray (TMA) indicated that PDHB was identified as a prognostic factor for survival outcomes among ccRCC patients. Additionally, low PDHB was negatively correlated with Treg cells, indicating an immunosuppressive microenvironment. Mechanistically, knockdown PDHB appeared to promote the RCC cells proliferation, migration, and invasion potentials. Subsequent studies showed that copper-induced cell death activation could overcome sunitinib resistance in RCC cells.





Conclusion

This research illustrated a cuproptosis-related hub gene PDHB which could serve as a potential prognostic marker and provide therapeutic benefits for clinical treatment of ccRCC patients.





Keywords: cuproptosis, PDHB, tumor microenvironment, sunitinib, renal clear cell carcinoma, single-cell RNA-seq





Introduction

Renal cell carcinoma was one of top ten malignant cancer subtypes worldwide, which approximately affected 79000 individuals in 2022 (1, 2). There are several subvariants of RCC, including clear cell RCC (ccRCC), papillary RCC (pRCC), and chromophobe RCC (chRCC) (3). Among them, ccRCC was the most common pathological subtype accounting for 70% patients (4). Although increasing diagnosis strategies in early stage and progressive development of surgical management help to improve the level of efficacy, around 1/3 cases will eventually present local recurrence or distant metastasis (5, 6). Targeted drugs, including vascular endothelial growth factor (VEGF) inhibitors and mammalian targets of mTOR pathway, have been widely used as first-line treatment for metastatic renal cell carcinoma, which exhibited curative effectiveness (7–9). However, intolerance to TKIs treatment and poor drug response was still a major challenge (10–12). Even more, numerous patients developed unavoidable resistance towards TKIs like sunitinib and typically progress over time (13–17). Therefore, exploring potential drug targets and combination therapeutic strategies are increasingly crucial for optimizing survival outcomes.

Copper is one of essential metal nutrient for human body within the appropriate concentration range (18). Excessive accumulation of copper could trigger cell death and disease, such as Wilson’s disease and Menke’s disease (19). Accumulated evidence has proved that copper can induce apoptosis and autophagy through multiple mechanisms, including reaction to oxidative stress and proteasome inhibition (20, 21). According to recent research, Todd et al. investigated that copper ionophores induced a distinct form of regulated cell death (22). In contrast to traditional cell death pathways that we were familiar with, copper ionophore–induced cell death is nonapoptotic, non-ferroptotic, and non-necroptotic, and is dependent on copper and mitochondrial respiration (23). Performing genomic-wide CRISPR-Cas9 screens, several genes were filtered that could protect against copper-induced cell killing (24). Mechanistically, researchers reported that abnormal copper promotes the aggregation of lipoylated proteins and links mitochondrial metabolism to copper-dependent death (24). Elesclomol is a copper-binding compound, which could induce ROS, apoptosis and cuproptosis, which is characterized as a novel copper-dependent cell death mechanism (18, 20, 22, 24, 25). Nevertheless, the particular function of cuproptosis in tumor microenvironment during the development and progression of ccRCC remained to be further elucidated.

In this research, we utilized multiple algorithms to identify essential cuproptosis-related hub gene PDHB methodologically. The dysregulation of PDHB in ccRCC was associated with survival outcomes, pathway activation and immune infiltration among tumor microenvironments. The functional significance and clinical association of PDHB was validated with loss of function experiments and clinical samples. Collectively, we provided new insights and discovered potential mechanisms for using copper ionophores to overwhelm ccRCC.





Materials and methods




Data collection and processing

For single-cell RNA-seq, we collected three datasets of ccRCC patients and normal kidney tissues were downloaded from GEO database, including GSE131685, GSE152938 and GSE156632 (26, 27). We integrated all these scRNA through “Harmony” algorithm and gathered total 9 ccRCC and 9 normal kidney samples (28, 29). The standard workflow of cell clustering in Seurat was utilized to identify distinct groups of cells based on the integrated data. In brief, PCA was performed on the scaled data, and the top 20 PCs were used for graph-based clustering to identify cell clusters. Cluster marker genes were identified using “FindAllMarkers” function in Seurat (https://satijalab.org/seurat/) based on the “RNA” assay (30, 31). Next, respective reduction of cell clustering, including UMAP and PCA were performed, and cell cluster was obtained through the UMAP method. Finally, we used the “singleR” package to get the cell type for cell population annotation (32).

Then, for bulk RNA-seq, we integrated the normalized RNA-seq profiles (TPM), matched clinical characteristics and survival information of ccRCC samples and normal kidney samples from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov) and GTEx database were downloaded (33). Meanwhile, GEO dataset GSE40435 was also applied to analyze (34). Differentially expressed cuproptosis regulators between tumor and normal tissue samples were screened out with the Wilcoxon test and “Limma” R package. Additionally, proteogenomic expression profiles of ccRCC patients was downloaded and pre-processed from CPTAC database and the supplemental materials of Ding’s research (35, 36).

Genes or proteins with false discovery rate (FDR) adjusted P < 0.05 and | log2FC (fold-change) | > 0.5 were considered as DEGs.





Biological functional enrichment analysis

We conducted Gene Ontology (GO) enrichment analysis, which including biological process (BP), cellular components (CC), molecular function (MF), together with Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways to explore the biological functions and underlying signaling pathways. Subsequently, gene set enrichment analysis (GSEA) and gene set variation analysis (GSVA) were performed to evaluate the pathways enriched among “h.all.v7.5.1.symbols.gmt” and “c2.cp.kegg.v7.4.symbols.gmt” gene sets from the molecular signature database (37, 38). We applied “AddModuleScore” algorithm to calculate the copper-induced cell death score in our scRNA datasets.





Evaluating extent of immune cell infiltration abundance in tumor immune microenvironment

To exhibit the comprehensive landscape of immune cell infiltration in different subgroups, we conducted several deconvolution algorithm algorithms, including XCELL (39, 40), TIMER (41, 42), QUANTISEQ (43, 44), MCPCOUNT (45), EPIC (46), CIBERSORT (42, 47) and CIBERSORT-ABS (48) to estimate the subpopulations of immunity infiltration scores. Differences between two risk groups were analyzed by the Wilcoxon signed-rank test and the results were obtained according to p-value< 0.05. Subsequently, we used correlation analysis when exploring the relationship between the risk score and immune infiltrated cells.





Clinical samples collection, tissue microarray and immunohistochemistry

Renal clear cell carcinoma and adjacent noncancerous renal samples were obtained by radical nephrectomy from the First Affiliated Hospital of Nanjing Medical University (Jiangsu Province Hospital) between 2005 and 2018. All diagnoses were confirmed by senior pathologists independently. Informed consent from all patients was acquired in the study. The study design and protocol were approved by the ethics committee of the First Affiliated Hospital of Nanjing Medical University (Jiangsu Province Hospital). IHC assays were performed as previously described (49, 50). Briefly, the primary antibody was diluted as follows: anti-PDHB (1:100, Abcam, USA).





Cell culture, cell proliferation, migration, and invasion assays

RCC cell lines (786-O, 769-P, A498, Caki-1) and human renal tubular epithelial cell line (HK-2) were purchased from ATCC and cultured in RPMI 1640 (786-O, 769-P), McCoy’s 5A (Caki-1), DMEM (A498) and DMEM/F12 (HK-2) (Gibco, Thermo Fisher Scientific, USA) containing 10% fetal bovine serum (FBS) and 1% penicillin/streptomycin (Gibco, Thermo Fisher Scientific, USA). Small interfering RNA targeting PDHB (si-PDHB), and negative control (shNC) were constructed and transfected. Elesclomol (Selleck, China), a specific copper-induced cell death activator, was also applied. Cells were transfected with si-PDHB and si-NC using Lipofectamine 3000 (Invitrogen, Thermo Fisher Scientific, USA).

Pretreated RCC cells were counted and seeded into a 96-well plate at a density of 1.0x103 cells/well. Cell proliferation was detected after 24h, 48h, 72h, and 96h using the CCK-8 Cell Counting Kit (Vazyme, China). The absorbance was measured at 450 nm with a microplate reader following incubation at 37°C for 1h according to the manufacturer’s protocols. For the colony formation assay, pretreated cells were seeded into 6-well plates (1000 cells/well). The cells were incubated for 10 days. Colonies were fixed in 4% paraformaldehyde for 20 min, washed with PBS twice, and stained with 0.1% crystal violet for further analysis.

For transwell cell migration and invasion assay, 1.5×105 cells RCC cells were seeded into the 8μm PET membranes 24-well Transwell (Corning, USA) upper chambers with serum-free medium for the migration assays. Medium containing 15% FBS was added to the bottom chamber. After incubation at 37°C for 24 h, the cells were fixed in 4% paraformaldehyde for 20 min and stained with 0.1% crystal violet for 20 min. Cells were captured on a microscope in five randomly selected fields and repeated three times.





RNA isolation and quantitative real‐time PCR assay

Total RNA was isolated using Trizol (Invitrogen, Thermo Fisher Scientific, USA). HiScript III All-in-one RT SuperMix (Vazyme, China) was used for cDNA synthesis. qRT-PCR was performed with SYBR qPCR Master Mix (Vazyme, China) using StepOne Plus (Applied Biosystems, USA) and LightCycler 480 PCR instrument (Roche Diagnostics, Switzerland) according to the manufacturer’s instructions. The primers and siRNA Oligo used were listed in Table S1.





Tumor in vivo assays

All mice involved in this research were approved by the Institutional Animal Care and Use Committee (IACUC) of Nanjing Medical University. Briefly, total 2.5 × 107 786-O cells with knockdown-PDHB (shPDHB) and negative control cells were collected and suspended with PBS and Matrigel (1:1, Corning, USA), then subcutaneously injected into 4-week-old female BALB/c nude mice. The formula of tumor volume was calculated as follows: Tumor volume= (length*width)2/2.





Statistical analysis

All analyses were performed using GraphPad Prism software and R 4.2.2. All statistical tests were two-sided, and P-value <0.05 was considered statistically significant unless otherwise noted. Continuous variables in normal distribution were between-group compared through the independent Student’s two-tailed t-test, while continuous variables in skewed distribution through the Mann-Whitney U test. Spearman order correlation analysis was used to determine the relationship between different subgroups. The differences in clinical outcomes were calculated with the Log-rank test through the Kaplan-Meier method. The univariate regression model was constructed to analyze the effect of each variable on the survival. All experiments were repeated independently three times. Data are shown as the mean ± standard deviation (SD). The P-value < 0.05 was considered to be statistically significant.






Results




Dysregulation and survival outcomes of cuproptosis regulators across pan-cancer types

Firstly, after summary copper-induced cell death regulators by genomic-wide CRISPR-Cas9 loss of function screening results, total 10 copper-induced cell death regulators were categorized into two groups: cuproptosis resistances (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, and PDHB) and cuproptosis sensitizers (MTF1, GLS, and CDKN2A). For investigating the activity of copper-induced cell death across human cancers, single sample gene set enrichment (ssGSEA) algorithm was applied to calculate the cuproptosis score (CPS) based on the gene expression from the TCGA database. We found that CPS is significantly downregulated in the majority cancers (Figure 1A). Consistently, CPS was dramatically decreased in paired samples among human cancers (Figure 1B). These results confirmed that CPS based on different approaches or cancer subtypes is robust. We observed the aberrant expression patterns of these cuproptosis regulators (Figure 1C). Meanwhile, we visualized somatic copy number alterations (SCNA) frequency and the expression of these cuproptosis regulators in TCGA pan-cancer cohort (Figure 1D). Additionally, we analyzed the association between these cuproptosis regulators and overall survival outcomes by log-rank test and Cox regression. Interestingly, high expression of these cuproptosis resistances revealed favorable overall survival (Figure 1E). Functional enrichment further demonstrated that these intersecting genes were mainly enriched in glyoxylate metabolism and glycine degradation, metabolic reprogramming, and biosynthesis of cofactors (Figure 1F). These suggested that transcriptional alternations and genetic mutation of cuproptosis regulators are probably the underlying mechanisms leading to perturbations in copper-induced cell death.




Figure 1 | Landscape of expression level and survival outcomes of across human pan-cancer. (A) The cuproptosis score based on the gene expression from the TCGA database calculated by ssGSEA algorithm. (B) Cuproptosis score was significantly downregulated in multiple cancers. (C) The expression patterns of these cuproptosis regulators among TCGA pan-cancer dataset. (D) Somatic copy number alterations (SCNA) frequency of these cuproptosis regulators. (E) The association between cuproptosis resistances and overall survival outcomes. (F) Functional enrichment analysis of these cuproptosis regulators genes. *: p<0.05; ***: p<0.001; ****: p<0.0001.







Distinct landscape of cuproptosis regulator genes in ccRCC

Based on above results, we discovered that ccRCC tissues had significantly lower copper-induced cell death index compared to adjacent normal tissues. Moreover, these cuproptosis regulators are abnormally expressed and associate with clinical outcome in ccRCC. Accordingly, we chose ccRCC for further research. First, we applied renal cancer cell lines to elesclomol exposure, a specific copper-dependent cell death activator. The cell viability of 786-O, Caki-1, A498 and 769-P cells decreased significantly after elesclomol treatment, which exhibited a concentration-dependent effect (Figure 2A). To further investigate the expression pattern of these cuproptosis-related genes in ccRCC, we quired TCGA-KIRC cohort to compare the transcriptional alternations, which was illustrated in a heatmap (Figure 2B). In addition, we analyzed the correlation between the expression of different genes and survival outcomes in ccRCC patients, which revealed strong associations. Among them, FDX1, DLAT, DLD, LIAS and PDHB showed positive correlation in cuproptosis resistances subgroup (Figure 2C). We also observed PDHA1, PDHB, FDX1, GLS, DLD, DLAT, LIAS and LIPT1 were down-regulated in ccRCC tumor tissues, while CDKN2A exhibited higher protein expression among tumor samples in CPTAC-ccRCC database (Figure 2D).




Figure 2 | Single-cell and bulk RNA-seq revealed the distinct landscape of cuproptosis regulator genes in ccRCC. (A) The cell viability of 786-O, Caki-1, A498 and 769-P cells decreased significantly after cuproptosis activator (elesclomol) treatment. (B) The expression pattern of these cuproptosis-related genes in ccRCC and adjacent normal tissues. (C) Correlation analysis of these cuproptosis-related genes. (D) The protein expression level of these cuproptosis regulators in CPTAC-ccRCC database. (E) Single-cell RNA-seq illustrated the distribution of copper-induced cell death scores by “AddModuleScore” algorithm. (F) Copper-induced cell death signature was significantly down-regulated in ccRCC tumors tissues compared with normal samples both in all cells and tumor cells. (G) The cell proportion among different patients and correlations of PDHB expression level.







Single-cell RNA sequencing revealed the distribution and expression of copper-induced cell death in ccRCC

In consideration of the heterogeneity of ccRCC, we applied single-cell RNA sequence (GSE) for further validation. Firstly, we after using “Harmony” to remove batch effects, we gathered a total of 33 clusters by UMAP algorithm (Figure S1A). Then, we explored the distribution of copper-induced cell death scores by single-cell signature scorer and found that overwhelming majority copper-induced cell death signature was enriched in normal samples compared with ccRCC tumors by “AddModuleScore” algorithm (P<0.001; Figures 2E, F). Marker genes between each cluster were calculated and illustrated in Figure S1C. ccRCC and normal kidney samples could mainly be divided into epithelial cells (Malignant tumor cells), endothelial cells, Myeloid cells, Mast cells, T cells, Fibroblast cells and Fibroblast_Endothelial_like cells (Figures S1B, S2E). Finally, we tried to explore the exact distribution of cuproptosis regulator genes in ccRCC tissues. Specifically, we conducted single-cell analysis to demonstrate and validate the detail changes of immune composition alternations and found that higher proportion of T and Myeloid cells among patients with high expression of PDHB, especially in patient sample T1, T6 and T9. In contrast, among low PDHB expression patients, we observed lower immune cell infiltration, such as T cells and myeloid cells (Figure 2G). The results showed that cuproptosis regulator genes were mainly concentrated in hepatocytes and epithelial cells, indicating their vital role in immune cell infiltration among tumor microenvironments.





Identification of essential cuproptosis regulator PDHB in ccRCC

To further identify the essential cuproptosis regulators in ccRCC, we combined expression and prognostic analysis to detect these candidates (Figure 3A). We gathered four differently expressed cuproptosis regulators (FDX1, PDHB, PDHA1 and CDKN2A) among TCGA-KIRC cohort and two regulators among GSE40435 cohort (Figures 3C, D). Meanwhile, the prognostic value of these cuproptosis-related genes was calculated by the ROC curve, which illustrated the AUC value of CDKN2A was 0.991 (95%CI: 0.982-1.000); FDX1 was 0.965 (95%CI: 0.946-0.983), and the AUC value of PDHB was 0.956 (95%CI: 0.933-0.979) (Figure 3B). Next, we conducted univariate Cox regression analysis and identified total 9 prognostic genes (Figure 3E). Taken together, the multi-omics analyses confirmed that PDHB might be the key gene involved in copper-induced cell death. (Figure 3F).




Figure 3 | Identification of essential cuproptosis regulator PDHB in ccRCC. (A) The expression level of these cuproptosis regulator candidates in TCGA-ccRCC cohort. (B) The prognostic value of these cuproptosis-related genes calculated by the ROC curve and AUC value in TCGA-ccRCC cohort. (C, D) Differently expression analysis of cuproptosis regulators among TCGA-KIRC cohort (C) and two regulators among GSE40435 cohort (D). (E) Univariate Cox regression analysis and identified prognostic cuproptosis regulators in TCGA-ccRCC cohort. (F) Venn diagram of above analysis revealed PDHB was the essential regulators among ccRCC patients.







PDHB is significantly downregulated in ccRCC patients

We first analyzed the transcriptional profiles of PDHB in ccRCC through TCGA and GTEx databases. PDHB expression was significantly lower in ccRCC tumor tissues compared with normal kidney tissues both in TCGA-ccRCC and TCGA+GTEx ccRCC cohorts (P<0.001; Figures 4A, B). This result was also validated in both TCGA paired samples and (P<0.001; Figure 4E). ccRCC samples of our NJMU cohorts, (Figure 4F). The ROC curve was also applied to assess the prognostic of PDHB. The AUC value of PDHB in TCGA-ccRCC cohort was 0.956 (95% CI: 0.933-0.979) and 0.844 (95% CI: 0.784-0.903) in TGCA+GTEx database (Figures 4C, D). Moreover, PDHB protein expression level was significantly downregulated in ccRCC tissues from CPTAC and Chinese FUSCC cohort (Figures 4G,H). Ultimately, its tissue abundance was measured using IHC both in HPA database and our clinical samples, which achieved consistent results from above achieved (Figures 4I, J). We also evaluated the association between PDHB expression and clinicopathological features. As shown in Figure 4K, the expression of PDHB in patients with lower stage (Stage I-II) was found significantly higher compared to patients who were highe stage (Stage III-IV) level (P<0.05; Figure S2A). The distribution of PDHB showed a significant difference among the T classification. PDHB was highly expressed in T1-2 patient compared with T3-4 patient (P<0.05; Figure S2B). Similarly, PDHB was decreased with advanced M classification (Figure S2C). We also performed qRT-PCR experiments to detect the expression level of PDHB in ccRCC or normal kidney cell lines and found that PDHB was down-regulated in ccRCC cell lines (P<0.05; 786-O, 769-P, Caki-1 and A498) compared with normal kidney cell line HK2 (Figure 4L). Additionally, about the subsequent analyses, median cut was used to dichotomize 539 individuals into high-PDHB (n=270) and low-PDHB (n=269) subgroup based on mRNA expression level. As shown in Table 1, PDHB was significantly correlated with the pathologic stage and T classification (P<0.001). Furthermore, logistic regression analysis was adopted to describe the exact correlativity between PDHB expression and clinicopathological characteristics (Table 2). Taken together, above results suggested that PDHB played a vital role in ccRCC.




Figure 4 | The expression pattern of PDHB in ccRCC tissues and clinical characteristics. (A) The expression level of the PDHB in distinct tumors or specific tumor subtypes. (B) The expression level of PDHB in TCGA-ccRCC and GTEx database. (C, D) ROC curve showed the efficiency of PDHB to distinguishing ccRCC tissue from normal tissue in TCGA (C) and TCGA+GTEx cohort (D) (E) The expression level of PDHB in TCGA-ccRCC paired samples. (F) The expression level of PDHB in our NJMU-ccRCC clinical samples. (G, H) The protein expression level of PDHB among FUSCC-ccRCC and CPTAC-ccRCC proteome cohorts. (I) IHC staining of ccRCC samples in HPA database. (J) IHC staining of our clinical ccRCC samples confirmed the down-regulated expression level in ccRCC samples compared with normal renal samples. (K) The correlation between expression level of PDHB and different clinicopathologic characteristics. (L) qRT-PCR experiments to detect the expression level of PDHB in ccRCC or normal kidney cell lines. *: p<0.05; **: p<0.01; ***: p<0.001; ns, no significant.




Table 1 | Baseline information of clinicopathology characteristics and PDHB expression level among TCGA-ccRCC cohort.




Table 2 | Logistic regression analysis of PDHB and clinical information among TCGA-ccRCC cohort.







Low expression of PDHB revealed unfavorable survival outcomes

From TCGA-ccRCC database, we found that the patients with low level of PDHB displayed poor prognosis in overall survival (OS), disease-specific survival (DSS) and progression free interval (PFI) (Figures 5A–C). In addition, conducting univariate and multivariate cox regression, PDHB could serve as an independent predictive marker for ccRCC patients’ overall survival (Univariate: HR=0.553, 95% CI=0.407−0.751, P<0.001; Multivariate: HR=0.696, 95% CI=0.503-0.963, P=0.029), revealing that low levels of PDHB expression were correlated with shorter OS (Figure 5D). Moreover, a nomogram based on age, gender, pathologic stage, and PDHB was developed to predict the 1-, 3-, and 5-year OS for individual ccRCC patients. (Figure 5E). Additionally, by analyzing PDHB expression from IHC tissue microarray staining from our NJMU ccRCC cohort (N=90), we divided patients into PDHB-high and PDHB-low subgroups (Figure 5F). Kaplan-Meier survival curves demonstrated that low expression of PDHB were correlated with shorter overall survival (P=0.022; Figure 5G). Therefore, these findings suggested that PDHB might serve as an indicator for the clinical prognosis of ccRCC patients.




Figure 5 | Survival analysis of PDHB and construction of nomogram (A-C) Kaplan–Meier curve showed the prognostic value of HNRNPC in OS, DSS, and PFI. (D) Univariate and multivariate Cox regression analysis in overall survival (OS). (E) Construction of a nomogram for estimation of survival rates for ccRCC patients. (F) Representative images of IHC staining of low and high PDHB expression in tissue microarray (N=90). (G) Kaplan–Meier survival analysis revealed low expression of PDHB revealed unfavorable clinical outcomes among our NJMU-ccRCC cohort.







Functional enrichment and pathway annotation of PDHB

PPI network was constructed and illustrated in ComPPI database (Figure 6A). We next investigated the difference among biological function, hallmarks and pathways involved. GSVA analysis demonstrated that oxidative phosphorylation, adipogenesis, mTORC1 signaling and fatty acid metabolism pathway was significantly enriched in PDHB low subgroup (Figure 6B). GSEA analysis also acquired similar enrichment of Hallmark bile acid metabolism and apical surface signature in PDHB-low subgroup  (Figures 6C, S3A, B). By calculating PDHB co-expressed genes (Figures S3A, B), we found that co-expressed genes were involved in tRNA processing and GDP binding pathway. These findings confirmed that down-regulated PDHB was mainly participated in metabolism-related pathway.




Figure 6 | Functional enrichment analysis and Relationship of immune infiltration among tumor microenvironments. (A) ComPPI database for constructing a cellular compartment-specific protein-protein interaction network of PDHB. (B) GSVA analysis illustrated that PDHB participated in several Hallmark pathways. (C) GO and KEGG pathway enrichment of PDHB related genes. (D-F) the difference and correlation between PDHB expression and various immune cells and ESTIMATE score. (G) The correlation analysis between PDHB expression and Treg cells. (H) Assessment of IPS score among different PDHB expression level patients (I) IHC experiments among NJMU-ccRCC tissue microarray cohort to detect the expression level of Treg cell marker FOXP3. *: p<0.05; **: p<0.01; ***: p<0.001; ns, no significant.







Correlation between PDHB and characteristics of tumor microenvironment

We applied ssGSEA algorithm to evaluate 24 types of immune cell infiltration level among tumor microenvironment (TME). Detailed characteristics of immune cell proportion and differences between PDHB expression subgroup was further identified. The results revealed that regulatory T cells (Treg) cells were dramatically increased in low-PDHB patients, which demonstrated a suppressive tumor immune microenvironment (Figure 6D). Then, we investigated the component of immune cell and stromal cell using ESTIMATE algorithm. As shown in Figure 6E, high-PDHB expression subgroup tend to illustrate more immune and stromal cell infiltration phenomenon. Additionally, correlation analysis indicated that Treg, cytotoxic cells, NK CD56bright cells and T cells was negatively correlated with PDHB expression level, while mast cells, Tgd, DC, eosinophils and Tfh cells has a significant positive correlation with PDHB (Figure 6F). Additionally, we found negative association between the expression level of PDHB and Treg cell marker FOXP3 in TCGA-ccRCC cohort. Ultimately, we performed IHC assays to detect the expression level of PDHB and Treg cell marker FOXP3, which found a negative correlation between PDHB and Treg cells in our NJMU ccRCC cohort (Figure 6I). Above results suggested that low expression of PDHB plays a vital role in regulating suppressive tumor immune microenvironment mainly via up-regulating Treg cells by ssGSEA and CIBERSOFT algorithms (Figure 6G). We assessed the IPS score among different PDHB expression level patients, which could predict the response to immunotherapy. Among them, IPS score of CTLA-4 block therapy and CTLA4+PD-1 combined block therapy was significantly increased in high-PDHB group (Figure 6H). These results illustrated low-PDHB expression patients are more likely to benefit from CTLA-4 block therapy and CTLA4+PD-1 combined block immunotherapy.





Knockdown PDHB promoted proliferation and migration of ccRCC in vitro and in vivo

To further determine the biological oncogenic role of PDHB in ccRCC, PDHB-was knocked down in 786-O and Caki-1 cell models and validated by qRT-PCR and western blotting (Figure 7A, P< 0.05). Cell counting kit-8 (CCK-8) assay indicated that PDHB knockdown significantly increased cell proliferation ability (Figure 7B). Colony formation assay was also employed to determine the long-term impact of PDHB on cells proliferation. We observed higher colony-formation efficiency in PDHB knockdown group than control group both in 786-O and Caki-1 cell lines accordingly (Figures 7C, D). Ultimately, in vivo experiment confirmed that knocking down PDHB dramatically accelerated tumor growth (Figure 7E). In addition, Transwell migration assay and wound healing assay demonstrated that knockdown PDHB increased the migration ability of RCC cells (Figures 7F–I). These findings corroborated that PDHB was essential for ccRCC proliferation and metastasis in vitro and in vivo.




Figure 7 | Silencing essential cuproptosis regulator PDHB promoted ccRCC proliferation, migration and sunitinib resistance. (A) qRT-PCR to confirm the performance of siRNA targeting PDHB among 786-O and Caki-1 RCC cells. (B) CCK-8 assay results indicated that PDHB knockdown increased cell proliferation. (C, D) Colony-formation efficiency of knockdown PDHB in 786-O and Caki-1 cells. (E) Knocking down PDHB dramatically accelerated tumor growth in vivo. (F, G) Transwell migration assay of knockdown PDHB and control group. (H, I) Wound healing assay of knockdown PDHB and control group. (J, K) Colony formation assays for the assessment of inhibition rate 786-O and Caki-1 cells treated with sunitinib and elesclomol for 10 days, while the synergy score plot based on ZIP and Bliss models.







Copper-induced cell death activation overcomes sunitinib resistance in ccRCC cells

Currently, sunitinib is a first line recommended clinical treatment drug that targets multiple RTKs, such as VEGFR2 (Flk-1) and PDGFRβ (51, 52). Considering that sunitinib resistance is still a common challenge for targeted therapies among renal cell carcinoma (53), we sought to investigate the combined therapeutic strategies to overcome sunitinib resistance in RCC cells. Importantly, the combination therapy of elesclomol and sunitinib profoundly suppressed the proliferation ability of ccRCC cells in a synergistic manner, as demonstrated by the HSA and Bliss synergy scores (786-O: ZIP-score: 17.89, Bliss-score: 17.79; Caki-1: ZIP-score: 11.93, Bliss-score: 11.88; Figures 7J, K). Ultimately, among the most synergistic area score also demonstrated that elesclomol and sunitinib could suppress ccRCC cells proliferation synergistically (Most synergistic area score: 786-O: ZIP-score: 26.75, Bliss-score: 27.31; Caki-1: ZIP-score: 21.05, Bliss-score: 20.27; Figures 7J, K).






Discussion

Clear cell renal cell carcinoma is the most common and lethal histological subtype of RCC (2, 54). About 15% of RCC patients are metastatic while detected (55). Interest in investigating the possible targeting of particular immune-related biomarkers for immunotherapy has increased as a result of the efficacy of immune checkpoint inhibitors in treating ccRCC (56). Nevertheless, there are currently no clinically applicable markers to assess heterogeneous molecular subgroups and reliably predict their prognostic outcome in clinic treatment (4, 57, 58).

Recently, accumulating studies revealed that intracellular copper (Cu) induces a novel form of regulated cell death that is different from oxidative stress-related cell death (apoptosis, ferroptosis, and necroptosis), which has been termed “cuproptosis” (22–25). Understanding how cuproptosis is initiated, propagated, and ultimately executed may presented a new perspective on therapeutic interventions and possible combination treatments (59–61). However, the role and underlying mechanism of cooper-induced cell death in ccRCC remained unclear. To determine the specific regulator of copper-mediated cytotoxicity in ccRCC, we first obtained ten essential cuproptosis regulators by genome-wide CRISPR-Cas9 loss-of-function screens. Then, combined with multi-omics analysis, PDHB was selected as the essential cooper-induced cell death regulator.

Localized in the mitochondria, pyruvate dehydrogenase B (PDHB) is the enzyme that catalyzes the glucose-derived pyruvate to the acetyl-CoA and plays important role in oxidative phosphorylation (62). Zhu et al. showed that miR-146b-5p could regulate colorectal cancer proliferation, invasion and glycolysis directly targeting PDHB (63). Similarly, other researchers found that PDHB was involved in circadian clock and could regulates metabolic phenotype in colorectal cancer, which influenced tumor progression and drug response (64). However, the mechanism and biological function of PDHB in ccRCC is still poorly understood.

Our study first illustrated the landscape of dysregulation of cuproptosis regulators across human cancer and found distinct expression pattern of cuproptosis regulators in ccRCC. In order to discover the most important cuproptosis regulators in ccRCC, we performed multi-omics screens and confirmed PDHB as an essential component regulating in ccRCC progression. qRT-PCR and IHC was further validated in our NJMU-ccRCC cohort. Moreover, our research revealed high PDHB expression level was associated with favorable survival outcomes in both TCGA database and our clinical cohort. Functional enrichment and pathway annotation demonstrated that PDHB was involved in oxidative phosphorylation and fatty acid metabolism pathway, which was corresponding with the feature of cuproptosis: lipoylated TCA cycle proteins-mediated novel cell death pathway (65, 66). Furthermore, cuproptosis-related gene PDHB might inhibit the progression of ccRCC by mediating immune-active tumor microenvironment associated with cell death and immune responses.

Ultimately, we analyzed the correlation between immune characteristics among tumor microenvironment and PDHB expression level. Our finding revealed Treg, cytotoxic cells, NK CD56bright cells and T cells was negatively correlated with PDHB, indicating low PDHB may contribute immune suppressive microenvironment. Recent research provided that Tregs are one mechanism of tumor-driven immune evasion that provide prototypical targets for testing novel anticancer strategies within the newer paradigm (67). The dysfunction of Tregs may contributed to immune dysfunction, immune suppression and sunitinib resistance (68–70). Based on above evidence, we provided an innovative combination strategy for treating ccRCC populations. Our findings demonstrated that copper-induced cell death activation overcomes sunitinib resistance in ccRCC cells. However, the mechanisms underlying PDHB’s tumorigenic actions are still not entirely clarified. Before we can target this protein in patients safely and effectively, further research is required to describe the comprehensive molecular mechanisms of PDHB.





Conclusions

In summary, our research illustrated the dysregulation of cuproptosis regulators across human cancer and revealed its expression pattern, survival outcomes and biological function n ccRCC. As a hub cuprotosis-related regulators, low PDHB expression closely associated with immune suppressive microenvironment and sunitinib resistance, which mainly via regulating Tregs. Therefore, PDHB could serve as a potential prognostic biomarker and immune-regulation factor for ccRCC.
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Supplementary Figure 1 | Single-cell RNA-seq quality control and pretreatment. (A) “Harmony” and UMAP algorithm to remove batch effects and gathered a total of 33 clusters. (B) Detailed cell annotation of single-cell RNA-seq. (C) Dotplot illustrated the marker genes between each cluster.

Supplementary Figure 2 | The expression level of PDHB and clinical characteristics. (A-C) The expression level of PDHB was analyzed by different clinicopathologic characteristics. (A) Stage I-II versus Stage III-IV. (B) T1-T2 versus T3-T4. (C). M0 versus M1.

Supplementary Figure 3 | GSEA analysis and functional enrichment of PDHB. (A) GSEA analysis enrichment demonstrated that Hallmark bile acid metabolism and apical surface signature in PDHB-low subgroup. (B) GSEA analysis illustrated that PDHB participated in several KEGG metabolism-related pathways. (C) Heatmap showed the co-expressed genes of PDHB.

Supplementary Figure 4 | Correlation analysis between PDHB and Treg cells. (A) Correlation analysis between PDHB and Treg cells by “CIBERSORT” algorithm. (B) Correlation analysis between PDHB and Treg cell marker gene FOXP3 in TCGA-ccRCC cohort.
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Background

Hepatocellular carcinoma (HCC) is a highly prevalent and fatal cancer. The role of PANoptosis, a novel form of programmed cell death, in HCC is yet to be fully understood. This study focuses on identifying and analyzing PANoptosis-associated differentially expressed genes in HCC (HPAN_DEGs), aiming to enhance our understanding of HCC pathogenesis and potential treatment strategies.





Methods

We analyzed HCC differentially expressed genes from TCGA and IGCG databases and mapped them to the PANoptosis gene set, identifying 69 HPAN_DEGs. These genes underwent enrichment analyses, and consensus clustering analysis was used to determine three distinct HCC subgroups based on their expression profiles. The immune characteristics and mutation landscape of these subgroups were evaluated, and drug sensitivity was predicted using the HPAN-index and relevant databases.





Results

The HPAN_DEGs were mainly enriched in pathways associated with the cell cycle, DNA damage, Drug metabolism, Cytokines, and Immune receptors. We identified three HCC subtypes (Cluster_1, SFN+PDK4-; Cluster_2, SFN-PDK4+; Cluster_3, SFN/PDK4 intermediate expression) based on the expression profiles of the 69 HPAN_DEGs. These subtypes exhibited distinct clinical outcomes, immune characteristics, and mutation landscapes. The HPAN-index, generated by machine learning using the expression levels of 69 HPAN_DEGs, was identified as an independent prognostic factor for HCC. Moreover, the high HPAN-index group exhibited a high response to immunotherapy, while the low HPAN-index group showed sensitivity to small molecule targeted drugs. Notably, we observed that the YWHAB gene plays a significant role in Sorafenib resistance.





Conclusion

This study identified 69 HPAN_DEGs crucial to tumor growth, immune infiltration, and drug resistance in HCC. Additionally, we discovered three distinct HCC subtypes and constructed an HPAN-index to predict immunotherapeutic response and drug sensitivity. Our findings underscore the role of YWHAB in Sorafenib resistance, presenting valuable insights for personalized therapeutic strategy development in HCC.
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Introduction

Hepatocellular carcinoma (HCC), the world’s third most common solid malignant tumor, is currently facing a critical situation (1, 2). In 2020, HCC was responsible for the second-highest cancer-related deaths worldwide, following only lung cancer (3, 4). Unfortunately, this proportion has steadily increased yearly, ranked third in 2017 and fourth in 2015 (5). The specific heterogeneity of liver cancer patients, coupled with the limited number of tests and treatments available, is a significant factor contributing to this situation (6, 7). Although surgery remains the primary treatment for primary liver cancer, it is only accessible to a small percentage of patients.

Moreover, even after successful surgical treatment, some patients remain at risk of recurrence and metastasis for several years thereafter (8). Despite remarkable advancements in the treatment of various cancers, such as lung cancer and melanoma, the effectiveness of immunotherapy in treating hepatocellular carcinoma (HCC) has been unsatisfactory. Specifically, the objective response rate (ORR) of PD-1 immune checkpoint blockers (ICBs) for advanced HCC hovers around 15%, which is not sufficient (9, 10). Similarly, sorafenib, a small representative molecule targeted drug, has limited survival benefits for patients with advanced liver cancer due to tumor resistance (11, 12). As such, there is an urgent need to accurately and effectively screen patients suitable for ICBs or targeted drug sensitivity, enabling them to receive the most suitable treatment.

In recent years, scholars have defined a novel cell death pathway, PANoptosis (‘P’ for Pyroptosis; ‘A’ for Apoptosis; ‘N’ for Necroptosis), which has been defined by scholars (13–15). This pathway involves the activation of a cytoplasmic multiprotein complex called PANoptosome, which can trigger multiple forms of programmed cell death, including pyroptosis, apoptosis, and necroptosis (16–18). The dysregulation of PANoptosis has been associated with various human diseases, including autoinflammatory diseases, cancer, and infectious and metabolic disorders. Some biomarkers associated with PANoptosis, including NLRP3, caspase-1 for pyroptosis, ZBP1, IRF1, caspase-8 for apoptosis, and RIPK3/RIPK1 for necroptosis, have shown considerable benefits in suppressing cancer (19–21). For instance, IRF1 functions in both myeloid and epithelial cells to counteract AOM/DSS-induced colorectal tumorigenesis, while RIPK3 activation in colon cancer cells leads to increased cytokine expression in the tumor microenvironment, contributing to robust cytotoxic anti-tumor immunity (19, 22). It is widely recognized that cell death resistance is a hallmark feature of hepatocellular carcinoma, and tumor cells have developed various strategies, such as the loss of TP53 tumor suppressor function, to limit apoptosis, which also plays a pivotal role in the failure of traditional cancer treatment (23, 24).

Cancer immunotherapy is a promising modality that stimulates the immune system to eliminate cancer cells with minimal side effects by modulating inherent immunosurveillance (25). Although some immune checkpoint blockade (ICB) therapies, particularly anti-PD-L1/PD-1, have shown clinical efficacy for patients with advanced stages of cancer, the objective response rate and survival benefits remain limitation (26, 27). One important reason for this is the inability of ICBs to induce programmed cell death (PCD) is essential for organismal development, host defense against pathogens, and maintaining homeostasis (28). However, resistance to PCD has been shown to promote tumor development, highlighting the need for novel PCD-based cancer therapies (29, 30). As a pivotal inflammatory PCD pathway, PANoptosis possesses critical features of pyroptosis, apoptosis, and necroptosis, which cannot be accounted for by any of these three PCD pathways alone (31). PANoptosis triggers systematic inflammation by releasing pro-inflammatory intracellular contents, making it a promising avenue for solid tumor immunotherapy (32). Thus, a deeper understanding of the mechanisms underlying PANoptosis can offer new opportunities to develop effective strategies for hepatocellular carcinoma immunotherapy.

There is a gap in current research on the role of PANoptosis in HCC. In the present study, we conducted a Consensus-Cluster-Plus analysis to identify three subgroups based on differentially expressed genes associated with PANoptosis and HCC (HPAN_DEGs). We then investigated these subgroups’ immune profiles and mutational landscape and constructed a PANoptosis risk score model (HPAN-index) for HCC. The HPAN-index can be used to grade the prognostic risk of HCC and to predict response to immunotherapy and chemotherapy drugs. Furthermore, we developed an integrated scoring nomogram to improve prognostic stratification and predictive accuracy for individual patients. Finally, we validated the drug response in different HPAN-index groups using public databases and in vitro trials, highlighting the enormous clinical potential of our findings in improving personalized decision-making for immunotherapy in HCC (Graphical abstract of the study).





Methods



Data acquisition and preprocessing

Data were obtained from the Cancer Genome Atlas (TCGA) in the training set, whereas the validation set sample data was sourced from the International Cancer Genome Consortium (ICGC) database. The test set sample data (GSE14520) was acquired from the Gene Expression Omnibus (GEO) database (33–36). Additionally, the GSE109211 cohort was used as a dataset for Sorafenib resistance validation, and the GSE100797 and GSE93157 cohorts were used as datasets for immunotherapy sensitivity evaluation (37–39). Please refer to Supplementary Table 1 for detailed information on the data.

To generate the PANoptosis gene list, we merged the gene lists of pyroptosis, apoptosis, and necroptosis while eliminating any redundant genes. Specifically, the pyroptosis gene list was retrieved from the Reactome pathway database, while the apoptosis gene list was integrated from three separate gene lists obtained from the AmiGO2, Reactome, and KEGG pathway databases, respectively (40, 41). Furthermore, the necroptosis gene list was sourced from the AmiGO2 database. After compiling the individual gene lists, a total of 277 non-redundant genes were identified and included in subsequent analyses (Supplementary Figure 1).





Identification of differentially expressed genes associated with HCC and PANoptosis

In our study, differential analysis was performed using the “limma” package (version 3.40.6) to identify genes differentially expressed between normal and cancer groups based on the data obtained from the TCGA and ICGC databases. To this end, we obtained the expression spectrum dataset and utilized the “lmFit” function to perform multiple linear regression. Next, the “eBays” function was utilized to calculate moderated t-statistics, F-statistics, and log-odds of differential expression via empirical Bayes moderation of standard errors directed toward an anticipated value. Subsequently, we identified the significance of variations for each gene (42). The selection criteria for identifying differentially expressed genes (DEGs) were P<0.05 and |log2FC|>1.5.





Unsupervised clustering of HCC-PANoptosis-related model genes

We performed consensus clustering analysis to identify unknown hepatocellular carcinoma (HCC) subtypes using the “Consensus-Cluster-Plus” package and model genes (43). The clustering was executed with a 1-Pearson correlation distance, and 80% resampling of the sample, and the process was repeated ten times. Empirical cumulative distribution function plots were utilized to determine the optimal number of clusters.





Functional enrichment analysis

To carry out GO and KEGG functional enrichment analyses, we employed the R packages “org.Hs.eg.db” and “clusterProfiler” (version 3.14.3). Initially, genes were annotated with GO terms using “org.Hs.eg.db” and mapped to a background set. Subsequently, the “clusterProfiler” package was utilized for GO and KEGG enrichment analyses, obtaining gene set enrichment results. In both cases, the minimum and maximum gene set sizes were set at 5 and 5000, respectively. We acquired the latest KEGG pathway gene annotations through the KEGG REST API and mapped them to a background set. Statistical significance was determined by a P value of < 0.05 and a false discovery rate (FDR) of < 0.25 for both analyses (44).

For Gene Set Enrichment Analysis (GSEA), we obtained subset collections from the Molecular Signatures Database to evaluate the relevant pathways and molecular mechanisms based on gene expression profiles and phenotype grouping (41). We performed 1000 permutations to obtain statistically significant results by P value of < 0.05 and FDR of < 0.25.





Somatic mutation analysis

To evaluate somatic mutations and assess tumor mutation burden (TMB), we utilized the “maftools” R package (45, 46). Somatic mutation data was obtained from the TCGA database and analyzed to identify non-synonymous somatic mutations. We then calculated TMB scores by dividing the number of non-synonymous somatic mutations by the total size of the genome in megabases.





Immune landscape analysis

The Tumor Immune Dysfunction and Exclusion (TIDE) framework is a computational tool that evaluates the potential for tumor immune evasion using gene expression profiles of cancer samples (47, 48). TIDE scores computed for each tumor sample serve as biomarkers to predict the response to immune checkpoint blockade, including anti-PD1 and anti-CTLA4, across different cancer types. We employed five algorithms to evaluate immune cell infiltration in the tumor microenvironment: TIMER, EPIC, xCELL, CIBERSORT, and MCPcount (49, 50). These algorithms enable a comprehensive evaluation of the immune cell landscape in the tumor microenvironment.





Chemotherapy response and small-molecule drugs

Data from the Genomics of Drug Sensitivity in Cancer (GDSC) database were analyzed to predict chemotherapy response in HCC patients (51). The half-maximal inhibitory concentration (IC50) calculated using the “pRRophetic” R package was used to indicate response to chemotherapy drugs (52). To identify potential new targets for HCC treatment, the gene expression profiles of high-risk and low-risk patient groups were compared using the Connectivity Map (CMap) reference dataset (53). Specifically, differentially expressed genes were identified and ranked based on their enrichment in the CMap dataset. A drug was considered a potential target if the enrichment score was between -1 and 0 and the adjusted p-value was less than 0.05.





Survival analysis and machine learning

We established a Lasso regression model using the “glmnet” package and utilized 10-fold cross-validation to select the optimal Lambda value, enhancing the interpretability and predictive accuracy of the model. The Lambda value of 0.0024 was optimal for minimizing the cross-validation error. We determined the coefficients of each gene using multivariate Cox analysis and generated the final regression model with the selected Lambda value. At the Lambda value of 0.0024, IRAK1, PSMD11, CHMP2A, PTRH2, SFN, YWHAB, PSMD3, TP53BP2, and PSMA4 were identified as the most important genes for predicting STATUS, with a calculated scoring formula of:.

	

We initially divided patients into two groups based on the risk coefficient value using the percentile (50%) and classified them as either the high HPAN-index or low HPAN-index groups. Subsequently, we used the “survfit” function in the R software package “survival” to analyze the prognostic differences between the two groups. The log-rank test method was employed to evaluate the significance of the prognostic differences between the samples in different groups.





Cell proliferation, western blot, and invasion assays

The inhibitory effect of sorafenib on cell growth was assessed using the Cell Counting Kit-8 (CCK-8, Dojindo Kumamoto, Japan). Cells were plated at a density of 5,000 cells per well in 96-well plates. Following an initial 8-hour incubation period, the cells were treated with sorafenib at the prescribed doses or left untreated for 48 hours. Specific monitoring steps can be referred to in the instructions provided by the CCK-8 kit. Western blotting was carried out in the manner previously mentioned (54).

For the Matrigel invasion experiment, 1:8 diluted Matrigel matrix gel coating from Corning (ME) was applied to the chamber. DMEM plates without FBS were utilized to inject 2 × 106 cells per group. DMEM supplemented with 20% fetal bovine serum was added to the lower chamber, while mitomycin C was administered to the upper chamber to prevent cell proliferation. After a 48-hour incubation, the submembrane surface-invading tumor cells were fixed with 4% methanol and stained with 0.1% crystal violet. Each sample was counted across × 100 microscopic fields. All assays were performed in triplicate to ensure reliability.





Construction of sorafenib-resistant cell lines and RNA interference

The resis-PLC cells were generated from PLC cells using a protocol involving continuous exposure to increasing concentrations of sorafenib, followed by stepwise selection (55). The cells were collected every 3-4 days, passaged, and cultured in DMEM media containing progressively higher concentrations of sorafenib until they could grow steadily in its presence.

Small interfering RNA (siRNA) oligonucleotides specific to the target gene were used to knockdown expression. Cells were transfected with siRNA oligonucleotides using Lipofectamine 3000 (Invitrogen) according to the manufacturer’s protocol. The siRNA sequences for the YWHAB gene were as follows: si-1 5’-GCTGAATTGGATACGCTGAAT-3’, si-2 5’-CCAATGCTACACAACCAGAAA-3’, and si-NC 5’-UUCUCCGAACGUGUCACGUdTdT-3’. The RNA duplexes were synthesized by Genomeditech (Shanghai, China). Knockdown efficiency was assessed by western blotting.





Statistical analysis

Statistical evaluations were conducted utilizing R software (v.4.1.0). Continuous variables were displayed as mean ± standard deviation (SD), while categorical variables were shown as frequency (percentage). The Student’s t-test or Wilcoxon test examined differences between two groups concerning continuous variables contingent upon data normality assumptions. The chi-square or Fisher’s exact test was applied to categorical variables based on anticipated frequency counts. A two-sided P-value below 0.05 was deemed statistically significant across all tests. The Kaplan-Meier technique was implemented for survival assessment, and the log-rank test was adopted to compare group variations. Multivariate survival analysis utilized Cox proportional hazards regression. All analyses were conducted by a professional statistician with over 5 years of experience.






Results



Identification and functional analysis of PANoptosis-associated differentially expressed genes for HCC

The PANoptosis gene set consisted of pyroptosis (27 genes), apoptosis (259 genes), and necroptosis (15 genes) (Figures 1A, B and Supplementary Figure S1A). The differentially expressed genes for HCC comprised 5663 differentially expressed genes for hepatocellular carcinoma screened by the TCGA database and 4587 differentially expressed genes for hepatocellular carcinoma screened by the IGCG database (Figures 1C, D and Supplementary Figure S1B). We mapped the three gene sets screened for TCGA, ICGC, and PANoptosis to obtain 69 genes, defined as PANoptosis-associated differentially expressed genes for HCC (HPAN_DEGs) (Figures 1E, F).




Figure 1 | Identification of PANoptosis-associated differential genes for HCC. (A) Concept drawing of PANoptosis (Fig-draw website, ID: YPOYA779c7); (B) The PANoptosis gene list; (C, D) Heatmap of the top 50 up- and down-regulated DEGs between HCC and normal tissue in the TCGA and ICGC databases; (E) The Vene diagram is composed of the differential genes of TCGA and ICGC respectively and the PANoptosis related dataset; (F) Protein–protein interactions among the PANoptosis-associated differential genes for HCC (HPAN_DEGs).



We performed GO, KEGG, and GSEA enrichment analyses to investigate the biological functions and related signaling pathways of HPAN_DEGs. Bioprocess (BP) analysis revealed that HPAN_DEGs are mainly enriched in signal transduction, cell communication, interleukin-1-mediated signaling pathway, and regulation of RNA stability (FDR<0.1, p value<0.05, Figure 2A). Molecular functional (MF) analysis revealed that HPAN_DEGs were mainly enriched in protein binding, enzyme binding, enzyme regulator activity, and transcription factor binding (FDR<0.1, p-value<0.05, Figure 2B). Cell composition (CC) analysis showed that HPAN_DEGs were mainly enriched in proteasome complex, endopeptidase complex, peptidase complex, and cytosol (FDR<0.1, p-value<0.05, Figure 2C). KEGG enrichment analysis suggested that HPAN_DEGs were mainly enriched in Proteasome, Apoptosis, Cell cycle, Necroptosis, p53 signaling pathway, Platinum drug resistance, and other signaling pathways (FDR<0.1, p value<0.05, Figure 2D).




Figure 2 | GO/KEGG/GSEA enrichment analysis of the HPAN_DEGs. (A–C) GO enrichment analyses based on the HPAN_DEGs; (D) KEGG enrichment analyses based on the HPAN_DEGs; (E–G) GSEA analysis based on Hallmark, Reactome and KEGG datasets respectively.



To further clarify the biological functions undertaken by HPAN_DEGs, we conducted a GSEA analysis of HPAN_DEGs utilizing the KEGG, Hallmark, and Reactome datasets, respectively. The results showed that HPAN_DEGs were mainly enriched in the P53 signaling pathway (Hallmark and KEGG), Reactive oxygen species pathway (Hallmark), Cell cycle (Reactome and KEGG), DNA repair (Hallmark and Reactome) (NES>1, p-value <0. 05 and FDR<0.25, Figures 2E–G). Overall, our study identified 69 PANoptosis-associated differentially expressed genes for HCC (HPAN_DEGs) and revealed their enrichment in various biological functions and signaling pathways, such as the P53 signaling pathway, DNA repair, and cell cycle, indicating their potential involvement in tumor growth, metastasis, and drug resistance.





HPAN_DEG expression profiling identifies three HCC subtypes with distinct prognoses

We applied consistent clustering analysis to group the HCC cohort of TCGA based on information from the expression profiles of 69 HPAN_DEGs. When the value of K was taken as 3, the average consistency within the group was higher while ensuring that the area under the CDF curve line was as large as possible (Figures 3A, B and Supplementary Figure S1C). We named cohorts Cluster_1 (n = 131), Cluster_2 (n = 160), and Cluster_3 (n = 74) (Figure 3C). We then compared the expression levels of PAN apoptotic genes between the three Clusters and found that the PDK4 gene was up-regulated in Cluster_2 compared to Cluster_1 and Cluster_3, while SFN expression was down-regulated in the other two groups relative to Cluster_1 (Figure 3D and Supplementary Figure S1D). Additionally, survival analysis demonstrated that these three subtypes of HPAN_DEGs exhibit distinct clinical prognostic outcomes, with Cluster_1 having the poorest overall survival rate, Cluster_2 having the best, and Cluster_3 falling in between the two (Figure 3E). In summary, this study applied clustering analysis to identify three distinct subtypes of HCC based on the expression profiles of 69 HPAN_DEGs, which exhibited differential expression of PAN apoptotic genes and distinct clinical prognostic outcomes.




Figure 3 | HPAN_DEG expression profiling identifies three HCC subtypes with distinct prognoses. (A, B) Assessment of average consistency within clusters and assessment of area under the CDF curve line when k = 2 to 10; (C) The training cohort was divided into three HCC subtypes by consensus clustering. (D) A heatmap displayed the expression of HPAN_DEGs in different HCC subtypes; (E) Kaplan-Meier survival analysis between three subtypes of HPAN_DEGs.







Distinct immunological profiles and mutational landscapes in HPAN_DEGs subgroups

Previous studies suggest that PANoptosis may influence tumor mutation and immune infiltration. To assess the immunological profile among subgroups of HPAN_DEGs, we performed an immunological landscape analysis of each of the three subgroups using several immunological algorithms, including CIBERSORT, ESTIMATE, and xCELL. The waterfall diagram of Figure 4A illustrates the distribution of the 22 immune cells in the TCGA training set. Then, we evaluated the Immune-Score, Stromal-Score, and Microenvironment-Score for HPAN_DEGs subgroups (Figures 4B, C). Our study indicates that Cluster_2 is significantly different from the other two groups in the term of Immune-Score and Stromal-Score (Cluster_2 vs. Cluster_1, 0.04 ± 0.05 vs. 0.06 ± 0.07, P = 0.03; Cluster_2 vs. Cluster_3, 0.04 ± 0.05 vs. 0.10 ± 0.15, P = 0.0025, Immune-Score) (Cluster_2 vs. Cluster_1, 0.12 ± 0.06 vs. 0.06 ± 0.04, P = 7.9E-19; Cluster_2 vs. Cluster_3, 0.12 ± 0.06 vs. 0.07 ± 0.05, P = 0.00000000073, Stroma-Score). In the assessment of the Microenvironment-Score, we found that Cluster_2 and Cluster_3 were not statistically different, while Cluster_1 was significantly different from the other two groups (Cluster_1 vs. Cluster_2, 0.12 ± 0.085 vs. 0.16 ± 0.09, P = 0.0000017; Cluster_1 vs. Cluster_3, 0.12 ± 0.08 vs. 0.17 ± 0.16, P = 0.03, Figure 4F). We also evaluated the gene expression of immune checkpoints among HPAN_DEGs subgroups, namely PD-1 (PDCD1), PD-L1 (CD274), PD-L2 (PDCD1LG2), CTLA4, LAG3, TIGIT, HAVCR2, and found that the expression of these immune checkpoints was up-regulated in Cluster_1 and Cluster_3, and downregulated in Cluster_2 (all P < 0.05, Figure 4H).




Figure 4 | Distinct immunological profiles and mutational landscapes in HPAN_DEGs subgroups. (A) Waterfall diagram of the distribution of the 24 immune cells in the training set; (B, C) Immuno-score and Stromal-score for 3 subgroups of HPAN_DEGs. (D) Waterfall maps of the somatic mutations in different HPAN_DEGs subtypes; (E) Tumor mutation burden in different HPAN_DEGs subtypes; (F) Microenvironment score -score for 3 subgroups of HPAN_DEGs; (G) Characteristics of gene mutation in different HPAN_DEGs subtypes; (H) Expression of immune checkpoints in different HPAN_DEGs subtypes. *p < 0.05, **p < 0.01, ***p < 0.001.



Subsequently, we demonstrated the somatic mutational landscape among the HPAN_DEGs subgroups. The top 15 mutated genes in the three subgroups were TP53/CTNNB1/TTN/MUC16/ALB/PCLO/MUC4/RYR2/ABCA13/APOB/CSMD3/LRP1B/FLG/OBSCN/AXIN1. The gene with the highest mutation rate was TP53, which varied among the three clusters, with Cluster_1 (44.79%) having a higher mutation rate than Cluster_2 (23.96%) and Cluster_3 (29.17%), respectively (Figure 4D). Tumor mutational load (TMB) is an essential indicator of the number of mutations in cancer and a novel marker for evaluating the efficacy of PD-1 antibody therapy. We compared the tumor mutational burden (TMB) of the three subgroups and found that the TMB of Cluster_2 was lower than that of Cluster_1 and Cluster_3, respectively (Cluster_2 vs. Cluster_1, 1.84 ± 1.34 vs. 2.85 ± 3.99, P = 0.0042; Cluster_2 vs. Cluster_3, 1.84 ± 1.34 vs. 2.50 ± 2.08, P = 0.00034, Figure 4E). We then applied a ternary diagram showing the distribution of mutant genes among different subgroups of HPAN_DEGs (Figure 4G). In summary, our findings demonstrated substantial discrepancies in the expression of immune checkpoints and the mutational landscape among the three clusters, which could potentially have crucial ramifications in cancer immunotherapy.





Construction of a HPAN_DEGs-based PANoptosis risk score model for prognostic assessment in HCC

To further evaluate the impact of HPAN_DEGs on survival prognosis, we used LASSO, univariate and multivariate regression to screen nine gene signatures with strong prognostic associations, and finally constructed a PANoptosis risk index for hepatocellular carcinoma (HPAN-index, Figures 5A–D). HPAN-index = 0.4142* IRAK1 + 0.78337*PSMD11 - 0.33085*CHMP2A + 0.66389*PTRH2 + 0.11779*SFN + 0.82753*YWHAB - 0.95811*PSMD3 - 0.25778 *TP5 3BP2 - 0.72582*PSMA4. We classified 365 patients with complete survival information in training set into high and low HPAN-index groups utilizing the HPAN-index score (high 183 vs. low 182). Kaplan-Meier analysis demonstrated a significantly better prognosis for the low-risk group (Median Survival Time, MST = 83.8 months) than the high-risk group (MST = 29.9 months) in the training set (P < 0.001, Figure 5E). We investigated the relationship between patient prognosis, gene expression, and HPAN-index and observed a significant decrease in survival as the HPAN-index increased. As expected, CHMP2A/PSMA4/PSMD3/TP53BP2 were protective factors, whose expression was downregulated with increasing HPAN-index, while IRAK1/PSMD11/PTRH2/SFN/YWHAB were risk factors (Figure 5F).




Figure 5 | Construction of a HPAN_DEGs-based PANoptosis risk score model for prognostic assessment in HCC (HPAN-index). (A, B) Lasso regression analysis with 10-fold cross-validation resulted in 20 genes associated with survival (Lambda = 0.0239703477847909); (C, D) Univariate and multivariate Cox analyses further screened for nine PANoptosis-associated genes associated with survival; (E) Kaplan–Meier analyses demonstrate the prognostic significance of the HPAN-index model in the training set; (F) HPAN-index distribution, survival status of each patient, and heatmaps of prognostic 9-gene signature in the training set; (G) Receiver operator characteristic (ROC) analysis of the HPAN-index model in the training set; (H) Sankey diagrams shows the interrelationship between HPAN_DEGs subtypes, the risk groups of the HPAN-index and the individual clinical characteristics; (I) A nomogram was established to predict the prognostic of HCC patients.



In addition, we evaluated the area under the curve (AUC) of the HPAN-index as a predictive model, and the results suggested that the HPAN-index was highly accurate in predicting survival at 1, 3, and 5 years (Figure 5G). We applied Sankey diagrams to visualize the relationship between the risk groups of the HPAN-index and the individual clinical characteristics, suggesting that Cluster_1 mainly converges in the high HPAN-index group. In contrast, Cluster_2 mainly converges in the low HPAN-index group (Figure 5H). Interestingly, Stage I/II in TNM staging mainly converged in the low HPAN-index group, while Stage III/IV mainly converged in the high HPAN-index group. We constructed a nomograph based on the Cox regression analysis results and found that the HPAN-index was an independent risk factor (Figure 5I and Supplementary Figure S1E). In conclusion, the HPAN_DEGs-based PANoptosis risk score model (HPAN-index) constructed by LASSO regression, univariate and multivariate regression analysis, can accurately predict the survival prognosis of hepatocellular carcinoma patients and could be a potential independent risk factor for clinical decision-making.





Validation of HPAN-index as a prognostic predictor in HCC patients across multiple cohorts

To examine the repeatability of the model HPAN-index as a predictive model, we validated the model in the ICGC_HCC cohort (Validation set) and the GSE14520 cohort (Testing set). Applying the Kaplan-Meier analysis, we can observe a significant decrease in patient survival as the HPAN-index increases (Figures 6A, C). In the Validation set, the prognosis was significantly better in the low-HPAN-index group (MST = 66.7 months) than in the high-HPAN-index group (MST = 47.3 months, P < 0.001, Figure 6B), with similar results in the Testing set (P = 0.01, Figure 6D). In conclusion, the HPAN-index model demonstrated significant predictive value for patient survival in both the Validation and Testing sets, with higher HPAN-index scores indicating poorer prognosis.




Figure 6 | Validation of HPAN-index as a prognostic predictor in HCC patients across multiple cohorts. (A) HPAN-index distribution, survival status of each patient, and heatmaps of prognostic 9-gene signature in the validation set (ICGC, n = 243); (B) Kaplan–Meier analyses demonstrate the prognostic significance of the HPAN-index model in the validation set (ICGC, n = 243); (C) HPAN-index distribution, survival status of each patient, and heatmaps of prognostic 9-gene signature in the testing set (GSE14520, n = 242); (D) Kaplan–Meier analyses demonstrate the prognostic significance of the HPAN-index model in the validation set (GSE14520, n = 242); (E) Box plot visualizes significantly different immune cells between different HPAN-index groups; (F) Correlation of HPAN-index with immune cell infiltration evaluated using CIBERSORT in the HCC; (G) Immuno-score, Stromal-score, and ESTIMATE-score between different HPAN-index groups. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.







Immune cell landscape and molecular pathways associated with HPAN-index in HCC patients

To further investigate the immune characteristics of different HPAN-index groups, we employed five distinct immune algorithms, including CIBERSORT, ESTIMATE, TIDE, TIMER, and xCell, to assess the relationship between HPAN-index and the immune microenvironment. The outcomes obtained from Figures 6E, F demonstrated a significant correlation between the HPAN-index and the expression of diverse immune cells, including B cells naive, B cells memory, T cells CD8, T cells CD4 memory activated, T cells follicular helper, T cells regulatory, T cells gamma delta, NK cells resting, NK cells activated, Monocytes, Macrophages M0, Mast cells resting, and Neutrophils, with all P values less than 0.05. Moreover, the high HPAN-index group exhibited significantly higher Stromal-Score, Immune-Score, and ESTIMATE-Score compared to the low HPAN-index group (all P<0.05, Figure 6G). Notably, the Microsatellite Instability (MSI)-score, an essential indicator reflecting tumor genome stability, significantly correlated with immune checkpoint efficacy (56). Based on our analysis, we observed that the high HPAN-index group has a significantly higher MSI-score compared to the low HPAN-index group, with similar results for other scores such as TIDE-score, IFNG-score, Merck18-score, Dysfunction-score, Exclusion-score, MDSC-score, and TAM M2-score (all P < 0.05, Figures 7A–F). Compared to the low HPAN-index group, the high HPAN-index group exhibited a significant up-regulation in the expression levels of immune checkpoints, including CD274, CTLA4, LAG3, TIGIT, HAVCR2, PDCD1, and PDCD1LG2 (all P < 0.05, Figure 7H). This observation suggests that the high HPAN-index group may be more likely to benefit from immunotherapy than the low HPAN-index group.




Figure 7 | Immune cell landscape and molecular pathways associated with HPAN-index in HCC patients. (A–F) TIDE, immune dysfunction, immune exclusion, CD274, Merck18, CD8, and IFNγ scores in low and high HPAN-index groups; (G) Top enriched pathways for genes with specific expression in the high and low HPAN-index groups.; (H) Differential expression of immune checkpoints between the high and low HPAN-index groups. *p < 0.05, **p < 0.01, ***p < 0.001.



To further elucidate the molecular mechanisms underlying the different HPAN-index groups, we performed GSVA enrichment analysis. The results revealed that the high HPAN-index group was significantly enriched in signaling pathways such as the T cell receptor pathway, chemokine pathway, B cell receptor pathway, DNA replication, and cell cycle. In contrast, the low HPAN-index group showed significant enrichment in signaling pathways related to fatty acid metabolism, drug metabolism, glycine serine, threonine metabolism, PPAR signaling pathway, and tryptophan metabolism (Figure 7G). We further evaluated drug sensitivity in different HPAN-index groups and found that small molecule inhibitors (JAK1_8709/KRAS_G12C/Linsitinib/Nilotinib/Oxaliplatin/Niraparib/Picolinic-acid/Selumetinib/Sorafenib) showed significantly higher sensitivity in the low HPAN-index group compared to the high HPAN-index group (all P < 0.05, Supplementary Figures S2A–I). In summary, patients with high HPAN-index may be more responsive to immune checkpoint therapy, while those with low HPAN-index may be better suited for a targeted drug.





Validation of HPAN-index and identification of key molecule YWHAB in sorafenib resistance

To further validate the accuracy of HPAN-index in predicting drug resistance and explore the key molecules, we combined the correlation analysis results of gene expression data from TCGA and protein-protein interaction (PPI) topological network analysis results to identify YWHAB with higher weight in HPAN-index (Figures 8A, B). Subsequently, we utilized the DepMap database to select PLCPRF5 cells with the highest YWHAB expression levels to construct sorafenib-resistant cells (resis-PLC) (Figures 8C, D). We were thrilled to discover that knocking down YWHAB in resis-PLC not only restored sensitivity to sorafenib but actually resulted in even greater sensitivity than the non-resistant control (IC50, NC_PLC 7.265 μM, resis-PLC 11.01 μM, siYWHAB 4.288 μM, Figures 8E, F). As shown in Figures 8G, H the knockdown of YWHAB restored the ability of sorafenib to inhibit the invasion of resis-PLC. Furthermore, we further validated HPAN-index in public databases, and the results showed that the Low HPAN-index group was more sensitive to sorafenib and less responsive to immunotherapy than the High HPAN-index group (Figures 8I–L). In summary, the HPAN-index exhibits considerable advantages in predicting the response to immunotherapy and the sensitivity to targeted drugs, with YWHAB potentially playing a crucial role in the HPAN-index’s functionality.




Figure 8 | Validation of HPAN-index and identification of key molecule YWHAB in sorafenib resistance. (A) Chord Diagram displaying the relationship between the hub HPAN_DEGs expression in the training set; (B) Protein-protein interaction network diagram between the hub HPAN_DEGs; (C) Bar graph showing the expression of YWHAB in various hepatocellular carcinoma cell lines; (D) Construction of a sorafenib-resistant PLC cell line using an incremental drug concentration method (continuous induction at low and increasing concentrations); (E) Western blot analysis of YWHAB knockdown in sorafenib-resistant cell line (resis-PLC); (F) Dose-response curve of sorafenib treatment in NC_PLC, resis-PLC, and resis-PLC with YWHAB knockdown (The IC50 values of sorafenib for NC_PLC, resis-PLC, and siYWHAB were 7.265 μM, 11.01 μM, and 4.288 μM, respectively); (G) Transwell assay for evaluating the effect of YWHAB knockdown on resis-PLC cell sensitivity recovery; (H) Quantification of invasive cells as a percentage; (I) Bar graph showing the HPAN-index of different samples from GSE109211 dataset; (J) Box plot analysis of HPAN-index for the Sorafenib-sensitive and Sorafenib-resistant groups; (K) Bar graph showing the HPAN-index of different samples from GSE100797 dataset; (L) Box plot analysis of HPAN-index for the two groups classified as the anti-PD-1 Therapy-responsive and non-responsive groups (blue) based on the GSE93157 dataset. Data are presented as mean ± standard deviation (SD) from three independent experiments, *p < 0.05, ***p < 0.001.








Discussion

As the clinical use of immunotherapeutic agents and molecularly targeted inhibitors continues to expand, liver cancer patients experience limited benefits compared to other malignancies such as melanoma, lung cancer, and kidney cancer (57–59). It is primarily due to the unique characteristics of the liver, which has a remarkable regenerative capacity and serves a vital role in detoxification. Furthermore, malignant tumors originating from the liver are more heterogeneous than other tumors (60). Therefore, it is of utmost importance for scholars to address the urgent question of enabling liver cancer patients to select the most appropriate clinical drugs and achieve personalized and precise treatment for liver cancer.

In recent years, scholars have proposed the concept of PANoptosis, which highlights the complex interplay between different cell death pathways in regulating tumor development (13). It is now widely acknowledged that a single death pathway does not solely govern tumor progression but involves intricate crosstalk between various pathways (14, 19). This integration of functions often has significant implications for tumor resistance and the immune microenvironment. In this study, we developed exclusive models for hepatocellular carcinoma related to PANoptosis (HPAN-index). We further validated the predictive performance of these models in terms of prognosis, minor molecule drug sensitivity, and immunotherapy in both the validation and test sets. These findings highlight the crucial role of PANoptosis in the context of hepatocellular carcinoma and offer valuable insights for developing personalized and precise therapeutic strategies.

The team of Prof. Gao Q. identified three distinct subtypes of hepatocellular carcinoma (HCC): the Metabolic subtype, the Proliferative subtype, and the Tumor Microenvironment Dysregulation subtype (60). Our study conducted a consistency clustering analysis of 69 HPAN_DEGs in the training set and identified three subgroups that exhibit distinct characteristics regarding overall survival prognosis, mutational landscape, and immune infiltration. Cluster_1, which demonstrated the highest tumor mutational load, had the worst overall survival rate. However, Cluster_1 showed an advantage in immunotherapy with higher expression of its major immune checkpoints CD274/CTLA4/LAG3/TIGHT/HAVCR2/PDCD1/PDCD1LG2 compared to the other groups. On the other hand, Cluster_2 presented an opposite phenotype in terms of overall survival prognosis, mutational landscape, and immunomolecular profile compared to Cluster_1. We observed that Cluster_1 presented SFN+PDK4-, whereas Cluster_2 presented SFN-PDK4+. Our molecular characterization of these three subgroups revealed essential insights into the complex interplay between tumor mutational load, immune checkpoint expression, and prognosis, providing valuable information for developing personalized therapeutic strategies for hepatocellular carcinoma.

Previous studies have demonstrated that SFN is an oncogene, accelerating tumorigenesis and progression across various cancer types (61, 62). Prof. Masayuki Noguchi’s team identified that SFN specifically binds to ubiquitinated protease 8 (USP8) in lung adenocarcinoma cells, enhancing the stabilization of receptor tyrosine kinases (RTKs), including EGFR and MET, through abnormal regulation of USP8. These findings suggest that SFN may be a promising therapeutic target for lung adenocarcinoma. In line with this, our study also found that positive expression of SFN in Cluster_1 could indicate the potential for tumor proliferation in these patients. Pyruvate dehydrogenase kinase 4 (PDK4) encodes an enzyme that regulates cellular metabolism by inhibiting the phosphorylation of a key regulatory enzyme of glucose oxidation, pyruvate dehydrogenase complex (PDC) (63). High expression of PDK4 has been associated with altered metabolic pathways in tumor cells, including lactic acidification and malignant transformation (64–66). In our study, the positive expression of PDK4 in Cluster_2 may suggest that the tumor type in these patients is associated with aberrant tumor cell metabolism. Overall, our study identified three subgroups based on HPAN_DEGs with distinct characteristics in terms of prognosis, mutational landscape, and immune infiltration. Furthermore, these subgroups exhibited differential expression of SFN and PDK4 genes. Our findings contribute to a better understanding of the biology of these tumor types and may provide a new basis for subgroup screening in hepatocellular carcinoma.

Using LASSO regression and univariate and multifactorial analyses, we screened nine genes strongly associated with prognosis and constructed the HPAN-index. With this model, we divide the cohort into High-index and Low-index groups, where the High-index group is mainly from Cluster_1, and the Low-index group is mainly from Cluster_2. We note that the High-index group showed a significant immune activation status. In contrast, the Low-index group showed a significant advantage in sensitivity to small molecule targeted drugs, which is consistent with Yutian Zou et al. (67). We found that the High-index group is mainly enriched in T cell receptor pathways, B cell receptor pathways, Chemokine pathways, DNA replication, and Cell cycle pathways. Professor Peter P. Lee’s research has shown that T/B receptor pathways are closely related to T cell activation and affect PD-1 expression on T cells (68). Combined with the higher expression of PANoptosis-related genes in the High-index group, we suggest that this immune activation state in the High-index group may be related to PANoptosis. Also of note, the Low-index group demonstrated significant sensitivity to some small molecule-targeted drugs, such as sorafenib, a first-line agent for the treatment of advanced primary liver cancer (69). It may be because the Low-index group is mainly enriched in Fatty acid metabolism, Drug metabolism, PPAR signaling pathway, Tryptophan metabolism, and other pathways closely related to tumor growth, metabolism, and drug resistance (70, 71). Overall, the HPAN-index may serve as an independent risk factor for predicting the prognosis of patients with hepatocellular carcinoma and as a strategy for selecting patients for immunotherapy and targeted therapeutic agents.

Apoptosis is one of the crucial mechanisms underlying tumor cell drug resistance (72). YWHAB is a gene in the human genome that encodes the 14-3-3 protein beta/alpha. The 14-3-3 protein family is a highly conserved group of molecular chaperones that participate in various cellular signaling and regulatory processes, such as metabolism, protein transport, signal transduction, apoptosis, and cell cycle (73). Silencing of YWHAB can increase the translocation of B-cell lymphoma 2 (BCL-2)-associated death promoter (BAD) from the cytoplasm to the mitochondria, thereby inducing cell apoptosis (74). The BCL-2 family is a critical group of molecules in the field of tumor drug resistance, and its mechanism of inducing drug resistance is mainly achieved by inhibiting the apoptotic pathway of tumor cells. Studies have shown that the ratio of BCL-2/Bax is higher in drug-resistant cells than in sensitive cells (75). YWHAB, as an anti-apoptotic protein, can also cause insulin resistance in cells by affecting mitochondrial polarization (76). Our research suggests that YWHAB may play an essential role in affecting cell drug sensitivity, providing insights to further study the mechanisms of drug resistance and develop new therapeutic strategies.

There are limitations to our study that should be acknowledged. We lack the necessary single-cell level sequencing data and spatial transcriptome data to comprehensively support our analysis of the immune landscape of hepatocellular carcinoma. As the immune microenvironment is a complex microscopic system, the information on the differences and interactions between cells is inevitably lost through macroscopic bulk-RNA-seq data analysis in isolation. Moreover, a large sample size of immunotherapy-related data for hepatocellular carcinoma is needed to validate the model. Therefore, we will seek to obtain such data to validate the model further. We take this opportunity to call on the scientific community to share data related to immunotherapy for liver cancer, thereby advancing the scientific understanding of this complex disease.





Conclusions

In conclusion, we screened for PANoptosis-associated differentially expressed genes (HPAN_DEGs) in hepatocellular carcinoma, which allowed us to identify three subgroups that exhibit distinct characteristics in terms of prognosis, mutational landscape, and immune infiltration. These subgroups also exhibited differential expression of SFN and PDK4, which may contribute to a better understanding of the biology underlying hepatocellular carcinoma. Additionally, we developed the HPAN-index, which is highly correlated with survival prognosis, sensitivity to small molecule-targeted drugs, and response to immunotherapy. We hope that applying this model will enable the identification of individuals more suitable for either immunotherapy or targeted therapy. This study provides a new strategy for the personalized and precise treatment of HCC and may shed light on future investigations into the mechanisms of PANoptosis in this disease.
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Supplementary Figure 1 | (A). Venn diagram illustrating the overlap between gene sets related to pyroptosis, apoptosis, and necroptosis; (B). Volcano plot displaying differentially expressed genes in hepatocellular carcinoma (HCC) derived from TCGA and ICGC databases; (C). Heatmap demonstrating sample clustering consistency; (D). Graphical representation of the proportion of SFN+ PDK4- and SFN-PDK4+ in three HPAN_DEGs subgroups; (E). A prognostic nomogram based on HPAN-index gene signatures was developed to predict the outcomes of HCC patients.

Supplementary Figure 2 | Efficacy of HPAN-index in predicting drug sensitivity (A-I) Box plots illustrating the comparison of IC50 values for various drugs between the high-HPAN-index group (depicted in red) and the low-HPAN-index group (depicted in green). P-values are presented in scientific notation for each comparison.
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Background

Previous studies have demonstrated that PANoptosis is strongly correlated with cancer immunity and progression. This study aimed to develop a PANoptosis-related signature (PANRS) to explore its potential value in predicting the prognosis and immunotherapy response of hepatocellular carcinoma (HCC).





Methods

Based on the expression of PANoptosis-related genes, three molecular subtypes were identified. To construct a signature, the differentially expressed genes between different molecular subtypes were subjected to multivariate least absolute shrinkage and selection operator Cox regression analyses. The risk scores of patients in the training set were calculated using the signature. The patients were classified into high-risk and low-risk groups based on the median risk scores. The predictive performance of the signature was evaluated using Kaplan-Meier plotter, receiving operating characteristic curves, nomogram, and calibration curve. The results were validated using external datasets. Additionally, the correlation of the signature with the immune landscape and drug sensitivity was examined. Furthermore, the effect of LPCAT1 knockdown on HCC cell behavior was verified using in vitro experiments.





Results

This study developed a PANRS. The risk score obtained by using the PANRS was an independent risk factor for the prognosis of patients with HCC and exhibited good prognostic predictive performance. The nomogram constructed based on the risk score and clinical information can accurately predicted the survival probability of patients with HCC. Patients with HCC in the high-risk groups have high immune scores and tend to generate an immunosuppressive microenvironment. They also exhibited a favorable response to immunotherapy, as evidenced by high tumor mutational burden, high immune checkpoint gene expression, high human leukocyte antigen gene expression, low tumor immune dysfunction and low exclusion scores. Additionally, the PANRS enabled the identification of 15 chemotherapeutic agents, including sorafenib, for patients with HCC with different risk levels, guiding clinical treatment. The signature gene LPCAT1 was upregulated in HCC cell lines. LPCAT1 knockdown markedly decreased HCC cell proliferation and migration.





Conclusion

PANRS can accurately predict the prognosis and immunotherapy response of patients with HCC and consequently guide individualized treatment.
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1 Introduction

In 2020, primary liver cancer accounted for more than 900,000 new cases and 800,000 cancer-related fatalities (1). Primary liver cancer predominantly manifests as hepatocellular carcinoma (HCC), which accounts for 75%–85% of all primary liver cases (2). HCC is a major threat to human health owing to its high prevalence and propensity for aggressive and often treatment-resistant disease progression. Currently, radical hepatectomy, liver transplantation, and local ablation are viable curative options for some patients with early-stage HCC (3). Patients with intermediate-stage or advanced-stage HCC can undergo locoregional therapy or systemic therapy (treatment with the multitargeted tyrosine kinase inhibitor sorafenib) (4). These therapeutic modalities have yielded promising results in achieving long-term disease control. However, the high drug resistance of HCC limits the efficacy of these therapeutic modalities (3, 5, 6). The efficacy of even promising immunotherapies is limited in some patients with HCC. Thus, the urgent task at hand is to identify a specific molecular signature that can effectively forecast the response of the target population to these treatments, ultimately enhancing their efficacy (7).

As the primary objective of cancer treatment is to eliminate the tumor cells, the induction of cancer cell death is a crucial therapeutic strategy for cancer (8). Programmed cell death (PCD) is an active mechanism to maintain body development and survival (9). The most well-studied PCD pathways are apoptosis, pyroptosis, and necroptosis (10). In apoptosis, dying cells are degraded into apoptotic bodies, which are removed by phagocytes to maintain homeostasis. Apoptosis is characterized by the maintenance of membrane integrity (11). Pyroptosis and necroptosis, which are relatively “violent” modes of PCD, are triggered by the activation of key pore-forming proteins. In pyroptosis and necroptosis, dying cells are ruptured, facilitating the release of potent inflammatory factors that protect the host against diverse external threats, including invading pathogens (12). Recent studies have identified a cell death process, called PANoptosis, in which apoptosis, pyroptosis, and necroptosis are simultaneously initiated in pathogen-infected cells (13). PANoptosis is regulated by a cytoplasmic multimeric protein complex called PANoptosome, which comprises key molecules required for the induction of pyroptosis, apoptosis, and necroptosis, promoting the pro-inflammatory cell death process (14–16). With the deepening of research, the role of PANoptosis in some tumors has also been confirmed. For example, Karki et al. demonstrated that ADAR promotes melanoma and colorectal cancer by suppressing ZBP1-mediated immune responses and PANoptosis (17). Recent studies have further suggested that the induction of PANoptosis is a potential therapeutic strategy for colon cancer. In particular, the pro-inflammatory cytokines tumor necrosis factor (TNF)-α and interferon (IFN)-γ exert growth-inhibitory effects on human colon cancer cells by triggering the onset of PANoptosis (18). The research team of Pan identified three different PANoptosis patterns in 1316 patients with gastric cancer and constructed a scoring system called PANscore (19). The survival and immune response of patients with gastric cancer were accurately predicted using PANscore. These findings improved our understanding of the function of PANoptosis in gastric cancer pathogenesis. However, the role of PANoptosis in the pathogenesis of HCC has not been previously reported. Analysis of the potential applicability of PANscore (19) or other PANoptosis scoring systems in HCC is a promising avenue for future research.

This study investigated the prognostic value of PANoptosis-related genes and developed a signature to predict the prognosis and immunotherapy response of patients with HCC. The clinical applicability of the signature was comprehensively evaluated and validated using an external dataset. Additionally, this study demonstrated that the signature was significantly correlated with the tumor immune microenvironment. Thus, these findings provide novel insights for developing individualized treatment plans for HCC patients with HCC and improving their clinical outcomes.




2 Methods



2.1 Data collection and processing

The workflow of this study is shown in Figure 1. The transcriptome data of 424 samples (50 non-cancerous samples and 374 tumor samples), the clinical data of 377 samples, and the mutation data of 368 samples of patients with liver hepatocellular carcinoma (LIHC) were downloaded from The Cancer Genome Atlas (TCGA) database. Additionally, the transcriptome data of 445 samples (202 non-cancerous samples and 243 tumor samples) and the clinical data of 260 samples in the International Cancer Genome Consortium-Liver cancer-Riken-Japan (ICGC-LIRI-JP) cohort were obtained from the ICGC database. Healthy samples and any samples with an unclear survival status or a survival time of < 30 days were excluded. After matching the transcriptome data from both databases with eligible survival data, 343 samples from TCGA-LIHC cohort were used for modeling and internal validation. Meanwhile, 230 samples of the ICGC-LIRI-JP cohort were used for external validation. Next, this study obtained a PANoptosis-related gene set comprising 25 pyroptosis-related genes, 8 necroptosis-related genes, and 32 apoptosis-related genes (Table S1) from previous studies (19). To objectively evaluate the differential expression levels of PANoptosis-related genes between liver cancer tissue and non-cancerous liver tissues, the transcriptome data of 110 normal liver tissue were extracted from the University of California Santa Cruz Xena’s Genotype-Tissue Expression(GTEx) project to narrow the gap in sample size between the two tissues.




Figure 1 | The brief flow chart of the study (By Figdraw, ID: AUYWT8d80f).






2.2 Identification of molecular subtypes of PANoptosis

The PANoptosis molecular subtypes were identified using the consensus clustering algorithm based on the expression of the PANoptosis-related genes in TCGA-LIHC datasets. The clustering process was set to 50 iterations, and 80% of the sample data in each iteration were subsampled to identify a stable and reliable typing. To assess the validity of the classification, visualization was performed using principal component analysis (PCA). The single-sample gene set enrichment analysis (ssGSEA) was used to quantify the abundance of immune cell infiltration (on a scale of 0 to 1). Additionally, the levels of infiltrating immune cells in the three molecular subtypes were compared using the Kruskal-Wallis test. Gene set variation analysis (GSVA) was used to assess the biological functions associated with the molecular subtypes of PANoptosis. The screening criteria to identify the significantly enriched pathway between each two subtypes were as follows: |log fold-change (logFC)| > 0.1 and P (false discovery rate (FDR)) < 0.05. Differentially expressed genes (DEGs) between the molecular subtypes of PANoptosis were identified based on the following criteria: [logFC| ≥ 0.585 and FDR < 0.05.To understand the potential function, DEGs were subjected to Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene ontology (GO) enrichment analyses (the criterion for significant enrichment was q value < 0.05).




2.3 Establishment and identification of PANoptosis-related signature in TCGA cohort

Univariate Cox regression analyses were performed with the expression levels of DEGs in 343 samples of TCGA-LIHC cohort as independent variables and survival time and status as dependent variables (p < 0.05 indicates that DEGs are associated with prognosis). TCGA-LIHC cohort combined with prognostic-related DEGs was randomly split into training and test cohorts in the ratio 1:1. The least absolute shrinkage and selection operator (LASSO) algorithm (when partial likelihood deviance is at its lowest) and multivariate Cox regression analysis were used to further filter prognosis-related DEGs in the training cohort. Finally, a PANRS was obtained. The LASSO method is a compression estimator that can generate finer models by constructing penalty functions. The advantages of the LASSO method include compressing the number of coefficients and reducing multicollinearity problems in regression analysis (20). This study developed a new risk score for patients with HCC based on a gene signature. The risk score was calculated as the sum of the weighted expression of individual genes as follows: risk score = Σ (expression (Genen) × coefficient (Genen)) (where expression (Genen) represents the expression of a specific gene and coefficient (Genen) is its corresponding coefficient). The median risk score of the training cohort was used as the optimal threshold to classify TCGA-LIHC, training, test, and ICGC-LIRI-JP cohorts into high-risk and low-risk groups. To evaluate the prognostic accuracy of the signature, receiver operating characteristic (ROC) curve analysis was performed, and the C-index was calculated. The potential clinical relevance of this signature was determined using a clinical applicability analysis. Additionally, a nomogram was developed to further evaluate the accuracy of the signature using a calibration curve.




2.4 Prediction of immune landscape, immunotherapy response, and chemosensitivity

The cell-type identification by estimating relative subsets of RNA transcripts algorithm was used to obtain the abundance scores of 22 infiltrating immune cells for each TCGA-LIHC sample (total score was 1; p < 0.05 indicates that the accuracy of the levels of infiltrating immune cells obtained in a sample is good). The correlation of the risk scores or risk groups with the abundance of accurate immune cell infiltration was determined using Spearman’s or Wilcoxon tests, respectively. The stromal and immune scores, as well as the combined scores of the two components, in the tumor immune microenvironment were determined using the Estimation of STromal and Immune cells in MAlignant Tumours using Expression data (ESTIMATE) algorithms. The scores of the high-risk and low-risk groups were compared using the Wilcoxon test. Tumor immune dysfunction and exclusion (TIDE), exclusion, and dysfunction, and microsatellite instability (MSI) scores were used to predict the response of HCC to immunotherapy using the TIDE website (http://tide.dfci.harvard.edu/). Gene expression and clinical information of the immunotherapy cohort are stored in a public database (IMvigor210) (21). The effect of the signature gene lysophosphatidylcholine acyltransferase 1(LPCAT1) on the prognosis of the bladder cancer immunotherapy cohort was evaluated using the Comprehensive Analysis on Multi-Omics of Immunotherapy in Pan-cancer online website (http://camoip.net/). Tumor mutation burden (TMB) can predict immune checkpoint inhibitor (ICI) treatment response as it contributes to the production of neoantigens that activate anti-tumor immune responses (22). Additionally, the neoantigen, as a tumor-specific mutant peptide, is presented only by major histocompatibility complex (MHC) molecules (23). MHC-1 was reported to predict durable ICI response (24). Therefore, this study examined the expression of human leukocyte antigen (HLA) molecules in different risk groups. The variations in each parameter among different groups were analyzed using Spearman’s correlation analysis. The half-maximal inhibitory concentration (IC50) of drugs was predicted using the R package “pRRophetic.”




2.5 Cell culture and transfection

HCC cell lines (HCCLM3 (BNCC338460), MHCC97-H (BNCC359345), and HepG2 (CL-0103)) and hepatic epithelial cells (THLE-2 (BFN60808733)) were obtained from BeNa Culture Collection (Suzhou, China), Procell (Wuhan, China) and Qingqi Biotechnology Development Co., Ltd (Shanghai, China). These cell lines were cultured in complete medium of Dulbecco’s modified Eagle’s medium. The HepG2 and HCCLM3 cells were transfected in 6-well plates (NEST Biotechnology, Wuxi, China) using Lipofectamine 2000 (Invitrogen), following the manufacturer’s instructions. The corresponding small-interfering RNA (siRNA) sequences are listed in Table S2. HCC cells were subjected to pyroptosis induction using LPS (1 μg/mL) and ATP (100 μM) as in previous studies (25).




2.6 Quantitative real-time PCR (qRT-PCR) and western blotting

Total RNA was isolated from cells using the Steady Pure Quick RNA extraction kit (Accurate Biotechnology, AG21023). The isolated RNA was reverse-transcribed into complementary DNA using the Evo Moloney-murine leukemia virus reverse transcription premix kit (Accurate Biotechnology, AG11728). qRT-PCR was performed in a LightCycler (Roche, Germany) with 2× Universal SYBR Green Fast qPCR Mix (Abclonal, RK21203). The mRNA expression of LPCAT1 was calculated using the 2−ΔΔCt method. The primer sequences are shown in Table S2. Western blotting was performed a western blot as described previously (26). The following antibodies were used in western blotting analysis: anti-LPCAT1 antibody (1:500, Proteintech, 16112-1-AP), anti-CASP1 (1:6000, Proteintech, 22915-1-AP), anti-CASP3 (1:500, ABclonal, A2156), anti-CASP7 (1:600, Proteintech, 27155-1-AP), anti-CASP8 (1:500, ABclonal, A0215), anti-GSDME (1:5000, Proteintech, 13075-1-AP), anti-cleaved GSDME antibody(1:500, ABclonal, A23072), anti-GSDMD (Full Length+N terminal, 1:500, ABclonal, A20197), anti-MLKL (1:500, ABclonal, A21894), anti-phospho-MLKL antibody(1:50, ABclonal, A1244), and anti-GAPDH antibody (1:10000, Proteintech, 60004-1-Ig).




2.7 In vitro experiments

Cell proliferation was evaluated using ethynyl-2-deoxyuridine (EdU) staining. Cells from the experimental and control groups were seeded at a density of 20,000 cells per well (100 µL) in a 96-well plate. The EdU-positive cell experiments were conducted using the EdU Apollo 488 kit (RiboBio, C10310-1). EdU‐positive cells rate (%) was calculated as follows: EdU-positive cell rate (%) = [number of EdU‐positive cells (green)/number of Hoechst‐33342-positive cells (blue)] × 100%.

Cell proliferation was examined using the cell counting kit-8 (CCK-8). Cells from the experimental and control groups were seeded in a 96-well plate at a density of 4000 cells (100 µL) per well. The proliferation of HepG2 and HCCLM3 cells at 0, 24, 48, and 72 h post-seeding was determined using CCK-8 reagent (GK10001, GLPBIO, Montclair, USA). The optical density at 450 nm of the reaction mixture was determined using an automatic microplate reader.

The migration ability of HCC cells was assessed using the wound-healing assay. Cells from the experimental group and the control groups were seeded in a 6-well culture plate. When the confluency of cells reached approximately 90%, a scratch was introduced in the monolayer using a 200-µL micropipette tip. The wound closure rate, the following formula was quantified as follows: Wound closure rate (%) = [(original wound area − unhealed wound area)/original wound area] × 100%.

Cell migration was examined using the Transwell assay. HCC cells were trypsinized, and the cell suspension was centrifuged at 1000 rpm for 5 min. The cell pellet was resuspended in phosphate-buffered saline and centrifuged. Next, the cell pellet was resuspended in a serum-free medium. The appropriate amount of cell suspension (300 μL) was inoculated into the Transwell chamber (20,000 cells per well for HCCLM3 and 100,000 cells per well for HepG2) and cultured for 24 h. Non-migrated cells were removed by gently scraping with a cotton swab. The migrated cells were immobilized by using 4% paraformaldehyde, stained with 0.2% crystal violet, imaged, and counted using ImageJ software.




2.8 Statistical analysis

Statistical analysis was performed using R software v4.1.3 and GraphPad Prism. Means between two groups were compared using the Wilcoxon test, while those between three groups were compared using the Kruskal test. The Kaplan-Meir method was used to generate survival curves, which were compared using the log-rank test. In vitro experiments were performed in triplicate, and the data were analyzed using Student’s t-test. Differences were considered significant at p < 0.05.





3 Results



3.1 Expression of PANoptosis-related genes and their prognostic relevance in HCC

The expression levels of 86.15% (56/65) of the PANoptosis-related genes were significantly different between HCC (n = 374) and non-cancerous tissues (n = 160). Of these, 33 PANoptosis-related genes were upregulated in HCC samples (11 pyroptosis-related genes, 2 necroptosis-related genes, and 20 apoptosis-related genes), whereas 23 PANoptosis-related genes were downregulated (12 pyroptosis-related genes, 4 necroptosis-related genes, and 7 apoptosis-related genes; Figure 2A). Additionally, the expression levels of most PANoptosis-related genes (84.54% (53/65); 21 pyroptosis-related genes, 4 necroptosis-related genes, and 28 apoptosis-related genes) were correlated with the overall survival(OS) in patients with HCC (Figures 2B–D). In general, the high-expression group exhibited a poor prognosis. These findings support further analysis of PANoptosis-related genes.




Figure 2 | Expression levels of PANoptosis-related genes in hepatocellular carcinoma (HCC) and their correlation with survival. (A) The mRNA expression levels of PANoptosis-related genes in HCC and non-cancerous/para-cancerous samples were analyzed in The Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression (GTEx) datasets; (B–D) Differential survival of patients in the high-expression and low-expression groups. *p < 0.05, **p < 0.01, and ***p < 0.001.






3.2 Identification of molecular subtypes based on PANoptosis-related genes

The intersection genes of TCGA-LIHC datasets and PANoptosis-related gene set were extracted and matched to the transcriptome data of TCGA-LIHC tumor samples to obtain the expression levels of 65 PANoptosis-related genes in 371 tumor samples. These 371 samples were divided into 3 subtypes, namely PANoptosisClusters A, B, and C, using consensus clustering (Figure 3A). The PCA plot provided an intuitive and clear depiction of the three distinct expression patterns in the PANoptosisClusters (Figure 3B). To further explore the effect of molecular subtypes of PANoptosis on the prognosis of HCC, the different subtypes were subjected to survival and immune infiltration analyses. The OS of patients with HCC significantly varied according to the molecular subtypes of PANoptosis. PANoptosisCluster B exhibited the best OS, followed by PANoptosisClusters C and A (Figure 3C). Additionally, patients in the PANoptosisCluster A exhibit a tumor microenvironment characterized by increased immune cell infiltration. Consistently, PANoptosisCluster B with the best OS exhibited the lowest infiltration of most immune cells. In addition to tumor-promoting immune cells (i.e. myeloid-derived suppressor cells and mast cells), the infiltrating immune cells included anti-tumor immune cells (CD8 (+) T cells and natural killer (NK) cells) and immune cells with both pro-tumor and anti-tumor effects (CD4 (+) T cells and dendritic cells) (Figure 3D). Recent single-cell transcriptome sequencing studies on HCC have confirmed that different immune cells express different PANoptosis-related genes (CRADD is upregulated in tumor-specific infiltrating regulatory T cells; TNF is upregulated in cytotoxic FGFBP2+ double‐positive T cells). The same PANoptosis-related gene can be upregulated in multiple immune cells (e.g. NK cells and GNLY+ T cells (cytotoxic CD4T cells) exhibit upregulated expression of GZMB) (27–29). This suggests that immune cells may express several PANoptosis-related genes and that the levels of infiltrating immune cells can indicate the expression level of PANoptosis-related genes to a certain extent. This can explain the high abundance of immune cell infiltration in PANoptosisCluster A with higher expression levels, while the low abundance of immune cell infiltration in PANoptosisCluster B with lower expression levels.




Figure 3 | Identification of three molecular subtypes of PANoptosis. (A) Three PANoptosisClusters were identified using consensus clustering based on the expression levels of PANoptosis-related genes in The Cancer Genome Atlas-Liver Hepatocellular Carcinoma (TCGA-LIHC) cohort; (B) The three PANoptosisClusters were visually distinguished using principal component analysis (PCA); (C) Comparison of overall survival (OS) between the three PANoptosisClusters; (D) Differential immune cell infiltration status among the three PANoptosisClusters; (E–G) The differential biological function between the following pairs was examined using gene set variation analysis (GSVA): PANoptosisClusters A and B (E), PANoptosisClusters A and C (F), PANoptosisClusters B and C (G). *p < 0.05, **p < 0.01, and ***p < 0.001.



Next, the biological functions of different PANoptosis molecular subtypes were examined using GSVA. The top 10 enriched pathways between PANoptosisClusters A and B, between PANoptosisClusters A and C, and between PANoptosisClusters B and C are shown in Figures 3E–G, respectively. The enrichment of progesterone-mediated oocyte maturation and oocyte meiosis in PANoptosisCluster A was higher than that in PANoptosisCluster B. Additionally, the enrichment of drug metabolism cytochrome p450 in PANoptosisClusters B and C was higher than that in PANoptosisCluster A. PANoptosisCluster B was enriched in olfactory transduction, while PANoptosisCluster C was enriched in mTOR and other signaling pathways. Progesterone-mediated oocyte maturation and oocyte meiosis, which were significantly enriched in PANoptosisCluster A, are closely correlated to HCC progression (30, 31). However, cytochrome P450, an important biosynthetase in drug metabolism, enriched in PANoptosisClusters B and C can inhibit HCC growth by antagonizing HGF/MET signaling or AKT signaling (32, 33). These findings can explain the poor prognosis of PANoptosisCluster A. Additionally, in the olfactory transduction pathway, which was enriched in PANoptosisCluster B, OR1A2 is reported to suppress the proliferation of human HCC Huh-7 cells upon activation with (–)-citronellal (34). The mTOR signal transduction, which was significantly enriched in PANoptosisCluster C, can accelerate HCC progression upon PRIM1 activation (35). These results support that the OS of PANoptosisCluster B is higher than that of PANoptosisCluster C.




3.3 Construction of PANRS

A PANRS was constructed to enable the application of these molecular subtypes for the clinical analysis of patients with HCC.Differential analysis of PANoptosisClusters A, B, and C revealed 1565 DEGs (Figure 4A). GO and KEGG functional enrichment analyses (Figures 4B, C) revealed that the main cellular component in which DEGs were enriched was the chromosomal region. Aberrations in chromosomal regions often lead to HCC cell proliferation, HCC exacerbation, and multiple drug resistance development (36–38). Additionally, the main biological process in which DEGs were enriched was organelle fission. The enhancement of organelle fission is reported to promote HCC metastasis (39, 40) and limit tumor immune surveillance by NK cells (41). Furthermore, the main molecular function in which DEGs were enriched was actin binding. This implies that DEGs can accelerate the progression of HCC by promoting actin binding (42, 43). The KEGG pathway in which DEGs were enriched was human papillomavirus (HPV) infection. Hepatitis B virus infection is a well-known adverse factor for HCC. However, the simultaneous infection of these cells with HPV 16 upregulates the transcriptional activity in HCC (44).




Figure 4 | Establishment of PANoptosis-related signature (PANRS). (A) Screening of differentially expressed genes (DEGs) between the three PANoptosisClusters; (B, C) Gene Ontology (GO) (B) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses (C) were performed to examine the biological function and related pathways in which the DEGs were enriched; (D) The trajectories of the coefficients of prognosis-related DEGs; (E) The smallest parameter graph to determine the number of included genes based on the cross-validation error; (F) Names of genes in PANRS and their corresponding risk coefficients; (G) The Sankey diagram shows how the molecular subtype of PANoptosis is quantified into a prognostic PANRS; (H) Distribution of risk scores among the PANoptosisClusters.



Next, DEGs were subjected to univariate Cox regression analysis that matched transcriptome data and survival information (n=343) and extracted 1155 DEGs associated with prognosis (Table S3). To facilitate subsequent internal cohort validation, TCGA-LIHC cohort (n = 343) was randomly divided into training and test cohorts before establishing the signature. The survival time, survival status, tumor grade and stage, and other important clinical indicators were not significantly different between the two groups (Table 1), indicating that the test cohort can be used as an internal validation cohort.


Table 1 | Comparison of important clinical indicators in train cohort and test cohort.



As detecting a large number of genes in clinical practice is challenging, prognostic DEGs in the training cohort were subjected to LASSO Cox regression analysis to control the number of genes included in the signature. As shown in Figure 4D, the gene coefficient trajectories revealed that an increase in the penalty coefficient (Log λ) results in fewer genes included in the signature, as evidenced by a high proportion of genes with a coefficient of 0. To obtain a signature with an improved fitting effect, the four genes with the smallest cross-validation error in Figure 4E were selected and marked. These genes were subjected to multivariate Cox regression analysis. An optimal signature related to the molecular subtypes of PANoptosis, namely PANRS, was obtained. The PANRS risk score was calculated as follows: risk score = LPCAT1 expression level × 0.387 + chromobox 2(CBX2) expression level × 0.377 (Figure 4F). The median risk score of 0.843 was the cut-off value for classifying the train, test, TCGA-LIHC, and ICGC-LIRI-JP cohorts into high-risk and low-risk groups. The Sankey diagram shows the brief process of predicting the prognosis of HCC after the molecular subtypes of PANoptosis were quantified as PANRS (Figure 4G). Additionally, comparative analysis of the distribution of risk scores in PANoptosisClusters revealed that PANoptosisCluster A had the highest risk score, followed by PANoptosisCluster C (Figure 4H) and PANoptosisCluster B. These results seem to explain the OS of different PANoptosisClusters. Thus, PANRS can well reflect the differential OS between PANoptosisClusters.




3.4 PANRS reliably predicts HCC prognosis in TCGA cohort

The differential OS between the high-risk and low-risk groups in the training cohort was analyzed. Patients in the high-risk group exhibited markedly decreased OS (p < 0.001, Figure 5A). The risk curve results indicated that patients in the high-risk group were associated with increased mortality rates and upregulated expression levels of the poor prognostic genes LPCAT1 and CBX2 (Figure 5B). In the training cohort, the performance of PANRS to predict the OS of patients with HCC was evaluated using time-dependent ROC curves. The area under the curve (AUC) values for predicting 1-year, 3-year, and 5-year OS were 0.793, 0.720, and 0.709, respectively (Figure 5C). Similar results were obtained in the test and TCGA-LIHC cohorts (Figures 5D, E, G, H). Additionally, the AUC (time-dependent ROC curve) values of PANRS in both test and TCGA-LIHC cohorts were > 0.7 (Figures 5F, I), indicating the high prognostic prediction performance of PANRS. Finally, independent prognostic analyses of risk scores in the three cohorts were performed to exclude the interference of other clinical factors. The risk scores were identified as independent prognostic factors for HCC (p < 0.01, Figures 5J–L).




Figure 5 | Verification of the prognostic performance of PANoptosis-related signature (PANRS) in The Cancer Genome Atlas-Liver Hepatocellular Carcinoma (TCGA-LIHC) cohort. (A, B) Differential overall survival (OS) and risk curve between the high-risk and low-risk groups in the training cohort; (C) In the training cohort, PANRS predicted the area under the curve (AUC) values for 1-year, 3-year, and 5-year OS of patients with hepatocellular carcinoma (HCC); (D, E, G, H) Differential OS (D, G) and risk curve (E, H) between the high-risk and low-risk groups in the test and TCGA-LIHC cohorts; (F, I) In the test (F) and TCGA-LIHC cohorts (I), PANRS predicted the AUC values for 1-year, 3-year, and 5-year OS of patients with HCC; (J–L) Validation of the independent prognostic performance of PANRS in the training (J), test (K), and TCGA-LIHC cohorts (L).



To assess the potential clinical utility of PANRS, data of TCGA-LIHC cohort were subjected to an applicability analysis. When factors, such as age, sex (male), tumor grade, and tumor stage were considered, the OS of the high-risk group was significantly worse when compared with that of the low-risk group (all p < 0.01, Figures 6A–H). This suggests that PANRS can be widely used to predict the survival of HCC patients with HCC. To individually determine the probability of 1-year, 2-year, and 3-year survival rates for each patient, a nomogram was established by combining clinicopathological features and risk scores. As shown in Figure 6I, the comprehensive risk score of a patient was 246 points, and the 1-year, 2-year, and 3-year survival probabilities were predicted to be 62.3%, 37.1%, and 28.7%, respectively. The calibration curve in Figure 6J revealed a high level of consistency between the predicted 1-year, 2-year, and 3-year survival probabilities and actual survival rates. Moreover, the C-index and AUC values of the nomogram for predicting 1-year, 2-year, 3-year, and 5-year OS of patients with HCC were higher than those of age, gender, tumor grade, and tumor stage (Figures 6K–O). These results indicate that PANRS is a reliable predictive tool with better predictive performance than common clinical indicators. In particular, the individualized predictive performance suggests the potential clinical value of PANRS.




Figure 6 | Evaluation of the potential clinical application value of PANoptosis-related signature (PANRS). (A–H) The clinical applicability of PANRS was evaluated by comparing the overall survival (OS) of the high-risk and low-risk groups according to age (A, B), gender (C, D), and tumor grades (E, F) and stages (G, H); (I) A nomogram was constructed by combining the risk scores with age, sex, and tumor stage; (J, K) Calibration curve (J) and C-index (K) confirmed the high accuracy of the nomogram; (L–O) The ability of nomogram to predict 1-year (L), 2-year (M), 3-year (N), and 5-year (O) OS in HCC was compared with other common clinical indicators through receiving operating characteristic (ROC) mapping.






3.5 Validation of the prognostic effect of PANRS in the ICGC-LIRI cohort and comparison with previously reported signatures

External validation was performed to clarify the generalizability of PANRS. The ICGC-LIRI cohort was divided into high-risk and low-risk groups based on the median risk score of TCGA-LIHC training cohort. As shown in Figure 7A, the high-risk group exhibited poor OS (p < 0.001) and upregulated expression of poor prognosis-related genes (LPCAT1 and CBX2). The AUC values of PANRS for predicting the 1-year, 2-year, and 3-year OS of patients with HCC were approximately 0.7 (Figure 7B). Independent prognostic analysis, clinical applicability analysis, nomogram, and calibration charts confirmed that the risk scores can independently, accurately, and individually predict the survival of patients in the ICGC-LIRI cohort for a wide range of populations (all p < 0.05, Figures 7C–F). Clinical correlation analysis revealed that the expression of the unfavorable prognostic gene LPCAT1 in patients with stage III–IV tumors was markedly higher than that in patients with stage I–II tumors (Figure S2A). Additionally, expression of CBX2 was upregulated in patients with a positive family history of tumors in first-degree relatives (p = 0.027, Figure S2B).




Figure 7 | Verification of the prognostic predictive performance of PANoptosis-related signature (PANRS) in an external hepatocellular carcinoma (HCC) cohort. (A) Differential overall survival (OS) and risk curve between the high-risk and low-risk groups in the International Cancer Genome Consortium-Liver cancer-Riken-Japan (ICGC-LIRI-JP) cohort; (B) PANRS predicted the area under the curve (AUC) values for 1-year, 2-year, and 3-year OS in patients with HCC in the ICGC-LIRI-JP cohort; (C) Verification of the independent prognostic value of PANRS in the ICGC-LIRI-JP cohort; (D) Assessment of the clinical applicability of PANRS in the ICGC-LIRI-JP cohort; (E, F) The nomogram (E) and its prediction accuracy (F) in the ICGC-LIRI-JP cohort.



This study also compared the prognostic performance of PANRS with that of previously reported signatures by determining the AUC values. The AUC values of PANRS for predicting the 1-year, 2-year, 3-year, and 5-year OS were higher than those of amino acid metabolism-related gene signature (45), basement membrane-related gene signature (46), and bile acid-related prognostic signature (47) (Figures S2C–F). This indicates that the predictive power of PANRS is higher than that of previously reported signatures.




3.6 PANRS can predict the prognosis of patients with kidney renal papillary cell carcinoma

Based on the prognostic power of the risk score for HCC determined in this study, the prognostic power of PANRS for 31 other tumors in TCGA database was examined. The median risk score of PANRS was used to divide TCGA-KIRP cohort into high-risk (n = 196) and low-risk (n = 82) groups. The OS of the high-risk group was significantly lower OS than that of the low-risk group (Figure S2G). The AUC values of PANRS for predicting the 1-year, 2-year, and 3-year OS in patients with KIRP were 0.729, 0.746, and 0.712, respectively (Figure S2H). The risk scores of patients with KIRP were combined with their clinical characteristics to obtain a nomogram (Figure S2I) for assessing the individual survival probability. The survival probability predicted using the nomogram was highly consistent with the actual survival probability, indicating that this nomogram can accurately predict the survival probability of KIRP patients with KIRP exhibiting different clinical characteristics (Figure S2J). Additionally, the C-index and AUC values of the nomogram were higher than those of age, sex, and tumor stage, except in the first year (Figures S2K–O). These results suggest that PANRS is a powerful prognostic tool whose application may not be limited to HCC.




3.7 PANRS can accurately predict the immune landscape and immunotherapy response in patients with HCC

The tumor microenvironment (TME) is a multifaceted and dynamic ecosystem that significantly affects cancer progression, as well as the efficacy of both immunotherapy and drug treatments (48). The ESTIMATE algorithm was used to obtain the stromal, immune, and ESTIMATE scores. The immune and ESTIMATE scores of the high-risk group were markedly higher than those of the low-risk group (all p < 0.05, Figure 8A). This suggests an increased infiltration of immune cells in the TME of the high-risk group. Further analysis revealed that the high-risk group exhibited an increased abundance of memory B cells and M0 macrophages, which were both positively correlated with the risk score (Figures 8B–D). Conversely, the abundance of naïve B cells, resting memory CD4 T cells, and monocytes was downregulated in the high-risk group. M1 macrophages and monocytes were negatively correlated with the risk score (Figures 8E, F). These findings indicated that the high-risk group is highly susceptible to immunosuppressive microenvironments.




Figure 8 | Ability of PANoptosis-related signature (PANRS) to predict immune landscape and immunotherapy response in hepatocellular carcinoma (HCC). (A) Differential tumor microenvironment (TME) between the high-risk and low-risk groups; (B) Comparative analysis of immune cell infiltration status between the high-risk and low-risk groups; (C–F) The correlation of risk scores with memory B cells (C), M0 macrophages (D), M1 macrophages (E), and monocytes (F); (G) Differential expression of immune checkpoint molecules between the high-risk and low-risk groups; (H–K) Comparative analysis of tumor immune dysfunction and exclusion (TIDE) (H), dysfunction (I), exclusion (J), and microsatellite instability (MSI) scores (K) between the high-risk and low-risk groups; (L) Analysis of the correlation of risk scores with complete response (CR)/partial response (PR) and stable disease (SD)/progressive disease (PD) in the IMvigor210 cohort; (M) Comparison of overall survival (OS) between the high-risk and low-risk group in the IMvigor210 cohort; (N, O) The predictive value of the expression of the signature genes LPCAT1 (N) and CBX2 (O) for immunotherapy response; (P) Effect of LPCAT1 expression levels on the OS of patients with bladder cancer; (Q) Distribution of tumor mutational burden (TMB) in different risk groups; (R) Differential expression of human leukocyte antigen (HLA) molecules in different risk groups. *p < 0.05, **p < 0.01, and ***p < 0.001.



ICI, a promising therapeutic for cancer, exerts growth-inhibitory effects against tumor cells by improving the immune function of patients. Only a small proportion of patients benefit from the approved ICIs. The identification of new immune checkpoints can aid in improving the immunotherapy response of patients (49). In this study, the differential expression of 40 immune checkpoint genes (50, 51) in different risk groups was analyzed. The expression levels of 37 immune checkpoints, except for adenosine A2a receptor (ADORA2A), inducible T cell costimulator ligand (ICOSLG), and tumor necrosis factor superfamily 14(TNFSF14), in the high-risk group were higher than those in the low-risk group (Figure 8G). Further validation with the TIDE algorithm demonstrated that the high-risk group exhibited decreased TIDE, dysfunction, and MSI scores but increased exclusion scores (p < 0.05; Figures 8H–K). This suggests a reduced likelihood of tumor immune escape and a potentially favorable response to immunotherapy in the high-risk group.

These findings were further supported by the analysis of the IMvigor210 cohort. The risk scores of the immunotherapy response group (complete remission/partial remission) were markedly higher than those of the immunotherapy non-response group (stable disease/progressive disease) (Figure 8L). Additionally, the OS of the high-risk group was higher than that of the low-risk group after immunotherapy (p = 0.011, Figure 8M), indicating that patients with high risk scores responded well to immunotherapy. The expression levels of the model genes LPCAT1 and CBX2 in the immunotherapy response group were higher than those in the non-responsive group (all p < 0.01, Figures 8N, O). The upregulated expression of LPCAT1 could also predict a positive response to immunotherapy in patients with bladder cancer (p = 0.032, Figure 8P).

Additionally, TMB (52) and MHC molecules (24) can predict immunotherapy response. Neoantigens, which are produced by tumors with high TMB, are often associated with improved immunotherapeutic outcomes. However, the downregulation of MHC molecules may suppress the recognition of neoantigens by T cells and consequently decrease the efficacy of immunotherapy (53). This study investigated TMB and MHC expression in different risk groups and demonstrated that increased TMB was positively correlated with the high-risk group. The expression levels of 95.83% (23/24) of the examined HLA genes were significantly upregulated in the high-risk group (p < 0.05, Figures 8Q, R). These findings suggest that PANRS represents a novel and effective signature for predicting immunotherapy response.




3.8 Chemotherapy drug sensitivity of HCC can be predicted using PANRS

ICIs have improved the clinical outcomes of patients with HCC, increasing the survival rate of patients who responded to the therapy. However, multi-drug resistance mechanisms are the major limiting factors for the efficacy of ICIs (54). Combination therapy, including chemotherapy, is still the main treatment modality. This study compared the IC50 values to predict the sensitivity of HCC populations with different risks to chemotherapeutic drugs. The high-risk group exhibited increased sensitivity to several drugs, including etoposide, cisplatin, gemcitabine, docetaxel, cyclopamine, paclitaxel, pazopanib, rapamycin, sorafenib, and doxorubicin (p < 0.01, Figures 9A–J). Meanwhile, the low-risk group was sensitive to axitinib, gefitinib, lapatinib, metformin, and AKT inhibitor VIII (p < 0.01, Figures 9K–O).




Figure 9 | PANoptosis-related signature (PANRS) predicts the sensitivity of hepatocellular carcinoma to common chemotherapy drugs. (A–J) Chemotherapy drugs to which the high-risk group is sensitive relative to the low-risk group; (K–O) Chemotherapy drugs to which the low-risk group is sensitive relative to the high-risk group.






3.9 Identification of the carcinogenic effect of LPCAT1 on HCC

In our PANRS, LPCAT1 has a higher risk coefficient. Consider that the sequencing data we previously analyzed were all at the transcriptome level. We therefore assessed the protein expression level of LPCAT1 using the Clinical Proteomic Tumor Analysis Consortium (CPTAC) database. The notable overexpression of LPCAT1 protein in HCC, as shown in Figure S1, indicates strong consistency between LPCAT1 mRNA and protein expression. However, whether the effect of LPCAT1 on hepatoma cells is consistent with our results still needs to be verified by further in vitro experiments. By qRT-PCR and western blotting, we found that compared with normal hepatocytes THLE-2, mRNA and protein of LPCAT1 were substantially overexpressed in HCC cells (MHCC97-H, HepG2, and HCCLM3) (all p < 0.05, Figures 10A, B). Furthermore, RNA interference was performed on HepG2 and HCCLM3 with high expression levels. As shown in Figures 10C, D, we successfully inhibited the expression of LPCAT1 protein in HCC cells. By EdU staining and CCK-8 assay, the results indicated that interference with LPCAT1 expression significantly inhibited the proliferative activity of HCC cells (all p < 0.05, Figures 10E–H). Further analysis using wound-healing and transwell assays revealed a significant decrease in HCC cell migration following interference with LPCAT1 expression (all p < 0.05, Figures 10I–K). These findings indicate that LPCAT1 contributes to the progression of HCC.




Figure 10 | LPCAT1 knockdown inhibits hepatocellular carcinoma (HCC) cell proliferation and migration and promotes PANoptosis. (A) Quantitative real-time polymerase chain reaction analysis of LPCAT1 mRNA expression in healthy liver cell lines (THLE-2) and HCC cell lines (HCCLM3, MHCC97-H, and HepG2); (B) Western blotting analysis of LPCAT1 protein expression levels in healthy liver cell lines (THLE-2) and HCC cell lines (HCCLM3, MHCC97-H, and HepG2); GAPDH was used as an internal control; (C, D) The knockdown efficiency of different siRNA-LPCAT1 constructs in HepG2 and HCCLM3 cells was evaluated using western blotting; (E–H) Effects of transfection with siRNA–LPCAT1#1, siRNA–LPCAT1#2 or negative control (si-NC) on cell proliferation were assessed using ethynyl-deoxyuridine (EdU) and cell counting kit (CCK)-8 assays; (E, G) Representative images of the changes in the number of proliferating HepG2 and HCCLM3 cells in different groups after transfection and quantitative analysis of EdU-positive rate (original magnification, ×200; scale bar, 50 μm); (F, H) The line graphs show the changes in the viability of HepG2 and HCCLM3 cells in different groups at 0, 24, 48, and 72 h post-transfection; (I, J) Cell migration was examined using the wound-healing assay. Representative images and quantitative analysis of wound closure area in different groups at 0 and 36 h post-scratching are presented (original magnification, ×40; scale bar, 200 μm); (K) Transwell assay was used to evaluate the migration ability of transfected HCC cells. The upper panel shows representative images (original magnification, ×200; scale bar, 200 μm), while the lower panel (histogram) shows the number of migrated cells in different groups; (L-N) Immunoblotting analysis of (L) pro-CASP1 (P45) and activated (P20) CASP1, pro-GSDMD (-FL), and activated GSDMD (-N); and pro-GSDME (-FL) and activated (-N) GSDME; (M) pro-CASP3 (P35) and cleaved (P17) CASP3, pro-CASP7 (P35) and cleaved (P20) CASP7, and pro-CASP8 (P55) and cleaved (P18) CASP8; and (N) phosphorylated MLKL (pMLKL), and total MLKL (tMLKL) in HCCLM3 cells transfected with si-NC, si-LPCAT1#1, and si-LPCAT1#2. GAPDH was used as the internal control. Data are representative of at least three independent experiments.*p < 0.05, **p < 0.01, and ***p < 0.001.



To investigate the effect of LPCAT1 knockdown on pyroptosis, we performed pyroptosis induction in HCCLM3 cells using LPS and ATP and examined the expression level of cleaved GSDMD. LPCAT1 knockdown in HCCLM3 cells promoted the cleavage of GSDMD, generating bioactive GSDMD-N fragments, which can form membrane pores to initiate cellular pyroptosis (Figure 10L). In the canonical inflammasome-mediated pyroptosis process, GSDMD is cleaved by activated CASP1, leading to the release of GSDMD-N fragments (55, 56). Consistent with the generation of GSDMD-N, LPCAT1 knockdown upregulated the levels of cleaved CASP1 (p20) (Figure 10L). GSDME, a member of the Gasdermin family, is reported to induce pyroptosis under specific conditions (57). LPCAT1 knockdown promoted the cleavage of GSDME (Figure 10L). In addition to pyroptosis, LPCAT1 knockdown promoted apoptosis in HCCLM3 cells as evidenced by the minor cleavage of CASP3 (p17), CASP7 (p20), and CASP8 (p18) (Figure 10M). Finally, the effect of LPCAT1 knockdown on necroptosis was examined. LPCAT1 knockdown upregulated MLKL phosphorylation in HCCLM3 cells, indicating the induction of necroptosis (Figure 10N). These findings indicate that LPCAT1 knockdown promotes PANoptosis in cells.





4 Discussion

HCC, a fatal malignancy with high incidence rates, is diagnosed at an advanced stage. Thus, most patients with HCC are not eligible for curative treatments, such as liver transplantation and surgical resection. Sorafenib and lenvatinib are the only first-line systemic therapies for HCC. Second-line treatments are generally limited and ineffective (58, 59). Therefore, effective strategies must be developed to mitigate HCC-related mortality rates. Recently, the induction and regulation of inflammatory cell death have emerged as a novel anticancer therapeutic strategies as it elicits an immune response and stimulates strong anticancer effect (60). This enabled the investigators to analyze the correlation of HCC with pyroptosis, apoptosis, and necroptosis and identify potential biomarkers (61–66). The three PCD pathways can complement each other during PANoptosis, responding to specific stimuli in the surrounding TME. Therefore, these pathways function cooperatively to achieve immunogenic PCD (19). For example, in patients undergoing immunotherapy, PANoptosis kills cancer cells by activating alternative PCD pathways, such as pyroptosis or necroptosis if cancer cells inhibit apoptosis. Treatment with the combination of PANoptosis inducers and ICIs exerted potent growth-inhibitory effects even against ICI-resistant tumors (67). As HCC is associated with drug resistance, this study developed a prognostic signature based on the molecular subtype of PANoptosis for patients with HCC. This study demonstrated that this signature can predict the prognosis and immunotherapy response of patients with HCC, providing a new direction for precise individualized therapy.

This study identified three PANoptosisClusters for HCC. Compared with those in PANoptosisClusters B and C, the OS was lower and the levels of infiltrating immune cells were higher in PANoptosisCluster A. Moreover, PANoptosisCluster A was enriched in Fc γ receptor (Fc-γR)-mediated phagocytosis when compared with PANoptosisClusters B and C. Monoclonal antibodies (Mabs) are one of the most well-known targeted therapies for various types of malignant tumors. IgG Fc can help clinically approved Mabs achieve optimal efficacy through interaction with Fc-γR. The phagocytosis of antibody-bound tumor cells by macrophages via antibody-dependent cellular phagocytosis (ADCP) is one of the major mechanisms underlying Fc-γR-mediated tumor immune response (68). This indicates that PANoptosisCluster A with high levels of infiltrating immune cells is more likely to elicit tumor immune response through ADCP than other subtypes, contributing to enhanced immunotherapeutic effects. However, the upregulation of FC-γRIIB (single inhibitory FC-γR) under hypoxic conditions may confer resistance to this therapy (69).

To facilitate prognosis prediction in patients with HCC, DEGs between three PANoptosisClusters were screened. These DEGs were associated with prognosis. Subsequently, a PANRS was constructed for the training cohort. The predictive accuracy, independent predictability, and population suitability of PANRS were validated using TCGA-LIHC and ICGC-LIRI-JP cohorts. To further determine the clinical application value of PANRS, a nomogram was generated for patients with HCC to predict their specific survival probability by combining risk scores with age, gender, and tumor stage. The calibration curves and C-index maps confirmed the high accuracy of this comprehensive risk score for predicting the survival probabilities of patients with HCC in both TCGA-LIHC and ICGC-LIRI-JP cohorts. Thus, PANRS is a reliable and effective tool for predicting HCC prognosis.

Next, the efficacy of PANRS in predicting the immune landscape and immunotherapy response of HCC was examined. Patients in the high-risk group exhibited increased levels of infiltrating memory B cells and M0 macrophages, which promote HCC progression and immunosuppression (70). For example, M0 macrophages can be polarized into immunosuppressive M2 macrophages upon stimulation with tumor-derived alpha fetoprotein and inhibit M1 macrophages from phagocytosing HCC cells (71). Immune checkpoint molecules prevent aberrant activation of immune responses and maintain homeostasis. However, tumor cells use this characteristic of immune checkpoint molecules to escape the immune response. Therefore, ICIs, which mitigate immune evasion, are the fourth most frequent treatment modality for cancer after surgical interventions, chemotherapy, and radiotherapy (72). This study suggested that the high-risk group with increased expression of immune checkpoint genes may have a favorable response to ICI therapy. To verify this, the TIDE score, IMvigor210 immunotherapy cohort data, TMB, and HLA molecules were analyzed. The high-risk group exhibited upregulated levels of TMB and HLA molecules, increased incidence of complete response/partial response, and decreased TIDE score. A high TMB is strongly correlated with improved clinical outcomes in patients with HCC undergoing immunotherapy (73). The expression levels of MHC type I molecules (HLA-A, HLA-B, and HLA-C) determine the effectiveness of immunotherapy (74). A high TIDE score suggests an increased probability of tumor immune evasion (75). The predictive power of TIDE is higher than that of TMB and CD274 in anti-PDCD1 or anti-CTLA4 therapy (75, 76). These findings suggest that patients in the high-risk group are favorably responsive to immunotherapy.

PANRS developed in this study comprised LPCAT1 and CBX2. The findings of bioinformatics analysis of LPCAT1, which contributed the most to PANRS, were verified using in vitro experiments. LPCAT1 expression in three HCC cell lines was significantly upregulated when compared with that in healthy liver cells. Additionally, LPCAT1 knockdown significantly suppressed the proliferation and migration of HCC cells, indicating that LPCAT1 exerts oncogenic effects in HCC and adversely affects patient prognosis. These observations are consistent with those of previous studies (77–79). The correlation between LPCAT1 and PANoptosis has not been completely elucidated. However, LPCAT1 is reported to be involved in pyroptosis and apoptosis in various cancers, including HCC, cervical cancer, endometrial cancer, and squamous cell carcinoma of the skin (80–83). CBX2 expression is associated with cancer cell apoptosis. For example, CBX2 suppresses apoptosis in high-grade serous ovarian cancer (HGSOC) cells (84). Consistently, the downregulation of CBX2 significantly upregulated apoptosis in HCC, HGSOC, acute myeloid leukemia, and colorectal cancer cells (85–88). Furthermore, the research team of Ding reported that CBX2 is involved in the formation of pyroptosis-related signature (80).

This study has some limitations. The ability of PANRS to predict HCC prognosis and ICI treatment response was determined in this study. However, the samples included in this study were retrospectively analyzed. Thus, large-scale clinical trials must be performed and prospective samples must be collected to further confirm that PANRS is an excellent and practical clinical prognostic tool. Additionally, the risk score in this study was dependent on the expression level of the signature gene but did not consider the impact of other factors, including gene mutations, on the prognosis of patients with HCC.




5 Conclusions

This study identified three molecular subtypes of PANoptosis in patients with HCC. The PANRS, which was constructed based on these subtypes, was demonstrated to be a reliable and independent tool for accurately predicting the prognosis and immunotherapy response of patients with HCC. Thus, the PANRS can contribute to the risk stratification of HCC and facilitate individualized immunotherapy.
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Background

Inflammatory cell death is a form of programmed cell death (PCD) that induces inflammatory mediators during the process. The production of inflammatory mediators during cell death is beneficial in standard cancer therapies as it can break the immune silence in cancers and induce anticancer immunity. Photodynamic therapy (PDT) is a cancer therapy with photosensitizer molecules and light sources to destroy cancer cells, which is currently used for treating different types of cancers in clinical settings. In this study, we investigated if PDT using 5-aminolevulinic (5-ALA-PDT) causes inflammatory cell death and, subsequently, increases the immunogenicity of cancer cells.





Methods

Mouse breast cancer (4T1) and human colon cancer (DLD-1) cells were treated with 5-ALA for 4 hours and then irradiated with a light source. PCD induction was measured by western blot analysis and FACS. Morphological changes were determined by transmission electron microscopy (TEM). BALB/c mice were injected with cell-free media, supernatant of freeze/thaw cells or supernatant of PDT cells intramuscular every week for 4 weeks and then challenged with 4T1 cells at the right hind flank of BALB/c. Tumor growth was monitored for 12 days.





Results

We found that 5-ALA-PDT induces inflammatory cell death, but not apoptosis, in 4T1 cells and DLD-1 cells in vitro. Moreover, when mice were pretreated with 5-ALA-PDT culture supernatant, the growth of 4T1 tumors was significantly suppressed compared to those pretreated with freeze and thaw (F/T) 4T1 culture supernatant.





Conclusion

These results indicate that 5-ALA-PDT induces inflammatory cell death which promotes anticancer immunity in vivo.
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Introduction

Photodynamic therapy (PDT) is a minimally invasive treatment to destroy cancer cells by combining treatment with photosensitizers (PSs) and light exposure at an appropriate wavelength (1). PSs accumulated in cancer cells absorb light energy and are excited from a ground singlets state to an excited singlet state, followed by a transition to a relatively long-lived excited triplet state (2). At the excited triplet state, the PSs initiate type I and type II photosensitized oxidation reactions. In the type I reaction, PSs transfer electrons to neighbouring biomolecules to produce reactive oxygen species (ROS). Moreover, type II reactions generate singlet oxygen by direct interaction of PSs with molecular oxygen which produces a variety of ROS. The production of ROS plays a primary role in causing cancer cell death induced by PDT (3).

5-aminolevulinic acid (5-ALA) is a natural amino acid which can lead to the generation of protoporphyrin IX (PpIX) via the heme biosynthesis pathway (4). PpIX is further converted into heme in the mitochondria by ferrochelatase (FECH) (5). As the heme biosynthesis pathway is highly activated in transformed cells, PpIX, which is a photosensitizer, can be accumulated in most cancer cells more efficiently than in normal cells when treated with exogenous 5-ALA (6). Accumulated PpIX in cancer cells can be utilized during PDT to induce ROS when excited with light at the specific wavelength, leading to cancer cell death. PDT using 5-ALA (5-ALA-PDT) has been established as a promising alternative to conventional cancer therapies for treating different types of cancers such as bladder, brain, colon, head and neck, lung, oesophagus, oral and skin (7–11). Additionally, PpIX is an endogenous fluorophore that exhibits red fluorescence, which can be used for intraoperative visualization of tumors known as photodynamic diagnosis (PDD) (12). PDD using 5-ALA (5-ALA-PDD) is recently approved for an optical imaging method for Grade III and IV gliomas during surgery by the FDA (13).

Most cancer cells die by activation of programmed cell death (PCD) mechanisms during cancer treatments (Figure 1) (14, 15). Apoptosis, the first identified PCD, is characterized by chromatin condensation and DNA fragmentation, which is considered as non-immunogenic cell death (16, 17). Apoptosis can be triggered by the stimulation of death receptors (extrinsic pathway) or by various internal or external stimulation such as cell damage, DNA damage, cellular stresses, and irradiation (intrinsic pathway). Upon activation of the extrinsic pathway by binding of death ligands with death receptors, Fas-associate death domain (FADD) and caspase-8 form a death-inducing signaling complex to cleave caspase-8 (18). Activation of the intrinsic pathway leads to the release of cytochrome C in the mitochondria, which induces the apoptosome to cleave caspase-9 (19). Both activated caspases-8 and 9 cleave caspase-3, 6 and 7, and subsequently causing the formation of apoptotic bodies that lead to cell death (20). Calreticulin (CRT), which is known as another apoptosis marker, is translocated from the endoplasmic reticulum (ER) to the cellular membrane when cells undergo apoptosis, which stimulates phagocytosis (21). On the other hand, pyroptosis and necroptosis are classified as inflammatory cell death that produce cytokines and inflammatory mediators during their PCD process (22, 23). For induction of pyroptosis, danger signals derived from host cells or intracellular pathogens induce the formation of the inflammasome, which cleaves and activates caspase-1 (24). Activated caspase-1 further cleaves gasdermine D, which translocates to the cell membrane and forms pores to release intracellular contents and induce membrane rupture (25). Activated caspase-1 also cleaves the precursors of interleukin-1β (IL-1β) and IL-18 into their active forms, which are released during pyroptosis (26). Necroptosis is defined as a programmed form of necrosis. Necroptosis can be induced by a variety of stimulation such as activation of Toll-like receptor (TLR), tumor necrosis factor (TNF), cellular stresses, and microbial or viral infection (27). As a classic necroptosis inducer, TNF binds with the TNF receptor, which recruits the receptor interacting protein kinases (RIPK1) and TNFRSF1A associated via death domain (TRADD), inducing the phosphorylation of RIPK1 and RIPK3 (28). The phosphorylated complex of RIPK1 and RIPK3 phosphorylates MLKL (29). Alternatively, microbial or viral infection and cellular stresses that phosphorylates RIPK3 through Z-DNA binding protein 1(ZBP1) (30) or TIR-domain-containing adapter-inducing interferon-β (TRIF) (31). Phosphorylated MLKL translocates to the membrane and causes membrane rupture. Phosphorylated RIPK3 is also capable of inducing MLKL phosphorylation (32). Cells undergoing necroptosis release inflammatory cytokines, damage-associate molecular patterns (DAMPs), high mobility box 1 protein (HMGB1) and ATPs to promote inflammatory responses (33–35).




Figure 1 | A schematic diagram of apoptosis, pyroptosis and necroptosis. Apoptosis: The death receptors recruit Fas-associate death domain (FADD) and caspase-8 to form death-inducing signaling complex (DISC) under extrinsic stimuli. The DISC cleaves caspase-8, and then cleaved caspase-8 initiates the formation of apoptotic bodies by activating caspase-3, 6 and 7. Caspase-8 also cleaves BH3 interacting-domain death agonist (BID), which translocate to mitochondria to induce cytochrome C (Cyto C) release. Internal stimuli such as cell damage, DNA damage, cellular stresses, and irradiation also trigger release of cytochrome C as the intrinsic pathway. Released cytochrome c forms apoptosome which cleaves caspase-9. Cleaved caspase-9 further cleaves and activates caspase-3, 6 and 7. Pyroptosis: Inflammatory signals or infections trigger pyroptosis by activating inflammasome formation. Activated inflammasome cleaves and activates caspase-1 and subsequently gasdermin D (GSDMD). Cleaved GSDMD translocates to the membrane and causes membrane rupture. Activated caspase-1 also cleave pro-IL1β and pro-IL-18 into mature IL-1β and IL-18. Necroptosis: Necroptosis is typically induced by tumor necrosis factor alpha (TNF-α), infection or cellular stress. TNF-α signal induces phosphorylation of receptor-interacting serine/threonine-protein kinase 1 (RIPK1) and 3 (RIPK3), resulting in the subsequent phosphorylation of mixed lineage kinase domain like pseudokinase (MLKL). Moreover, MLKL can be phosphorylated through Z-DNA-binding protein 1 (ZBP1)/RIPK3, Toll-like receptors 3 (TLR3)/TIR-domain-containing adapter-inducing interferon-β (TRIF)/RIPK3 or TLR4/TRIF/RIPK3 pathway upon cellular stress and microbial or viral infection.



As cancer cells undergo multiple genetic changes, they generate mutated proteins that can be presented on their MHC class I molecules to immune cells (36). On the other hand, to avoid immune elimination, tumors evade the immune system through various mechanisms such as suppressing immune system (37), causing immune exhaustion (38), and limiting antigen presentation (39). As standard cancer therapies have been developed to directly kill cancer cells and shrink tumors, it would be beneficial for cancer survival and cure if immune evasion is broken, and anticancer immunity is induced. Cancer therapies such as chemotherapy (40), radiotherapy (41, 42) and oncolytic virus therapy (43) have been reported to activate cancer immune surveillance and anticancer immunity. To evoke anticancer immunity within tumors during cancer therapies, induction of inflammatory cell death is the crucial first step. Until now, it remains to be determined whether 5-ALA-PDT could induce inflammatory cell death and break immune silence caused by tumors though previous studies reported that 5-ALA-PDT induces apoptosis (44, 45). Here, we report that 5-ALA-PDT induces pyroptosis and necroptosis in mouse and human cancer cells, leading to the induction of anticancer immunity in an animal model of cancer.





Methods




Cells and reagents

Mouse 4T1 mammary gland tumor cells were obtained from Dr. Jean Marshall (Dalhousie University, Halifax, Canada). Human colon cancer DLD-1 cells were obtained from the American Type Culture Collection (ATCC; Manassas, VA, USA). 5-aminolevulinic acid (5-ALA), NLRP inhibitor (MCC950), RIPK 1 inhibitor (Nec-1s), RIPK 3 inhibitor (Dabrafenib) were purchased from Sigma (Oakville, ON). Caspase-1 inhibitor (Z-WEHD-FMK) and caspase-3 inhibitor (Z-DEVD-FMK) were purchased from R&D systems (Minneapolis, MN). Cell counting Kit (WST-8/CCK8) (ab228554) (Abcam, Boston, MA) was used to determine the cell viability. LDH assay kit (Thermo Fisher Scientific, Mississauga, ON) was used to measure amounts of the lactate dehydrogenase released into the cell culture medium to determine the plasma membrane damages.





Cell culture

4T1 and DLD-1 cells were maintained in high glucose Dulbecco’s modified Eagle’s medium (DMEM) (Thermo Fisher Scientific), supplemented with 10% fetal bovine serum (FBS) and antibiotic-antimycotic mixture (Thermo Fisher Scientific) (100 units/mL penicillin G sodium). Cells plated in 24 or 48 well-plates were treated with 5-ALA (50 μM (4T1) or 250 μM (DLD-1)) for 4 hours and then irradiated using a Theralase TLC 3000A modular light source for 1.5 mins (Theralase Technologies Inc., Toronto, Canada; λ = 618–630 nm, fluence rate = 150 mW/cm2, energy density (ED) = 27 J/cm2). Cell viability and LDH release were measured using a CCK-8 assay kit and an LDH cytotoxicity assay kit, respectively, following the manufacturer’s instructions.





Western blot analysis

Cells were lysed using RIPA buffer supplemented with aprotinin (Sigma), and Halt Protease Inhibitor Cocktail (100X) (Thermo Scientific). Protein samples were separated by sodium dodecyl sulfate–polyacrylamide gel electrophoresis (SDS-PAGE) and transferred to a nitrocellulose membrane (Bio-Rad, Mississauga, ON). Primary antibodies used in this study include caspase-1 (Sant Cruz Biotechnology, Dallas, TX), cleaved caspase-1 (AdipoGen Life Science, San Diego, CA), caspase-3 (Sant Cruz Biotechnology, Dallas, TX), cleaved caspase-3 (Cell signaling technology, Danvers, MA), HMGB1 (Cell signaling technology, Danvers, MA), MLKL (Abcam, Boston, MA), phosphorylated MLKL (Abcam, Boston, MA), CRT (Abcam, Boston, MA), and GAPDH (Sant Cruz Biotechnology, Dallas, TX). The expression levels Relative expression of proteins were visualized using the corresponding secondary HRP-conjugated antibodies and Amersham ECL select western blotting detection reagent, as described previously (46).





TUNEL staining

TUNEL staining was conducted on 4T1 cells at 0.5, 1, 2 and 4 hours after 5-ALA-PDT according to the manufacturer’s protocol (Abcam; Cambridge, MA). Briefly, the cells were collected, resuspend in PBS and then fixed with 4% paraformaldehyde. The cells were labelled with Br-dUTP for 60 mins at 37°C, and then incubated in anti-BrdU-Red antibody for 30 mins. TUNEL positive cells were analyzed by flow cytometry using a BD FACSCalibur (BD Biosciences, San Jose, CA, USA).





Transmission electron microscopy (TEM)

Cells were fixed in Karnovsky fixative (2% paraformaldehyde and 2.5% Glutaraldehyde in 0.1 M sodium cacodylate buffer (Sigma-Aldrich) for 20 mins, and post-fixed in 1% osmium tetroxide (Sigma-Aldrich) dissolved in 0.1 M sodium cacodylate (Sigma-Aldrich) buffer pH 7.4. Fixed cells were dehydrated in increasing concentrations (70–100%) of ethanol and acetone, and then embedded in BEEM resin capsules and polymerized overnight at 70°C. Ultrathin sections were cut at 80-100 nm and mounted on 300 mesh copper grids, stained with lead citrate (Electron Microscopy Sciences, Hatfield, PA), and observed using an FEI Tecnai G2 Spirit transmission electron microscope (FEI, Hillsboro, OR) operating at 80 KV.





Animal studies

Female BALB/c mice obtained from Charles River Laboratories (Montreal, QC) were housed in a barrier unit within the central animal care facility in the Health Sciences Center at the Memorial University of Newfoundland. All animal experiments were conducted following the guidelines set by the Canadian Council on Animal Care and as approved by the Institutional Animal Care Committee of Memorial University Animal care committee. 4T1 cells were grown in DMEM with 10% FBS and antibiotics in a humidified atmosphere of 5% CO2 at 37°C. 5-ALA-PDT supernatant was collected from 4T1 cells treated with 5-ALA at the concentration of 50 μM for 4 hours prior to 1.5 mins of irradiation using a Theralase TLC 3000A modular light source. The supernatant of treated cells was collected at 24 hours after PDT treatment and centrifuged at 1300 rpm to remove the cell debris. For the freeze and thaw group, 4T1 cells were trypsinized and centrifuged to obtain cell pellets. Cells were resuspended in serum-free media and then subjected to three freeze and thaw cycles, followed by centrifugation at 1300 rpm to remove cell debris. At 8 weeks of age, female BALB/c mice randomly separated into 3 groups were injected with 30μl of cell-free media, supernatant of freeze/thaw cells, or supernatant of PDT cells intramuscular (i.m.) every week for 4 weeks. Resting for a week, at week 6, mouse mammary carcinoma 4T1 cells prepared in sterile normal saline (2x106 cells/100μl) were injected into the right hind flank of BALB/c mice. We monitored the tumor growth for 12 days before the mice were sacrificed.





Statistical analysis

Two-way ANOVA with post-hoc Tukey, Student’s t-test or Kruskal-Wallis test were performed using Prism (9.5.0) or IBM SPSS Statistics 27 as indicated in figure legends.






Results




Inflammatory cell death is responsible for PDT-induced cancer cell death

4T1 and DLD-1 cells were incubated with 5-ALA at concentrations of 50 μM and 250 μM for 4 hours followed by 1.5 mins light exposure, respectively. Cell viability was detected at 0.5, 1, 2, 4 and 24 hours after light treatment and LDH release was analyzed at 0.5, 1, 2 and 4 hours after light treatment for 4T1 cells and DLD-1 cells. Distinct 5-ALA-PDT conditions were used for 4T1 and DLD-1 cells as their sensitivities to 5-ALA-PDT were different. 5-ALA-PDT significantly reduced cell viability and increased LDH levels in the supernatant at 0.5, 1, 2 and 4 hours after light exposure in 4T1 cells (Figures 2A, B). Cell death was similarly induced from 0.5 hour after light exposure in DLD-1 cells (Figures 2C, D).




Figure 2 | Time courses of 5-ALA-PDT induced cell death in 4T1 and DLD-1 cells. Mouse mammary carcinoma 4T1 cells (A, B) or human colon cancer DLD-1 cells (C, D) were treated with 5-ALA (50 μM for 4T1 and 250 μM for DLD-1) (PDT) or left untreated (Control) and for 4 hours, and then exposed to the light (618–630 nm/wavelength) for 1.5 mins. At the indicated time points after the light exposure, cell viability was measured using the CCK-8 assay kit (A, C) and LDH in culture was quantified using LDH cytotoxicity assay kit (B, D). Mean ± SD relative cell viability and LDH release to control from 4 independent experiments. *p<0.01 by student’s t-test.



To clarify if 5-ALA-PDT activates programmed cell death (PCD) pathways, we determined the expression of PCD markers such as phosphorylated MLKL (necroptosis), cleaved caspase-1 (pyroptosis) and cleaved caspase-3 (apoptosis) in 4T1 cells treated with or without 5-ALA-PDT (50 μM 5-ALA for 4 hours, 1.5 mins of light exposure). MLKL was phosphorylated at 0.5, 1, 2 and 4 hours after light exposure. 5-ALA-PDT decreased caspase-1 but increased cleaved caspase-1, indicating that caspase-1 is activated. In contrast, the apoptosis pathway was not activated as the amount of caspase-3 and cleaved caspase-3 did not show any difference between control cells and those treated with 5-ALA-PDT (Figure 3A and Supplementary Figure 1).




Figure 3 | 5-ALA-PDT causes cancer cell death via necroptosis and pyroptosis, but not apoptosis. (A) 4T1 cells were treated with 5-ALA (50 μM) (PDT) or left untreated (C) for 4 hours, and then exposed to light (618–630 nm/wavelength) for 1.5 mins. At 0.5, 1, 2, and 4 hours after light exposure, cell lysates were collected for western blot analysis using antibodies against phosphorylated MLKL (p-MLKL), MLKL, caspase-1, cleaved caspase-1 (c-caspase-1), caspase-3, cleaved caspase-3 (c-caspase-3) and GAPDH. (B) 4T1 or (C) DLD-1 cells were treated with vehicle control (DMSO), caspase-1 inhibitor (Z-WEHD-FMK, 20 μM), NLRP inhibitor (MCC950, 20 μM), RIPK1 inhibitor (Nec-1s, 20 μM), RIPK3 inhibitor (Dabrafenib, 10 μM) or caspase-3 inhibitor (Z-DEVD-FMK, 20 μM) in combination with 5-ALA treatment (50 μM (4T1) and 250 μM (DLD-1)) (PDT +) or left untreated (PDT -) for 4 hours. Cells were then exposed to light (618–630 nm/wave) for 1.5 mins. At 4 hours post light exposure, the cell viability was measured using the CCK-8 assay kit. Mean ± SD relative cell viability to control from 4 independent experiments. *p<0.01 by Two-way ANOVA. (D) 4T1 cells treated with or without 5-ALA-PDT were subjected to TUNEL staining followed by flow cytometry analysis. Mean ± SD from 3 independent experiments. *p<0.01 by the student’s t test. (E) Apoptotic 4T1 cells treated with or without 5% DMSO for 24 hours were determined by western blot analysis using antibodies against caspase-3, cleaved caspase-3 and GAPDH, and by TUNEL staining followed by flow cytometry analysis. Mean ± SD from 3 independent experiments. *p<0.01 by the student’s t test.



To determine if necroptosis and/or pyroptosis are responsible for cell death induced by 5-ALA-PDT, 5-ALA-PDT was conducted on 4T1 or DLD-1 cells in the presence or absence of the PCD inhibitors. 34% of 4T1 cells treated with vehicle control (DMSO) survived at 4 hours after 5-ALA-PDT. Treatment with caspase-1 (pyroptosis), NLRP3 (pyroptosis), RIPK1 (necroptosis) or RIPK3 (necroptosis) inhibitor significantly reduced cell death induced by 5-ALA-PDT while caspase-3 inhibitor (apoptosis) did not increase cell viability of 5-ALA-PDT treated 4T1 cells (Figure 3B). These results demonstrate that necroptosis (RIPK1 and RIPK3 dependent) and pyroptosis, but not apoptosis, are responsible for 5-ALA-PDT induced cell death in 4T1 cells. On the other hand, cell death induced by 5-ALA-PDT was reduced in DLD-1 cells treated with caspase-1, NLRP3 or RIPK3 inhibitors, while caspase-3 or PIPK1 inhibitor did not influence the cell death (Figure 3C), suggesting that necroptosis (RIPK3 dependent) and pyroptosis are responsible for 5-ALA-PDT induced cell death in DLD-1 cells. These results agree with the previous study demonstrating RIPK-dependent cell death in glioblastoma (47). To further determine apoptosis induction in 4T1 cells treated with 5-ALA-PDT, TUNEL staining followed by flow cytometry analysis was conducted (Figure 3D). We found that TUNEL positive cells induced by 5-ALA-PDT were less than 2% throughout the experiment while apoptotic cells were significantly more in 4T1 cells at 4 hours after 5-ALA-PDT than in control 4T1 cells. Moreover, we confirmed that apoptosis induction in 4T1 cells treated with 5% DMSO was detected by western blot analysis using cleaved caspase-3 antibody and TUNEL staining (Figure 3E), demonstrating that our experimental system can detect apoptotic cells efficiently.

Accumulation of CRT in the cellular membrane is observed in apoptotic or pre-apoptotic cells (48). HMGB1 is one of the inflammatory mediators released during inflammatory cell death (49). To determine whether these changes of CRT and HMGB1 were induced in 4T1 cells treated with 5-ALA-PDT, we conducted western blot analysis of CRT in the cellular cytoplasmic and membrane fractions, and of HMGB1 in the cells and the supernatants (Figure 4 and Supplementary Figure 2). As results, we did not observe the translocation of CRT from the cytoplasm to the membrane caused by 5-ALA-PDT. In contrast, HMGB1 expression was decreased in the cells and increased in the supernatant from 1 hour after 5-ALA-PDT, indicating that inflammatory cell death is induced.




Figure 4 | Expression of CRT and HMGB1 in 4T1 cells treated with 5-ALA-PDT. 4T1 cells were treated with 5-ALA (50 μM) (PDT) or left untreated (C) for 4 hours, and then exposed to light (618–630 nm/wavelength) for 1.5 mins. At 0.5, 1, 2, and 4 hours after light exposure, proteins from the cytoplasm, from the cellular membrane and in the supernatants were collected for western blot analysis using antibodies against CRT (whole cell CRT, cell-CRT; membrane CRT, mem-CRT), HMGB1 (whole cell HMGB1, cell-HMGB1; supernatant HMGB1, sup-HMGB1) and GAPDH.



Morphological changes induced by 5-ALA-PDT were examined in 4T1 and DLD-1 cells by transmission electron microscopy (TEM) (Figure 5). In both cell lines, we observed typical morphological features of pyroptosis and necroptosis such as plasma membrane permeabilization (red arrow), organelle swelling and vacuolization (green arrow), mitochondrial swelling (blue arrow) and deficiency of nuclear chromatin (yellow arrow) (50, 51). In contrast, morphological features of apoptosis such as chromatin condensation and relocation were not found in the TEM analysis. The results in Figures 3, 5 clearly suggest that 5-ALA-PDT induces pyroptosis and necroptosis but not apoptosis.




Figure 5 | Morphological changes after PDT in 4T1 and DLD-1 cells. Mouse mammary carcinoma 4T1 cells (A) or human colon cancer DLD-1 cells (B) were treated with 5-ALA (50 μM for 4T1 and 250 μM for DLD-1) (PDT) or left untreated (Control) for 4 hours, and then exposed to light (618–630 nm/wavelength) for 1.5 mins. At the indicated time points after 5-ALA-PDT, morphological changes were investigated by TEM analysis. Plasma membrane permeabilization (red arrow), organelle swelling and vacuolization (green arrow), mitochondrial swelling (blue arrow), swollen nucleus (yellow arrow), and deficiency of nuclear chromatin (orange arrow) are indicated.







5-ALA-PDT-induced cell death initiates anticancer immunity

Next, we determined whether the inflammatory cell death initiated by 5-ALA-PDT leads to the induction of anticancer immunity in vivo. We injected female 8-weeks-old BALB/c mice i.m. with serum-free medium (Control), freeze and thaw 4T1 supernatant (F/T) or 5-ALA-PDT 4T1 supernatant (PDT) once a week for 4 weeks. Resting for a week, we then challenged mice with s.c. injections of 4T1 cells at the right hind flank (Figure 6A). Tumor growth in mice treated with PDT supernatant was inhibited compared to those treated with the cell-free medium at 10 and 12 days after 4T1 cell injection (Figure 6B). In contrast, tumor growth was significantly inhibited in mice treated with the F/T supernatant only 12 days after 4T1 cells injection. The result of tumor measurements was confirmed visually by images of tumors removed from the mice 12 days after 4T1 cell injection (Figure 6C). Moreover, we found that the weight of tumors from mice treated with PDT supernatant were significantly smaller than those from mice treated with F/T supernatant or cell free medium, while the F/T supernatant treatment did not reduce the tumor weight significantly (Figure 6D). These results demonstrate that cell death caused by 5-ALA-PDT initiates anticancer immunity in an animal model of cancer.




Figure 6 | 5-ALA-PDT stimulates antitumor immunity in mice. (A) BALB/c mice were injected intramuscular (i.m.) with 30 μl of cell-free media (Control), supernatant of freeze/thaw 4T1 cells (FT) or supernatant of 5-ALA-PDT treated 4T1 cells (PDT) every week for 4 weeks (n=8-9/group). Resting for a week, at week 6, 4T1 cells were injected (2x106 cells/100 μL) into the right hind flank of the mice. (B) Tumor measurement at 8, 10 and 12 days after 4T1 cell injection, (C) images of the tumors removed from mice at 12 days after 4T1 cell injection and (D) tumor weight at 12 days after 4T1 cell injection. *p<0.05 and # p<0.05 by Two-way ANOVA, * compared with control group, # compared with F/Z group (B) and *p<0.05 by Kruskal-Wallis test (D).








Discussion

The immunosuppressive microenvironment of tumors is one of the major obstacles for cancer therapies. Standard cancer therapies, such as chemotherapy and radiotherapy, could cause inflammatory responses and break the immune silence of tumors, which may further promote therapeutic efficacies in cancer patients and lead to cancer cure (40, 52, 53). Induction of inflammatory cell death by the cancer therapies is the first essential step to establish systemic anticancer immunity. The objective of the current study was to investigate whether 5-ALA-PDT could initiate anticancer immunity by inducing inflammatory cell death of cancer cells. We found that 5-ALA-PDT causes cancer cell death by inducing pyroptosis and necroptosis, which are a form of inflammatory cell death. Moreover, the supernatant of cells treated with 5-ALA-PDT was effective to induce anticancer immunity in vivo. These results demonstrate that 5-ALA-PDT can kill cancer cells in an immunogenic manner that initiates anticancer immunity, which sheds light on a new therapeutic aspect of 5-ALA-PDT.

We used a lower amount of 5-ALA in this study than those used in our previous studies which focused on the efficacy of direct cancer cell killing by 5-ALA-PDT (5). In fact, 5-ALA-PDT does not induce inflammatory cell death when higher concentrations of 5-ALA were used (data not shown), suggesting that cancer cells undergo other types of cell death, such as apoptosis and necrosis. This finding agrees with a previous study reported by M Korbelik and his colleagues that the cancer vaccine generated by chlorin e6-based PDT was more effective to reduce mouse SCCVII squamous cell carcinoma cells when lower concentrations of the photosensitizer were used (54). It is unknown how the degree of cell damage could influence the induction of different types of cancer cell death. Nevertheless, it should be noted that 5-ALA-PDT conditions could be optimized independently for induction of cell lysis (direct cancer killing) and of anticancer immunity (breaking immune silence) in clinical settings.

Previous studies demonstrated that 5-ALA-PDT causes cancer cell death by inducing apoptosis (17, 44, 55–59). However, we did not find the expression of the apoptosis marker (cleaved caspase-3) or positive TUNEL staining in 5-ALA-PDT treated cells (Figures 3A, D) or the reduction of 5-ALA-PDT-induced cell death by the apoptosis inhibitor (Figures 3B, C). Moreover, RIPK1 was involved in 5-ALA-PDT-induced cell death of 4T1 cells but not that of DLD-1 cells (Figures 3B, C). We believe that these discrepancies may be caused by differences in potency of 5-ALA-PDT or cancer cell lines used in the studies. As mentioned above, high dosage of 5-ALA-PDT could lead to non-inflammatory cell death such as apoptosis and necrosis while low doses of 5-ALA-PDT, which kills cancer cell slowly, may be the key to induce inflammatory cell death. It is also known that the induction of the PCD is dependent on cell lines, which might lead to the differences between 4T1 and DLD-1 cells (60, 61). Furthermore, caspase-1 inhibitor increased cell viability more than NLRP3 inhibitor in 5-ALA-PDT treated DLD-1 cells (Figure 3C), suggesting that other upstream elements of caspase-1 may initiate pyroptosis in DLD-1 cells. More detailed studies are required to identify precise cellular signaling pathways of PCD activated by 5-ALA-PDT.

Supernatant from PDT treated cells was more effective to inhibit 4T1 tumor growth than the F/T supernatant, suggesting that the PDT supernatant contains components that initiate anticancer immunity (Figure 6). Oxidative stress induced by 5-ALA-PDT could generate oxidation-associated molecular patterns, which may increase the immunogenicity of 4T1 tumor cells (3, 62). Furthermore, cytokines and inflammatory mediators in PDT supernatant, which are produced during pyroptosis or necroptosis, could also promote antitumor immunity in the presence of the tumor antigens. Cytokines and inflammatory mediators induced by pyroptosis, or necroptosis include IL-1β, IL-6, IL-18, TNF-α, DAMPs and PAMPs. It is of interest to identify which of these cytokines and inflammatory mediators play critical roles in initiating anticancer immunity following 5-ALA-PDT.
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Oligonucleotides

siRNA targeted sequence: NRAV

ASO targeted sequence: NRAV

siRNA targeted sequence: NRAV

ASO targeted sequence: NRAV

siRNA targeted sequence: NRAV

ASO targeted sequence: NRAV

siRNA targeted sequence: WARS2-AS1
ASO targeted sequence: WARS2-AS1
siRNA targeted sequence: WARS2-AS1
ASO targeted sequence: WARS2-AS1
siRNA targeted sequence: WARS2-AS1
ASO targeted sequence: WARS2-AS1
siRNA targeted sequence: MKLN1-AS
ASO targeted sequence: MKLN1-AS
siRNA targeted sequence: MKLN1-AS
ASO targeted sequence: MKLN1-AS
siRNA targeted sequence: MKLN1-AS
ASO targeted sequence: MKLN1-AS

ASO, antisense oligonucleotides.

Sequence (5'-3')
TCCGAGCAACACCTAAACAA
CTAGGTCTGAATCCGGAAGC
ACAACTCAGGGAAAGAAAAC
GGATGGATAGTTCAGAGTA
GATCTTCCTTGGACAGAAT
GAGCAACAATTACAGATCA
GGAGAGAAATAAATAGAGG
GTCTAAGAAGGAAATGTGA
GAGCCGTCTTGTTTGGAAT
CTTATGAAGTGCCCGGATGA
GCCGTCTTGTTTGGAATGAC
TTGGAAGATGGAAGAGGACC
GCCACACTTTGATCCTAAA
CCCATCTAACCTGGAATGA
CACCTTCATTCAAGAGGAA
TGGCCTGGTCCCTTGTCTAC

ACAAGCAGAGCCACTGCAGT

GCCTGGACAGTGTCATCATC
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Clinical racteristics Odds Ratio (OR) P-value
T stage (T2-4 vs. T1) 539 0.505 (0.358-0.711) <0.001
N stage (N1 vs. NO) 257 0.771 (0.268-2.136) 0.618
M stage (M1 vs. M0) 506 0.629 (0.382-1.024) 0.065
Pathologic stage (Stage III-IV vs. Stage I-1I) 536 0.441 (0.308-0.629) <0.001
Age (>60 vs. <=60) 539 0.856 (0.610-1.199) 0.366
Gender (Male vs. Female) 539 0.773 (0.541-1.103) 0.156
Histologic grade (G3-4 vs. G1-2) 531 0.630 (0.446-0.887) 0.008
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Characteristic Low expression of PDHB of PDHB P-value
Total 269 270

Age, n (%) 0413
<=60 129 (23.9%) 140 (26%)

>60 140 (26%) 130 (24.1%)

Gender, n (%) 0.184
Female 85 (15.8%) 101 (18.7%)

Male 184 (34.1%) 169 (31.4%)

Histologic grade, n (%) 0.057
Gl 5 (0.9%) 9 (1.7%)

G2 105 (19.8%) 130 (24.5%)

G3 114 (21.5%) 93 (17.5%)

G4 43 (8.1%) 32 (6%)

Pathologic stage, n (%) < 0.001
Stage I 113 (21.1%) 159 (29.7%)

Stage I 27 (5%) 32 (6%)

Stage I11 79 (14.7%) 44 (82%)

Stage IV 49 (9.1%) 33 (6.2%)

T stage, n (%) < 0.001
Tl 116 (21.5%) ‘ 162 (30.1%)

T2 34 (6.3%) 37 (6.9%)

T3 114 (21.2%) 65 (12.1%)

T4 5 (0.9%) 6 (1.1%)

N stage, n (%) 0.809 ‘
NO 120 (46.7%) 121 (47.1%)

N1 9 (3.5%) 7 (2.7%)

M stage, n (%) 0.083 ‘
Mo 209 (41.3%) 219 (43.3%)

M1 47 (9.3%) 31 (6.1%)
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Parameters and Response

Number of fractions within one course, N+ SD (range)
Treatment duration (minutes), mean + SD (range)
Sonication time (seconds), mean + SD (range)
Treatment intensity (seconds/hours), mean + SD (range)
Average power (watts), mean + SD (range)
HIFU Therapy Outcome, N (%)

CR

PR

SD

PD

Total
(N =153)

9.64 + 0.86 (5-10)

26.53 + 1.40 (24-29)
471.33 + 44.52 (420-540)
1068.01 + 111.35 (868.97-1350)
647.45 + 70.99 (500-800)

0
36 (23.5)

107 (69.9)
10 (6.5)

Residual tumor Before HIFU
(N =52)

9.60 + 0.99 (6-10)

26.59 + 1.41 (24-29)
469.50 + 43.52 (420-540)
1062.18 + 110.77 (868.97-1350)
672.05 + 72.72 (500-800)

0

9(17.3)
39 (75.0)
4(7.7)

Recurrence Betore HIFU
(N =101)

9.68 + 0.81 (5-10)

26.56 + 1.40 (24-29)
472.02 + 44.22 (420-540)
1068.95 + 111.85 (868.97-1350)
674.16 + 70.16 (500-800)

0
27 (26.7)
68 (67.3)
6 (5.9)

Abbreviations: Number (N), Standard Deviation (SD), complete response (CR), partial response (PR), stable disease (SD) and progressive disease (PD).
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Before HIFU treatment After HIFU treatment Before HIFU treatment After HIFU treatment
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A

Subgroup HR 95% CI P Value
Age 1.00 (0.99-1.02) . 0.583
Stage: Il Reference

Stage: IV 0.92 (0.62-1.39) o 0.703
Lesion location: lymph node Reference

Lesion location: Cervix bed 0.83 (0.55-1.24) - 0.352
Lesion location: Cervix bed &lymph node 1.82(0.75-4.37) ——— 0.183
Initial treatment: Radiotherapy Reference

Initial treatment: Surgery & Radiotherapy 1.36 (0.88-2.09) —— 0.163
Biological Effective Dose 1.00 (1.00-1.00) . 0.368
Lesion size before treatment 0.08(0.04-0.16) ® <0.001
Lesion size after treatment 11.72 (6.49-21.17) —— <(.001

B
Subgroup HR 95% CI P Value
Age 1.01(0.99-1.03) . 0.232
Stage: Il Reference
Stage: IV 1.09 (0.66-1.80) e B — 0.729
Lesion location: lymph node Reference
Lesion location: Cervix bed 0.74 (0.45-1.21) —_— T 0.226
Lesion location: Cervix bed&lymph node 0.98 (0.33-2.88) ——————————— 0.965
Initial treatment: Radiotherapy Reference
Initial treatment: Surgery&Radiotherapy 1.69 (1.02-2.80) —_—— 0.043
Biological Effective Dose 1.00 (1.00-1.00) . 0.233
Lesion size before treatment 0.37(0.19-0.69) — 0.002
Lesion size after treatment 2.18(1.43-3.34) —_—  <0.001
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Characteristics Total (N =153) Residual tumor Before HIFU (N = 52) Recurrence Before HIFU (N = 101)

Age (years), mean + SD 50.84 + 10.99 53.17 +10.13 49.63 + 11.26
2009 FIGO stage at initial diagnosis, N (%)
A 20 (13.1) 5(9.6) 15 (14.9)
AL 4(26) 0 4(4)
1IA2 16 (10.5) 5(9.6) 11 (10.9)
1B 14 (9.2) 3(5.8) 11 (10.9)
111 74 (48.4) 27 (51.9) 47 (46.6)
1A 35 (22.9) 13 (25.0) 22(21.8)
1B 39 (25.5) 14 (26.9) 25(24.8)
IVA 45 (29.4) 17 (32.7) 28 (27.7)
Tumor Type, N (%)
Squamous cell carcinoma 146 (95.4) 50 (96.2) 96 (95.0)
Adenosquamous carcinoma 7 (4.6) 2(3.8) 5(5.0)
ECOG performance status, N (%)
0-1 145 (94.8) 49 (94.2) 96 (95.0)
2 8(5.2) 3(5.2) 5(5.0)
Lesion size (cm), mean + SD 1.80 +0.43 1.79 + 0.40 1.81 + 0.45

Lesion location, N (%)

Cervix bed alone 81(52.9) 32 (61.5) 49 (48.5)
Pelvic lymph node 66 (43.1) 19 (36.5) 47 (46.5)
Cervix bed & Pelvic lymph node 6(3.9) 1(2.0) 5(5.0)
Primary treatment, N (%)
Definitive RT or CRT 105 (68.6) 52 (100.0) 53 (52.5)
RT equivalent dose to 2Gy
<85Gy 15 (14.3) 7 (13.5) 8 (15.1)
285Gy 90 (85.7) 45 (86.5) 45 (84.9)
CT
With CT 71 (67.6) 37 (71.2) 34 (64.2)
Without CT 34 (324) 15 (28.8) 19 (35.8)
Surgery followed by CRT 48 (31.4) 0 48 (47.5)
RT equivalent dose to 2Gy
<85Gy 8(16.7) 0 8 (16.7)
285Gy 40 (83.3) 0 40 (83.3)
CT
With CT 38 (79.2) 0 38(79.2)
Without CT 10 (20.8) 0 10 (20.8)

Abbreviations: Number (N), Standard Deviation (SD), International Federation of Gynecology and Obstetrics (FIGO), Eastern Cooperative Oncology Group (ECOG), gray (Gy),
radiotherapy (RT), chemoradiotherapy (CRT) and chemotherapy (CT).
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Time Incident

1960 First mention of the bsAb concept.
1964 First demonstration of the bsAb concept. First fragment-based
format.
1975 Hybridoma technology pioneered by Kéhler and Milstein.
1983 Hybrid hybridoma (quadroma) pioneered. First asymmetric format.
1985 First demonstration of T cell redirection.
1988 Invention of the scFv fragment.
1993 First recombinant fragment-based formats.
1995 First solution to LC-association issue through species-restricted LC pairing.
1996 First solution to chain-association issue through use of complementary HCs (knobs into holes) and common LCs.
1997 First symmetric format.
1999 Discovery that natural human 1gG4 is bispecific.
2007 Discovery and elucidation of bispecific human IgG4 Fab-arm exchange process in vivo. DVD-lg symmetric format pioneered.
2009 Catumaxomab approved in the EU, it was withdrawn in 2017 for commercial reasons.
2011 Domain crossover as solution to LC-association issue.
2012 Generation of bispecific IgG1 through Fab-arm exchange of separately expressed antibodies.
2014 Blinatumomab approved in the United States. First orthogonal Fab interface as solution to LC-association issue.
2017 Emicizumab approved in the United States.
2021 Amivantamab approved in the United States.
2022 Faricimab approved in the United States.

Mosunetuzumab approved in the United States.

Candonilimab approved in China.
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Company

TrionPharma
Amgen
Roche
Janssen

Genentech
Roche
Akeso

Trade name

Removab
Blincyto
Hemlibra
Rybrevant

Vabysmo
Lunsumio

Common name

Catumaxomab
Blinatumomab
Emicizumab
Amivantamab

Faricimab
Mosunetuzumab
Candonilimab

Time of approval

2009.4
2014.12
2017.11

2021.5

2022.1
2022.6
2022.6

Target

CD20xEpCAM
CD3xCD19
FIXXEX
EGFRxc-MET

VEGFxAng-2
CD20xCD3
PD-1xCTLA-4

Indication

Malignant ascites
ALL

Hemophilia A
NCSLC

DME, w-AMD
R/R FL
R/M CC
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Name

A-319
ABL501
AFM11
AK112
AMG330
AMG420
AMG424
AMG562
AMG673
AMG701
AMV-564
APVO436
AZD2936
AZD7789
CDX-527
Elranatamab
EM801
EMB-02
ES101
FBTAO5
FS118

GBR 1342
GEM333
GEN3013
HLX301
HX009
JNJ-64007957
KM257
MCLA-117
MCLA-128
MCLA-129
MCLA-145
MDX447
MGDO001
MGDO006
Nivatrotamab
Odronextamab
PF-06863135
Plamotamab
PRS-344/8095012
REGN1979
REGN4336
REGN5458
RG6026
RO7121661
RO7247669
SI-B001
SI-B003
Talquetamab
Teclistamab
TG-1801
TNB-383B
TNB-486
TNB-585
Xmabl4045
Y101D
ZW25

Target

CD19xCD3
PD-LIxXLAG-3
CD19xCD3
PD-1xVEGF
CD33xCD3
BCMAxCD3
CD38xCD3
CD19xCD3
CD33xCD3
BCMAxCD3
CD33xCD3
CDI123xCD3
TIGITxPD-1
PD-1xTIM-3
PD-L1xCD27
BCMAxCD3
BCMAxCD3
PD-1xLAG-3
PD-L1x4-1BB
CD20xCD3
LAG-3xPD-L1
CD38xCD3
CD33xCD3
CD20xCD3
TIGITxPD-L1
CD47xPD-1
BCMAxCD3
HER2xHER2
CLEC12AxCD3
HER2xHER3
EGFRxc-MET
PD-L1xCD137
EGFRxFcyRT
CD19xCD3
CD123xCD3
GD2xCD3
CD20xCD3
BCMAxCD3
CD20xCD3
PD-L1x4-1BB
CD20xCD3
PSMAxCD3
BCMAxCD3
CD20xCD3
PD-1xTIM-3
PD-1xLAG3
EGFRxHER3

PD-1xCTLA-4
GPRC5DxCD3

BCMAxCD3
CD19xCD47
BCMAxCD3
CD19xCD3
PSMAXCD3
CD123xCD3
PD-LIXTGE-B
HER2xHER2

Disease

B-cell malignancy

Advanced solid tumor

Non-Hodgkin’s lymphoma

Extensive stage small cell lung cancer
Acute myelogenous leukemia

Multiple myeloma

Multiple myeloma

Lymphoma

Acute myelogenous leukemia

Multiple myeloma

Acute myelogenous leukemia

Acute myelogenous leukemia
Non-small-cell lung carcinoma
Non-small-cell lung carcinoma

Solid tumors

Relapsed or refractory multiple myeloma
Multiple myeloma

Advanced solid tumors

Solid tumors

B-cell lymphoma

Advanced cancer

Multiple myeloma

Acute myelogenous leukemia

B-cell non-Hodgkin lymphoma

Locally advanced or metastatic solid tumors
Relapsed/refractory lymphoma

Multiple myeloma

Advanced solid tumors

Acute myelogenous leukemia

Solid tumors

Solid tumors

Solid tumors

Brain and central nervous system tumors
B-cell lymphoma

Acute myeloid leukemia

Small-cell lung cancer

B-cell non-Hodgkin lymphoma

Multiple myeloma

Hematologic malignancy

Solid Tumor

B-cell non-Hodgkin’s lymphoma
Metastatic castration-resistant prostate cancer
Multiple myeloma

Non-Hodgkin’s lymphoma

Solid tumors

Solid tumors

Locally advanced or metastatic epithelial tumor

Solid tumors
Hematological malignancies

Hematological malignancies

B-cell lymphoma

Multiple myeloma

Lymphoma

Metastatic castration-resistant prostate cancer
Chronic myelogenous leukemia

Metastatic or locally advanced Solid Tumors

Solid tumors

Trial

Phase 1
Phase 1
Phase 1
Phase 1
Phase 1
Phase 1
Phase 1
Phase I
Phase I
Phase [
Phase I
Phase I
Phase 1/11
Phase 1/1T
Phase 1
Phase 1
Phase 1
Phase 1/11
Phase 1
Phase 1/1T
Phase 1/1T
Phase 1/11
Phase I
Phase 1/1T
Phase I/1T
Phase I/1T
Phase I
Phase [
Phase 1
Phase 1/
Phase 1/11
Phase 1
Phase 1
Phase 1T
Phase 1/1T
Phase 1/1T
Phase 11
Phase 1
Phase 1
Phase I/1T
Phase II
Phase I/1T
Phase [
Phase I
Phase I
Phase I
Phase 1

Phase 1
Phase 11

Phase I
Phase I
Phase I
Phase 1
Phase 1
Phase 1
Phase 1
Phase 1/11

Sponsor

Generon

ABL Bio

Affimed

Akeso

Amgen

Amgen

Amgen

Amgen

Amgen

Amgen

Amphivena Therapeutics
Amphivena Therapeutics
AstraZeneca

AstraZeneca

Celldex Therapeutics

Pfizer

Celgene

Shanghai EpimAb Biotherapeutics Company
Elpiscience Biopharma

Trion

F-star Therapeutics Limited
Glenmark Pharmaceuticals
GEMoaB Monoclonals

Genmab

Shanghai Henlius Biotech
‘Waterstone Hanxbio Pty Ltd
Janssen

Xuanzhu Biopharmaceutical Company
Merus

Merus

Merus

Merus

Dartmouth-Hitchcock Medical Center
MacroGenics

MacroGenics

Y-mAbs Therapeutics

Regeneron Pharmaceuticals

Pfizer

Xencor

Pieris Pharmaceuticals

Regeneron Pharmaceuticals
Regeneron Pharmaceuticals
Regeneron Pharmaceuticals

Roche

Hoffmann-La Roche

Hoffmann-La Roche

Sichuan Baili Pharmaceutical Company
Sichuan Baili Pharmaceutical Company
Janssen Research & Development
Janssen Research & Development
TG Therapeutics

AbbVie

TeneoTwo

Amgen

Xencor

Wuhan YZY Biopharma Company

BeiGene
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Name

AK112

Elranatamab
INBRX-105
KN046

REGN5458
RO6958688
TF2

TG-1801

Vibecotamab

XmAb18087
XmAb®22841

ZW25

Target

PD-1xVEGF

BCMAxCD3
PDL1x41BB

PD-
L1xCTLA-4

BCMAXCD3
CEAXCD3
CEAxhapten

CD19xCD47
CD3xCD123

SSTR2xCD3

LAG-
3xCTLA-4

HER2xHER2

Immunotherapy

AK117
Etoposide, Carboplatin

Nirogacestat
Pembrolizumab

Lenvatinib

Cemiplimab
Obinutuzumab, Tocilizumab,

Lu-177-labeled IMP-288

Ublituximab

Dexamethasone, Acetaminophen,
Diphenhydramine

Pembrolizumab

Pembrolizumab

Docetaxel

Tislelizumab, Capecitabine, Oxaliplatin

Disease

Advanced malignant tumors

Extensive stage small cell lung
cancer

Multiple myeloma
Solid tumors

Advanced hepatocellular
carcinoma

Multiple myeloma
Solid tumors

Colorectal neoplasms

B-cell lymphoma

Acute myeloid leukemia

Merkel Cell Carcinoma

Breast cancer

Trial

Phase 1/11
Phase I

Phase 1T
Phase
Phase 1T

Phase I/11
Phase I
Phase I

Phase I
Phase IT

Phase I/IT
Phase I

Phase I/I1

Sponsor

Akeso

Pfizer
Inhibrx
Beijing Cancer Hospital

Regeneron Pharmaceuticals
Hoffmann-La Roche

Radboud University Medical
Center

TG Therapeutics

M.D. Anderson Cancer Center

Xencor

Xencor

BeiGene
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