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In recent years, immunotherapy has become a hot spot in the treatment of tumors. As an emerging treatment, it solves many problems in traditional cancer treatment and has now become the main method for cancer treatment. Although immunotherapy is promising, most patients do not respond to treatment or develop resistance. Therefore, in order to achieve a better therapeutic effect, combination therapy has emerged. The combination of immune checkpoint inhibition and epigenetic therapy is one such strategy. In this review, we summarize the current understanding of the key mechanisms of how epigenetic mechanisms affect cancer immune responses and reveal the key role of epigenetic processes in regulating immune cell function and mediating anti-tumor immunity. In addition, we highlight the outlook of combined epigenetic and immune regimens, particularly the combination of immune checkpoint blockade with epigenetic agents, to address the limitations of immunotherapy alone.
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Cancer Immunotherapy

With technological advances in cell manufacturing and genetic engineering, as well as advances in immunology, molecular biology, and virology, immune cell therapy has been rapidly developed. Since the cellular division of immunological properties was defined, the function of adaptive immunity of B and T cells has attracted much attention (1). T cells have subsequently been demonstrated to have the ability to kill malignant cells, and the human immune system can eliminate cancer cells through acquired immune responses executed by T cells, which suggests that T cells can be rationally designed to control tumor growth. An increasing number of treatment modalities revolve around T cells to carry out research. Immunotherapy based on T cells is now regarded as an integral part of cancer treatment. However, clearing tumor cells by the immune system is not a simple process, which requires a series of conditions (2). First, cell death tumor-associated antigens are released from tumor cells into the tumor microenvironment to be captured by antigen-presenting cell (APC). Antigen-loaded APCs then process and present antigens along with major histocompatibility complex (MHC) complexes to the cell surface and transport them to lymphoid organs. Primitive T cells in lymphoid organs recognize selected peptide-MHC complexes through the T cell receptor (TCR), which triggers the priming and activation of effector T cells. Subsequently, differentiated effector T cells leave lymphoid organs to infiltrate into tumors through the circulatory system. T cells recognize cancer cells carrying matching antigens through TCR interaction with peptide-MHC complexes and kill cancer cells by direct or indirect immune attack. Immune attack leads to the release of additional antigens from dead tumor cells, which triggers a new round of anti-tumor immune response. However, tumor generation often develops by immune escape through various mechanisms due to failure of immune surveillance. For example, if there is a lack of APCs, APCs are inhibited or immune checkpoints are activated, these result in impaired capture of antigens released into the tumor microenvironment, which cannot mediate T cell priming and activation (3, 4). When T cells migrate or infiltrate into tumor tissue, they may not be performed due to the lack of appropriate chemokines and immunosuppressive tumor microenvironment (TME) (5, 6). The tumoricidal activity of T cells can also be blocked by regulatory cells in the TME (such as, regulatory T cells, macrophages, myelosuppressive cells, etc.), or by activating immune checkpoints on tumor cells or macrophages (7). In conclusion, the occurrence of any of the above conditions can lead to immune escape and thus bring about the generation of tumors. Therefore, immunotherapy has emerged to relieve immunosuppression and restore anti-tumor immune responses, which include immune checkpoint blockade therapy, adoptive cellular immunotherapy (8, 9), cytokine-based therapy (10, 11), and vaccines (12). The most remarkable of these is immune checkpoint blocking therapy (ICBT) against immune checkpoints. In March 2011, immune checkpoint inhibition was introduced as a new cancer therapeutic paradigm with FDA approval of the anti-cytotoxic T lymphocyte-associated antigen-4(CTLA-4) antibody ipilimumab for the treatment of advanced melanoma. Since then, inhibitors against the CTLA-4 and PD-1 immune checkpoints have revolutionized the treatment of not only melanoma, but also malignant tumors such as non-small cell lung cancer (NSCLC), renal cell carcinoma (RCC), and Hodgkin’s lymphoma. Arguably, the success of ICBT is the most significant advance in the field of cancer treatment in the past decade.

Immune checkpoint activation, which is the interaction of receptors between T cells and on tumor cells (13–15) and APCs (16–18). Currently the most extensively studied are PD-1 and CTLA-4, as well as their respective ligands PD-L1 and CD80 or CD86. Therefore, the basic principle of immune checkpoint inhibition is to use antibodies against PD-1, PD-L1, or CTLA-4 for treatment to reverse the inhibitory effect of immune checkpoints and promote anti-tumor effects by preventing the interaction of these receptors. However, the clinical response of immune checkpoints depends on the immune status of the tumor. The presence of antigen-specific CD8+ lymphocytes within the TME is a primary condition (19–21). Second, the composition of nearby immune cell populations must differentiate into an immune-permissive state (22–25). Third, tumors must have MHC class I-mediated antigen presentation functions (26). Only tumors with these characteristics can receive immune attack, otherwise it will be a state of immune evasion (27, 28), which allows cancer to evade immune detection and grow freely. These conditions make ICBT clinically limited, and most patients do not respond to treatment or develop resistance. Therefore, it is necessary to find a new mode of immunotherapy to overcome the dilemma, and the combination of immune checkpoint inhibition and epigenetic therapy is one such strategy. It has been shown that epigenetics can improve immune recognition and immunogenicity and thus play an important role in immune evasion (29–31). Although the concept of cooperation between epigenetic therapy and strategies such as immune checkpoint therapy has only recently emerged, many studies have highlighted the potential of this combination approach in many different cancer types (31–34). In addition, some ongoing clinical trials are currently exploring the effectiveness of this combination approach. In this review, we address the current understanding of the key mechanisms of how epigenetic mechanism influences cancer immune responses and reveal the key role of epigenetic processes in regulating immune cell function and mediating anti-tumor immunity. In addition, we highlight the outlook of combined epigenetic and immune regimens, particularly the combination of immune checkpoint blockade with epigenetic drugs, to address the limitations of immunotherapy alone.



Role of Epigenetics in Cancer Therapy

Epigenetic dysregulation is a major mechanism in cancer development and progression (35, 36). Epigenetic regulation is a DNA-heritable modification that alters chromatin structure and gene expression without altering the underlying nucleotide sequence (37, 38). The modification process is mainly through changing the three-dimensional distribution of nucleosomes throughout the genome so that the way DNA is packaged is changed. This packaging process is fine-tuned by covalent labeling of amino acids on histones in the context of nucleosomes and methylation-mediated interactions of genomic DNA at CpG sites (38–40). In addition to DNA methylation, histone post-translational modifications, such as acetylation, methylation, and generalization, are also key regulators of chromatin structure that affect gene expression. There are also a variety of mechanisms that regulate the transcriptional state of genes: chromatin remodeling; histone variant exchange; and the role of non-coding RNAs. Epigenetic modifications of DNA and histones dynamically and reversibly regulate transcription, allowing chromatin to interconvert in both closed (heterochromatin) and open (euchromatin) states. The chromatin structure in the open state can allow access of transcriptional activators such as RNA polymerase and DNA-binding transcription factors to target genes and promote active transcription. In contrast, closed state chromatin is usually associated with transcriptional silencing (41). Over the past few decades, attention has been paid to the development of epigenetic therapies as anticancer agents based on their direct effects on cancer cells. While recent studies have elucidated how epigenetic mechanisms acts on immune evasion, they have revealed the role of epigenetic drugs in modulating immune pathways to improve immune recognition and immunogenicity (29–31). A full understanding of the role of epigenetic regulatory mechanisms in cancer immunity is essential to exploit the potential of epigenetic drugs.


Epigenetic Alterations in Tumor Cells

Aberrant DNA methylation may be an important event leading to tumor development. In the 1980s, hypomethylation of genome-wide DNA was first observed in cancer cells (42), which may cause genomic instability, chromatin structure changes, as well as some gene expression rises. The specific methylation level of the gene promoter showed an elevated state. Aberrant methylation patterns are often associated with frequent mutations in genes that regulate DNA methylation (such as DNMT3a and TET2) in human cancers, leading to abnormal gene expression in human cancers. For example, local hypermethylation of tumor suppressor gene promoters silences their expression, which is directly associated with tumorigenesis (43). Abnormal patterns of histone modifications are also common in tumor cells. The number of modifications and modifications at different sites of histones is of great interest for transcriptional regulation of genes in tumor cells. For example, H3K4me3, which is widely studied, mediates the activation of transcription. On the other hand, H4K20me3 is closely related to the silencing of repetitive DNA and transposons (44) and mediates transcriptional repression (45). Loss of H4K20me3 is considered an important feature of cancer (46). Histone H4K16 acetylation and loss of H4K20 trimethylation have been reported as common hallmarks of human cancer (46). Post-translational modifications of histones together with DNA methylation determine the fate of gene expression which leads to the development of tumors. Moreover, epigenetics also affect anti-tumor immune responses, such as inducing neoantigen production, disrupting antigen presentation mechanisms, promoting inflammatory factor production and inducing immunosuppressive effects, thereby exacerbating tumor development.

Epigenetic alterations may lead to the reactivation of genes, which brings about the formation of new antigens in most cancers (47). The most typical example is the generation of Cancer/testis antigens (CTAs). CTA is an ideal target for cancer immunotherapy, especially for cancer vaccines and adoptive cell therapy, which is encoded by a set of genes that are mainly expressed in male germ cells under healthy conditions (48). However, CpG demethylation associated with these genes, as well as other epigenetic dysregulations, can re-express the gene encoding CTA in tumors. When CTAs, protein products of these genes, are reactivated in tumor tissues without immune privilege, they can induce adaptive immune responses, whose strong immunogenicity and tumor specificity make it a priority target for cancer immunotherapy (49).

Epigenetics can also cause dysregulation of antigen presentation mechanisms in tumor cells, making T cells unable to effectively recognize tumor cells. The presentation of tumor antigens requires the expression of MHC class I on the cell surface, which can be inhibited by DNA methyltransferase enzymes (DNMT) and histone deacetylase (HDAC). It has been demonstrated by the re-expression of MHC class I after DNMTi and HDACi treatment of cells (50, 51). Treatment of tumor cells and patients with DNMTi results in increased expression of genes required for antigen presentation (52). Histone methylation is also an important epigenetic mechanism leading to silencing of immunogenic factor expression, and its most obvious role is to inhibit MHC class I antigen presentation. In SCLC and neuroblastoma, targeted inhibition of histone methyltransferases can upregulate the expression of MHC class I in tumor cell lines. Similar findings have been observed in lymphomas (53).

Inflammatory cytokines are essential for the immune system. The differentiation, activation, entry of immune cells and immune attack on tumor cells are inseparable from inflammatory cytokines. Epigenetic mechanisms can regulate specific genes to promote the production of proinflammatory cytokines in tumor cells. Endogenous retroviruses (ERVs) are transposon elements in the genome that are silenced by DNA methylation in the human genome. ERV promoter DNA demethylation restores ERV expression. Activation of ERV brings about a “viral mimicry” state (54), in which tumor cells behave like virus-infected cells and initiate an innate immune response, leading to the production of type I and type III interferons (54, 55) (Figure 1). Autocrine and paracrine type I interferon signaling in TME promotes the production of proinflammatory cytokines and chemokines, resulting in enhanced tumor cell immunogenicity, and these changes can improve the effectiveness of immune checkpoint inhibitors (54, 55).




Figure 1 | DNA demethylation restores ERV expression to induce viral mimicry. DNA demethylating drugs reactivate ERV promoters by inhibiting their methylation, resulting in bidirectional transcription of ERVs to produce dsRNAs, which are exported to the cytoplasm and sensed by pattern recognition receptors, such as MDA5. MDA5 binding to dsRNA induces recruitment of TANK-binding kinase 1 (TBK1) and aggregation of mitochondrial antiviral signaling protein (MAVs), which activate interferon regulatory factor 7(IRF7) by phosphorylation. Then, activated IRF7 moves into the nucleus and induces transcription of interferon-responsive genes (IRG). Consequently, type I/III interferons are produced, transported, and secreted into the tumor microenvironment. Secreted type I/III interferons increase the expression of antigen processing and antigen presentation mechanisms, improving the ability of cancer cells to present antigens.



Tumor-induced immunosuppressive effect is one of the main reasons for tumor immune escape, and tumor-produced immunosuppressive molecules, such as PD-L1, can directly inhibit the immune response as well as recruit regulatory T cells that secrete immunosuppressive cytokines by themselves. Epigenetic mechanisms contribute to the regulation of PD-L1 expression, such that it is upregulated in tumor cells. For example, in glioblastoma multiforme and prostate cancer, PD-L1 expression and prognosis are inversely correlated with methylation of the PD-L1 gene promoter (56, 57). Studies have shown that in patients with metastatic melanoma treated with anti-PD-1 therapy, circulating exosome PD-L1 levels are positively correlated with interferon-γ (IFN-γ) signaling, which can stimulate PD-L1 expression (58). Inhibition of BET protein, the reader of histone acetylation, inhibits IFN-γ-induced PD-L1 expression (59, 60) In addition, in mouse models of ovarian cancer, BET inhibitors can reduce PD-L1 expression in tumor cells, tumor-associated dendritic cells and macrophages, thereby limiting tumor progression (61).



Epigenetic Effects on Immune Cells

Over the past decade, some studies have shown that the fate of cell differentiation during lymphocyte development is largely influenced by epigenetic mechanisms (62). To some extent, epigenetic mechanisms can determine the functional and phenotypic changes of cells during activation of the adaptive immune system. For example, the function of dendritic cell (DC) is regulated by chromatin structure and histones. It has been shown that the activation of bone marrow-derived DCs is inhibited by the histone-H3K4-specific demethylase KDM5B, resulting in T cell responses that cannot proceed normally (63). Epigenetic regulation of cell differentiation has been studied in several major immune cell populations, including CD8+ T cells, CD4+ T cells, and myeloid cells.

Naive CD8 T cell responses in lymph nodes require the initiation of an autonomous program of differentiation and proliferation, which is the result of stimulation after antigen presentation by specialized antigen-presenting cells. During these processes, the epigenetic landscape of T cells changes (64). Under acute stimulation, naive T cell proliferates and differentiates into effector T cells to remove antigens. After antigen removal, a small proportion of memory effector cells survive the immune response stage and develop into functional memory T cells. Consequently, functional memory T cells can rapidly differentiate into effector T cells to perform immune effector function when they meet antigens again. However, under continuous antigen stimulation, the sensitivity of T cells to antigen response is reduced, and finally effector response cannot be produced to achieve a state of nonfunctional differentiation, which is called T cell depletion. Epigenetic programs influence each of these stages of differentiation. Gains and losses in genome-wide DNA methylation and histone modifications were observed during the differentiation of primitive CD8+ T cells into CD8+ effector T cells (65–67) The production of key effector genes by antigen-stimulated naive CD8+ T cells, as well as the transcription start site (TSS) of transcription factors expressed in activated lymphocytes are demethylated, while genes associated with naive T cells, such as CCR7 and Tcf7, evolve T cell differentiation by increased methylation of the TSS to promote gene silencing (68, 69). Similarly, epigenetic mechanisms also regulate CD8+ effector T cell dedifferentiation into memory T cells (70, 71). Memory-precursor CD8 T cells complete the reversal of epigenetic suppression of naive T cell-associated genes by demethylating key genes expressed in CD8+ effector T cells (66, 70). It has been demonstrated that the DNA methylase DNMT3a is involved in inhibiting memory CD8 T cell production (70). Epigenetic mechanisms are responsible for T cell exhaustion as well (66, 72). HDAC inhibitors can reverse the functional status of T cell exhaustion (73).

Regulatory T cells (Treg) associated with cancer progression that come from the transformation of traditional CD4+ T cells have the ability to suppress immune responses and accumulate in both animal models and cancer patients (74). The growth and development of Treg cells are tightly regulated by epigenetics. EZH2 histone methylases deposit H3K27me3 marks in the regulatory elements of genes down-regulated in Treg cells in order to regulate the development of Treg cells (75, 76). EZH2 inhibition may prevent the accumulation of Treg cells in cancer thereby relieving their suppression of immune responses. Epigenetics also controls the expression and activity of Treg cell-specific genes, including Foxp3, a key transcription factor used to identify Treg cells (77). The gene encoding Foxp3, which controls development and function of Treg cells, is usually methylated (78–80), and silenced in naïve T cells or activated CD4+ T cells, but methylated and expressed in Tregs (81). Foxp3 protein promotes Treg development through acetylation of HDAC9. Thus, effector differentiation of CD4 T helper cell lines is plastic and can be reversed in response to appropriate environmental stimuli with the participation of dynamic changes in epigenetics and transcription (82). The transcriptionally active mark H3K4me3 can be found at the locus of cytokine genes unique to each TH, while the repressed H3K27me3 mark turns other genes off (83).

Myeloid-derived suppressor cells (MDSCs) are a cell population known to induce peripheral blood T cell tolerance and inhibit T cell activation and proliferation (84–86), whose fate is also modulated by epigenetic modifications. Differentiation and activation of MDSCs mainly involves various histone modifications that regulate the binding of specific transcription factors to their target genes mainly by keeping the chromatin structure in an open state (87, 88). Sahakian et al. found that knockdown of histone deacetylase 11 (HDAC11) gene showed more inhibition of MDSC number in a mouse tumor model, suggesting that MDSC expansion and function is negatively regulated by HDAC11 (89). Zhang et al. also demonstrated that in addition to DNA methylation and histone acetylation, miRNAs and siRNAs can also eliminate cancer cells by altering the properties of MDSCs (90).




Metabolic Dysregulations Are Linked to Epigenetic Changes in Cancer and Immune Cells

Previously, there were limitations in our understanding of cancer, and it was believed that from tumor initiation, growth to metastasis, they were dominated by genetic mutations. In recent years, cellular metabolic remodeling and epigenetics, as one of the characteristics of cancer, are gradually well-known for the importance of tumor development. Tumor cells will show tightly regulated metabolic plasticity during tumorigenesis and metastasis. Like tumor cells, cellular metabolism is also a key factor in the maintenance of viability and function of immune cells. The advent of immunotherapy has made it increasingly important to understand more about the metabolic relationship between infiltrating tumor cells and immune cells. It has been shown that certain metabolic changes occur at the epigenetic level, and that many metabolites can act as substrates or cofactors for chromatin-modifying enzymes, which closely link epigenetics and metabolism and regulate each other. In some cases, various metabolic alterations and epigenetic modifications can prompt impeding immune surveillance or immune escape, thus playing an important role in tumor progression.

The most important cellular mechanism affecting the epigenetic landscape of tumor cells is the reprogramming of metabolic pathways, during which the characteristics of metabolites are changed (91, 92), producing the main players and regulators of epigenetic modifications. Accumulating evidence suggests that cellular intermediate metabolites drive the expression of epigenetic mechanisms through chemical post-translational modifications that alter chromatin structure and function (93, 94). The intertwined relationship between epigenetic modifications and metabolomes plays a very important role in the development and progression of tumor cells. First, metabolites in tumor cells affect the epigenetic modification landscape as cofactors of modification enzymes., modification donors, or antagonistic molecules. Almost all epigenetic modification processes require the participation of metabolites. acetyl-CoA produced from glycolysis, NAD+ produced from the combination of glycolysis and oxidative phosphorylation, and S-adenosyl methionine (SAM) generated from a carbon cycle as a substrate or cofactor involved in DNA methylation and posttranslational modification processes of histone (95). Moreover, metabolic enzymes also have a great impact on the regulation of epigenetics. For example, DNMT mediates DNA methylation using SAM as a methyl donor, and histone methylation catalyzed by histone methyltransferase (HMT) also requires the participation of SAM (96). The metabolic enzyme nicotinamide N-methyltransferase (NNMT) can catalyze the transfer of the methyl moiety from SAM to nicotinamide, thereby decomposing SAM into 1-Methyl Nicotinamide (1MNA). Cancer cells overexpressing NNMT have shown alterations in their SAM and histone methylation levels while acquiring a more aggressive phenotype (97). The reaction catalyzed by NNMT hinders the SAM mediated DNA and histone methylation process. Therefore, metabolites and metabolic enzymes play a very wide and important role in epigenetic modification of tumors. Second, epigenetic modifications can directly alter the expression of metabolic enzymes and transporters or regulate cellular metabolism by affecting the expression of signal transducers and transcription factors. For example, the hypomethylation state of genomic DNA allows the expression of PKM2, the rate-limiting enzyme of glycolysis, to be up-regulated in a variety of tumors (98).

Metabolic reprogramming of cancer cells has emerged as a key immunosuppressive mechanism to modulate anti-tumor immune responses. Metabolic status plays multiple roles in determining innate immune cell function and fate (99). Infiltrating CD8+ T cell metabolism in the tumor microenvironment is often characterized by functional disorders and unique epigenetic manifestations in tumors or other tissues (100), which are all major factors affecting anti-tumor immunotherapy. It has been reported that tumor cells can affect epigenetic modification of T cells by regulating metabolites in their microenvironment. Tumor cells disrupt methionine metabolism in CD8+ T cells, thereby reducing intracellular levels of methionine and the methyl donor SAM and leading to loss of dimethylation at lysine 79 of histone H3 (H3K79me2), which leads to low expression of STAT5 and impaired T cell immunity (101). Since T cell function requires activation of many metabolic pathways to provide energy and raw materials, metabolic reprogramming is essential for T cell activation and differentiation. Among them, polyamine synthesis is a marker of T cell activation and proliferation. Puleston et al. reported that polyamine-hypusine deficiency leads to extensive epigenetic remodeling driven by altered histone acetylation and a re-wired tricarboxylic acid (TCA) cycle, which has an impact on the ability of CD4+ helper T cells to differentiate into different functional fates (102). Accumulating evidence suggests that metabolism affects cell signaling and epigenetics, thereby controlling the lifespan of T cells and converting T cells to an exhaustion state, which inhibits effector function and leads to adverse effects on immune checkpoint molecules (ICM) targeted therapies. How metabolic stress affects T cell exhaustion remains an active area of research (103).



Epigenetic Drugs Enhance Anti-Tumor Immune Responses

The ability of epigenetic drugs to upregulate the expression of immune signaling components in cancer cells has been established (29, 34, 104), such as histone deacetylase inhibitors (HDACi) and DNA methyltransferase inhibitor (DNMTi). DNMTi, commonly known as demethylating agents, is the most widely used epigenetic therapy for the treatment of cancer. They are analogues of nucleoside cytidine that irreversibly sequester DNMT proteins from DNA, leading to global DNA hypomethylation. HDACis interfere with the function of histone deacetylases and act by controlling the degree of tightness of DNA wrapped around histones. Treatment of affected tumor animals with DNMTi and/or HDACi can alter immunosuppressive TME and enhance tumor-infiltrating lymphocytes (50, 105–107). These effects are the result of enhanced tumor antigen expression and/or presentation, “viral mimicry” effects, inhibition of T-cell exhaustion, induction of chemokine expression, or a combination thereof.

The methylation effect of DNMTis can lead to CTA re-expression in cancer cells of many different solid tumors (108–110). And 5-Azacytidine can increases the anti-tumor T cell profile in patients with Hodgkin’s lymphoma, suggesting that inhibition of DNMT improves new antigen presentation capacity and immunogenicity in tumor cells. In addition to CTA, other TAAs are also regulated by epigenetic drugs, such as high molecular melanoma-associated antigens (HMW-MAAs). 5-AZA-CdR demethylates the HMW-MAAs gene promoter in melanoma cells, resulting in the re-expression of HMW-MAAs at the mRNA and protein levels (111). Although the induction of CTA up-regulation by HDACi is much lower than that by DNMTis (112), it can induce the expression of MHC class I to increase antigen presentation. In the mouse melanoma model, inhibition of HDAC-I with romidepsin enhanced MHC- I expression and enhanced killing activity of CD8+ T cells. Moreover, HDAC inhibition also induces the expression of MHC class I antigen processing and presentation genes, including TAP1, TAP2, LMP2, LMP7 and B2M (113–115).

A key pathway by which DNMTi upregulates immune signaling in cancer is through the viral mimicry pathway. In ovarian cancer cell lines, DNMTis promotes transcription of dsRNA by repressing the silent expression of hypermethylated endogenous retroviruses (ERVs), upregulates dsRNA activates cytoplasmic dsRNA sensors and activates downstream signaling pathways, and induces IFN-β signaling (55). The production of type I and type III interferons induced by the viral mimicry pathway would increase antigen presentation and processing of cancer cells in the tumor microenvironment. Roulois et al. had similar findings in colon cancer cells treated with 5-AZA-CdR (54). The ERVs represent a large fraction of repetitive elements in the human genome that are silenced by DNA methylation. Treatment with DNMT inhibitors allows cancer cells to enter a “viral mimicry” state in which they behave like virus-infected cells, leading to activation of the interferon pathway. These changes were shown to enhance the effectiveness of immune checkpoint inhibitors (54, 55). Further studies revealed that histone deacetylases (HDACs) and KDM1A, the “eraser” of H3K4me1/2 also have similar effects in inhibiting ERV and ERV-induced interferon pathway activation (105, 116).

T cell exhaustion is one of the major causes of immune evasion. A state of T cell differentiation induced by continuous antigen stimulation, resulting in impaired cell function. It is characterized by reduced production of effector molecules and expression of multiple inhibitory receptors including PD-1 (117, 118). T cell exhaustion may be responsible for rendering patients treated with checkpoint inhibitors unresponsive or relapsing. Blockade of PD-1 can only partially and temporarily reverse the phenotype of these T cells that have undergone chronic stimulation with antigen, and epigenetic interventions may help revitalize exhausted T cells. Indeed, treatment of exhausted T cells with HDAC inhibitors restores their functional status (119). In a mouse model of melanoma, the combined use of anti-PD-1 and HDACi therapy was shown to improve survival in mice (120). In the context of chronic antigen exposure, DNMT3a performs methylation of a program associated with exhaustion in CD8+ T cells. Inhibition of DNMT3a reverses the phenomenon and prevents T cell exhaustion (66).

Epigenetically suppressed chemokines have recently been found to have an important role in tumor immune escape. These chemokines would protect tumor cells from immune responses, affecting immune cell infiltration of TME mainly by inhibiting the trafficking of T cells. In ovarian cancer, H3K27me3 and DNMT1 epigenetically regulate the Thelper1 (Th1) type chemokines CXCL9 and CXCL10, which determine their production (121). Epigenetic regulation using DNMTi is able to induce expression of chemokines and infiltration of Th1 tumors. In lung cancer, HDACis have also been shown to have similar effects that can enhance the expression of T cell chemokines and the infiltration of TME (65). In addition, epigenetic drugs can also increase immune-mediated cytolysis and tumor cell recognition through the action of the innate immune system. For example, HDACi treatment can increase the expression of NK cell surface activating receptor NKG2D by increasing the binding of H3 acetylation on gene promoters, thereby enhancing NK-mediated tumor cell targeting (122). Several different HDACIs have also been shown to increase NK cell killing of tumor cells by upregulating the stress-inducing ligands, such as MICA, MICB, and ULBP1-3, in tumor cells from many different solid malignancies (123–125).



Combination Therapy of Epigenetic Drugs and Immune Checkpoint Inhibitors

As mentioned above, epigenetic mechanisms have an important impact on both host immune cells and tumor cells, and epigenetic drugs have been demonstrated to improve cancer immunotherapy efficacy in many aspects. The combination of immunotherapy and epigenetic drugs is an upsurge in the study of cancer treatment in recent years, the most remarkable of which is the combination of immune checkpoint blockade therapy and epigenetics (Figure 2). The classical epigenetic drugs HDACi and DNMTi have been approved by the FDA for cancer therapy. In the animal model of ovarian cancer, the addition of the demethylating drug azacitidine to anti-CTLA-4 antibody therapy significantly elevated the expression of chemokines by NK cells and CD8+ T cells, inhibited tumor growth and prolonged survival in ovarian cancer models compared with immune checkpoint inhibition alone (126). Other studies have provided evidence that the use of DNMT inhibitors can also enhance the effectiveness of anti-PD-1 antibodies. Yu et al. described the mechanism by which decitabine enhanced the expression of immune-related genes such as major histocompatibility complex genes and cytokine-related genes in a syngeneic mouse CT26 colon cancer model and found an increased accumulation of cytolytic CD8+ T cells in the tumor, demonstrating the sensitizing effect of decitabine against PD-1 antibody therapy (127). In addition, azacytidine was able to up-regulate the expression of PD-L1 gene at the transcriptional level and also directly on the cell surface in an in vitro cell lung cancer cell line model. Identifying the use of epigenetic therapies in checkpoint inhibitor therapy may elicit more potent immune responses (128).




Figure 2 | Combining epigenetic drugs with immune checkpoint inhibitors. Persistent antigen stimulation and inflammatory factors in chronic inflammation can cause dysfunction of tumor-infiltrating T cells, up-regulation of immune checkpoints, and production of immune evasion, which are associated with epigenetic modifications. Anti-PD-1 relieves the inhibitory effect of the epidemic checkpoint on tumor cells and antigen presenting cells by blocking the binding of PD-1 to its ligands PD-L1 and PD-L2 in the tumor microenvironment. Epigenetic modifiers can enhance antigen presentation by tumor cells, thereby enhancing the immune effects of T cells. Moreover, epigenetic modifiers inhibitors, such as BET, can also inhibit the expression of PD-L1 on the surface of tumor cells and tumor-infiltrating immune cells. Moreover, EZH2 inhibitors prevent the conversion of CD4 T cells into Treg cells to up-regulate the immune response of other cells. Therefore, the combination therapy of epigenetic modifiers with immune checkpoint inhibitors embodies great advantages.



The regulation of HDAC is multifaceted, which involves NK cell ligand activation and increased cytotoxicity, regulation of MHC class I and class II molecules, elevation of proinflammatory cytokines, and regulation of Treg and Treg Foxp3 gene expression (129). It has been shown that panobinostat is able to modulate different serum cytokines associated with T cell activation in patients with Hodgkin’s lymphoma while entinostat can induce immune-related genes associated with antigen presentation in breast cancer (130). PD-L1 expression of tumor antigen presenting cells and T cells was upregulated after treatment of various solid tumor arterial models with HDAC and CTLA-4 inhibitors. Inhibition of HDAC, PD-1, and CTLA-4 can lead to complete tumor rejection. In addition, the HDAC inhibitor entinostat induces depletion of MDSCs and enhances the efficacy of anti-PD-1 therapy (131, 132). Studies have shown that the up-regulation of immune checkpoints is epigenetically regulated through the action of HDACi that regulate PD-L1 expression in melanoma. In the mouse melanoma cell model, mice treated with a combination of panobinostat and anti-PD-1 showed slower tumor progression and higher survival (120).

In recent years, epigenetic drugs with new targets have also gradually entered the horizon of researchers and are approved for cancer treatment. In 2020, the EZH2 inhibitor, Tazverik, was approved for the treatment of epithelioid sarcoma, making it the first approved histone “writer” inhibitor and the first to be used to treat solid tumors (133). Goswami et al. found that peripheral blood T cells from patients treated with anti-CTLA-4 antibody increased EZH2 expression (121, 134). Subsequently, they demonstrated that EZH2 inhibitor alone enhanced the cytotoxic activity of human CD8+ effector T cells, altered the phenotype and function of human Treg cells, and had an immunotherapy-sensitizing effect against CTLA-4 in mouse bladder cancer and melanoma models (121, 134). In addition, the combination of EZH2 inhibitors and azacytidine increases immune cell infiltration in TME, slows tumor progression, and improves the efficacy of anti-PD-L1 therapy (121). Other drugs, such as inhibitors against LSD1, PRMT5, and BET proteins, can also enhance the efficacy of immunotherapy. Together, these findings provide evidence to support the effectiveness of combining epigenetic agents and immune checkpoint inhibition.



Conclusion

The rapid development of cancer immunology has attracted a lot of research efforts and achieved outstanding results. Immune checkpoint blockade represents a new milestone in cancer therapy with promising prospects in terms of clinical benefit and enhanced durability of tumor response. Recent studies have shown that epigenetic regulation affects all aspects of the interaction between tumor cells and the immune system. Thus, epigenetic regulation can induce robust antitumor immune responses. The combination of epigenetic regulation and immunotherapy has been proved can relieve some of the limitations of single immunotherapy, which makes it a promising combination therapy partner for cancer immunotherapy. In this review, we have elucidated the mechanism of the immunological effects of epigenetic regulation on tumor cells and immune cells, and discussed the combination therapy of epigenetic drugs and immune blocking point inhibition therapy. There is an increasing number of epigenetically targeted drugs approved for cancer therapy, and their combination with immunotherapy will certainly have more possibilities. The future will also see the development of new methods that represent the combination of genetic drugs with emerging immunotherapies, including tumor vaccine and adoptive T cell therapies, which will face great challenges, but also provide new opportunities for improving cancer therapeutic interventions.
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Immunotherapy has emerged as a promising approach to combat immunosuppressive tumor microenvironment (TME) for improved cancer treatment. FDA approval for the clinical use of programmed death receptor 1/programmed death-ligand 1 (PD-1/PD-L1) inhibitors revolutionized T cell-based immunotherapy. Although only a few cancer patients respond to this treatment due to several factors including the accumulation of immunosuppressive cells in the TME. Several immunosuppressive cells within the TME such as regulatory T cells, myeloid cells, and cancer-associated fibroblast inhibit the activation and function of T cells to promote tumor progression. The roles of epigenetic modifiers such as histone deacetylase (HDAC) in cancer have long been investigated but little is known about their impact on immune cells. Recent studies showed inhibiting HDAC expression on myeloid-derived suppressor cells (MDSCs) promoted their differentiation to less suppressive cells and reduced their immunosuppressive effect in the TME. HDAC inhibitors upregulated PD-1 or PD-L1 expression level on tumor or immune cells sensitizing tumor-bearing mice to anti-PD-1/PD-L1 antibodies. Herein we discuss how inhibiting HDAC expression on MDSCs could circumvent drawbacks to immune checkpoint inhibitors and improve cancer immunotherapy. Furthermore, we highlighted current challenges and future perspectives of HDAC inhibitors in regulating MDSCs function for effective cancer immunotherapy.
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Introduction

The tumor microenvironment is extremely immunosuppressive in the advanced cancer stage and targeting immunosuppressive phenotypes is a promising approach in cancer immunotherapy (1–4). The FDA approved two classes of immunotherapy for clinical use which include inhibitors of cytotoxic T-cell lymphocyte-associated protein 4 (CTLA-4) and programmed death receptor 1/programmed death-ligand 1 (PD-1/PD-L1) (5–7). Studies have shown that immunotherapy is effective in the treatment of certain cancers such as melanoma, lung, and renal carcinoma (6, 8–10). Nevertheless, only a few cancer patients respond to these treatments due to numerous factors such as tumor immunogenicity, inhibition of signal transduction, antigen presentation, upregulation of certain inhibitory molecules on T cells, poor persistence, and low effector function of T cells to demonstrate a cytotoxic effect on some tumor (11–15). Besides, tumor-infiltrating immunosuppressive cells such as myeloid-derived suppressor cells (MDSCs), tumor-associated macrophages (TAMs), regulatory T cells (Tregs), cancer-associated fibroblast (CAF) to mention a few contribute tremendously to the failure of immune checkpoint blockades (16–19). These immunosuppressive cells inhibit T cells effector functionality and their anti-tumor responses (16, 20).

In the tumor milieu, conventional-type 1 dendritic cells (DCs) possess the ability to cross-present tumor antigens and produce IL-12 to activate cytotoxic T cells for immune responses against cancer (21, 22). DCs are required to promote the anti-tumor effect of immune checkpoint blockades (22). More recently, NK and DCs subset (stimulatory DCs) axis were reported to define tumor response to checkpoint therapy, cytotoxic T cells response, and overall survival in melanoma tumor immune microenvironment (23, 24). Barry et al. demonstrated that a formative cytokine, Fms-related tyrosine kinase 3 ligand (FLT3LG) for conventional DCs was mainly produced by NK cells and played a critical role in regulating the level of stimulatory DCs for anti-tumor responses (23). Specifically, the authors showed that non-T cells have a significant impact on protective immunity since the frequencies of T cells exhaustion did not determine response to PD-1 therapy contrary to previous understanding (25). Thus, this observation requires further studies to delineate which immune cells predict responses to therapy.

Beyond the protective role of immune cells against tumor regression or elimination of pathogens, immune cells have been identified to play a critical role in normal tissue function such as tissue development and maintenance. Several immune cell types are heterogeneous which are distinct from the dual conception of tolerance versus destructive immunity. For instance, innate myeloid cells (DCs and macrophages) and T cells undergo multiple metabolic and epigenetic reprogramming impacting their roles in healthy or pathological conditions. This reprogramming can induce pro-inflammatory or anti-inflammatory cytokines production that drives contrasting activities of these immune cells. During chronic viral infection, epigenetic reprogramming leads to cytotoxic T cells exhaustion limiting T cells’ ability to recognize and kill non-self and infected cells (26). This exhaustion undermines the destructive potential of T cells responses and restricts the immunopathological effects for extensive eradication of infected host cells. Presently, other cell types that function with exhausted T cells to limit viral-specific T cell immunity are not fully characterized but are likely to be specific myeloid cells subsets (27). Tissue repair and wound healing is a good example of an immune response that is neither involved in tolerance nor destruction, but instead focuses on attaining tissue homeostasis. To achieve this, myeloid cell populations such as monocytes and macrophages have been identified (28). These emerging attributes of the immune system by engaging in non-destructive responses that promote cellular homeostasis besides pathogen protection were considered as a continuum between stringent approaches of tolerance and destruction regarded as immune accommodation archetypes (29). It is therefore evident that mobilizing the required immune response archetype is crucial for physiological and pathological conditions.

This necessitates the need to consider the immune system as a continuum of accommodation archetypes as these may influence our understanding of diseases especially cancer. As previously mentioned above, the tumor immune microenvironment accommodates several immune cell phenotypes that imitate these archetypes and contributes to tumor progression. Although, in some cancer types, data from patients’ cohorts exhibit wound healing gene signatures highlighting archetype remodeling (30). Another study showed variable components of late tissue-repair archetypes in cancers such as TAMs and Tregs (31). Krummel et al. highlighted that robust patient responsiveness to immunotherapies may require improved therapeutic or inhibition of subsets of certain immune archetypes in each tumor microenvironment (29). Thus, there is a need to explore how identifying archetype patterns will impact prognosis and immunotherapy for improved clinical responses in cancer patients.

MDSCs are pathologically activated immature myeloid cells that inhibit or induce several immune cells such as T, NK, Tregs, macrophages, neutrophils, and CAF during cancer, infection, graft versus host disease, and other conditions (32–35). MDSCs have been reported to demonstrate different roles in various pathological conditions (36). Most studies have studied MDSCs in the context of promoting immunosuppression in cancer, but recent studies have identified their therapeutic potential in reducing the severity of infection and autoimmune diseases which is yet to be fully understood (32, 37). Sarkar et al. showed that early recruitment of MDSCs subset in ocular herpes simplex virus type 1 (HSV1) infection suppressed effector CD4+ T cells proliferation and cytokine production in a contact-dependent manner (32). HSV1 infection initiates the manifestation of a severe inflammation called herpetic stromal keratitis (HSK) – a foremost cause of infectious blindness globally (38, 39). However, injection of in vitro-generated MDSCs from bone marrow precursor cells into HSV1-infected mice decreased the severity of HSK lesion at the onset of clinical HSK (32). Likewise, the transferred MDSCs in mice did not only induce anti-inflammatory responses but promoted endogenous Treg which could be clinically relevant (32).

In tumor-bearing mice, MDSCs can be characterized as CD11b+Gr1+ cells; these cells can be further subdivided into monocytic MDSCs (CD11b+Ly6G-Ly6Chi) and polymorphonuclear (PMN) MDSCs (CD11b+Ly6G+Ly6Clow). MDSCs differentiate to other suppressive immune cells such as TAMs which accumulate in the TME and support tumor proliferation. Since MDSCs are phenotypically similar to monocytes and neutrophils, this led to the complexity in their identification and clearly defined functional assay. PMN-MDSCs account for about 70-80% of MDSCs in tumor models; secrete arginase 1 (ARG1) and upregulate NADPH which contributes to ROS production that inhibits immune cells function and activate of STAT3 signaling pathway (36, 40). On the other hand, M-MDSCs secrete ARG1, inducible nitric oxide (iNOS), and activate the STAT1 signaling pathway (36). Like murine MDSCs, there are two major subsets of human MDSCs which are M-MDSCs and PMN-MDSCs. In human peripheral blood mononuclear cell (PBMC), M-MDSCs consists of CD11b+CD14+HLA-DR-/loCD15- while PMN-MDSCs subset includes CD11b+CD14-CD15+ or CD11b+CD14-CD66b+. Recently, another subset of MDSCs in humans referred to as early-stage MDSCs (eMDSCs) was proposed to demonstrate colony-forming activity based on the immature nature of the cell population. eMDSCs is a mixed group of MDSCs with several immature progenitors that include – Lin- (CD3, CD14, CD15, CD19, CD56) HLA-DR-CD33+ (41–43). However, these eMDSCs are yet to be identified or defined in mice.

MDSCs accumulate in patients’ tissues from several types of cancer (42–55). Reports have it that a higher frequency of tumor-infiltrating MDSCs is associated with advanced stage and high-grade tumors (52, 53). Importantly, several studies showed that the proportion of MDSCs in different cancer patients determines their responses to chemo- or immuno- therapy, and overall survival (51–54, 56–58). Presently, most immunotherapeutic strategies target lymphoid cells by adoptive transfer of tumor-specific T cells or reactivation of pre-existing anti-tumoral T-cells. Despite these approaches, certain drawbacks encountered with current therapies are associated with MDSCs accumulation. Therefore, researchers are investigating potential therapeutic strategies both at the pre-clinical and clinical levels aimed at targeting MDSCs for enhanced cancer immunotherapy.

Epigenetic modification in cancer cells had been identified over the years but its impact on immune cells regulation has only begun to emerge. A recent study proposed the combination of different epigenetic drugs as a promising anti-tumor therapy by blocking the expression of several members of the histone deacetylase (HDAC) family to alter the function of both PMN-MDSCs and M-MDSCs (59). In this way, targeting epigenetic pathways in cancer inhibited MDSCs’ role which may prime host immune responses for immunotherapy. More so, immune cell responses using epigenetic modifiers were reported in combination with other immunotherapies such as immune checkpoint inhibitors (60–62), adoptive cellular immunotherapy (63, 64), cytokine-based therapy (65), and vaccines (66). Therefore, future studies need to investigate the underlying mechanism(s) of how epigenetic agents can block MDSCs function for a potential anti-tumor effect that may guide translational research. Herein we summarize how manipulating HDAC expression in MDSCs could augment immune checkpoints blockade and highlight current challenges with HDAC inhibitors for effective cancer immunotherapy.



Overview of Epigenetic Regulation of MDSCs

Epigenetic remodeling is a hallmark of cancer development and proliferation (67, 68). Epigenetic regulation is an inherent change to DNA that affects chromatin structure and gene expression without distorting the nucleotide sequence (69). Certain epigenetic therapies for cancer include HDAC, histone methyltransferase (HMT), and DNA methyltransferase (DNMT) inhibitors capable of stimulating tumor cells and enhancing host immune cells anti-tumor response. Treatment with epigenetic modifiers sensitizes response to immune checkpoint inhibitors in cancer patients (70). HMT inhibitors had been reported to be effective in the treatment of multiple myeloma (71) while DNMT inhibitors revealed promising outcomes in both pre-clinical and clinical studies available (72). Nevertheless, only a few HMT and DNMT inhibitors demonstrated anti-tumor potential in the clinic. On the contrary, HDAC inhibitors are a unique class of small molecule drugs with a wide range of effects on tumor cells and multiple cellular processes such as cellular differentiation, cellular compartmentalization, autophagy, and anti-angiogenesis (73, 74). Considering HDACs’ impact on chromatin structure, modulation of transcriptional factors, and their participation in multiple cellular processes, they are regarded as a promising molecular target to regulate gene expression and functions of specific proteins (75). The roles of HDAC inhibitors are not limited to tumor cells but have been identified to regulate immune cells’ function. Interestingly, recent studies reported that HDAC inhibitors reduced MDSCs function – a major immunosuppressive cell in the tumor microenvironment and promoted anti-tumor immune responses (59, 60, 76). However, it is yet to be fully deciphered the underlying mechanism of action on how HDAC inhibitors control MDSCs accumulation for improved cancer immunotherapy.



HDACs Regulate MDSCs Function

Histone deacetylases (HDACs) are category of enzymes removing acetyl groups from N-acetyl lysine, an amino acid on histone tails to regulate chromatin structure and functions (77–79). They also modulate myriads of non-histone proteins (80). HDACs family has about 18 members which are classified into four (4) main classes: Class I, II, III, and IV (81). Class I, II, and IV are named classical HDACs and comprise 11 members while class III are homologs of yeast silent information regulator 2 proteins and referred to as sirtuins (81). Class I HDACs include HDAC - 1, 2, 3, and 8; class II HDACs include HDAC - 4, 5, 7, and 9 (class IIa) and HDAC - 6 and 10 (class IIb) whereas class IV only member is HDAC 11. Class I HDAC members are more abundantly distributed and well expressed in most cells without restriction to the nucleus alone (81). However, class II HDACs demonstrate certain restrictions with tissue-specific expression and alternates between the cytoplasm and nucleus (82).

Emerging evidence had shown that HDAC inhibitors possess an anti-tumor effect and demonstrated a synergistic effect with cancer immunotherapy (83). Nevertheless, the cytotoxic impact of HDAC inhibitors on tumor cells requires more understanding while little is known on how HDAC inhibition modulates immune cells function especially MDSCs. Several HDAC inhibitors affect MDSCs accumulation and function in contrasting ways as summarized in Table 1.


Table 1 | Summary of the effects of HDAC inhibitors on MDSCs in several cancers.





Trichostatin A

Trichostatin A (TSA), panHDAC inhibitor enhanced anti-tumor effect for Epstein-Barr virus (EBV)-associated tumor by inducing cell cycle arrest, apoptosis, and triggering EBV lytic cycle in lymphoblastoid cell lines (98). EBV-associated tumors are known to bypass immune surveillance while treatment with TSA-induced lytic genes that caused strong cytotoxic T lymphocyte responses (98, 99). Similarly, TSA suppressed proliferation and promoted apoptosis of esophageal squamous cell carcinoma via epigenetic regulation of apoptosis-related proteins (100). Besides, GM-CSF-induced bone-marrow-derived MDSCs in the presence or absence of TSA showed remarkable differences in myeloid cell differentiation in vitro (84). TSA promoted the accumulation of various undifferentiated myeloid cells exhibiting immunosuppressive functions like MDSCs in an iNOS1 and heme oxygenase-1 (HO-1) dependent manner. Likewise, an ex vivo experiment showed an increased proportion of CD11b+Gr1+ cells with suppressive activity in the spleen of naive mice treated with GM-CSF and TSA (84).



Valproic Acid

On the contrary, a class I HDAC inhibitor, valproic acid (VPA) promoted the differentiation of in vitro GM-CSF induced bone marrow-derived-MDSCs into dendritic cells (DCs) and macrophages with less suppressive effect (85). Zhiqi et al., demonstrated that VPA reduced PMN-MDSCs accumulation from GM-CSF stimulated bone marrow cultured cells (86). They showed that VPA treatment in a dose-dependent manner attenuated the suppressive function of MDSCs on T-cells. It was reported that VPA attenuated the immunosuppressive function of MDSCs via downregulating the expression of retinoblastoma 1 (Rb1), toll-like receptor 4 (TLR4), programmed cell death 1 ligand (PD-L1), interleukin-4 receptor-alpha (IL-4Rα)/arginase axis signaling pathways. Similarly, VPA-conditioned in vitro derived MDSCs injected into EL4 tumor-bearing mice significantly inhibited tumor progression compared to the control mice (86). Furthermore, our group reported VPA treatment promoted the accumulation of less suppressive MDSCs mainly M-MDSCs in the spleen and bone marrow of B16F10-bearing mice with reduced IL-6, IL-10, and ARG1 expression via activation of IRF1/IRF8 transcriptional axis (60). Importantly, VPA treatment in bone marrow-derived MDSC co-culture with T cells reactivated T cells ability for TNFα production thus conferred anti-tumor effect (60). More recently, Zhiqi et al., revealed that VPA treatment of EL4-bearing mice reduced tumor-infiltrating M-MDSCs through downregulating CCR2 expression while there was no effect on PMN-MDSCs proportion (76). Although VPA did not affect both M-MDSCs and PMN-MDSCs accumulation in the spleen of EL4-bearing mice; T-cells proliferation was more when splenic PMN-MDSCs from mice administered VPA were co-cultured with T cells but no changes were observed on T cells proliferation in M-MDSCs isolated from VPA-treated mice compared to the control (76). Altogether these suggest the potential of VPA in reducing the immunosuppressive attribute of PMN-MDSCs with a slight effect on M-MDSCs to promote CD8+ T and NK cell proliferation and activation.



Entinostat, Ricolinostat and 5-Azacytidine

Likewise, entinostat, another class 1 HDAC inhibitor promoted the accumulation of PMN-MDSCs and M-MDSCs in lung and renal murine tumor models (87). However, entinostat inhibited the immunosuppressive function of MDSCs via the reduced level of ARG1, iNOS, and COX2 as well as enhanced T cells proliferation in a co-culture system of MDSCs and T cells (87). In HER2/neu breast cancer and Panc02 metastatic pancreatic cancer murine model, entinostat reduced tumor burden and improved survival of the mice (88). It was reported that the anti-tumor effect of entinostat was through the accumulation of less immunosuppressive PMN-MDSCs in the TME that demonstrated impaired ability to inhibit T cells proliferation (88). Yusuke et al. reported that entinostat reduced PMN-MDSC and M-MDSCs proportion with downregulation of MDSC CD40 expression in metastatic estrogen receptor-positive breast cancer patients (89). Recently, Gabrilovich and colleagues demonstrated that treatment with entinostat in EL4 and LLC tumor models did not affect tumor growth (59). Although entinostat reduced PMN-MDSCs immunosuppressive function while M-MDSCs function was unaltered. It was observed that M-MDSCs had high expression of class II HDAC, specifically HDAC6 while further treatment with entinostat increased HDAC6 expression. Ricolinostat, a specific inhibitor of HDAC 6 reduced M-MDSCs accumulation without affecting tumor growth in mice while the combination of entinostat and ricolinostat significantly slowed tumor progression and reduce both MDSCs subsets in mice (59). These studies suggest that the anti-tumor effect of entinostat is cancer type-dependent and may need to be evaluated in other cancer types for an informed treatment option. Therefore, the combination of specific inhibitors of class I and II HDACs are required to block both MDSCs subsets accumulation and function for reduced tumor growth.

Recent reports demonstrated that MDSCs contributed to the development of pre-metastatic tumor microenvironment and residual tumor cells after surgical removal of the primary tumor (90, 101). While a low dose of entinostat (50nM) and 5-azacytidine (100nM) disrupted the pre-metastatic niche and inhibited metastasis. Mechanistically, it was deduced that this therapy restricted M-MDSCs and PMN-MDSCs trafficking from the bone marrow to the pre-metastatic microenvironment via downregulating CCR2 and CXCR2 expression respectively (90). Importantly, combined therapy of epigenetic modifiers and CCR2 antagonist increased disease-free survival as well as overall survival of mice. Entinostat and 5-azacytidine promoted the differentiation of splenic M-MDSCs into more –interstitial macrophage-like phenotypes, thus blocking MDSCs accumulation in the lung pre-metastatic niche (90).



Mocetinostat

Mocetinostat is a selective inhibitor of class I and IV HDAC that regulates the epigenetic signaling of tumor and immune cells (102). In the CT26 colorectal mice model, it decreased intratumoral MDSCs and Treg accumulation while it increased CD8+T cells infiltration (91). Mocetinostat regulated histone modification and induced the expression of genes involved in immune evasion and antigen presentation in tumor cells (91). However, how mocetinostat controls MDSCs function remains unreported thus mechanistic studies on how mocetinostat impairs tumor-infiltrating MDSCs accumulation will be necessary.



Vorinostat and Sodium Butyrate

Suberoylanilide hydroxamic acid, SAHA (also known as vorinostat), and Sodium butyrate (NaB) which are Class I and II non-specific HDAC inhibitors depleted accumulation of GM-CSF induced bone marrow-derived MDSCs and those isolated from the bone-marrow of 4T1 mammary-bearing mice (92). Treatment with SAHA and NaB promoted MDSCs apoptosis via increased production of ROS while in vitro generated bone marrow-derived MDSCs treated with SAHA and NaB failed to suppress T cells proliferation compared to control. Also, SAHA demonstrated its anti-tumor potential on the 4T1 mammary mice model by decreasing MDSCs accumulation in the spleen, blood, and tumor while promoting the activation and function of CD8+ T cells (92). Laura et al. showed SAHA reduced gene expression of pro-inflammatory cytokines (IL-1α, TNFα) and immunosuppressive growth factor (TGFβ) in tumor lysate from spontaneous ret transgenic mouse melanoma model. Also, chemokine (C-C motif) ligand 2 (CCL2) was downregulated which led to reduced MDSCs recruitment into the tumor site and contributed to reduced melanoma growth (93). In the neuroblastoma mice model, SAHA decreased M-MDSCs accumulation but increased the number of macrophage effector cells in TME (94). Importantly, the transcripts levels of arginase1, S100A8, S100A9, and PD-L1 which are critical for promoting immunosuppressive activities were significantly reduced in myeloid cells isolated from SAHA-treated tumors (94). Collectively, these studies suggest that SAHA creates an immune permissive tumor microenvironment and promises as a potential targeted therapy for various tumors.



ACY241

HDAC6 specific inhibitor, ACY241 in combination with proteasome inhibitors and immunomodulatory drugs demonstrated anti-myeloma potential (95). It was reported that ACY241 reduces the proportion of MDSCs, Tregs, and the expression of PD-1/PD-L1 on CD8+ T cells in the bone marrow cells from myeloma patients. ACY241 induced antigen-specific memory T cells via the upregulation of transcription regulators such as Bcl-6, Eomes, HIF-1, and T-bet associated with the activation of downstream AKT/mTOR/p65 pathway (95). More recently, ACY241 induced accumulation of lung tumor-infiltrating T and NK cells while it reduced Tregs in non-small cell lung cancer (NSCLC)-bearing treated mice (103). Also, tumor-associated macrophages showed increased expression in MHC and co-stimulatory molecules such as CD80, CD86, and CD40 while it reduced inhibitory ligands like PD-L1 and PD-L2. ACY241 in combination with Oxaliplatin – a chemotherapy drug-induced T cells effector function, significant anti-tumor response, and increased survival of NSCLC bearing mice (103). This highlights the mechanisms by which ACY241 confers anti-tumor activity through regulating immune responses in patients and suggests a rationale for its clinical use in combination with other therapies in several cancers.



CG-745

CG-745 is a class I and IIb HDAC inhibitor that has shown anti-cancer effects against prostate, colorectal, pancreatic, cholangiocarcinoma, and non-small cell lung cancer while its exact role in mediating immune responses remains unknown (104–107). In a murine model of renal cell carcinoma, CG745 reduced Treg production via increased expression of IL-2 and IFN-γ (96). A recent study demonstrated that CG-745 inhibited tumor-infiltrating M2 macrophage polarization and MDSCs while promoting NK and T cells proliferation in human PBMC (97). It was observed that CG-745 induced immune microenvironment changes and promoted PBMC cytotoxic activity.

HDAC 11, the newest and only class IV HDAC member was reported to be involved in the differentiation of bone marrow generated immature myeloid cells (iMC) to neutrophils, macrophages, and DCs (108). Bone marrow and spleen isolated from HDAC11 promoter-driven eGFP reporter transgenic mice (TgHDAC11-eGFP) showed high expression of eGFP denoting HDAC11 transcriptional activation in these cells at steady-state. When these mice were challenged with pancreatic cancer (PANCO2), MDSCs expansion was observed in their lymphoid tissues similar to tumor-bearing wild-type mice (108). Importantly, flow cytometry analysis revealed a reduction in eGFP expression of myeloid cells compartment from TgHDAC11-eGFP mice, indicating that the transition of iMC to MDSCs may require the downregulation of HDAC11. These authors further demonstrated that functional analysis using both TgHDAC11-eGFP and HDAC11KO mice strongly suggests that HDAC11 might be a negative regulator of MDSC expansion/function in vivo through control of suppressive IL-10 production. Despite the above observation myeloid-specific HDAC11 KO in tumor-bearing mice will be critical for understanding the role of HDAC11 in MDSCs accumulation and function.



Effects of HDAC Inhibitors on Immune Checkpoint Proteins

Immune checkpoint proteins have continued to receive considerable attention to evaluate the potential of several treatment options for cancer immunotherapy. Anti-CTLA-4 therapy showed a better response in metastatic melanoma patients with a lower proportion of M-MDSCs in their peripheral blood compared to non-responders (109). This observation corroborates another study that reported higher M-MDSCs percentage on treatment with anti-CTLA-4 resulted in poor clinical response due to impaired T-cells activation and function (110). Other studies also reported the reduced proportion of circulating MDSCs level at onset as a prognostic marker for response to anti-CTLA-4 therapy in patients with malignant melanoma (53, 58, 111). CT26 colorectal carcinoma and 4T1 spontaneous mammary tumors shown to be modestly immunogenic and highly metastatic respectively are among the most common syngeneic tumors models used for evaluating novel therapeutic approaches. In CT26 and 4T1 resistant to ICB, treatment with epigenetic modulator decreased MDSCs accumulation and function, thereby improving tumor responses to anti-CTLA4 and anti-PD-1 therapy (112). Thus, combination therapy targeting MDSCs together with ICB improved tumor responses unlike monotherapy thus benefit cancer immunotherapy.

Surprisingly, it was observed that while entinostat significantly reduced MDSCs cell viability, 5-azacytidine had no effect (112). Another study showed that treatment of immune-resistance breast and pancreatic cancer cells with entinostat decreased PMN-MDSCs accumulation and their function that led to a less immunosuppressive tumor microenvironment (88). Interestingly, entinostat effect on MDSCs function and immune-related gene expression augmented response to anti-PD-1 and anti-CTLA4 therapy in both mice models (88). More recently, VPA plus anti-PD-1 antibody compared to their single therapy repressed the growth of B16F10 and EL4 tumor models via VPA impaired tumor-infiltrating M-MDSCs accumulation in the tumor microenvironment (76). These suggest that treatment with epigenetic modifiers inhibits MDSCs accumulation and function thereby augments immune checkpoint inhibitors for successful cancer treatment. Hence, the underlying mechanism of epigenetic regulators in immunobiology and how it affects the response to ICB needs to be fully investigated.

In the tumor microenvironment, tumor and myeloid cells such as MDSCs, macrophages, and DCs can upregulate PD-L1 expression in response to inflammation (113, 114). This increased PD-L1 expression inhibits the effectiveness of cancer immunotherapy. Histone deacetylase (HDAC) inhibitors combat ICB resistance by attenuating the immunosuppressive function of MDSCs and sensitizing tumor cells to ICB. VPA and RGFP966 (HDAC 3 selective inhibitor) induced histone acetylation to facilitate PD-L1 transcription through the recruitment of bromodomain-containing protein 4 (BRD4) (115). Surprisingly, BRD4 inhibitor, JQ1 reduced PD-L1 upregulation triggered by HDAC inhibition. Inhibition of HDAC3 augmented the therapeutic effect of PD-L1 blockade by increasing PD-L1 expression on tumor and DCs in B-cells lymphoma (115). Furthermore, HDAC3 inhibition-induced PD-L1 expression could partly be one of the underlying mechanisms responsible for VPA resistance via evasion of immune surveillance checkpoints. This deduction is based on our previous study in which VPA alone failed to retard tumor growth in melanoma-bearing wild-type mice but slightly did in LLC-bearing mice (60). On the contrary, the combination of anti-PD-L1 antibody and VPA dramatically impaired tumor progression compared to PD-L1 blockade therapy alone. Mechanistically, MDSCs co-treated with VPA and anti-PD-L1 demonstrated impaired suppressive function and enhanced production of TNFα by T cells for anti-tumor effect. These findings corroborate the work of other researchers that host PD-L1 expression is crucial for PD-L1 blockade-mediated inhibition of tumor growth (114, 116). Thus, VPA could augment the therapeutic potential of the PD-L1 pathway blockade by increasing PD-L1 expression in tumor cells (Figure 1).




Figure 1 | HDAC inhibition suppresses MDSCs function in the TME and promotes anti-PD-1/PD-L1 tumor immunotherapy. HDAC inhibition blocks tumor-infiltrating MDSCs accumulation in various cancer by downregulating the expression of genes involved in promoting the suppressive role of MDSCs which led to reduced tumor growth. Anti-PD-1/PD-L1 antibody inhibits immune checkpoint proteins expression on tumor and T-cell to confer anti-tumor effect. The combination of HDAC inhibitors and anti-PD-1/PD-L1 promotes T cells activation to inhibit tumor growth. Likewise, HDAC inhibitors augment anti-PD-1/PD-L1 tumor immunotherapy via reduced MDSCs function. Hence, the interaction of several immune cells within the TME determines the success of cancer immunotherapy strategies. HDAC, Histone deacetylase; MDSCs, Myeloid-derived suppressor cells; anti-PD-1/PD-L1, antibody against programmed death receptor 1/programmed death-ligand 1; ARG1, arginase 1; iNOS, inducible nitric oxide; IL-6, interleukin 6; IL-10, interleukin 10; IL-4Rα, interleukin 4 receptor alpha; COX2, cyclooxygenase 2; CCR, C-C Motif Chemokine Receptor 2; CXCR - CXC chemokine receptor 2; TLR4, toll-like receptor 4; Rb1, retinoblastoma 1.



Recently, it was observed that bone marrow-infiltrating CD8+ T cells from acute myeloid leukemia (AML) patients demonstrated downregulated expression of immune checkpoint (IC) receptors including PD-1 which could contribute to upregulation of immune checkpoint ligands such as PD-L1 due to poor PD-1/PD-L1 interaction (117). However, treatment with VPA increased the expression of IC receptors. Likewise, genetic ablation of dual-specificity phosphatase 2 (DUSP2) (a newly identified T cell suppressor and key epigenetic immune modulator acting via HDAC complex) in CD8+ T cells upregulated genes involved in IC receptors. Interestingly, both VPA and DUSP 2 knockdown improved the effector functionality of CD8+ T cells; suggesting that downregulation in IC receptors is associated with pathological HDAC expression and resistance to IC inhibitors (117). Collectively, these studies depict HDAC inhibitors demonstrate the potential to increase immune checkpoint proteins expression and promote sensitivity to ICB as a combination therapy for ICB resistance in cancer patients.



Future Perspectives and Current Challenges With HDAC Inhibitors in Cancer Immunotherapy

The majority of the FDA-approved HDAC inhibitors in the clinic are for the treatment of hematological cancers. Despite its clinical success for lymphoma and myeloma, it has failed to demonstrate significant effects as monotherapy in solid tumors. Although certain HDAC inhibitors such as entinostat (118), panobinostat (119), belinostat (120), and romidepsin (121) used as a single agent demonstrated significant anti-cancer effects in solid tumors from a phase I study but had negligible effects in phase II study. Besides, these inhibitors induced several side effects in the patients (122–126). Similarly, extensive pretreatment of the combination of HDAC inhibitors (azacytidine and entinostat) had an appreciable response in phase I/II study with recurrence and metastasis in non-small cell lung cancer (127).

To date, the reason HDAC inhibitors are efficacious in hematological malignancies unlike solid tumors is yet to be understood. However, several factors could be responsible such as lack of persistence and penetration into the solid masses as well as accumulation of immunosuppressive cells resident in solid tumors. Another critical and complex factor to consider in the administration of HDAC inhibitors is the metabolic state of the host; since epigenetic and metabolic changes in cancer cells are interrelated (128). Epigenetic modifiers such as HDACs regulate the expression of genes involved in metabolism and have become targets for cancer therapy (129). Although little is known on how regulating epigenetic or metabolic alteration could affect cancer immunotherapy and could be another future direction to explore.

Nevertheless, the future of HDAC inhibitors in solid tumors will depend tremendously on three major signs of progress in the field. One will be to improve the potency and specificity of next-generation HDAC inhibitors. Second, because HDAC inhibitors have reports of cellular toxicity profiles, it will be beneficial to understand the enigmatic HDAC biochemistry in cancer. This could reveal information on biomarkers that can be used to identify cancer patients that will respond to HDAC inhibitors therapy. Third, we believe that a comprehensive understanding of HDAC mechanisms of action will help identify other chemotherapies or ICIs that can be combined with HDAC inhibitors to circumvent current drawbacks. This will be a crucial landmark for HDAC therapies and will probably improve the clinical efficacy of future HDAC inhibitors.

Recently, it was discovered that female mounts a greater immune response compared to their male counterparts based on variation in sex hormones and sex-chromosome-related genes (130, 131). Conforti et al., reported that ICB was more effective in male patients compared to female patients while anti-PD-1/PD-L1 antibody combined with chemotherapy demonstrated enhanced therapeutic benefit for female patients compared to male patients (132). These suggested that therapies targeted at boosting immune responses will be less effective in female patients. On the other hand, phase III randomized clinical trials reported that sex-related factors may not affect the efficacy of ICB in melanoma patients (133). These contrasting results may be based on sample size or an inherent disparity in cancer etiology. Thus, gender-variation to immune response cannot be overemphasized in immunotherapy design and analysis. Since HDAC is well known to regulate mammalian gene expression, therefore, it is pertinent for other studies to investigate if HDAC inhibitors will augment anti-PD-L1 tumor immunotherapy or other ICB in both genders uniformly for effective translational research.



Conclusion

Despite evidence from the literature that HDAC inhibitors are promising therapy to block MDSCs function in several cancers, it remains unknown the key molecular mechanisms by which HDACs specifically regulate MDSCs function – a major drawback to current cancer immunotherapies. While the data from in vitro-generated MDCSs are indispensable for in vivo studies, MDSCs obtained from tumor-bearing animals could differ in their suppressive properties and should be considered in future experimental designs. Therefore, it is pertinent for future studies to focus on elaborating how these emerging HDAC inhibitors in the clinic could completely block MDSCs accumulation or other immunosuppressive cells such as tumor-associated macrophages, regulatory T cells, or stromal cells resident in the tumor milieu.
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Background

Ferroptosis is a newly defined form of programmed cell death that plays an important role in many cancers. However, ferroptosis-related lncRNAs (FRLs) involved in the regulation of colon cancer are not thoroughly understood. This study aimed to identify a prognostic FRL signature in colon cancer and explore its potential molecular function.



Methods

RNA-seq data and relevant clinical information were obtained from The Cancer Genome Atlas (TCGA) database, and a list of ferroptosis-related genes was extracted from the FerrDb website. Analysis of differentially expressed FRLs was performed using the ‘limma’ package in R software. By implementing coexpression analysis and univariate Cox analysis, we then identified prognostic FRLs. Using Cox regression analysis with the least absolute shrinkage and selection operator (LASSO) algorithm, we constructed a prognostic model based on 4 FRLs. We evaluated the prognostic power of this model using Kaplan–Meier (K-M) survival curve analysis and receiver operating characteristic (ROC) curve analysis. Moreover, the relationships between the signature and immune landscape, somatic mutation and drug sensitivity were explored. Finally, in vitro experiments were conducted to validate the functions of AP003555.1 and AC000584.1.



Results

A 4-FRL signature was constructed. Two risk groups were classified based on the risk score calculated by this signature. The signature-based risk score exhibited a more powerful capacity for survival prediction than traditional clinicopathological features in colon patients. Additionally, we observed a significant difference in immune cells, such as CD4+ and CD8+ T cells and macrophages, between the two groups. Moreover, the high-risk group exhibited lower IC50 values for certain chemotherapy drugs, such as cisplatin, docetaxel, bleomycin or axitinib. Finally, the in vitro experiments showed that ferroptosis processes were suppressed after AP003555.1 and AC000584.1 knockdown.



Conclusion

The proposed 4-FRL signature is a promising biomarker to predict clinical outcomes and therapeutic responses in colon cancer patients.
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Introduction

Colon cancer is the third most-diagnosed cancer and the second leading cause of cancer-related deaths in the world. Colon cancer seriously endangers human health (1). According to the latest online epidemiological database, there were more than 1.9 million new colon cancer cases in 2020, and 0.9 million deaths were recorded in the same year (2). The incidence rate and mortality rate have continuously risen in recent years. Even with the rapid development of cancer screening methods, many patients are diagnosed at an advanced stage with multiple symptoms, such as haematochezia or colonic obstruction (2). However, there are only a few effective therapeutic targets for colon cancer patients (3). Therefore, along with improvements in surgical treatments and chemoradiotherapies, it is also crucial and important to explore additional diagnostic biomarkers and possible therapeutic targets.

Ferroptosis is a newly defined form of regulated cell death driven by loss of activity of the lipid repair enzyme glutathione peroxidase 4 (GPX4) and the subsequent accumulation of lipid-based reactive oxygen species (ROS), particularly lipid hydroperoxides (4). This type of programmed cell death has been associated with carcinogenesis, intracerebral haemorrhage, degenerative diseases, stroke, and kidney degeneration (5). Ferroptosis has unique morphological and bioenergetic features that can be easily distinguished from other types of programmed cell death, such as apoptosis or necrosis. Currently, inducing cancer ferroptosis is considered a promising therapeutic strategy, especially for drug-resistant cancers (6). However, only a few ferroptosis-related therapeutic targets have been identified in colon cancer (7–9). Thus, further clinical sample-based screenings for ferroptosis-related genes (FRGs) are necessary for colon cancer diagnoses and treatments.

Long noncoding RNA (lncRNA) refers to a type of noncoding RNA more than 200 nucleotides in length. LncRNAs constitute a major class of transcripts that are encoded by the genome but are mostly not translated into proteins (10). In the past few decades, mounting evidence has shown that lncRNAs play key roles in regulating proliferation, metastasis, the cell cycle and programmed death in cancers (11, 12). For example, we showed that lncRNA LUCAT1 could promote proliferation in colon cancer (13). Recently, many researchers also found that lncRNAs, namely, LINC00618, could play a role in the ferroptosis process in cancer; this lncRNA was found to accelerate ferroptosis in an apoptosis-dependent manner (14). Similarly, LINC00336 inhibits ferroptosis as a competing endogenous RNA in lung cancer (15). Moreover, recent studies have demonstrated that lncRNA GABPB1-AS1 regulates erastin-induced ferroptosis with GABPB1 in HepG2 hepatocellular carcinoma (16). However, current studies screening ferroptosis-related lncRNAs (FRLs) in colon cancer are limited. Accordingly, it is important to identify key FRLs with prognostic significance in colon cancer patients.

In this study, we obtained RNA sequencing (RNA-seq) data from a colon adenocarcinoma (COAD) dataset and ultimately identified four differentially expressed FRLs and developed a prognostic model. Then, the mechanism of action of FRLs in colon cancer was further analysed by gene set enrichment analysis (GSEA), immunoinfiltration analysis and chemotherapy drug sensitivity analysis. Finally, we also tentatively validated the role of two FRLs with high expression in regulating ferroptosis in vitro.

Our findings could help to predict the prognosis of colon cancer patients and provide references for clinical chemotherapy and immunotherapy.



Materials and Methods


Data Acquisition

The RNA-Seq data of 437 COAD samples, including 39 normal samples and 398 tumour samples, and corresponding clinical characteristics were downloaded from The Cancer Genome Atlas (TCGA) website (https://portal.gdc.cancer.gov/projects/TCGA-COAD). Then, Ensembl IDs were converted to official gene symbols, and log2 processing of the data was performed. LncRNAs and protein-coding genes were screened by the Ensembl human genome browser GRCh38.



Identification of Ferroptosis-Related LncRNAs

The list of FRGs was downloaded from FerrDb (http://www.zhounan.org/ferrdb/index.html) and contained 121 validated human FRGs. Subsequently, Spearman correlation coefficients were calculated based on FRGs and lncRNA expression profiles to identify FRLs (|R2|>0.4 and p < 0.001) (17).



Differential Expression Analysis

The limma package (18) was used to screen the lncRNA expression matrix between COAD samples and normal colon samples. The criteria for DElncRNAs were |log 2(fold change) |>1 and a false discovery rate (FDR) <0.05 (19).



Construction of the Coexpression Network

To demonstrate the correlation of the FRLs and their corresponding mRNAs, the lncRNA-mRNA coexpression network was constructed by Cytoscape software (version 3.7.2, http://www.cytoscape.org/). Then, a Sankey diagram was plotted to show the degree of correlation between FRLs (risk/protect) and their corresponding mRNAs.



Construction of Ferroptosis-Related Prognostic Signature

The intersecting genes of FRLs and DElncRNAs were filtered by Cox univariate analysis based on the ‘survival’ R package, defining potential prognostic FRLs (p < 0.001). A total of 398 patients were randomly separated into training or validation cohorts at a 1:1 ratio. Then, least absolute shrinkage and selection operator (LASSO)–Cox regression analysis was applied to these prognostic candidates. Finally, by choosing the optimal penalty parameter λ correlated with the minimum 10-fold cross-validation, we established a four-gene optimal prognostic model. The formula for ferroptosis-related prognostic risk scores for each patient was

	

where xi and coefi represent the expression of each lncRNA and its corresponding coefficient, respectively. According to the median value of the risk score, the patients in the training cohort were divided into low-risk and high-risk groups. The Kaplan–Meier curve was generated by using the ‘survminer’ R package with the log-rank test to compare overall survival (OS) between the high/low-risk group. A receiver operating characteristic curve (ROC) (20) was generated to evaluate the predictive accuracy of the signature via the ‘timeROC’ R package. To assess the model feasibility, the risk score was calculated in the validation cohort based on the same formula in the training cohort, and then, the same validation method was performed as above.



Functional Enrichment Analysis

The genes differentially expressed between the high-risk and low-risk groups were identified (|log2(fold change)|>1 and FDR<0.05) with the ‘edgeR’ (21) R package and functionally annotated based on the Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) with the ‘clusterProfiler’ R package (22) (adjusted p value< 0.05).



Gene Set Enrichment Analysis

To explore the molecular and biological differences in these two groups, GSEA was implemented between high/low ferroptosis risk score groups based on the KEGG and HALLMARK gene sets from the molecular signature database (https://www.gsea-msigdb.org/gsea/msigdb) used as references via the ‘clusterProfiler’ R package (p <0.05 and FDR<0.25) (23). Single-sample GSEA (ssGSEA) was performed on several representative gene sets with the ‘GSVA’ R package.



Assessment of Immune Cell Infiltration and Immune Microenvironment

The ESTIMATE algorithm was used to assess immune infiltration in COAD patients (24). The difference in immune cell infiltration in the two groups of patients was evaluated using the CIBERSORT algorithm (25). CIBERSORT is an analysis tool using expression data to represent the cell composition of complex tissues based on preprocessed gene expression profiles. LM22 of CIBERSORT defines 22 immune cell subsets obtained from the CIBERSORT web portal (http://CIBERSORT.stanford.edu/).

Finally, TIDE (http://tide.dfci.harvard.edu/) algorithms were used to predict immune checkpoint response inhibitors of PD-1 and CTLA4 in the low- and high-risk score groups (26). p < 0.05 was considered significant.



Drug Sensitivity Prediction

The ‘pRRophetic’ (27) R package was used to predict the IC50 of chemotherapy drugs; this value indicates the effectiveness of a substance in inhibiting specific biological or biochemical processes.



Tissue Sample Collection and Colon Cancer Cell Line Culture

All tissue samples were collected from the Gastrointestinal Surgery Department of Xiangya 3rd Hospital, which was approved by the Medical Ethics Committee of the hospital. We acquired informed consent from each involved patient before collection. Ten pairs of samples, including tumour tissues (T) and pericarcinous tissues (N), were obtained from colon cancer patients who underwent tumour resection surgery between October 2020 and August 2021. All samples were maintained at -80°C.

Human intestinal epithelial cells (FHCs) and human colon cancer cell lines (HCT116, HT29, SW480, SW620) were purchased from American Type Culture Collection (ATCC) and these cells were cultured in F-12, McCoy’s 5A or Leibovitz’s L-15 medium (Gibco BRL, United States).

With 10% foetal bovine serum (Gibco BRL, United States) at 37°C, 95% humidity, and a 5% CO2 cell incubator.



RNA Extraction and Quantitative Real-Time Polymerase Chain Reaction (qRT–PCR)

Total cellular and tissue RNA was extracted from tissues or cell lines using Total RNA Extraction Reagent (10606ES60, Yeasen) based on standard protocols. Then, the obtained RNAs were used for cDNA synthesis with a cDNA synthesis kit (11139ES10, Yeasen). Gene expression was quantified by Roche LightCycler 480 using SYBR Green Master Mix (11201ES03, Yeasen), and the expression levels were calculated with the 2−ΔΔCt method. GAPDH acted as the internal reference for normalization. All primers used for qRT–PCR were synthesized by Tsingke Biotech (Tsingke, China). The primer sequences used are listed in Supplementary Table 1.



Cell Counting Kit-8 (CCK-8) Assay

The cells were seeded in 96-well plates at 5×103 cells/well. Then, the cells were treated with different doses of erastin (10 µM) for 24 h. A CCK-8 assay kit (40203ES60, Yeasen) was used to detect cell proliferation at 450 nm. The average inhibition rate of cell activity at each concentration was calculated following the protocol (28).



Reactive Oxygen Species (ROS) Detection

To detect the ROS level in SW620 cells, 2′,7′-dichlorofluorescin diacetate (DCFH-DA; 5 μM, Sigma–Aldrich, USA) was added to the L15 medium and incubated for 30 min. Fluorescence images were recorded using fluorescence microscopy.



Determination of Malondialdehyde (MDA) and Fe2+ Levels

MDA levels were detected by an MDA colorimetric assay kit (cell samples, E-BC-K028-M, Elabscience), and Fe2+ levels were measured using a FerroOrange probe (F374, Dojindo). The above assays were performed strictly following the official protocol.



Statistical Analysis

The Wilcox test was used to compare the proportion of tumour-infiltrating immune cells. Spearman correlation analysis was used to analyse the correlation between FRGs and FRLs. Differences in the proportions of clinical characteristics were analysed by the chi-squared test. Cox univariate regression analysis and multivariate Cox regression analysis were implemented to define the independent prognostic factor for OS. The predictive accuracy of the prognostic model for OS was evaluated by performing time-dependent ROC curve analysis. R software (version 4.10) was applied for all statistical analyses, and the ‘ggplot2’ (29) package was used for graph visualization. Statistical significance was defined as p <0.05, and all p values were two-tailed.




Results


Identification of Ferroptosis-Related Differentially Expressed LncRNAs in COAD

The research flow chart of our study is shown in Figure 1. The data for 437 COAD samples were downloaded from the TCGA database (https://portal.gdc.cancer.gov/repository). A total of 14086 lncRNAs and 19604 mRNAs were identified.




Figure 1 | Study flowchart. A total of 14086 lncRNAs and 176 ferroptosis-related genes (FRGs) were obtained from TCGA and FerrDb databases, respectively. Then, 705 ferroptosis-related lncRNAs (FRLs) was identified according to Spearman correlation analysis. Next, univariate COX analysis was applied to screen for the prognostic FRLs. Based on this analysis, a 4-FRL signature was constructed. Subsequently, GSEA, KEGG, GO analyses, immune-related analyses, somatic mutation, and drug sensitivity assays were applied to identify the potential function of this signature. Finally, in vitro validations were conducted to explore the expression and function of these FRLs.



To identify the gene set involved in the process of ferroptosis first, the sequences of FRGs in Homo sapiens were downloaded from the FerrDb database (http://www.zhounan.org/ferrdb/) (30); these included 84 ferroptosis driver genes, 89 ferroptosis-related suppressors and 3 ferroptosis-related markers. After the multiannotated genes were screened, a total of 176 FRGs were identified. The details of these genes are documented in Supplementary Table 2. Then, Spearman correlation analysis was conducted between lncRNAs in the TCGA database. A PCA map and bar plots showing the distribution of those samples are shown in Supplementary Figures 1A, B. FRGs in the FerrDb database were used to determine FRLs. The inclusion parameters were selected as correlation coefficient (|R2|) > 0.4 and p value (P)<0.001. In total, 2033 FRLs were defined. Then, we identified 2530 differentially expressed lncRNAs (DELs) in TCGA-COAD samples between normal and tumour tissue (log2| FC| > 1, FDR < 0.05), including 1779 upregulated DELs and 751 downregulated DELs. A related volcano map is shown in Supplementary Figure 1C. Finally, we identified 705 ferroptosis-related DELs (FRDELs) (Figure 2A).




Figure 2 | Prognostic analysis of differentially expressed ferroptosis-related lncRNAs and the construction of a coexpression network. (A) Venn diagram to identify the common lncRNAs of differentially expressed lncRNAs and ferroptosis-related lncRNAs. (B) Forest plots showing the results of the Cox univariate regression analysis approximately 26 prognostic differentially expressed ferroptosis-related lncRNAs. (C) The correlation between 26 prognostic ferroptosis-related lncRNAs and 176 ferroptosis-related genes in the TCGA-COAD cohort. The colour of each unit shows the degree of corelation. *p < 0.05, **p < 0.01, and ***p < 0.001. (D) Coexpression network of candidate lncRNAs and ferroptosis-related genes. (E) The Sankey diagram presents the detail connection between ferroptosis-related lncRNAs and ferroptosis-related genes.





Identification of Prognostic Ferroptosis-Related Differentially Expressed lncRNAs

To verify the prognostic potential of the FRDELs, these FRDELs were evaluated for prognostic potential by Cox univariate regression analysis using the OS data of COAD patients in the TCGA database. Ultimately, 26 prognostic FRDELs (PFRDELs) in COAD were determined (Figure 2B and Supplementary Figure 1D). Twenty-five PFRDELs were “risk” genes, while only AC104819.3 could be treated as a “protective” gene. The correlation between 26 PFRDELs and 176 FRGs is shown in Figure 2C (the list of these lncRNAs is shown in Supplementary Table 3), which implied a reciprocal relationship (the correlation rate and the p value) between each PFRDEL and FRG.

To further evaluate the relationship between these 26 lncRNAs and the representative FRGs, a lncRNA-gene coexpression network was established (Figure 2D). Among these FRLs, lncRNA AC107308.1 had a tight linkage with FRGs. A total of 12 genes were coexpressed with lncRNA AC107308.1 (IREB2, NRAS, KRAS, ZEB1, PRKAA2, PRKAA1, TGFBR1, ATM, FBXW7, ANGPTL7, KLHL24, TUBE1). In addition, lncRNA LINC01138 was coexpressed with 10 genes (IREB2, NOX4, ALOX12, ZEB1, TGFBR1, ATM, FBXW7, ANGPTL7, ZNF419, KLHL24), and lncRNA LINC02381 also had a connection with 3 FRGs (ALOX15B, NOX4, CDO1). Among those FRGs, Acid 12-lipoxygenase (ALOX12), a well-known ferroptosis driver (31), had positive coexpression with 14 prognostic FRLs. HELLS is also connected with 7 FRLs, and the details of the coexpression network are shown in Supplementary Table 4. Subsequently, we further visualized the prognostic function and discovered the internal connection between PFRDELs and FRGs. We also established a Sankey diagram (32) that showed the relationship among FRLs, FRGs and their roles in COAD (Figure 2E).



Construction and Validation of a FRL Prognostic Model

To check the prognostic value of these FRDELs, the samples from TCGA-COAD database were classified randomly into two groups: a training group and a validation group. The clinical characteristics of the samples in the two groups are shown in Table 1.

A prognostic risk evaluation model based on only 4 FRLs was then constructed using the optimal penalty parameter (λ) for the LASSO model from the abovementioned 26 PFRDEL lesions in the training group. The cvfit and lambda curve are shown in Figures 3A, B. In this model, each COAD patient in the TCGA database was assigned a risk score using the following formula: Risk Score=AC104819.3*(-0.52383)+AP003555.1*0.12181+AC005841.1*0.25406+LINC02381*0.10087 (Note: the name of lncRNA indicates their expression level in TCGA database). Cox univariate and multivariate regression analyses were performed to evaluate the independent predictive potential of this signature. First, Cox univariate regression analysis demonstrated that the risk score of this signature was associated with the OS rates of COAD patients (p=0.011; Figure 3C). Furthermore, multivariate Cox regression analysis revealed that only this 4-FRL risk signature and age could act as an independent prognostic factor for predicting the OS rates of COAD patients in the TCGA database (p < 0.001; Figure 3D). The predictive nomogram calculated the likelihood of survival of those patients by adding up the scores identified on the points scale for the many related factors. The 1-, 3- and 5-year OS rates could be predicted accurately when compared with those of the ideal predictive model (Figures 3E, F).




Figure 3 | Construction of a 4-ferroptosis-related-lncRNA signature and the analysis of independent prognostic potential. (A, B) cvfit and lambda curves showing the least absolute shrinkage and selection operator (LASSO) regression was performed with the minimum criteria. (C, D) Results of the univariate Cox regression analysis and multivariate Cox regression analysis regarding OS of the 4-ferroptosis-related-lncRNAs signature. (E) The nomogram to predict the 1-year, 3-year, and 5-year overall survival rate of colon cancer patients. (F) The calibration curve for evaluating the accuracy of the nomogram model. The dashed diagonal line in grey colour represents the ideal nomogram.



Subsequently, we evaluated the prognostic value of this 4-FRL model. Then, the samples in the training group were classified into high-risk and low-risk groups according to the median value of the risk scores. The distribution of the risk scores and the distribution of the OS status were visualized to show that those samples of the above two risk groups were reasonably distributed (Figure 4A). Kaplan–Meier survival analysis was then used to show that the OS rate of COAD patients in the high-risk group was worse than that in the low-risk group (Figure 4D). A time-dependent ROC curve was also generated in the training group. The areas under the curve (AUCs) were maintained at more than 0.75 at the 1-year, 3-year and 5-year points (Figure 4G). An ROC curve was also constructed to validate the outstanding prognostic accuracy of this signature compared to other clinicopathological characteristics (Figure 4J). To further evaluate the predictive efficacy of this 4-lncRNA signature, the distribution figures, heatmaps, Kaplan–Meier survival analysis and time-dependent ROC analysis were double validated in both the validation group and the overall group. The samples of the above two risk groups were also reasonably distributed in the validation group (Figures 4B, E, H, K) and the overall group (Figures 4C, F, I, L). It is obvious that individuals from the high-risk group may have higher mortality rates than low-risk individuals.




Figure 4 | Construction and validation of the ferroptosis-related lncRNA signature model in the training cohort, validation and overall groups. (A–C) The distribution of the risk scores and the distributions of overall survival status and risk score in the training, validation and overall groups. (D–F) The Kaplan–Meier curves for survival status and survival time in the training, validation and overall groups. (G–I) The receiver operating characteristic (ROC) curve shows the potential of the prognostic ferroptosis-related lncRNAs signature in predicting 1-, 2-, and 3-year overall survival (OS) in the training, validation and overall groups. (J–L) AUC of ROC curves comparing the prognostic accuracy of the risk score and other prognostic factors in the training, validation and overall groups.





Relationship Between the 4-FRL Signature and the Clinicopathological Characteristics in COAD Patients

Three lncRNAs in our signature were considered risk lncRNAs, and they were upregulated in the high-risk group in the TCGA-COAD database. Only AC104819.3 was a protective lncRNA that was downregulated in the high-risk group (Figure 5A). We compared the differences in clinicopathological characteristics between the two risk subgroups. Interestingly, there were significant differences in tumour stage (p<0.01), T stage (p<0.01), N stage (p<0.001), M stage (p<0.01), microsatellite stability (p<0.05), venous invasion (p<0.001) and lymph invasion (p<0.01) (Figure 5A) between these two groups, and the above clinical characteristics were also compared separately in Figures 5B–G. The high-risk group exhibited advanced T and N stages compared with those of the low-risk group, and lymph and venous invasion were more frequent in the high-risk group. Interestingly, we also noticed that more patients from the high-risk group had a history of polyps. In sum, these results indicated that this 4-lncRNA signature has outstanding potential for predicting prognosis in COAD patients by evaluating their risk score by related gene expression level.




Figure 5 | Correlation analysis between the prognostic signature and different clinicopathological characteristics in the TCGA cohort. (A) The heatmap depicting the distribution of 12 different clinicopathological characteristics with the risk scores of each patient based on the signature. (B–G) The histogram depicting the significant difference of the risk scores in colon cancer patients stratified by T stage, N stage, M stage, lymph invasion, venous invasion and polyp history. *p < 0.05, **p < 0.01, and ***p < 0.001. ns, No significance.





Discovery of Molecular Functions and Pathways by GSEA, GO and KEGG Analysis

To explore the underlying difference in biological functions and signalling pathways between the different risk groups classified by the 4-FRL signature. GSEA was performed. The results showed that many cancer proliferation pathways were enriched in the high-risk group, such as angiogenesis-related pathways and the KRAS pathway. Many immune-related pathways were also involved, such as the autoimmune thyroid disease, the IL2 pathway, and the intestinal immune network (Figure 6A). Moreover, many metabolic pathways were enriched in the low-risk group, such as bile acid metabolism, butanoate metabolism, propanoate metabolism and drug metabolism (Figure 6B). Interestingly, some pathways related to drug resistance, such as KESHELAVA multiple drug resistance, cisplatin resistance and the MAPK pathway, were also enriched. The details of the GSEA results are listed in Supplementary Table 5. We further investigated the differences in biological processes and pathways in differentially expressed genes(DEGs) between the two risk groups. DEGs between the high-risk group and the low-risk group were determined by the cut-off of log2| FC| > 1 and FDR < 0.05, and annotation GO enrichment analysis and KEGG pathway analysis were then performed (p<0.05). The KEGG analysis showed that many immune-related pathways were significantly enriched, including systemic lupus erythematosus, Th1, Th2 and Th17 cell differentiation, antigen processing and presentation, which were similar to the results of GSEA (Figure 6C). GO analysis was conducted and indicated the enrichment of biological process (BP), molecular function (MF), and cell component (CC). The results of these three analyses are presented in Figure 6D. In summary, these results suggested that the risk score of the 4-lncRNA signature was mainly related to tumour metastasis, tumour immunity, biological metabolism and drug resistance in colon cancer.




Figure 6 | Biological functional and pathway enrichment analysis of high-risk group and low-risk group based on the ferroptosis-related lncRNA prognostic signature. (A) GSEA showing significant enrichment of immune-related pathways and cancer proliferation pathways in the high-risk colon cancer patients. (B) GSEA showing significant enrichment of metabolism related pathways in the low-risk colon cancer patients. (C) GO analysis showing many immune-related biological processes were enriched. (D) KEGG analysis showing many immune-related pathways and cancer proliferation pathways were enriched.





Immune-Related Analysis of COAD Patients Using the Prognostic Signature

To further explore the relationship between the ferroptosis-related signature and antitumour immunity in COAD patients, we identified the immune cell infiltration landscape of all patients with COAD from the TCGA database using the CIBERSORT algorithm. The proportion of each typical immune cell is shown in Figure 7A. To identify the differences in infiltrating immune cells between the high-risk and low-risk groups, the stromal score (substrate cells in the tumour tissue), immune score (immune cell infiltration in the tumour tissue) and estimate score (the summation of stromal and immune scores from individual cases) were compared, and these scores were all significantly higher in the high-risk group (p<0.001) (Figure 7B). Moreover, we also compared the proportion of each immune cell between the high-risk and low-risk groups and found that naive B cells, activated dendritic cells, M1 and M2 macrophages, neutrophils, monocytes, resting CD4 memory T cells, activated CD4 memory T cells, CD8 T cells, follicular helper T cells and regulatory T cells were significantly different between the two groups (Figure 7C).




Figure 7 | Analysis of immune cell infiltration landscape in colon cancer patients. (A) Bar graphs exhibiting the distribution of tumour-infiltrating immune cells between the high-risk and low-risk groups based on the ferroptosis-related-lncRNAs signature. (B) Stroma, immune, and ESTIMATE scores in the high-risk and low-risk groups in colon cancer patients. (C) The boxplots for the comparison of the 22 immune cells between the high-risk and low-risk groups in the colon cancer patients. (D) The boxplots for the comparison of the immune checkpoints genes between the high-risk and low-risk groups in the colon cancer patients. *p < 0.05, **p < 0.01, and ***p < 0.001, ns, No significance.



We also compared the expression levels of immune checkpoint genes in the high-risk and low-risk groups. As shown in Figure 7D, 30 checkpoint genes were significantly different between the two groups. Among these, 28 genes presented with high expression in the high-risk group, including many validated effective immunotherapy targets, such as PDCD1 (PD-1), CD274 (PD-L1) and CTLA4. HHLA2 and TNFSF15 expression was lower in the low-risk group than that in the high-risk group. Altogether, the relationships between the risk scores calculated by the 4-lncRNA signature and immune infiltration cells were evaluated, and the results indicated that the risk level of those COAD patients was associated with those immune infiltration cells.



Cancer-Related Gene Mutation and Drug Sensitivity in the 4-Ferroptosis-Related LncRNA Signature

To identify the difference in cancer-related gene mutations between the high-risk and low-risk groups, we first counted the gene mutation in each group. General information on representative gene mutations in both groups is shown in Figures 8A–D. Genes such as APC (75%), TP53 (65%), TNN (50%), KRAS (40%) and SYNE1 (26%) had the top five mutation frequencies in the high-risk group. APC (78%), TP53 (55%), TNN (45%), KRAS (44%) and PIK3CA (30%) were the top five genes with the highest mutation frequencies in the low-risk group. Generally, anti-oncogenes, such as TP53, had a relatively higher mutation rate in the high-risk group (65% vs. 55%), while oncogenes such as MUC16 presented a relatively lower mutation rate in the high-risk group (24% vs. 29%).




Figure 8 | Somatic mutation analysis and drug sensitive prediction in colon cancer patients. (A–D) MAF-summary plots and oncoplots of the somatic mutation showing the difference between the high-risk group and low-risk group in colon cancer patients. (E–O) Boxplot showing the mean differences in estimated IC50 values of 11 representative drugs (cisplatin, docetaxel, bleomycin, axitinib, gefitinib, pazopanib, rapamycin, tipifarnib, lapatinib, mitomycin C, AKT inhibitor VIII) between the two risk groups.



To further explore the difference in the two risk groups about the drug resistance potential. We compared the estimated IC50 levels of 138 chemotherapy drugs or inhibitors in the two groups. Among those, 11 representative drugs are shown in Figures 8E–O. We found that cisplatin, docetaxel, bleomycin, axitinib, gefitinib, pazopanib, rapamycin and tipifarnib may be candidate drugs for treating patients in the high-risk group. Lapatinib, mitomycin C, and AKT inhibitor VIII may not be ideal for patients in the high-risk group.



Validation of FRL Expression

To evaluate the protein-coding ability of these FRLs, we used PhyloCSF (33) to determine whether these FRLs are likely to represent conserved protein-coding regions. As shown in Supplementary Figure 2. AP003555.1, AC104819.3 and LINC02381 with negative scores were retained as potential noncoding RNAs (34), while AC005841.1 may have the potential to encode 4 kD short peptides because it obtained one exon with a positive score.

We further evaluated the expression levels of these 4 prognostic FRLs. We tested their expression level in the cell lines. As shown in Figure 9A, compared with those in the FHC line (established from normal fetal colonic mucosa), AP003555.1 and AC005841.1 were expressed at relatively higher levels in colon cancer cell lines (including HT29, HCT116, SW480, and SW620), but AC104819.3 and LINC02381 exhibited the opposite trend. We also validated the expression levels of these 4 lncRNAs in sample pairs retreated from colon cancer patients in our hospital. Similar expression trends were observed in clinical samples (Figures 9B–E). AP003555.1 and AC005841.1 showed higher expression levels in tumour tissues (T) than in pericarcinous tissues (N). These results further verified the correctness of the above bioinformatics research (Supplementary Figure 1D).




Figure 9 | Validation of the expression level of the four ferroptosis-related lncRNAs in cell lines and tissues. (A) Expression analysis of four ferroptosis-related lncRNAs in four colon cancer cell lines (HT29,HCT116,SW480,SW620) with FHC lines (established from normal foetal colonic mucosa). (B–D) Expression analysis of AP003555.1, AC104819.3, AC005841.1 and LINC02381 in 10 pairs of colon cancer tissue samples. **p < 0.01, and ***p < 0.001.





AP003555.1 and AC005841.1 Regulated Erastin-Induced Ferroptosis

As mentioned previously, compared with FHC, the expression of both AP003555.1 and AC005841.1 was significantly upregulated in the CRC cell lines, especially in HCT116 and SW480 cells. AC104819.3 and LINC02831 were slightly downregulated in CRC cells. Thus, AP003555.1 and AC005841.1 were chosen for further analysis. To further elucidate the potential function of these two FRLs, we implemented the stable knockdown of AP003555.1 and AC005841.1 using short hairpin RNAs in HCT116 and SW480 cells. The transfection efficiency was confirmed by qRT–PCR (Figures 10A, B). Then, a Cell Counting Kit-8 (CCK-8) assay was used to evaluate their roles in regulating the proliferation of colon cancer cells. The knockdown of AP003555.1 and AC005841.1 significantly inhibited cell proliferation in HCT116 and SW480 cells compared to their control groups (Figures 10C, D). Ferroptosis is mainly characterized by the accumulation of ROS. ROS levels were clearly observed after HCT116 and SW480 cells were treated with 10 µM erastin (ferroptosis activator). As expected, erastin-induced ROS production was increased after the knockdown of both AP003555.1 and AC005841.1 (Figures 10E, F). Then, malondialdehyde (MDA) and Fe2+ levels were measured by MDA and FerroOrange assay kits, and MDA and Fe2+ levels were remarkably increased after AP003555.1 and AC005841.1 silencing after treatment with 10 µM erastin in CRC cells (Figures 10G–J).




Figure 10 | Ferroptosis regulation of AP003555.1 and AC005841.1. (A, B) Relative expression level of AP003555.1 and AC005841.1 after transfection with the corresponding shRNA. (C) The cell proliferation ability of HT116 and SW480 cells after the knockdown of AP003555.1. (D) The cell proliferation ability of HT116 and SW480 cells after the knockdown of AC005841.1. (E, F) The comparison of erastin-induced ROS in the treatment and control groups. (G–J) The ferroptosis process was evaluated by detecting MDA and Fe2+ levels in the non-erastin-induced and erastin-induced groups. *p < 0.05, **p < 0.01, and ***p < 0.001, ns, No significance.






Discussion

Currently, many studies have focused on the roles of lncRNAs in the ferroptosis of cancer (35). The identification of FRLs is indispensable in searching for potential cancer targets. However, studies on FRLs in colon cancer remain limited.

In this study, we comprehensively analysed the expression profiles of 176 validated FRGs in humans provided by the latest online FerrDb database and screened out differentially expressed FRLs. Subsequently, the prognosis of each patient in the TCGA database and the expression profile of these FRLs were analysed. The results identified 26 prognostic FRLs. Then, a lncRNA-gene coexpression network was established, and we noticed that ALOX12 has high correlations with 12 prognostic FRLs. ALOX12 has been shown to play an important role in inflammation and oxidation (36). This enzyme can elevate the levels of mitogenic metabolites in cancer cells and thus increase the proliferation rate of cancers (37, 38). Recently, Bo Chu et al. found that ALOX12 inactivation diminishes p53-mediated ferroptosis induced by ROS stress and abrogates p53-dependent inhibition of tumour growth (17), which means that ALOX12 might function as a hub gene with a deep connection with many essential FRLs. We also noticed that LINC02831 had high correlations with 3 mRNAs (NOX4, ALOX15B, and CDO1). LINC02381 is an oncogene that has been validated by many cancer researchers. For example, LINC02381 can promote cell proliferation and migration by targeting miR-133b in cervical cancer (39), and it inhibits gastric cancer by regulating the wnt pathway (40). However, how LINC02381 is involved in regulating ferroptosis still needs further exploration. Significantly, we noticed that LINC02381 expression was lower in tumour samples than in nontumour samples; however, it still functions as a “risk” lncRNA in colon cancer.

Furthermore, a novel prognostic 4-lncRNA model was created. Specifically, this signature is relatively easier to use in the clinic than many other identified signatures because it only included 4 lncRNAs, and it also exhibited a greater ability to predict the prognosis of colon cancer patients than the traditional TNM stage. Many adverse events, such as venous invasion or lymphatic metastasis, could also be foreseen by evaluating the risk score of patients using this model. We divided colon cancer patients into a high-risk group and a low-risk group based on their risk scores calculated by the formula of this prognostic model. To further evaluate the mechanism of how this signature regulates the process of colon cancer. GSEA was then conducted. The results revealed that the pathway of angiogenesis ranks high in the high-risk group, and angiogenesis (the formation of new blood vessels) has been proven integral to cancer development (41). Cancer metastasis pathways such as cell adhesion or epithelial-mesenchymal transition (EMT) (42) were also enriched. The relationship between ferroptosis and the immunosuppressive microenvironment is a contentious issue (43). We noticed that many immune-related hallmarks were enriched, such as the intestinal immune network or IL2-STAT5 pathway, and we can reasonably assume that tumour immunity is closely related to ferroptosis in colon cancer. Lipid peroxidation has been considered a vital process in ferroptosis (44). Therefore, researchers also believe that aberrant metabolic and biochemical processes contribute to ferroptosis (45). Many metabolic pathways, including fatty acid metabolism, were also enriched. KEGG enrichment analysis and GO enrichment analysis, including BP, MF and CC, were also performed, and the enrichment pathway results were relatively similar to the GSEA results. In summary, we may infer from the results above that ferroptosis was inhibited in the high-risk group through some immune-related pathways. Therefore, colon cancer could initially develop in these patients.

Previous studies have also suggested that ferroptosis is closely related to tumour immunity. It is also considered immunogenic cell death (46). Wang et al. verified that CD8+ T cells could induce ferroptosis in tumour cells (47). Some studies also found that prostaglandin E2 (PGE2) facilitates tumour immune evasion (48, 49). However, no study has reported a direct relationship between ferroptosis and immune cell infiltration in colon cancer. After many immune-related pathways were enriched in our GSEA, we calculated the proportion of different types of tumour-infiltrating immune cells in colon cancer from TCGA database using CIBERSORT. As expected, we found that the high-risk group showed significantly higher immune, stromal and ESTIMATE scores than the low-risk group. Previous studies revealed that high immune and stromal scores as well as high infiltration of macrophages were associated with poor prognosis, which was in accordance with our results (50). Furthermore, patients in the high-risk group also presented relatively low expression levels of immune cells such as monocytes or dendrites, and immature immune cells such as naive B cells or immunosuppressive cells such as regulatory T cells were expressed at higher levels in the low-risk group. CD4 T cell responses are essential in the cancer immune cycle, and both significantly influence the clinical outcome (51). We witnessed a notable decrease in CD4 T cells in the high-risk group, and we assume that the CD4 function of colon cancer patients might be relatively inhibited or slowed in the high-risk group. The expression levels of many immune checkpoints, such as PD-1, PD-L1, and CTL4A, were higher in the high-risk group than in the low-risk group. Therefore, these patients might benefit from many immune checkpoint blockades (52), which might improve the prognosis of high-risk patients by enhancing their immunoreactivity or inducing ferroptosis.

Additionally, we evaluated the expression level of these 4 PFRDELs in our signature. The expression trend was basically consistent with the prediction of the previous bioinformatic analysis. Finally, many ferroptosis-related assays were conducted to elucidate the potential mechanisms of two lncRNAs in our signature, AP003555.1 and AC005841.1, which were proven to regulate ferroptosis in a ferroptosis-dependent manner. However, the role of LINC02381 in ferroptosis needs further exploration because no significant changes in MDA and Fe2+ levels were observed. Considering that the role of LINC02381 in cancer remains disputed (40, 41), we suggest that LINC02381 may work together with other genes in regulating ferroptosis. There are still some limitations that must be addressed. First, external validation was missing due to the lack of expression profiles of lncRNAs and OS data in other databases. Therefore, validation could only be performed via the TCGA database. Second, even though the expression levels of all 4 lncRNAs were checked by qRT–PCR in 10 pairs of clinical samples and 5 colon cancer cell lines, there were still not sufficient samples available, and more samples would be helpful to make the evidence more solid. Finally, the underlying mechanism of how these lncRNAs affect ferroptosis remains unknown. Further research on the relationship between these lncRNAs and FRGs is necessary.



Conclusion

Our study constructed a robust prognostic predictive model with only 4 FRLs, which, compared to other traditional clinicopathologic signatures, is relatively easy to test in patients. The relationship between our risk model and the immune landscape was preliminarily ascertained. The findings of our study offer many useful insights in predicting the prognosis of colon cancer patients and may even assist their treatment in clinical practice.
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Supplementary Figure 1 | Identification of differentially expressed ferroptosis-related lncRNAs in COAD. (A, B) The PCA map and the bar plots showing the distribution of colon cancer samples. (B) The volcano map of lncRNAs differentially expressed in COAD. (D) The heatmap of these 26 lncRNAs showing the expression level of each lncRNA in each patient.

Supplementary Figure 2 | The results of 4 FRLs in PhyloCSF.


Supplementary Table 1 | The list of primer sequences used in our study.


Supplementary Table 2 | The details of all of the ferroptosis-related genes.


Supplementary Table 3 | The table of differentially expressed lncRNAs and ferroptosis-related lncRNAs.


Supplementary Table 4 | The list of genes involoved in the coexpression network.


Supplementary Table 5 | The list of pathways enriched in GSEA.
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Background

We aimed to construct and validate an energy metabolism-related gene prognostic index (EMRGPI) to predict biochemical recurrence (BCR) in patients undergoing radical prostatectomy.



Methods

We used Lasso and COX regression analysis to orchestrate the EMRGPI in the TCGA database, and the prognostic value of EMRGPI was further validated externally using the GSE46602. All analyses were conducted with R version 3.6.3 and its suitable packages.



Results

SDC1 and ADH1B were finally used to construct the risk formula. We classified the 430 tumor patients in the TCGA database into two groups, and patients in the high-risk group had a higher risk of BCR than those in the low-risk group (HR: 1.98, 95%CI: 1.18-3.32, p=0.01). Moreover, in the GSE46602, we confirmed that the BCR risk in the high-risk group was 3.86 times higher than that in the low-risk group (95%CI: 1.61-9.24, p=0.001). We found that patients in the high-risk group had significantly higher proportions of residual tumor, older age, and T stage. SDC1 and ADH1B were significantly expressed low in the normal tissues when compared to the tumor tissues, which were opposite at the protein level. The spearman analysis showed that EMRGPI was significantly associated with B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, dendritic cells, stromal score, immune score, and estimate score. In addition, the EMRGPI was positively associated with the 54 immune checkpoints, among which CD80, ADORA2A, CD160, and TNFRSF25 were significantly related to the BCR-free survival of PCa patients undergoing RP.



Conclusions

The EMRGPI established in this study might serve as an independent risk factor for PCa patients undergoing radical prostatectomy.





Keywords: energy metabolism, prostate cancer, tumor immune microenvironment, biochemical recurrence, immune checkpoint



Introduction

With the population aging, the overall health burden of prostate cancer (PCa) is increasing. Radical prostatectomy (RP) remains the first choice for the treatment of localized PCa. However, nearly 50% of patients encounter biochemical recurrence (BCR) after surgery (1). The current definition of BCR is heterogeneous, the most predictive threshold for metastasis after RP is PSA>0.4 ng/ml (2). After the radical radiotherapy, regardless of short-term hormone control, the definition of BCR is any PSA increase >2 ng/ml higher than the PSA nadir, regardless of the nadir value (3). It is believed that the impact of BCR on survival is only limited to a subgroup of patients with specific clinical risk factors (4). However, the prognosis of patients with BCR varies. Thus, indications for further treatment should not be based solely on meeting the threshold defined above for PSA, but rather a prediction method of individualized progression risk of PCa patients (5).

The occurrence of BCR is based on multiple systematic pathway alterations. In the process of tumor transformation, prostate cells undergo metabolic reprogramming to meet the needs of growth and proliferation. Metabolomics provides a down-stream measurement. Lucarelli et al. summarized that the PCa metabolome was characterized by accumulation of metabolic intermediates and increased expression of genes in the Krebs cycle, induction of de novo lipogenesis and cholesterol production (6, 7). Clendinen et al. proposed a nomogram to predict BCR through metabolomics, and found that many pathways altered, including amino acid metabolism, purine and pyrimidine synthesis, tricarboxylic acid (TCA) cycle, tryptophan catabolism, glucose, and lactate, and the lipid abundance was higher among BCR patients for a number of classes, including triglycerides, lysophosphatidylcholines, phosphatidylethanolamines, phosphatidylinositols, diglycerides, acyl carnitines, and ceramides (8). Studying the metabolic changes of the prostate is helpful to distinguish the indolent tumors from aggressive tumors, and to predict BCR.

Previous studies have reported several gene biomarker models to predict BCR for PCa patients undergoing RP (9–13), but the large number of genes in the model limits their clinical application. Adequate energy metabolism is essential for the survival of tumor cells. For the first time, we constructed and validated an energy metabolism-related gene prognostic index (EMRGPI) using only two genes to predict BCR in PCa patients undergoing RP. Our study has been registered in the ISRCTN registry (No. ISRCTN11560295).



Methods


Data Preparation

We downloaded and integrated PCa data from the UCSC XENA and the previous study (14, 15). We extracted the matrix of message RNA (mRNA) and identified the tumor-related genes through weighted gene co-expression network analysis (WGCNA). The significantly relevance was defined as lcoefficientl > 0.3 and p < 0.05. Differentially expressed genes (DEGs) were analyzed, which were considered as llogFCl > 1 and padj < 0.01. Two energy metabolism-related gene sets (energy-requiring part of metabolism and reactome energy metabolism) were obtained from the molecular signature database (MsigDB, http://www.broad.mit.edu/gsea/msigdb/) (16). Subsequently, the candidate genes were identified through the intersection of tumor-related genes, DEGs and energy metabolism-related genes. We used the Lasso and COX regression analysis to figure out the independent risk genes associated with BCR-free survival, and then orchestrated the energy metabolism-related gene prognostic index (EMRGPI). The EMRGPI risk score= 0.348*SDC1+0.229*ADH1B. Patient data undergoing RP in the GSE46602 (17) were downloaded from the Gene Expression Omnibus (GEO) (18), and were further used to externally confirm the prognostic value of EMRGPI. In addition, we confirmed the differential expression of SDC1 and ADH1B at protein level through the human protein atlas (HPA) database (19, 20).



Function Analysis and Tumor Immune Environment (TME) Analysis

The genes interacted with SDC1 and ADH1B was analyzed through the GeneMANIA database (21). We divided the 430 tumor patients into high- and low-risk group according to the median of EMRGPI. Gene set enrichment analysis (GSEA) was conducted to explore the possible pathways (16, 22). Considering gene expression profile and risk groups, the minimum gene set was 5 and maximum was 5000. P < 0.05 and false discovery rate (FDR) < 0.10 were considered statistically significant.

We used the TIMER and ESTIMATE algorithms (23, 24) to analyze the TME of PCa patients. The spearman analysis was used to analyze the correlations between EMRGPI and TME parameters and 54 common immune checkpoints. We also explored the prognostic values of the checkpoints related to the EMRGPI in predicting BCR-free survival.



Statistical Analysis

We performed all analyses using software R 3.6.3 and its suitable packages. We utilized Wilcoxon test under the circumstance of non-normal data distribution. Variables could be entered into multivariate COX regression analysis if p value < 0.1 in the univariable Cox regression analysis. Survival analysis was conducted through log-rank test and presented as Kaplan-Meier curve. Besides, the Spearman analysis was used to assess the correlations among continuous variables if they did not meet Shapiro-Wilk normality test. Statistical significance was set as two-sided p < 0.05. Significant marks were as follows: no significance (ns), p≥0.05; *, p< 0.05; **, p<0.01; ***, p<0.001.




Results


EMRGPI and Its Clinical Values

We obtained 498 tumor and 52 normal samples of PCa from the TCGA database, among which 430 PCa patients undergoing RP had complete data of BCR (Supplementary Table 1). Patients who experienced BCR were significantly associated with higher Gleason score and advanced T stages (Supplementary Table 1). We clustered the genetic mRNA expression of 498 tumor and 52 normal samples of PCa from the TCGA database using the WGCNA analysis (Figure 1A), and identified 2183 genes in the black, greenyellow, and pink modules which were highly related to tumor (Figure 1B). 66 candidate genes were found through the intersection of tumor-related genes, DEGs and energy metabolism-related genes (Figure 1C). 11 genes were found through the Lasso regression analysis using the methods of 10-fold cross-validation, where the lambda value was 0.0185 (Figure 1D). We also presented the trajectory diagram of the 11 genes in Figure 1E. A total of 7 of the 11 genes were significantly associated with BCR-free survival, and multivariate COX regression analysis was conducted using the 7 genes (Figure 1F). SDC1 and ADH1B were the independent risk factors of PCa patients, and we further constructed the risk formula using the two genes. We classified the 430 tumor patients in the TCGA database into two groups according to the median of the EMRGPI score, and patients in the high-risk group had a higher risk of BCR than those in the low-risk group (HR: 1.98, 95%CI: 1.18-3.32, p=0.01; Figure 1G). We further observed that the EMRGPI could serve as the independent risk factor of BCR for PCa patients through the multivariate COX regression analysis which enrolled the EMRGPI and clinical indicators in the TCGA database (Supplementary Table 2). Moreover, PCa patients in the GSE46602 (17) were divided into high- and low-risk groups based on the median of EMRGPI score, and we confirmed that the BCR risk in the high-risk group was 3.86 times higher than that in the low-risk group (95%CI: 1.61-9.24, p=0.001; Figure 1H). The diagnostic ability of EMRGPI distinguishing BCR patients from no BCR patients in the TCGA database was low (Figures 1I, J). Physical interactions and co-expression between ADH1B, and ADH1C, ADH1A and ALDH2 were observed, and CXCL2, MMP14, and TOPORS were predicted to interacted with SDC1 (Figure 1K). The age of high-risk group was significantly higher than that of low-risk group (61.58 ± 6.61 vs 60.29 ± 6.86, p=0.047; Table 1). Moreover, we found that patients in the high-risk group had significantly higher proportions of residual tumor (p=0.016), and T stage (p < 0.001) (Table 1).




Figure 1 | Identification of EMRGPI and its clinical values. (A) gene cluster plot showing the process of WGCNA analysis; (B) modules and phenotype showing 2183 genes in the black, greenyellow, and pink modules which were highly related to tumor; (C) Venn plot showing the intersection of tumor-related genes, DEGs and energy metabolism-related genes; (D) variables screening through the Lasso regression analysis where the lambda value was 0.0185; (E) trajectory diagram of the 11 genes identified through the Lasso regression analysis; (F) forest plot showing the COX regress analysis of genes associated with BCR-free survival; (G) Kaplan-Meier curve showing survival difference of high- and low-risk group in the TCGA database; (H) Kaplan-Meier curve showing survival difference of high- and low-risk group in the GSE46602 (17); (I) ROC curve showing the diagnostic ability of EMRGPI in distinguishing BCR from no BCR; (J) Time-dependent ROC curve showing the diagnostic ability of EMRGPI in distinguishing BCR from no BCR; (K) Gene interacted with ADH1B and SDC1. BCR, biochemical recurrence; DEGs, differentially expressed genes; EMRGPI, energy metabolism-related gene prognostic index; WGCNA, weighted gene co-expression network analysis; mRNA, message RNA; ROC, receiver operating characteristic curve. prostate cancer patients were divided into high- and low-risk groups according to the median of the EMRGPI score.




Table 1 | The correlations between EMGPI and clinical parameters in the TCGA database.





Differential Expression of SDC1 and ADH1B and TME Analysis

The mRNA expression of SDC1 and ADH1B were significantly lower in the tumor tissues when compared to the normal tissues (Figure 2A), which were opposite at the protein levels through the HPA database (19, 20) (Figures 2B, C). The spearman analysis showed that EMRGPI was significantly associated with B cells (r: 0.27), CD4+ T cells (r: 0.42), CD8+ T cells (r: 0.29), neutrophils (r: 0.47), macrophages (r: 0.22), dendritic cells (r: 0.55), stromal score (r: 0.47), immune score (r: 0.41), and estimate score (r: 0.48) (Figure 2D). In addition, the EMRGPI was positively associated with the 54 immune checkpoints (Figure 2E), among which CD80 (HR: 1.76, 95%CI: 1.03-3.00, p=0.037; Figure 2F), ADORA2A (HR: 2.02, 95%CI: 1.09-3.44, p=0.01; Figure 2G), CD160 (HR: 2.29, 95%CI: 1.32-3.96, p=0.003; Figure 2H), and TNFRSF25 (HR: 1.92, 95%CI: 1.13-3.26, p=0.016; Figure 2I) were significantly related to the BCR-free survival of PCa patients undergoing RP.




Figure 2 | Differential expression of SDC1 and ADH1B and TME analysis. (A) volcano plot showing differentially expressed genes between tumor and normal tissues; (B) differential expression of SDC1 at protein level in the HPA database (19, 20); (C) differential expression of ADH1B at protein level in the HPA database (19, 20); (D) the correlations between EMRGPI and TME indicators; (E) the correlations between EMRGPI and immune checkpoints; (F) Kaplan-Meier curve showing survival difference of high- and low-expression of CD80 in the TCGA database; (G) Kaplan-Meier curve showing survival difference of high- and low-expression of ADORA2A in the TCGA database; (H) Kaplan-Meier curve showing survival difference of high- and low-expression of CD160 in the TCGA database; (I) Kaplan-Meier curve showing survival difference of high- and low-expression of TNFRSF25 in the TCGA database. BCR, biochemical recurrence; EMRGPI, energy metabolism-related gene prognostic index; TME, tumor immune microenvironment.





Functional Enrichment Analysis

430 PCa patients in the TCGA database were classified into two groups according to the median of the EMRGPI score, and the results of GSEA analysis between low- and high-risk group were presented in Table 2. Several cancers, such as thyroid cancer, renal cell carcinoma, and small lung cancer, were enriched in high-risk group. In terms of signaling pathways, insulin, chemokine, WNT, T cell receptor, MAPK, and NOD like receptor signaling pathways were highly upregulated in high-risk group. In addition, several cellular and molecular processes, including regulation of actin cytoskeleton, snare interactions in vesicular transport, apoptosis, focal adhesion, extracellular matrix (ECM) receptor interaction, FC gamma R-mediated phagocytosis, endocytosis, and cell adhesion molecules, were enriched in the high-risk group.


Table 2 | The results of gene set enrichment analysis between low- and high-risk group.






Discussion

Although surgery or radiotherapy can effectively improve the prognosis of PCa patients and prolong their survival, the rate of recurrence and metastasis remains high. Meanwhile, there may be a tendency of over-medical treatment for the large population of PCa patients (25). Magnetic resonance imaging variables, prostate-specific antigen (PSA), and Gleason score are currently common mainstream methods for predicting BCR (26, 27). It is currently recommended that PSA doubling time and pathological Gleason score are indicators used to grade the risk of BCR after RP (5). Actually, we observed that BCR patients had higher Gleason score and advanced T stages than no BCR patients in this study. Maxeiner et al. used magnetic-resonance-spectroscopy-based metabolomic profiles to establish a model for predicting BCR through changes in several metabolites including spermine/polyamines, glutamine, myo-inositol, phosphoryl choline, scylloinositol, and glutamate, with an accuracy of 78% (28). Stabler et al. used the combination of serum PSA with cystathionine, cysteine, and homocysteine as markers to predict BCR with an AUC of 0.86 (29). In this paper, from the perspective of energy metabolism, we firstly found individual approach of gene-level recurrence markers that are helpful to the clinical decision-making of PCa patients. Furthermore, compared to the previous gene signatures (9–13), we included two different genes in our study and provided a simpler prognostic gene formula from the perspective of energy metabolism.

Like other metabolic cancers, increased glycolysis can provide more metabolic intermediates and energy for the rapid proliferation of PCa cells (30). Shao et al. observed significant accumulation of metabolic intermediates in PCa and the enrichment of genes in the TCA cycle, indicating that the TCA cycle in PCa tissue is over-activated, and existence of potential replenishment pathways for the metabolism of pyruvate, glutamine and branched chain amino acids in PCa supplements the metabolites of the TCA cycle (31). Androgen receptor (AR) plays an important role in increasing glycolysis in PCa cells, which can induce flux through the classical TCA cycle and reductive carboxylation of glutamine (32–34). The AR constitutively actives splice variants, such as AR-V7, stimulates glycolysis to a similar degree to AR in changing metabolism, and at the same time improves the utilization of citrate, and possibly metabolize it into other compounds needed for cell growth, such as lipids, steroids and amino acids, which increases the tumor’s ability to grow (34). It has been shown that androgens can stimulate AMPK-PGC1α cascade by increasing mitochondrial function and biogenesis, and activate glycolysis and oxidative phosphorylation (OXPHOS) (33). Clendinen et al. found that lactate and other end products of glucose catabolism increased in patients with BCR (1). The increased lactate may be related to the Warburg effect (35). Meanwhile, tumor cells induce the secretion of lactate and pyruvate by cancer-associated fibroblasts (CAFs) through aerobic glycolysis, and then they take up these energy-rich metabolites to promote efficient energy production through mitochondrial OXPHOS, thereby producing higher proliferation capacity, the reverse Warburg effect (36). This process of lactate exchange between CAFs and cancer cells is called lactate shuttle (37). In addition, different literatures also reported the relationship between elevated methionine metabolites such as cysteine and BCR (8, 29).

Alcohol dehydrogenase family (ADH1B and ADH1C) metabolize a wide variety of substrates, including ethanol, retinol, other aliphatic alcohols, hydroxysteroids, and lipid peroxidation products (38). ADH1B (rs1229984) and aldehyde dehydrogenase 2 (ALDH2) (rs671) are the two main genes involved in ethanol metabolism (39, 40). Genetic polymorphisms of ADH1B, ADH1C and ALDH2 have been reported involving in the development and progression of many cancers, such as gastric cancer (41), head and neck cancers (42), esophageal cancer (43), and pancreatic cancer (44). In a mendelian randomization study, it was found that in ALDH1B1 (rs10973794) was associated with PCa mortality with low-grade prostate cancer (HR = 1.43; p = 0.002) (45). So far, epidemiologic evidence for association between alcohol intake and the risk of PCa still remain unclear. Many articles, meta-analyses and systematic reviews showed contradictory conclusions (46–49). The possible reason might be the gene polymorphism which was associated with the enzyme activity. SDC1 was found to be significantly associated with BCR for PCa patients undergoing RP (50, 51), which could mutually confirm with our results. Moreover, serum SDC-1 levels have also been confirmed to be related to PCa progression, overall survival, disease specific survival, and chemotherapy resistance (52, 53). The inflammation of tumor patients is not limited to the local tumor, but systemic inflammation, clinically manifested as increased myeloid cells, and neutrophil-to-lymphocyte ratio in the circulation is closely related to poor prognosis in cancers (54). Systemic mobilization of neutrophils promotes metastatic diffusion, while SDC1 shedding is a critical endogenous mechanism that facilitates the resolution of neutrophilic inflammation by aiding the clearance of proinflammatory chemokines (like CXCL12) in a heparan sulfate-dependent manner (54, 55). MMP14 is up-regulated in PCa cells, and may be involved in mediating the mutual crosstalk between PCa cells and periprostatic adipose tissue, promoting tumor invasion (56). SDC1 could inhibit early stages of liver fibrogenesis by interfering with TGFβ1 action and upregulating MMP14 (57). Besides, TOPORS is a ubiquitously expressed E3 ubiquitin ligase that can ubiquitinate the tumor suppressor gene p53 (58). Notably, we found that the transcriptional and protein levels of these two genes were completely opposite in this study, which indicated the role of epigenetic or post-transcriptional regulation.

The overexpression of focal adhesion kinase is associated with the formation and invasive activity of androgen-independent PCa cells (59). The activation of FAK/src/paxillin/Rac/JNK leads to an increase in the activity of matrix metalloproteinases and the reorganization of membrane molecules, changes in adhesion to collagen type I and invasion into collagen type I, and may be one of the mechanisms of PCa invasion (60). The remodeling of collagen ECM is thought to be related to aging and PCa growth and invasion, since the collagen matrix extracted from aged mice enhances the invasion and proliferation of PCa cells in vitro (61). Reactive stroma where metabolites and genes linked to immune functions and ECM remodeling are significantly upregulated is a common tissue feature in the TME of PCa and are also associated with BCR (62). The MAPK signaling pathway can be triggered by growth factors such as TGF-β, leading to the down-regulation of epithelial markers and the up-regulation of mesenchymal markers, resulting in epithelial-mesenchymal transition (EMT) (63–65). The activation of the non-canonical Wnt pathway induced by Wnt5a/Fzd2 is significantly related to EMT and metastasis, and has been proven to be an important predictor of BCR (66). This feature is also related to the decreased concentration of metabolites citrate and spermine, which are thought to be associated with aggressive PCa (66). A nomogram constructed based on the Wnt ligand gene family is used to predict BCR, and the C index is 0.719 (67). In addition, we also found that EMRGPI was related to chronic myelogenous leukemia, thyroid cancer, renal cell carcinoma, and small cell lung cancer through functional analysis, further proving its clinical relevance.

In this study, we observed that EMGPI was positively associated with the immune infiltrating cells and TME scores. We thought that the metabolic competition between cancer cells and immune cells inhibited the function of immune cells and the metabolic reprogramming also played a significant role in suppressing the immune attack on the tumor cells and in resistance to therapies (68). Lactate is an immunosuppressive molecule, whose elevation in PCa cells and TME could promote the immune escape (69). Meanwhile, lactate inhibits the differentiation of monocytes and dendritic cells, and induces the inactivation of cytotoxic T lymphocytes (35). Moreover, the elevated lactate in TME can promote the polarization of tumor-related macrophages (TAMs) to M2 by activating the ERK/STAT3 signaling pathway (70), and tumor cells tend to survive and metastasize through its secretion of anti-inflammatory and promoting angiogenesis cytokines (71). Excessive production of pro-inflammatory cytokines and extracellular matrix-related molecules leads to the lipolysis of cancer cells to produce free fatty acids, which induce oxidative stress through the expression of pro-oxidant enzyme NADPH oxidase 5 (56). Then, increased reactive oxygen species production activates the HIF1/MMP14 pathway, which contributes to the invasion ability of PCa cells (56). At the same time, we observed that EMRGPI was correlated with stromal score. The interaction between tumor and stroma is also believed to play a role in the metabolic reprogramming of tumor cells. It is worth noting that this ability to induce metabolic reprogramming is bidirectional. CAF is induced to up-regulate the expression of the glucose transporter GLUT1, enhance the production and the output of lactate through the de novo expression of monocarboxylic acid transporter 4 (72). At the same time, after PCa cells are in contact with CAF, the expression of GLUT1 decreases, and the input of lactate through the lactate transporter MCT1 increases and then lactate enters the TCA cycle (72). The so-called reverse Warburg effect describes a metabolic symbiosis model in which CAF provides energy and metabolites for epithelial cancer cells (72). In tumor stroma, matrix components. including CAFs establish a metabolic symbiosis relationship with PCa cells through lactate shuttle and cellular bridges both in vitro and in vivo, which ultimately leads to a high exploitation of mitochondria, TCA cycle deregulation and enhanced PCa invasiveness (73). Other stromal components such as adipocytes are also believed to possess a similar metabolic symbiosis relationship and are believed to be related to PCa metastasis (74, 75). In TRAMP+/p62adipo mice, obesity and more aggressive PCa are shown. At the same time, energy expenditure pathways such as lipogenesis and OXPHOS in adipose tissue are inhibited to save energy substrates for FA β-oxidation gene-enriched PCa cells, with an up-regulated level of the rate-limiting enzyme of the transport of long-chain FAs for β-oxidation, CPT1A, thus promoting EMT and cancer aggressiveness (76).

We also found positive correlations between EMRGPI and many checkpoints, among which CD80, ADORA2A, CD160, and TNFRSF25 were highly associated with BCR-free survival. Adenosine mediates immune suppression in the TME by ADORA2A on immune cells. Drugs targeting ADORA2A have entered phase I clinical trials for the immunotherapy of patients with renal cell carcinoma (77). Serum CD80 is related to BCR (78). CD160 is essential for NK-mediated IFN-γ production (79). For hepatocellular carcinoma, the reduction in the number and function of CD160 + NK cells in TME contributes to the immune escape (80). Members of the TNF receptor superfamily (TNFRSF) are the key co-stimulators of T cells, and TNFRSF25 can promote CD8⁺ T cell responses and anti-tumor immunity (81).

For the first time, our article proposed genes related to energy metabolism to predict BCR of PCa patients undergoing RP. It not only provided the latest insights to the correlations between cancer cells and TME cells, but most importantly, it proposed a method for screening high-risk BCR patients at the genetic level, which was helpful for individualized screening of early treatment patient groups, and ultimately helped to reduce PCa medical costs. However, the potential mechanism of the opposite difference between transcriptional and protein levels is needed to be further studied. Besides, the role of energy metabolism between tumor cells and immune cells still warranted to be investigated.



Conclusions

The EMRGPI established in this study might serve as an independent risk factor for PCa patients undergoing RP.



Data Availability Statement

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



Author Contributions

DF proposed the project, conducted data analysis, interpreted the data, and wrote the manuscript. XS, FZ, QX, and QW, conducted data analysis, interpreted the data. LY supervised the project, and interpreted the data. All authors reviewed and edited the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This program was supported by the National Natural Science Foundation of China (Grant Nos. 81974099, 82170785, 81974098, 82170784), programs from Science and Technology Department of Sichuan Province (Grant Nos. 21GJHZ0246), Young Investigator Award of Sichuan University 2017 (Grant No. 2017SCU04A17), Technology Innovation Research and Development Project of Chengdu Science and Technology Bureau (2019-YF05-00296-SN), Sichuan University–Panzhihua science and technology cooperation special fund (2020CDPZH-4). The funders had no role in study design, data collection or analysis, preparation of the manuscript, or the decision to publish.



Acknowledgments

The results showed here are in whole or part based upon data generated by the TCGA Research Network: https://www.cancer.gov/tcga.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.839362/full#supplementary-material

Supplementary Table 1 | The baselines of patients with prostate cancer from the TCGA database. BCR, biochemical recurrence; GS, Gleason score; IQR, interquartile range.

Supplementary Table 2 | Univariate and multivariate COX regression analysis of EMGPI and clinical indicators for the paitents with prostate cancer from the TCGA database. EMRGPI, energy metabolism-related gene prognositc index; GS, Gleason score.



Abbreviations

EMRGPI, energy metabolism-related gene prognostic index; RP, radical prostatectomy; PCa, prostate cancer; BCR, biochemical recurrence; TCA, tricarboxylic acid; PSA, prostate-specific antigen; OXPHOS, oxidative phosphorylation; CAF, cancer-associated fibroblast; EMT, epithelial-mesenchymal transition; TME, tumor immune microenvironment; TAM, tumor-associated macrophage; ECM, extracellular matrix; AR, androgen receptor; WGCNA, weighted gene co-expression network analysis; DEGs, differentially expressed genes; mRNA, message RNA; GSEA, gene set enrichment analysis.



References

1. Suardi, N, Porter, CR, Reuther, AM, Walz, J, Kodama, K, Gibbons, RP, et al. A Nomogram Predicting Long-Term Biochemical Recurrence After Radical Prostatectomy. Cancer (2008) 112(6):1254–63. doi: 10.1002/cncr.23293

2. Amling, CL, Bergstralh, EJ, Blute, ML, Slezak, JM, and Zincke, H. Defining Prostate Specific Antigen Progression After Radical Prostatectomy: What Is the Most Appropriate Cut Point? J Urol (2001) 165(4):1146–51. doi: 10.1016/S0022-5347(05)66452-X

3. Roach, M 3rd, Hanks, G, Thames, H Jr, Schellhammer, P, Shipley, WU, Sokol, GH, et al. Defining Biochemical Failure Following Radiotherapy With or Without Hormonal Therapy in Men With Clinically Localized Prostate Cancer: Recommendations of the RTOG-ASTRO Phoenix Consensus Conference. Int J Radiat Oncol Biol Phys (2006) 65(4):965–74. doi: 10.1016/j.ijrobp.2006.04.029

4. Van den Broeck, T, van den Bergh, RCN, Arfi, N, Gross, T, Moris, L, Briers, E, et al. Prognostic Value of Biochemical Recurrence Following Treatment With Curative Intent for Prostate Cancer: A Systematic Review. Eur Urol (2019) 75(6):967–87. doi: 10.1016/j.eururo.2018.10.011

5. Van den Broeck, T, van den Bergh, RCN, Briers, E, Cornford, P, Cumberbatch, M, Tilki, D, et al. Biochemical Recurrence in Prostate Cancer: The European Association of Urology Prostate Cancer Guidelines Panel Recommendations. Eur Urol Focus (2020) 6(2):231–4. doi: 10.1016/j.euf.2019.06.004

6. Lucarelli, G, Rutigliano, M, Galleggiante, V, Giglio, A, Palazzo, S, Ferro, M, et al. Metabolomic Profiling for the Identification of Novel Diagnostic Markers in Prostate Cancer. Expert Rev Mol Diagn (2015) 15(9):1211–24. doi: 10.1586/14737159.2015.1069711

7. Lucarelli, G, Loizzo, D, Ferro, M, Rutigliano, M, Vartolomei, MD, Cantiello, F, et al. Metabolomic Profiling for the Identification of Novel Diagnostic Markers and Therapeutic Targets in Prostate Cancer: An Update. Expert Rev Mol Diagn (2019) 19(5):377–87. doi: 10.1080/14737159.2019.1604223

8. Clendinen, CS, Gaul, DA, Monge, ME, Arnold, RS, Edison, AS, Petros, JA, et al. Preoperative Metabolic Signatures of Prostate Cancer Recurrence Following Radical Prostatectomy. J Proteome Res (2019) 18(3):1316–27. doi: 10.1021/acs.jproteome.8b00926

9. Luan, J, Zhang, Q, Song, L, Wang, Y, Ji, C, Cong, R, et al. Identification and Validation of a Six Immune-Related Gene Signature for Prediction of Biochemical Recurrence in Localized Prostate Cancer Following Radical Prostatectomy. Transl Androl Urol (2021) 10(3):1018–29. doi: 10.21037/tau-20-1231

10. Zhang, L, Li, Y, Wang, X, Ping, Y, Wang, D, Cao, Y, et al. Five-Gene Signature Associating With Gleason Score Serve as Novel Biomarkers for Identifying Early Recurring Events and Contributing to Early Diagnosis for Prostate Adenocarcinoma. J Cancer (2021) 12(12):3626–47. doi: 10.7150/jca.52170

11. Shao, N, Tang, H, Mi, Y, Zhu, Y, Wan, F, and Ye, D. A Novel Gene Signature to Predict Immune Infiltration and Outcome in Patients With Prostate Cancer. Oncoimmunology (2020) 9(1):1762473. doi: 10.1080/2162402X.2020.1762473

12. Long, X, Hou, H, Wang, X, Liu, S, Diao, T, Lai, S, et al. Immune Signature Driven by ADT-Induced Immune Microenvironment Remodeling in Prostate Cancer Is Correlated with Recurrence-Free Survival and Immune Infiltration. Cell Death Dis (2020) 11(9):779. doi: 10.1038/s41419-020-02973-1

13. Luan, JC, Zhang, QJ, Zhao, K, Zhou, X, Yao, LY, Zhang, TT, et al. A Novel Set of Immune-Associated Gene Signature Predicts Biochemical Recurrence in Localized Prostate Cancer Patients After Radical Prostatectomy. J Cancer (2021) 12(12):3715–25. doi: 10.7150/jca.51059

14. Goldman, MJ, Craft, B, Hastie, M, Repečka, K, McDade, F, Kamath, A, et al. Visualizing and Interpreting Cancer Genomics Data via the Xena Platform. Nat Biotechnol (2020) 38(6):675–8. doi: 10.1038/s41587-020-0546-8

15. Liu, J, Lichtenberg, T, Hoadley, KA, Poisson, LM, Lazar, AJ, Cherniack, AD, et al. An Integrated TCGA Pan-Cancer Clinical Data Resource to Drive High-Quality Survival Outcome Analytics. Cell (2018) 173(2):400–16.e11. doi: 10.1016/j.cell.2018.02.052

16. Subramanian, A, Tamayo, P, Mootha, VK, Mukherjee, S, Ebert, BL, Gillette, MA, et al. Gene Set Enrichment Analysis: A Knowledge-Based Approach for Interpreting Genome-Wide Expression Profiles. PNAS (2005) 102(43):15545–50. doi: 10.1073/pnas.0506580102

17. Mortensen, MM, Høyer, S, Lynnerup, AS, Ørntoft, TF, Sørensen, KD, Borre, M, et al. Expression Profiling of Prostate Cancer Tissue Delineates Genes Associated With Recurrence After Prostatectomy. Sci Rep (2015) 5:16018. doi: 10.1038/srep16018

18. Edgar, R, Domrachev, M, and Lash, AE. Gene Expression Omnibus: NCBI Gene Expression and Hybridization Array Data Repository. Nucleic Acids Res (2002) 30(1):207–10. doi: 10.1093/nar/30.1.207

19. Uhlen, M, Zhang, C, Lee, S, Sjöstedt, E, Fagerberg, L, Bidkhori, G, et al. A Pathology Atlas of the Human Cancer Transcriptome. Science (2017) 357(6352):eaan2507. doi: 10.1126/science.aan2507

20. Uhlén, M, Fagerberg, L, Hallström, BM, Lindskog, C, Oksvold, P, Mardinoglu, A, et al. Proteomics. Tissue-Based Map of the Human Proteome. Science (2015) 347(6220):1260419. doi: 10.1126/science.1260419

21. Warde-Farley, D, Donaldson, SL, Comes, O, Zuberi, K, Badrawi, R, Chao, P, et al. The GeneMANIA Prediction Server: Biological Network Integration for Gene Prioritization and Predicting Gene Function. Nucleic Acids Res (2010) 38(Web Server issue):W214–20. doi: 10.1093/nar/gkq537

22. Liberzon, A, Subramanian, A, Pinchback, R, Thorvaldsdóttir, H, Tamayo, P, and Mesirov, JP. Molecular Signatures Database (MSigDB) 3.0. Bioinformatics (2011) 27(12):1739–40. doi: 10.1093/bioinformatics/btr260

23. Li, B, Severson, E, Pignon, JC, Zhao, H, Li, T, Novak, J, et al. Comprehensive Analyses of Tumor Immunity: Implications for Cancer Immunotherapy. Genome Biol (2016) 17(1):174. doi: 10.1186/s13059-016-1028-7

24. Yoshihara, K, Shahmoradgoli, M, Martínez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring Tumour Purity and Stromal and Immune Cell Admixture From Expression Data. Nat Commun (2013) 4:2612. doi: 10.1038/ncomms3612

25. Etzioni, R, Penson, DF, Legler, JM, di Tommaso, D, Boer, R, Gann, PH, et al. Overdiagnosis Due to Prostate-Specific Antigen Screening: Lessons From U.S. Prostate Cancer Incidence Trends. J Natl Cancer Inst (2002) 94(13):981–90. doi: 10.1093/jnci/94.13.981

26. Hu, XH, Cammann, H, Meyer, HA, Jung, K, Lu, HB, Leva, N, et al. Risk Prediction Models for Biochemical Recurrence After Radical Prostatectomy Using Prostate-Specific Antigen and Gleason Score. Asian J Androl (2014) 16(6):897–901. doi: 10.4103/1008-682X.129940

27. Poulakis, V, Witzsch, U, de Vries, R, Emmerlich, V, Meves, M, Altmannsberger, HM, et al. Preoperative Neural Network Using Combined Magnetic Resonance Imaging Variables, Prostate-Specific Antigen, and Gleason Score for Predicting Prostate Cancer Biochemical Recurrence After Radical Prostatectomy. Urology (2004) 64(6):1165–70. doi: 10.1016/j.urology.2004.06.030

28. Maxeiner, A, Adkins, CB, Zhang, Y, Taupitz, M, Halpern, EF, McDougal, WS, et al. Retrospective Analysis of Prostate Cancer Recurrence Potential With Tissue Metabolomic Profiles. Prostate (2010) 70(7):710–7. doi: 10.1002/pros.21103

29. Stabler, S, Koyama, T, Zhao, Z, Martinez-Ferrer, M, Allen, RH, Luka, Z, et al. Serum Methionine Metabolites Are Risk Factors for Metastatic Prostate Cancer Progression. PloS One (2011) 6(8):e22486. doi: 10.1371/journal.pone.0022486

30. Vander Heiden, MG, Cantley, LC, and Thompson, CB. Understanding the Warburg Effect: The Metabolic Requirements of Cell Proliferation. Science (2009) 324(5930):1029–33. doi: 10.1126/science.1160809

31. Shao, Y, Ye, G, Ren, S, Piao, HL, Zhao, X, Lu, X, et al. Metabolomics and Transcriptomics Profiles Reveal the Dysregulation of the Tricarboxylic Acid Cycle and Related Mechanisms in Prostate Cancer. Int J Cancer (2018) 143(2):396–407. doi: 10.1002/ijc.31313

32. Massie, CE, Lynch, A, Ramos-Montoya, A, Boren, J, Stark, R, Fazli, L, et al. The Androgen Receptor Fuels Prostate Cancer by Regulating Central Metabolism and Biosynthesis. EMBO J (2011) 30(13):2719–33. doi: 10.1038/emboj.2011.158

33. Tennakoon, JB, Shi, Y, Han, JJ, Tsouko, E, White, MA, Burns, AR, et al. Androgens Regulate Prostate Cancer Cell Growth via an AMPK-PGC-1alpha-Mediated Metabolic Switch. Oncogene (2014) 33(45):5251–61. doi: 10.1038/onc.2013.463

34. Shafi, AA, Putluri, V, Arnold, JM, Tsouko, E, Maity, S, Roberts, JM, et al. Differential Regulation of Metabolic Pathways by Androgen Receptor (AR) and Its Constitutively Active Splice Variant, AR-V7, in Prostate Cancer Cells. Oncotarget (2015) 6(31):31997–2012. doi: 10.18632/oncotarget.5585

35. Nenu, I, Gafencu, GA, Popescu, T, and Kacso, G. Lactate - A New Frontier in the Immunology and Therapy of Prostate Cancer. J Cancer Res Ther (2017) 13(3):406–11. doi: 10.4103/0973-1482.163692

36. Pavlides, S, Whitaker-Menezes, D, Castello-Cros, R, Flomenberg, N, Witkiewicz, AK, Frank, PG, et al. The Reverse Warburg Effect: Aerobic Glycolysis in Cancer Associated Fibroblasts and the Tumor Stroma. Cell Cycle (2009) 8(23):3984–4001. doi: 10.4161/cc.8.23.10238

37. Brooks, GA. Lactate: Glycolytic End Product and Oxidative Substrate During Sustained Exercise in Mammals — The “Lactate Shuttle. In:  R Gilles, editor. Circulation, Respiration, and Metabolism. Berlin Heidelberg: Springer Nature. (1985). p. 208–18.

38. Stelzer, G, Rosen, N, Plaschkes, I, Zimmerman, S, Twik, M, Fishilevich, S, et al. The GeneCards Suite: From Gene Data Mining to Disease Genome Sequence Analyses. Curr Protoc Bioinf (2016) 54:1.30.1–1.30.33. doi: 10.1002/cpbi.5

39. Seitz, HK, and Stickel, F. Molecular Mechanisms of Alcohol-Mediated Carcinogenesis. Nat Rev Cancer (2007) 7(8):599–612. doi: 10.1038/nrc2191

40. Crabb, DW, Edenberg, HJ, Bosron, WF, and Li, TK. Genotypes for Aldehyde Dehydrogenase Deficiency and Alcohol Sensitivity. The Inactive ALDH2(2) Allele Is Dominant. J Clin Invest (1989) 83(1):314–6. doi: 10.1172/JCI113875

41. Hidaka, A, Sasazuki, S, Matsuo, K, Ito, H, Sawada, N, Shimazu, T, et al. Genetic Polymorphisms of ADH1B, ADH1C and ALDH2, Alcohol Consumption, and the Risk of Gastric Cancer: The Japan Public Health Center-Based Prospective Study. Carcinogenesis (2015) 36(2):223–31. doi: 10.1093/carcin/bgu244

42. Chang, JS, Straif, K, and Guha, N. The Role of Alcohol Dehydrogenase Genes in Head and Neck Cancers: A Systematic Review and Meta-Analysis of ADH1B and ADH1C. Mutagenesis (2012) 27(3):275–86. doi: 10.1093/mutage/ger073

43. Wu, M, Chang, SC, Kampman, E, Yang, J, Wang, XS, Gu, XP, et al. Single Nucleotide Polymorphisms of ADH1B, ADH1C and ALDH2 Genes and Esophageal Cancer: A Population-Based Case-Control Study in China. Int J Cancer (2013) 132(8):1868–77. doi: 10.1002/ijc.27803

44. Mohelnikova-Duchonova, B, Vrana, D, Holcatova, I, Ryska, M, Smerhovsky, Z, and Soucek, P. CYP2A13, ADH1B, and ADH1C Gene Polymorphisms and Pancreatic Cancer Risk. Pancreas (2010) 39(2):144–8. doi: 10.1097/MPA.0b013e3181bab6c2

45. Brunner, C, Davies, NM, Martin, RM, Eeles, R, Easton, D, Kote-Jarai, Z, et al. Alcohol Consumption and Prostate Cancer Incidence and Progression: A Mendelian Randomisation Study. Int J Cancer (2017) 140(1):75–85. doi: 10.1002/ijc.30436

46. Michael, J, Howard, LE, Markt, SC, De Hoedt, A, Bailey, C, Mucci, LA, et al. Early-Life Alcohol Intake and High-Grade Prostate Cancer: Results From an Equal-Access, Racially Diverse Biopsy Cohort. Cancer Prev Res (Phila) (2018) 11(10):621–8. doi: 10.1158/1940-6207.CAPR-18-0057

47. Hong, S, Khil, H, Lee, DH, Keum, N, and Giovannucci, EL. Alcohol Consumption and the Risk of Prostate Cancer: A Dose-Response Meta-Analysis. Nutrients (2020) 12(8):2188. doi: 10.3390/nu12082188

48. Zhao, J, Stockwell, T, Roemer, A, and Chikritzhs, T. Is Alcohol Consumption a Risk Factor for Prostate Cancer? A Systematic Review and Meta-Analysis. BMC Cancer (2016) 16(1):845. doi: 10.1186/s12885-016-2891-z

49. de Menezes, RF, Bergmann, A, and Thuler, LC. Alcohol Consumption and Risk of Cancer: A Systematic Literature Review. Asian Pac J Cancer Prev (2013) 14(9):4965–72. doi: 10.7314/APJCP.2013.14.9.4965

50. Shimada, K, Anai, S, Fujii, T, Tanaka, N, Fujimoto, K, and Konishi, N. Syndecan-1 (CD138) Contributes to Prostate Cancer Progression by Stabilizing Tumour-Initiating Cells. J Pathol (2013) 231(4):495–504. doi: 10.1002/path.4271

51. Santos, NJ, Barquilha, CN, Barbosa, IC, Macedo, RT, Lima, FO, Justulin, LA, et al. Syndecan Family Gene and Protein Expression and Their Prognostic Values for Prostate Cancer. Int J Mol Sci (2021) 22(16):8669. doi: 10.3390/ijms22168669

52. Szarvas, T, Reis, H, Vom Dorp, F, Tschirdewahn, S, Niedworok, C, Nyirady, P, et al. Soluble Syndecan-1 (SDC1) Serum Level as an Independent Pre-Operative Predictor of Cancer-Specific Survival in Prostate Cancer. Prostate (2016) 76(11):977–85. doi: 10.1002/pros.23186

53. Szarvas, T, Sevcenco, S, Modos, O, Keresztes, D, Nyirády, P, Kubik, A, et al. Circulating Syndecan-1 Is Associated With Chemotherapy-Resistance in Castration-Resistant Prostate Cancer. Urol Oncol (2018) 36(6):312.e9–e15. doi: 10.1016/j.urolonc.2018.03.010

54. Garner, H, and de Visser, KE. Immune Crosstalk in Cancer Progression and Metastatic Spread: A Complex Conversation. Nat Rev Immunol (2020) 20(8):483–97. doi: 10.1038/s41577-019-0271-z

55. Hayashida, K, Parks, WC, and Park, PW. Syndecan-1 Shedding Facilitates the Resolution of Neutrophilic Inflammation by Removing Sequestered CXC Chemokines. Blood (2009) 114(14):3033–43. doi: 10.1182/blood-2009-02-204966

56. Laurent, V, Toulet, A, Attane, C, Milhas, D, Dauvillier, S, Zaidi, F, et al. Periprostatic Adipose Tissue Favors Prostate Cancer Cell Invasion in an Obesity-Dependent Manner: Role of Oxidative Stress. Mol Cancer Res (2019) 17(3):821–35. doi: 10.1158/1541-7786.MCR-18-0748

57. Regős, E, Abdelfattah, HH, Reszegi, A, Szilák, L, Werling, K, Szabó, G, et al. Syndecan-1 Inhibits Early Stages of Liver Fibrogenesis by Interfering With Tgfβ1 Action and Upregulating MMP14. Matrix Biol (2018) 68-69:474–89. doi: 10.1016/j.matbio.2018.02.008

58. Guan, B, Pungaliya, P, Li, X, Uquillas, C, Mutton, LN, Rubin, EH, et al. Ubiquitination by TOPORS Regulates the Prostate Tumor Suppressor NKX3.1. J Biol Chem (2008) 283(8):4834–40. doi: 10.1074/jbc.M708630200

59. Johnson, TR, Khandrika, L, Kumar, B, Venezia, S, Koul, S, Chandhoke, R, et al. Focal Adhesion Kinase Controls Aggressive Phenotype of Androgen-Independent Prostate Cancer. Mol Cancer Res (2008) 6(10):1639–48. doi: 10.1158/1541-7786.MCR-08-0052

60. Van Slambrouck, S, Jenkins, AR, Romero, AE, and Steelant, WF. Reorganization of the Integrin Alpha2 Subunit Controls Cell Adhesion and Cancer Cell Invasion in Prostate Cancer. Int J Oncol (2009) 34(6):1717–26. doi: 10.3892/ijo_00000302

61. Bianchi-Frias, D, Damodarasamy, M, Hernandez, SA, Gil da Costa, RM, Vakar-Lopez, F, Coleman, IM, et al. The Aged Microenvironment Influences the Tumorigenic Potential of Malignant Prostate Epithelial Cells. Mol Cancer Res (2019) 17(1):321–31. doi: 10.1158/1541-7786.MCR-18-0522

62. Bellelli, E, Bracchi, U, Tanzi, ML, Benaglia, G, and Montanarini, G. Poliomyelitis Immunity Status at Different Intervals From Vaccination. Eur J Epidemiol (1986) 2(3):197–204. doi: 10.1007/BF00211532

63. Graham, TR, Zhau, HE, Odero-Marah, VA, Osunkoya, AO, Kimbro, KS, Tighiouart, M, et al. Insulin-Like Growth Factor-I-Dependent Up-Regulation of ZEB1 Drives Epithelial-to-Mesenchymal Transition in Human Prostate Cancer Cells. Cancer Res (2008) 68(7):2479–88. doi: 10.1158/0008-5472.CAN-07-2559

64. Gennigens, C, Menetrier-Caux, C, and Droz, JP. Insulin-Like Growth Factor (IGF) Family and Prostate Cancer. Crit Rev Oncol Hematol (2006) 58(2):124–45. doi: 10.1016/j.critrevonc.2005.10.003

65. Odero-Marah, V, Hawsawi, O, Henderson, V, and Sweeney, J. Epithelial-Mesenchymal Transition (EMT) and Prostate Cancer. Adv Exp Med Biol (2018) 1095:101–10. doi: 10.1007/978-3-319-95693-0_6

66. Sandsmark, E, Hansen, AF, Selnaes, KM, Bertilsson, H, Bofin, AM, Wright, AJ, et al. A Novel Non-Canonical Wnt Signature for Prostate Cancer Aggressiveness. Oncotarget (2017) 8(6):9572–86. doi: 10.18632/oncotarget.14161

67. Hu, M, Xie, J, Liu, Z, Wang, X, Liu, M, and Wang, J. Comprehensive Analysis Identifying Wnt Ligands Gene Family for Biochemical Recurrence in Prostate Adenocarcinoma and Construction of a Nomogram. J Comput Biol (2020) 27(12):1656–67. doi: 10.1089/cmb.2019.0397

68. Gupta, S, Roy, A, and Dwarakanath, BS. Metabolic Cooperation and Competition in the Tumor Microenvironment: Implications for Therapy. Front Oncol (2017) 7:68. doi: 10.3389/fonc.2017.00068

69. Marchiq, I, and Pouyssegur, J. Hypoxia, Cancer Metabolism and the Therapeutic Benefit of Targeting Lactate/H(+) Symporters. J Mol Med (Berl) (2016) 94(2):155–71. doi: 10.1007/s00109-015-1307-x

70. Mu, X, Shi, W, Xu, Y, Xu, C, Zhao, T, Geng, B, et al. Tumor-Derived Lactate Induces M2 Macrophage Polarization via the Activation of the ERK/STAT3 Signaling Pathway in Breast Cancer. Cell Cycle (2018) 17(4):428–38. doi: 10.1080/15384101.2018.1444305

71. Zhang, L, and Li, S. Lactic Acid Promotes Macrophage Polarization Through MCT-HIF1alpha Signaling in Gastric Cancer. Exp Cell Res (2020) 388(2):111846. doi: 10.1016/j.yexcr.2020.111846

72. Fiaschi, T, Marini, A, Giannoni, E, Taddei, ML, Gandellini, P, De Donatis, A, et al. Reciprocal Metabolic Reprogramming Through Lactate Shuttle Coordinately Influences Tumor-Stroma Interplay. Cancer Res (2012) 72(19):5130–40. doi: 10.1158/0008-5472.CAN-12-1949

73. Ippolito, L, Morandi, A, Taddei, ML, Parri, M, Comito, G, Iscaro, A, et al. Cancer-Associated Fibroblasts Promote Prostate Cancer Malignancy via Metabolic Rewiring and Mitochondrial Transfer. Oncogene (2019) 38(27):5339–55. doi: 10.1038/s41388-019-0805-7

74. Keto, CJ, Aronson, WJ, Terris, MK, Presti, JC, Kane, CJ, Amling, CL, et al. Obesity Is Associated With Castration-Resistant Disease and Metastasis in Men Treated With Androgen Deprivation Therapy After Radical Prostatectomy: Results From the SEARCH Database. BJU Int (2012) 110(4):492–8. doi: 10.1111/j.1464-410X.2011.10754.x

75. Muller, TD, Lee, SJ, Jastroch, M, Kabra, D, Stemmer, K, Aichler, M, et al. P62 Links Beta-Adrenergic Input to Mitochondrial Function and Thermogenesis. J Clin Invest (2013) 123(1):469–78. doi: 10.1172/JCI64209

76. Huang, J, Duran, A, Reina-Campos, M, Valencia, T, Castilla, EA, Müller, TD, et al. Adipocyte P62/SQSTM1 Suppresses Tumorigenesis Through Opposite Regulations of Metabolism in Adipose Tissue and Tumor. Cancer Cell (2018) 33(4):770–84.e6. doi: 10.1016/j.ccell.2018.03.001

77. Fong, L, Hotson, A, Powderly, JD, Sznol, M, Heist, RS, Choueiri, TK, et al. Adenosine 2a Receptor Blockade as an Immunotherapy for Treatment-Refractory Renal Cell Cancer. Cancer Discov (2020) 10(1):40–53. doi: 10.1158/2159-8290.CD-19-0980

78. Wang, Q, Ye, Y, Yu, H, Lin, SH, Tu, H, Liang, D, et al. Immune Checkpoint-Related Serum Proteins and Genetic Variants Predict Outcomes of Localized Prostate Cancer, a Cohort Study. Cancer Immunol Immunother (2021) 70(3):701–12. doi: 10.1007/s00262-020-02718-1

79. Tu, TC, Brown, NK, Kim, TJ, Wroblewska, J, Yang, X, Guo, X, et al. CD160 Is Essential for NK-Mediated IFN-Gamma Production. J Exp Med (2015) 212(3):415–29. doi: 10.1084/jem.20131601

80. Sun, H, Xu, J, Huang, Q, Huang, M, Li, K, Qu, K, et al. Reduced CD160 Expression Contributes to Impaired NK-Cell Function and Poor Clinical Outcomes in Patients With HCC. Cancer Res (2018) 78(23):6581–93. doi: 10.1158/0008-5472.CAN-18-1049

81. Slebioda, TJ, Rowley, TF, Ferdinand, JR, Willoughby, JE, Buchan, SL, Taraban, VY, et al. Triggering of TNFRSF25 Promotes CD8(+) T-Cell Responses and Anti-Tumor Immunity. Eur J Immunol (2011) 41(9):2606–11. doi: 10.1002/eji.201141477




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


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

Copyright © 2022 Feng, Shi, Zhang, Xiong, Wei and Yang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 22 March 2022

doi: 10.3389/fimmu.2022.836939

[image: image2]


Fatty Acid Synthase Is the Key Regulator of Fatty Acid Metabolism and Is Related to Immunotherapy in Bladder Cancer


Qiao Xiong 1,2†, Dechao Feng 1†, Ziwei Wang 2†, Yidie Ying 2, Chuanliang Xu 2, Qiang Wei 1, Shuxiong Zeng 2* and Lu Yang 1*


1 Department of Urology, Institute of Urology, West China Hospital of Sichuan University, Chengdu, China, 2 Department of Urology, Changhai Hospital, Naval Medical University, Shanghai, China




Edited by: 

Dipyaman Ganguly, Indian Institute of Chemical Biology (CSIR), India

Reviewed by: 

Vivek Shukla, Clinical Center (NIH), United States

Xian-Tao Zeng, Wuhan University, China

Di Gu, First Affiliated Hospital of Guangzhou Medical University, China

*Correspondence: 

Lu Yang
 wycleflue@163.com 

Shuxiong Zeng
 zengshuxiong@126.com

†These authors have contributed equally to this work

Specialty section: 
 This article was submitted to Cancer Immunity and Immunotherapy, a section of the journal Frontiers in Immunology


Received: 16 December 2021

Accepted: 16 February 2022

Published: 22 March 2022

Citation:
Xiong Q, Feng D, Wang Z, Ying Y, Xu C, Wei Q, Zeng S and Yang L (2022) Fatty Acid Synthase Is the Key Regulator of Fatty Acid Metabolism and Is Related to Immunotherapy in Bladder Cancer. Front. Immunol. 13:836939. doi: 10.3389/fimmu.2022.836939



Fatty acid metabolism (FAM) genes are potentially useful for predicting prognosis and immunotherapy response in bladder cancer (BC). To examine this, we constructed a prognostic model and identified key FAM genes in BC. Using transcriptional expression profiles and clinical data of BC patients from public datasets and Changhai (CH) hospital, we built and validated a risk-score model based on 13 prognostic FAM genes. Differential gene expression identified fatty acid synthase (FASN) as central to fatty acid metabolism in BC. FASN was differentially expressed between normal and tumor tissue, and was related to survival. In the CH dataset, FASN independently predicted muscle-invasive BC. FASN differential expression was significantly related to immune-cell infiltration and patients with low FASN expression responded better to immune checkpoint inhibitor (ICI) treatment. SREBF1 was predicted as the most significant transcription factor for FASN. Competing endogenous RNA network analysis suggested that lncRNA AC107027.3 may upregulate FASN by competitively binding miR-27A-3p, thereby regulating the immunotherapy response in BC. Dasatinib and temsirolimus are potential FASN-targeting drugs. Our model efficiently predicted prognosis in BC. FASN is central to fatty acid metabolism, and a potential indicator and regulator of ICI treatment.




Keywords: bladder cancer, fatty acid metabolism, FASN (fatty acid synthase), tumor immune microenvironment, immunotherapy, ceRNA network



Introduction

Bladder cancer (BC) is among the top 10 most common cancers globally, with an estimated 573 000 new diagnoses and 212 000 deaths in 2020 (1). It has two main subtypes, non-muscle-invasive bladder cancer and muscle-invasive bladder cancer, requiring different diagnostic and treatment strategies. In recent decades, many potential biomarkers for BC diagnosis, prognosis, and therapy have been identified via advances in bioinformatics and sequencing (2). However, most of these have not been effective, and clinical strategies still depend mainly on pathology and imaging results (3). New approaches to identify new biomarkers for BC prognosis and therapy are urgently required.

Glucose, lipid, and protein metabolism regulates many important biological processes in cell proliferation and differentiation. Metabolic disorders can promote the tumor occurrence and progression by dysregulating the energy supply, molecular synthesis, and the microenvironment (4). Metabolomic analyses have revealed novel biomarkers related to diagnosis, prognosis and progression in many cancers, and novel antitumor strategies based on metabolism regulation have attracted attention (5). Lipids, one of the three major molecule types studied in metabolomics, are crucial in signal transduction and cellular membrane synthesis (6). The study of lipid metabolism in cancer has gone beyond classical cellular bioenergetics, opening new doors in tumor research (7). Fatty acids, the main intermediate products of lipid metabolism, participate in metabolic diseases as well as cancer genesis and development (8). For instance, reprogramming of fatty acid metabolism (FAM) by functional molecules promoted metastasis in gastric cancer (9), which is central to lipid metabolism. FAM has been targeted in chemotherapy, radiotherapy, and immunotherapy (10–12).

The energy-supply function of glucose, and the molecular functions of proteins, directly affect tumor-cell biological processes; this has increased the focus on glucose and amino acid metabolism. Glucose, proteins, and fatty acids influence each other via the tricarboxylic acid cycle, hence their metabolism in tumors is highly integrated. In terms of their metabolism, fatty acids, glucose, and amino acids are equally important (13). Lipid metabolism influences tumor growth and therapeutic response primarily by regulating the TME (14). Fatty acid metabolism can be catabolic or anabolic. Catabolism involves beta-oxidation, while anabolism involves biosynthesis, elongation, desaturation, and peroxidation (15). Enhancing fatty acid catabolism in multiple immune cells can re-establish antitumor function and improve the efficacy of immunotherapy (16).

Although FAM is significantly associated with BC tumor grade and stage (17, 18), prior studies have not addressed the prognostic value of FAM-related gene sets in BC. We therefore constructed a prognostic signature based on FAM genes in BC, and identified novel biomarkers for BC based on clinical features and treatment response.



Materials and Methods


Data Acquisition

Transcriptional expression and corresponding clinical data were obtained from The Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO) databases, and were normalized and processed using the TCGAbiolinks package. FAM gene sets were collected from the Gene Set Enrichment Analysis (GSEA) website. The Changhai Hospital (CH) cohort (155 samples) was used to verify the protein expression and prognostic value of the key genes. Differential expression of the key gene was validated via RNA-seq of 10 paired normal and cancer tissues, and 5 tumor basal tissues, from the CH cohort. The sequencing results have been used in previous studies (19).



Prognostic FAM Gene Identification and Subgroup Analysis

We used Venn analysis of the KEGG, HALLMARK, and REACTOME gene sets in GSEA to obtain the FAM gene set. The ggplot2 and survival R packages were used to generate heatmap plots and evaluate prognostic FAM genes. A prognostic gene coexpression network was constructed using the igraph package. A protein–protein interaction (PPI) network was generated, and hub genes identified, using STRING and Cytoscape 3.8.0.

We used the ConsensusClusterPlus package to divide the BC patients into two subgroups via consensus clustering, according to the 68 prognostic FAM genes. We analyzed survival and clinicopathological relatedness, and conducted a PCA of the cluster subgroups, using R. An adjusted P < 0.05 was considered statistically significant.



Construction and Validation of the FAM-Related Gene Model

From the TCGA database, we randomly divided Urothelial Bladder Carcinoma (BLCA) sample patients into training and testing cohorts, then circularly performed least absolute shrinkage and selection operator (LASSO) regression and stepwise multivariate Cox regression, to develop an efficient signature. The samples were classified into high- or low-risk groups, using the median risk score. To assess the efficiency of the risk-score model, we analyzed the area under the ROC curve, performed Kaplan–Meier (KM) analysis, and generated risk plots using the training, testing, and combined cohorts. We used univariate and multivariate Cox regression analyses, with risk, cluster, age, sex, stage, and grade as factors, and constructed a nomogram. To evaluate the net benefit of the nomogram, we used the C-index, ROC curve, calibration curve, and decision curve analysis.

After validating the risk-score model, we applied copy number variation (CNV) and tumor burden mutation analysis. Standard CNV data were obtained from the NCI Center for Cancer Genomics (GDC)-TCGA cohort, and were analyzed using strawberry Perl and the RCircos package. The correlation between CNV and immune infiltration was analyzed via TIMER. The BC patients’ somatic mutation data were downloaded from the TCGA-BLCA database and analyzed using the maftools package.



Identification and Validation of the Key Gene

To screen key FAM genes, we used a Venn plot to analyse PPI hub genes, our model-identified genes, and TCGA DEGs. The mutation atlas of the key gene was downloaded from the cBioPortal database (https://www.cbioportal.org/). The three dimensional structure of the protein translated by the key gene, and the location atlas, were obtained from the Protein Data Bank (https://www.rcsb.org/structure/6NNA). Immunohistochemistry and immunofluorescence data were acquired from the Human Protein Atlas database (https://www.proteinatlas.org).

We first confirmed the differential expression, pathological correlation, and prognostic value of the key genes using six public datasets (TCGA, GSE13507, GSE3167, GSE40355, GSE32548, and GSE32894) (20–24). External validation was performed using the CH cohort. Ten paired samples of RNA-seq and IHC data were used to verify differential expression, and another 155 IHC-stained cancer samples were used to evaluate the clinical prognostic value of the key gene. IHC staining chips for the key gene were visualized using Image-Pro Plus (IPP) software, and assessed by a professional pathologist.



GSEA and Gene Set Variation Analysis (GSVA)

We divided TCGA BC patients into low- and high key-gene expression groups, and conducted Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) analyses. GSVA was applied to estimate pathway scores for the low and high expression groups (25). We used the R packages GSEABase, GSVA, and limma, and considered P < 0.05 as statistically significant. GSEA was used to identify significantly upregulated and downregulated pathways (26), using software downloaded from the Broad Institute, as well as the R packages org.Hs.eg.db, GOplot, digest, and enrichplot. Statistical significance was set at a |normalized enrichment score| > 1, nominal P < 0.05, and FDR q < 0.25.



Immune Function of the Key Gene

On the basis of GSVA and GSEA, we selected immune infiltration as the process for further analysis, and downloaded original immune infiltration data from TIMER2.0. We then applied seven algorithms (TIMER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ, MCPCOUNTER, XCELL, and EPIC) in the limma package, using the Wilcoxon test (P < 0.05). We further compared the high- and low-expression groups in terms of immune cell infiltration, immune function, immune microenvironment, and immune checkpoints. We downloaded information on the therapeutic responses of PD-1 and CTLA-4, crucial targets of immune checkpoint inhibitor (ICI) therapy, from The Cancer Immunome Atlas (TCIA) database (https://tcia.at/home/).



Molecular Regulation Mechanism of the Key Gene

To determine the pathway potentially regulating the transcription and translation of the key gene in BC, we analyzed transcription factors (TFs) and competing endogenous RNA (ceRNA) networks. Sequence information about the key gene was obtained from the Gene Module in the National Center for Biotechnology Information (NCBI). The region from 2000 bp before to 100 bp after the transcription start point served as the potential binding region. We predicted the potential TFs using the Genome Database of the University of California (Santa Cruz), and obtained the TF binding sequence logo and the transcription factor flexible model nucleotide correlation logo from the JASPAR database (27, 28). Next, we selected microRNAs (miRNAs) and long noncoding RNAs (lncRNAs) that may regulate the key gene from the STARBASE database, and constructed a ceRNA network using the reshape2 package and Cytoscape (29). The expression of the selected TFs, miRNAs, and lncRNAs, and their prognostic relevance, were validated using the TCGA or CH cohorts.



Drugs Targeting the Key Gene

Based on the regulatory pathway, we screened drugs targeting the key gene. Drug sensitivity information was obtained from the CellMiner database and Gene Set Cancer Analysis (GSCA) database, which collects drug-sensitivity data from the Cancer Therapeutics Response Portal (CTRP) and the Genomics of Drug Sensitivity in Cancer (GDSC) database (30, 31). We used Venn analysis to select specific drugs targeting the key gene, and applied the pRRophetic package to compare the high- and low-expression groups in terms of their IC50 values. We obtained the chemical structure and clinical study information for the predicted drugs from the canSAR Black database.



Statistical Analysis

R software v. 4.1.1 (https://www.r-project.org) and GraphPad Prism 7.0 (https://www.graphpad.com/) were used for statistical analysis. P < 0.05 was defined as statistically significant. We used unpaired Student’s t-tests and Wilcoxon tests to analyse normally and nonnormally distributed variables, respectively. The paired Student’s t-test was used to analyse key-gene differential expression in paired samples. Univariate, multivariate, and Lasso-penalized regression analyses were used to identify the important genes and characterize the prognostic signature.




Results


Selection of a Potential Prognostic Signature Based on FAM Genes in BC

A flow chart of this study including two main parts was provided in Scheme 1. In total, 309 FAM genes were identified via Venn analysis of three functional gene sets, and 52 differentially expressed FAM genes were identified (Figures 1A, B). PPI analysis revealed the interactions among 68 prognostic FAM genes, via univariate Cox regression. The Cyto-Hubba algorithm, which is based on the degree method, revealed the top 10 hub genes (FASN, HADH, ACLY, ACADVL, SCD, ACADS, SCP2, HMGCS2, ACSL5, and ACAT1), of which FASN was the most noteworthy (Figure 1C). The FAM gene analysis process and co-expression network is shown in Figures S1A–D. Primary function analysis confirmed that the selected genes were enriched mainly in FAM pathways (Figures S1E–H). Consensus clustering separated the samples into two distinct subgroups (Figure S2).




Scheme 1 | Flowchart of the analysis process.






Figure 1 | Identification of prognostic FAM genes and risk score model. (A) Venn diagram of 309 FAM genes from KEGG, HALLMARK and REACTOME. (B) Volcano plot of 52 fatty acid metabolism-related DEGs (p<0.05). (C) PPI network and hub genes of 68 prognostic FAM genes. (D) Cross-validation for tuning the parameter selection in the LASSO regression. (E) Kaplan–Meier survival curve of the patients between the high- and low-risk groups. (F) Nomogram containing risk, cluster and clinicopathological features. (G) Differential expression of the 13 model genes between different risk groups. (H) Risk and functional groups of the 13 model genes. (*p < 0.05, **p < 0.01, ***p < 0.001).



To construct the FAM-related signature, we selected 13 genes (CPT1B, FASN, MID1IP1, ACOT13, ACLY, NUDT19, TECR, PTGIS, ADH4, PRDX6, IL4I1, EPHX1, and METAP1) using LASSO regression and multivariate Cox regression (Figures 1D, E and Table S1). The nomogram suggested that the signature was an independent prognostic factor in BC patients (Figure 1F). The process for building and validating the risk-score model is provided in the supplementary materials (Figures S3, S4). For further analysis, we assigned these candidate genes to catabolism and anabolism groups based on GeneCard annotation, and performed function and survival analysis (Figures 1G, H, S5, S6).



Identification and Validation of FASN in FAM

Venn analysis of the 13 model-identified genes, 10 PPI hub genes, and 52 DEGs, identified fatty acid synthase (FASN) as the key FAM gene in BC patients (Figure 2A). Its primary function and 3D structure were obtained from the GeneCard and Protein Data Bank databases (Figures 2B, C). IHC staining revealed that FASN expression was higher in tumor tissues than in normal tissues, and was mainly located in the cytoplasm (Figures 2D–F). FASN mutation data and immunofluorescence images are presented in Figures S7A, B.




Figure 2 | Identification and validation of FASN. (A) Venn diagram of the top 10 PPI hub genes, 52 differentially expressed genes and 13 model genes. (B) Mechanism diagram of the role of FASN in fatty acid metabolism. (C) 3D structure of the protein translated by FASN and NADPH ligand from the PDB database. (D–F) IHC staining of FASN in tumor and normal tissues of BC patients from the HPA database. (G–J) Differential expression of FASN between the tumor and normal groups in TAGA, GSE13507, GSE3167 and GSE40355. (K, L) Differential expression of FASN between low- and high-grade patients in GSE13507 and GSE40355. (M, N) Overall survival probability between the low- and high-FASN groups in TCGA and GSE13507 (patients grouped by median value).



Based on analysis of the TAGA, GSE13507, GSE3167, and GSE40355 datasets, FASN was differentially expressed between cancer and normal tissue (Figures 2G–J). Clinicopathology grouping analysis, using the GSE3167, GSE40355, GSE32548, and GSE32894 datasets, indicated that FASN was highly expressed in patients with high tumor grades (Figures 2K, L, S7C, D). Kaplan-Meier analysis of TCGA data revealed that FASN showed prognostic significance, regardless of whether grouping was based on the median or optimal cutoff value (Figures 2M, S7E). Using the GSE13507 dataset, FASN expression was valuable in predicting both overall and disease-free survival of BC patients (Figures 2N, S7F).



External Validation of FASN

External validation of FASN (in the CH cohort) used 25 sequencing samples and 155 tissue samples. Based on RNA-seq data, FASN expression appeared to be lower in normal tissues than basal and tumor tissues (Figure 3A). Paired-sample analysis revealed higher FASN expression in tumor than normal tissues, in all 10 patients (Figure 3B). The volcano plot further indicates that FASN was significantly upregulated in tumor tissues (Figure 3C). IHC staining of the 10 paired tissue samples confirmed that FASN expression was higher in tumor tissues (Figures 3D–F, S8A).




Figure 3 | External validation of FASN. (A) Differential expression of FASN in normal, basal and tumor tissues. (B) Differential expression of FASN in 10 paired normal and tumor tissues. (C) Volcano plot of paired tissue RNA-seq matrix (logFC>1, p<0.05). (D–F) IHC staining of the 10 paired normal and tumor tissues. (G) Overall survival curve between the positive and negative FASN groups of MIBC patients in the CH cohort. (H) Nomogram with FASN and clinicopathologic features for the prediction of outcome in the CH cohort.



IHC staining of FASN was conducted using 155 tissue chips. The IHC score was calculated as the product of the staining intensity (0–3) and proportion (0–100) (Figure S8B, C). The patients were divided into FASN-negative and -positive groups by IHC score, for further analysis (Table S2). Kaplan-Meier analysis of overall survival showed that FASN was prognostic in muscle-invasive bladder cancer (n = 92) but not in non-muscle-invasive bladder cancer (n = 63) (Figures 3G, S8F). For muscle-invasive bladder cancer patients, the median survival time of the FASN-positive group was 47.93 months (that of the FASN-negative group was not available). We found no correlation between FASN expression and tumor invasion and grade (Figure S8D, E), although multivariate Cox regression analysis revealed that FASN and invasion were both independent prognostic factors (Table 1). We further constructed nomograms to predict the 1-, 3- and 5-year BC survival. Adding FASN to the nomogram increased its accuracy from 0.738 to 0.762, suggesting that FASN is an important prognostic factor (Figure 3H).


Table 1 | The results of univariate and multivariate COX regression analysis in BC patients in the CH cohort.





GSEA and GSVA

In the KEGG analysis, GSVA and GSEA identified 53 and 39 enriched functional pathways, respectively. In the high-FASN group, most of the functional pathways were related to metabolism, whereas in the low-FASN group, they were mostly immune-related (Figures 4A–C). Intriguingly, 11 of the 22 immune system KEGG pathways were significantly enriched in the low-FASN group, both via GSEA and GSVA (Figures 4D, E). GO analysis yielded similar results (Figure S9). As both KEGG and GO analysis indicated that low FASN expression is associated with immune function, we conducted a correlation analysis between immune-cell infiltration and FASN expression. The heatmap revealed significant differences in immune-cell infiltration between the low- and high-FASN groups, for multiple databases (Figure 4F).




Figure 4 | Function analysis of FASN. (A) Heatmap of KEGG enrichment for the low- and high-FASN groups in GSVA (p<0.05). (B) Types of KEGG pathways enriched in the high-FASN group. (C) Types of KEGG pathways enriched in the low-FASN group. (D) Venn plot of pathways enriched in low-FASN group. (E) Gene enrichment of the 11 selected immune pathways in GSEA. (F) Heatmap of immune infiltration between low- and high-FASN groups by seven algorithms (p<0.05).





Immune Function of FASN

The functional analysis indicated that many immune pathways were enriched in the low-FASN group. We therefore also analyzed immune cell infiltration, immune function, immune microenvironment, and immune checkpoints, to explore the role of FASN in cancer immune infiltration and responses.

CIBERSORT analysis revealed that five types of immune cells were differentially infiltrated between the low- and high-FASN groups and FASN CNV significantly affects the infiltration of CD4+ T cells, dendritic cells, and neutrophils (Figures 5A, S10A). Further correlation analysis of the expression of FASN and immune cell marker genes indicated that six types of immune-cell infiltrate were associated with FASN expression (Figures S10B, C). Single-sample GSEA scores of immune function revealed that all of the immune function indicators were significantly higher in the low-FASN group, except for the type II INF response (Figure 5B). The low-FASN group had higher stromal, immune, and ESTIMATE TME scores (Figures 5C–E). In particular, most of the immune checkpoints (39/48), including CD274 (PD-L1) and CTLA4, were differentially expressed between the high-and low-FASN groups (Figure 5F). Evaluation of immune checkpoint therapy, based on the TCIA database, revealed that patients with low FASN levels responded better to anti- PD-1 and CTLA4 treatments than those with high FASN levels (Figures 5G–L)




Figure 5 | Immune function of FASN. (A) Effect of FASN CNV status on immune cell infiltration. (B) ssGSEA scores of immune function between the low- and high-FASN groups. (C–E) Boxplot of TME score between low- and high-FASN groups. (F) Differential expression of 39 immune checkpoints between low- and high-FASN groups. (G, H) Scatter plot of correlation between CD274 (PD-L1), CTLA4 and FASN. (I–L) ICI treatment response of low and high-FASN groups. (ns p > 0.05, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001).





Molecular Regulation of FASN

TF analysis revealed a potential regulatory mechanism of FASN in the nucleus. Fifteen TFs in the JASPAR CORE collection (2022) were predicted to be associated with FASN transcription, with a minimum score > 600. Correlation analysis suggested that sterol regulatory element binding transcription factor 1 (SREBF1) was the TF most significantly related to FASN (Figure 6A). SREBF1 and FASN are both located on chromosome 17; the TF binding site is shown in Figure 6B. The binding sequence logo and nucleotide correlation logo generated by transcription factor flexible models are presented in Figures 6C, D. Our analysis of association, expression, and prognosis revealed that SREBF1 was highly correlated with FASN, and was also prognostic in BC patients (Figures 6E–G). Analysis of RNA-seq data from the CH cohort validated that SREBF1 was associated with FASN, and was differentially expressed in normal and tumor tissues (Figures 6H–J).




Figure 6 | Transcription factors regulating FASN. (A) Correlation network of FASN and TFs. (B) Diagram of gene location and transcription of FASN and SREBF1. (C) TFBS sequence logos of SREBF1 (the ordinate represents the amount of base information, and the abscissa represents the base location). (D) Base correlation logos of TFBS by TFFM. (E) Scatter plot of association between FASN and SREBF1 in TCGA. (F) Boxplot of SREBF1 expression in normal and tumor patients in TCGA. (G) Overall survival curve of low- and high-SREBF1 groups in TCGA. (H) Scatter plot of association between FASN and SREBF1 in CH database. (I) Differential expression of FASN in normal, basal and tumor tissues. (J) Differential expression of FASN in 10 paired normal and tumor tissues.



We constructed an mRNA–miRNA–lncRNA network to examine the translational regulation of FASN in the cytoplasm (Figures 7A, B). First, 26 miRNAs potentially targeting FASN were obtained from the STARBASE database, and miR-27a-3p was identified via Spearman correlation analysis (Figure 7C). The expression boxplot and overall survival curves indicate that miR-27a-3p was differentially expressed between the normal and tumor groups, and had prognostic value (Figures 7D, E). Then, 136 emulative lncRNAs targeting miR-27a-3p were obtained from STARBASE; of these, AC107027.3 was the most significant (Figure 7F). In contrast to FASN, AC107027.3 expression was low in tumor tissues, and was positively correlated with overall survival (Figures 7G, H).




Figure 7 | CeRNA network and drugs prediction of FASN. (A) mRNA-miRNA-lncRNA interaction network of FASN in BC. (B) AC107027.3 competitively binds miR-27a-3p to decrease its inhibition on FASN. (C) Scatter plot of association between FASN and miR-27a-3p in TCGA. (D) Boxplot of miR-27a-3p in normal and tumor patients in TCGA. (E) Overall survival curve of low- and high- miR-27a-3p groups in TCGA. (F) Scatter plot of association between FASN and AC107027.3 in TCGA. (G) Boxplot of AC107027.3 in normal and tumor patients in TCGA. (H) Overall survival curve of low- and high- AC107027.3 groups in TCGA. (I) Drugs targeting FASN in the CTRP, GDSC, and CellMiner databases. (J, K) IC50 of dasatinib and temsirolimus in low- and high-FASN groups. (L, M) Chemical structure of dasatinib and temsirolimus from canSARblack.





Prediction of FASN-Targeting Drugs

Based on these molecular mechanism findings, we screened drugs targeting FASN and SREBF1 from the Cancer Therapeutics Response Portal (CTRP), Genomics of Drug Sensitivity in Cancer (GDSC), and CellMiner databases. In total, 23 and 61 drugs targeting FASN and SREBF1, respectively, were selected (correlation coefficient > 0 and P < 0.05; Figure S11A). Venn analysis between the different databases revealed that dasatinib and temsirolimus targeted FASN (Figures 7I, S11B), whereas navitoclax and PI-103 targeted SREBF1 (Figure S11C). Eight drugs targeted both FASN and SREBF1 (Figure S10D). Based on their IC50 scores, samples with different FASN expression responded differently to dasatinib and temsirolimus (Figures 7J, K). Based on information from canSAR Black, dasatinib and temsirolimus are FDA-approved drugs that are used mainly for tumor therapy (Figures 7L, M, S10E, F, Table S3).




Discussion

The global incident cases of bladder cancer have increased by more than 100 percent in the past few decades (32). Many gene signatures, including those for ferroptosis-related genes, autophagy-related genes, and hypoxia-related genes (33–35), have shown value in BC; nonetheless, we could find no prior studies using FAM-related models in BC prognosis and diagnosis. To address this gap, we evaluated the role of FAM genes in BC prognosis and immune infiltration. Our model identified 13 FAM genes (CPT1B, ACOT13, NUDT19, ADH4, EPHX1, and PRDX6, all catabolic; and FASN, MID1IP1, ACLY, PTGIS, METAP1, IL4I1, and TECR, all anabolic). The catabolic and anabolic FAM genes work together to regulate fatty acid metabolism and their FAM functions are shown in the schematic diagram (Figure 8A). Some of those genes have been reported to be involved in multiple cancers and others remain to be explored. For example, CPT1B, a protein for transporting pre-metabolites of fatty acids on the mitochondrial membrane, is a key target for controlling fatty acid beta-oxidation in mitochondria and has been reported as a therapeutic and grading target (18, 36). ACLY catalyzes the cleavage of citrate into the fatty acid synthesis substrate acetyl-CoA and is also a novel therapeutic target because of its function of glucose-to-acetate switch (37, 38). Because our model included the entire process of fatty acid synthesis and decomposition, it could effectively predict survival in BC.




Figure 8 | Schematic diagram of FAM genes (A) and FASN regulation (B).



We selected FASN, an important regulator in fatty acid anabolism, based on its prognostic signature. FASN was differentially expressed in tumor and normal tissues, was associated with tumor grade, and showed prognostic value in both the public and private databases that we studied. Its main function is to condense 7 malonyl-CoA molecules and 1 acetyl-CoA in series, to form the initial product of fatty acid synthesis, namely palmitate (15). FASN-dependent lipid metabolism influences neural stem cell proliferation and development (39). In recent years, increasing evidence has highlighted its important role in many cancers. High FASN expression is related to poor prognosis and metastasis in breast cancer (40, 41). In contrast, FASN inhibition both limits tumor–cell migration and invasiveness, and increases tumor sensitivity to drug therapy (42–44).This evidence, along with our findings, suggests that, while CPT1B is rate-limiting in fatty acid catabolism, FASN is the key regulator of fatty acid anabolism; together, they regulate the fatty acid metabolic pool and may play important role in progression and treatment of cancers.

Regulation analysis of FASN provides us more methods to modify fatty acid metabolism in BC (Figure 8B). Importantly, the TF most significantly involved in FASN regulation, SREBF1, also plays an important role in lipid metabolism (45, 46). Recent studies also reported that multiple lncRNAs competitively bind miRNAs to regulate FASN expression in nasopharyngeal and endometrial cancer (47, 48). For drugs targeting FASN, a phase II clinical trial revealed that temsirolimus show potential benefit in bladder cancer patients who are refractory to first line platinum-based chemotherapy (49). Our drug screening also revealed several drugs that target both SREBF1 and FASN, which may have better effects in BC patients.

Disrupted immunity in the TME plays an important role in cancer development and progression. Further, FAM is closely associated with immune-cell regulation in the TME (50, 51). In ovarian cancer, for instance, a FASN-related pathway was reported to disrupt dendritic cells and induce an impaired antitumor immune response via lipid accumulation (52). In our study, FASN was significantly associated with the immune microenvironment, immune-cell infiltration, and immune function in BC, and its CNV affected infiltration by CD4+ T cells, neutrophils, and dendritic cells. Most of the immune checkpoint genes (39/44) that we screened were differentially expressed between the high- and low-FASN groups. Further, ICI analysis revealed significant FASN expression in the CTLA4- and PD1-positive groups, with no significant effects in the double-negative groups. This suggests that, in BC patients, FASN expression is an indicator for anti-CTLA4 and anti-PD1 treatment. Prior studies (53–55) have indicated that many of the metabolic genes identified by our model, such as IL4I1, ACLY, and PTGIS, are involved in immune responses; however, while those studies considered gene expression and immune-cell infiltration, and its mechanisms, they did not consider immunotherapy. Our work addresses this gap.



Conclusion

We constructed a prognostic risk-score model based on 13 FAM genes. The model effectively predicted prognosis in BC, independently of other clinicopathological features. It identified FASN as the key FAM gene in BC. FASN showed value in prognosis, and as an immunotherapy indicator and regulator, especially in anti-CTLA4 and anti-PD1 treatments. These findings present a novel way to predict prognosis in BC, and a novel target for ICI treatment. By describing the potential molecular mechanism whereby FASN functions, we provide support for further interventions using this target gene.


Limitation

Although it revealed encouraging results, there are still several limitations in our study. First, the model was constructed and validated in a single data source (TCGA). It would be better if its prognostic value was tested in another independent patient cohort. Second, the original row data of the CH cohort used for validating the expression of the key gene was lost due to our lack of preservation awareness several years ago. However, we can provide all the data processing forms and previous studies based on these data. Last, the molecular mechanism used to regulate the key gene was not tested by more experiments, and we will continue to work on this in further studies.
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Immunotherapy has improved the treatment of malignant skin cancer of the melanoma type, yet overall clinical response rates remain low. Combination therapies could be key to meet this cogent medical need. Because epigenetic hallmarks represent promising combination therapy targets, we studied the immunogenic potential of a dual inhibitor of histone methyltransferase G9a and DNA methyltransferases (DNMTs) in the preclinical B16-OVA melanoma model. Making use of tumor transcriptomic and functional analyses, methylation-targeted epigenetic reprogramming was shown to induce tumor cell cycle arrest and apoptosis in vitro  coinciding with transient tumor growth delay and an IFN-I response in immune-competent mice. In consideration of a potential impact on immune cells, the drug was shown not to interfere with dendritic cell maturation or T-cell activation in vitro. Notably, the drug promoted dendritic cell and, to a lesser extent, T-cell infiltration in vivo, yet failed to sensitize tumor cells to programmed cell death-1 inhibition. Instead, it increased therapeutic efficacy of TCR-redirected T cell and dendritic cell vaccination, jointly increasing overall survival of B16-OVA tumor-bearing mice. The reported data confirm the prospect of methylation-targeted epigenetic reprogramming in melanoma and sustain dual G9a and DNMT inhibition as a strategy to tip the cancer-immune set-point towards responsiveness to active and adoptive vaccination against melanoma.




Keywords: melanoma, cancer vaccination, dendritic cell vaccination, adoptive T cell therapies, epigenetic targeted therapy, histone and DNA methylation/demethylation, histone methyltransferase G9a, DNA methyltransferase (DNMT)



Introduction

Melanoma is a malignant skin cancer with an estimated worldwide increase of 57% and 68% in the number of new cases and deaths by 2040, respectively. Despite a four-fold lower incidence compared to non-melanoma skin cancers, melanoma accounts for half of skin cancer-related deaths (1). Conventional therapies include surgery and chemo-radiotherapy, while targeted therapies and immunotherapy represent novel treatment options. Immunotherapy has gained attention owing to the potential of melanoma-specific cytotoxic T cells to kill melanoma cells irrespective of their location while ensuring long-term protection (2). Immune checkpoint blockade has indeed become standard-of-care for melanoma (3, 4), while active (5) and adoptive (6) vaccination have shown promising results in clinical trials. The yet low overall clinical response rates have prompted research on combination strategies.

Epigenetic modifying drugs pledge promising, as epigenetic events shape cell transformation of both cancer cells and cancer-supportive cells within the tumor micro-environment. Aberrations in both histone and DNA methylation patterns, in part due to histone methyltransferase G9a (7, 8) and DNA methyltransferase (DNMT) 1/3b overexpression (9, 10), have indeed been identified in melanoma. G9a promotes gene expression via monomethylation of histone 3 on lysine 9 (H3K9me1) (11). G9a together with DNMT1 represses gene expression by dimethylation of histone H3 on lysine 9 (H3K9me2) and DNA cytosine methylation (5mC), respectively (12). Together with de novo methylation implemented by DNMT3b, these processes cooperate to govern cellular integrity and to commit cells to a specific expression profile (13). Distinct promotor CpG hypermethylation patterns in melanoma patients have been recently identified to drive tumor immune cell exclusion, thereby linking aberrant methylation patterns to melanoma immune evasion, and as such suggestive of a correlation between prognosis and epigenetic immune regulation (14). The involvement of these epigenetic processes in melanoma initiation and progression renders them valuable targets for combined inhibition in the melanoma context (15–25).

CM-272 is a dual G9a/DNMT inhibitor with proven efficacy in hematological and solid cancer models. The drug inhibited tumor growth while promoting immunogenic cell death and IFN responses (26–28), as such facilitating synergism with programmed death ligand-1 (PD-L1) blockade in a preclinical bladder cancer model (28). This brings forth CM-272 as a prime candidate for combination with immunotherapy in melanoma.

To evaluate the combination of CM-272 with immunotherapy, we exploited the B16-OVA (MO4) melanoma model, which expresses ovalbumin (OVA) as a model antigen (29). This enables the evaluation of tumor/OVA-targeted active and adoptive immunotherapy. This model is representative of BRAF wild-type patients lacking p16Ink4a and p14Arf tumor suppressor proteins (29–33). From an immunological perspective, it also represents the so-called immunotype B patients, existing among both primary and metastatic melanoma patients that have a limited number of tumor-infiltrating lymphocytes, which has been identified as a poor prognostic factor (34–36). This compromised immune set-point manifests in the MO4 model as an inherent resistance to immune checkpoint blockade therapy (37–40). These features render this preclinical model relevant for evaluating more powerful combination strategies.



Materials and Methods


Mice, Cell Lines and Primary Cell Culture

Female 6-12 week old C57Bl6J, Crl:NU-Foxn1nu or C57BL/6-Tg(TcraTcrb)1100Mjb/J (OT-I) mice were purchased from Charles River (Saint-Germain-Nuelles, France; Calco, Italy). C57Bl6J mice for programmed cell death-1 (PD-1) blockade therapy were purchased from Harlan (Barcelona, Spain).

Cells were cultured at 37°C under humidified 5% CO2 atmosphere and tested negative for mycoplasma using VenorGeM Classic and MB Taq Polymerase (Minerva Biolabs, Berlin, Germany). MO4 cells were gifted by Ken Rock (Division of Lymphocyte Biology, Dana Farber Cancer Institute, Boston, Massachusetts; Department of Pathology, Harvard Medical School, Boston, Massachusetts), authenticated by Eurofins Scientific (Luxemburg, Belgium), and cultured in DMEM (Sigma-Aldrich, Overijse, Belgium) supplemented with 10% fetal bovine serum (TICO, Amstelveen, The Netherlands), 2mM L-Glutamine (Sigma-Aldrich), 100U/mL penicillin (Sigma-Aldrich), and 100µg/mL streptomycin (Sigma-Aldrich).

Dendritic cells (DCs) were generated from bone marrow cells of C57Bl6J mice, matured with lipopolysaccharide and pulsed with OVA257-264, as previously described (41). Where indicated, CD4+ or CD8+ T cells were isolated from C57Bl6J, OT-I or OT-II TCR transgenic mice. OVA-specificity was inherent to OT-I (OVA-derived SIINFEKL [OVA257-264] in H2-kb) and OT-II (OVA-derived ISQAVHAAHAEINEAGR [OVA323-339] in I-Ab) T cells, or was genetically engineered. For T cell isolation, spleens were isolated and passed through a 40µm cell strainer (Corning, New York, New York) before red blood cells were lysed. Single cell suspensions were subsequently enriched for the CD8+ fraction using negative MACS-selection (from OT-I mice for DC co-culture assays), or for the CD4+ or CD8+ fraction using negative and positive selection (from C57Bl6J, OT-I or OT-II mice for in vitro T cell sensitivity assays), according to manufacturer instructions (Miltenyi Biotec, Gladbach, Germany). For in vitro experiments on MO4-mediated T-cell stimulation, OVA-specific T cells were genetically engineered. To this end, a retrovirus encoding the OT-I TCR was produced as previously described (42), and used to transduce Concanavalin A/IL-7-activated mouse splenocytes by spin infection in retronectin (Takara)-coated plates (43).



Therapeutic Reagents

CM-272 was developed at Clinica Universidad de Navarra (26), dissolved at 10mM in DMSO (Sigma-Aldrich), and diluted in culture medium (in vitro) or 0.9% NaCl infusion solution (in vivo) (Baxter, Lessines, Belgium). Combination therapy included: (1) anti-PD-1 (clone RMPI-14) or isotype-matched antibody (BioXcel, New Haven, Connecticut) at 0.5mg/mL in 0.9% NaCl-solution, (2) 1x106 OT-I TCR-engineered or untransduced T cells, (3) 5x106 DCs/mL in phosphate buffered saline (PBS) or PBS (Sigma-Aldrich).



Experimental Set-Up - In Vivo Experiments

C57Bl6J mice were subcutaneously injected in the flank with 3x105 MO4 cells in 50µL PBS. Treatment regimen was started on day 3 (unless stated otherwise), as an intraperitoneal CM-272 (5mg/kg)/vehicle injection for 5 consecutive days a week, until 1000 mm3 tumor volume endpoint was reached. Combination treatment included: (1) 3 intraperitoneal injections of 50µg anti-PD-1/isotype once a week starting from day 1 of treatment cycle 1 (day 7-10); (2) 1x106 OT-I TCR-engineered/untransduced T cells (day 13). Treatment cycle 1 started on day 5; (3) 3-4 intravenous injections of 5x105 DCs/vehicle once a week, starting from day 1 of treatment cycle 1. Tumor volume was measured 3-5 times per week and calculated as: (length x width2)/2, width being the smallest value. The ethical endpoint of the experiment allowed a maximum tumor volume of 1500 mm3. For evaluation of therapy efficacy, we plotted the time to reach a volume of 1000 mm3 (experimental endpoint) in a Kaplan-Meier curve, using an algorithm build on the following criteria. If on the day of monitoring the tumor volume reached 1000 ± 50 mm3, this day was plotted as experimental endpoint (criterium a). If (a) was not met, the day at which the tumor volume reached a volume closest to 1000 ± 150 mm3 was used (criterium b). If (b) was never met, the first day at which the tumor volume exceeded 1150 mm3 was used (criterium c). In case tumor volumes remained <850 mm3, mice were censored, i.e., scored as ‘alive’ (criterium d). Censoring was required when mice had to be taken out of the experiment for ethical reasons, e.g., ulcers of tumors combined with physical signs of declined health status. Outlier removal analysis was subsequently performed. The time to reach 1000 mm3 was plotted until the last mouse in the vehicle group reached this endpoint. With regard to tumor growth curves, mean tumor volume in time was plotted for each experimental group, until the first mouse of the concerning group had reached the experimental endpoint tumor volume.

For ex vivo tumor tissue analysis, tumors were processed to single cell suspensions either by application of the GentleMACS isolation protocol (Miltenyi Biotec) in case of downstream flow cytometry (at experimental endpoint), or by immediate lyses in case of downstream multiplex analysis (at 706.9 ± 194.8 mm3).



Experimental Set-Up - In Vitro Sensitivity MO4 Cells

Quantification of epigenetic marks was performed as previously described (28), upon 48 hours (H3K9me2) or 5 days (5mC) exposure to 1.9μM CM-272. Furthermore, 1x104 MO4 cells were exposed to 0.05-1μM CM-272 in 200μL in a flat-bottom 96-well plate (Sarstedt, Nümbrecht, Germany). Confluence, cytotoxicity and apoptosis were monitored with the IncuCyte Zoom (Essen BioScience, Welwyn Garden City, UK), and the number of viable cells was determined with CellTiter-Glo, as instructed (Promega, Leiden, The Netherlands). IC50 value was determined based on four-parameter nonlinear regression of vehicle-normalized CellTiter-Glo data. Concerning RNA sequencing and validation, 5x105 MO4 cells were exposed to 0.05-1μM CM-272 in 5mL in a 6-well plate (Corning) for indicated timeframe. Cells were harvested for flow cytometry, snap-frozen awaiting western blot analysis, or processed for RNA sequencing.



Experimental Set-Up - In Vitro Sensitivity T Cells

Purified CD4+/CD8+ or OT-I/-II T cells were labelled with carboxyfluorescein diacetate succinimidyl ester (CFSE) (Becton Dickinson [BD], Franklin Lakes, New Jersey) and stimulated with 0.5µg/mL plate-coated anti-CD3 (clone 145-2C11; Biolegend, San Diego, California) and 1µg/mL soluble anti-CD28 (clone 37.51; Biolegend), or 10µg/mL OVA-derived peptides (AnaSpec, Fremont, California) for 3 days, respectively. Non-mitogenic IL-7 (5ng/mL) served as a negative control (PeproTech, Cranbury, New Jersey). T cells were treated with 0.125-1μM CM-272. Cells were collected for flow cytometry at 72 hours and IFN-γ was measured in culture supernatants at 48 hours. MO4 cells were co-cultured for 48 hours with OT-I TCR-engineered T cells at 1:2 effector/target ratio, while exposed to 0.125-0.5μM CM-272, before IFN-γ measurement.



Experimental Set-Up - In Vitro Sensitivity DCs

5x105 DCs were exposed to 0.05-1μM CM-272 for 24 hours in a 48-well plate in 500μL complete RPMI-1640 (Sigma-Aldrich) and cultured for an additional 24 hours with/without 1μg/mL lipopolysaccharide (E. coli serotype O55:B5; Sigma-Aldrich). DCs were collected for flow cytometry and IL-12p70 was measured in culture supernatants. DCs pulsed with 10μg/mL OVA257-264 were co-cultured at 1:10 ratio with OT-I T cells for 72 hours before IFN-γ measurement. Unstimulated and CD3/CD28-stimulated (ThermoFisher, Waltham, Massachusetts) T cells served as negative and positive controls, respectively.



RNA Extraction From MO4 Cells or Ex Vivo Tumor Tissue

Upon cell harvesting, cell integrity was evaluated using cell cycle analysis and sub-G1-phase quantification. MO4 cells in the sub-G1 phase amounted to 1.78% ( ± 0.67 SD) and 6.92% (± 2.32 SD) in vehicle and CM-272 treatment conditions, respectively. RNA was extracted from in vitro treated MO4 cells or ex vivo tumor tissue using the RNeasy plus mini kit, according to manufacturer instructions (Qiagen, Hilden, Germany). RNA quality control was based on the RNA integrity number score and DV200 score as determined on the 2100 Bioanalyzer (Agilent, Santa Clara, California). The RNA integrity number ranged from 8.7 to 7.1 and the DV200 score from 90 to 95%, indicating that the RNA was of sufficient (undegraded) quality to perform RNA sequencing on. Concentration was determined using Qubit RNA HS Assay (Invitrogen, Carlsbad, California). RNA was subsequently used for RNA sequencing (in vitro MO4 cells) or multiplex analysis (ex vivo tumor tissue).



RNA Sequencing Analysis on MO4 Cells

MO4 cells were treated for 24 hours with 1µM CM-272 or vehicle, and further processed as to extract the RNA. 150ng RNA per condition was used to construct an RNA library upon ribosomal RNA depletion using the KAPA Ribo Erase (HMR) kit (Kapa Biosystems, Basel, Switzerland), followed by sequencing on the Illumnia NovaSeq 6000 (Illumnia, San Diego, California). Gene expression counts were generated upon read alignment against the mus musculus reference genome version GRCm38-83 using STAR software (44), and subsequent analysis using HTSeq script in Python (45). Normalized gene expression counts and log2-fold change of gene expression were generated using DESeq2 script in R. Genes, as calculated by DESeq2 on single-gene level, in compliance with p-value <0.0005, q-value <0.002, and |log2-fold change| >1 were listed (Supplementary Table 1). Principal component analysis plot comparing vehicle and CM-272 samples was provided (Supplementary Figure 1C). Normalized counts from DESeq2 analysis were subjected to gene set enrichment analysis (GSEA) making use of GSEA v4.1.0 software and the Canonical Pathways (KEGG, PID, REACTOME and WikiPathways) gene set collections from the Molecular Signatures Database, as previously described (46–48). As such, gene sets were pre-filtered to a minimum of 15 and maximum of 500 number of genes, rendering 1776 gene sets (composed of 17870 gene markers) out of 2523 to be evaluated. Using 17870 gene markers for the CM-272 versus vehicle comparison, 1255 and 521 gene sets were identified as up- or downregulated in CM-272 condition, respectively. Significantly changed gene sets were defined as nominal p-value <0.005, q-value <0.1, |Normalized Enrichment Score (NES)| >1 (Supplementary Table 2). Results from Supplementary Table 2 were visually presented using the EnrichmentMap Cytoscape application, as previously described (Figure 1B) (49).




Figure 1 | Dual G9a and DNMT inhibition shapes the transcriptional profile of melanoma cells, impacting on cell cycle progression and immunogenicity. (A) H3K9me2- and 5mC-levels upon 1.9μM CM-272 treatment (2 or 5 days respectively), relative to vehicle-treated cells (mean ± SD; n=3/4). (B, C) Gene expression changes in MO4 cells upon treatment with 1μM CM-272 for 24 hours (n=1, 2 s.p.c.). The percentage of cells with fractionated DNA (sub-G1-phase, indicative of cell death) amounted to 1.78 ± 0.67 and 6.92 ± 2.32 (SD) in vehicle and CM-272 treated conditions, respectively. (B) Graphical representation of GSEA on gene expression changes in MO4 cells. (C) Enrichment plot of a gene set involving epigenetic regulation of gene expression. Heatmap lists row-normalized gene expression of leading-edge genes. Vehicle and CM-272 conditions were compared using unpaired two-tailed student t-test (A). Asterisks indicate statistical significance: **p ≤ 0.01; ****p ≤ 0.0001.





Multiplex Analysis on Ex Vivo Tumor Tissue

Tumors were resected from 6 mice (total 12) treated with CM-272 or vehicle, and further processed as to extract the RNA. RNA of each individual tumor was then analyzed with the nCounter PanCancer Mouse Immune Profiling Panel on the nCounter MAX Analysis System (Nanostring, Seattle, Washington). Quality control was performed using nSolver software. Expression counts (transcripts per million) were normalized making use of the Nanostring analysis-adjusted RuvSeq method (50). Principal component analysis plot comparing vehicle and CM-272 samples was provided (Supplementary Figure 3A). Normalized counts were subjected to GSEA, using Canonical Pathways (BIOCARTA, KEGG, PID, REACTOME and WikiPathways) gene set collections, as previously described (46–48). As such, gene sets were pre-filtered to a minimum of 15 and maximum of 500 number of genes, rendering 106 gene sets out of 2871 to be analyzed. Using 359 gene markers for the CM-272 versus vehicle comparison, 70 and 36 gene sets were identified as up- or downregulated in CM-272 condition, respectively. Significantly changed gene sets were defined as nominal p-value <0.005; FDR-value <0.1; |NES| >1 (Supplementary Table 3) and visualized using the EnrichmentMap Cytoscape application (Figure 4D). Tumor-infiltrating leukocyte (TIL)-scoring was performed in R as previously described (51), using cell type specific marker genes as specified by the PanCancer Mouse Immune Profiling Panel (Nanostring). Briefly, cell scores were calculated as the mean of log2-normalized gene expression value of all marker genes. Total TIL score per sample were calculated as the mean of all cell scores whose correlation with CD45 exceeded 0.6. Cell type enrichment score was calculated as the residual from the linear regression curve simulating cell score from total TIL score, combining all samples data for each cell type separately.



IncuCyte Zoom Live Cell Imaging

The IncuCyte Zoom live cell imaging device was used to monitor cell confluence, cytotoxicity - 1:800 dilution of Incucyte Cytotox Red Dye (Sartorius, Göttingen, Germany), and expression of caspase-3/7 – 1:1500 dilution of Incucyte Caspase-3/7 Dye, according to manufacturer instructions (Sartorius).



ELISA

Supernatant was collected from cell culture of DCs, T cells, DC/T cell co-cultures, or MO4/T cell co-cultures at indicated time-points. IL-12p70 and IFN-γ levels were measured according to manufacturer instructions (Invitrogen, BD Pharmingen).



Flow Cytometry

Antibody staining was performed in 0.02% sodium azide/1% PBS supplemented with bovine serum albumin (prepared in-house), unless stated otherwise, for 1 hour at 4°C. Cells were acquired on the LSR Fortessa/Canto (BD) and data was analyzed with FlowJo v10 software (BD). Forward- and side-scatter properties were used to gate-out debris and aggregating cells before viable cells were selected using a viability dye. Cell cycle analysis included dead cells. MO4 cells were analyzed for: (1) cell cycle distribution: 3x105 cells in 500μL PBS were fixated by addition to 4,5mL of a -20°C pre-cooled 70% Ethanol solution while vortexing. After 2 hours of incubation at -20°C, cells were washed twice and rehydrated for 15 minutes in PBS. DNA was stained by 10 minutes incubation with 200μL propidium iodide solution: 1 mg/mL sodium nitrate (Merck KGaA, Darmstadt, Germany), 0.1% Triton-X (Merck), 100 µg/mL RNase A (Boehringer, Ingelheim, Germany), and 50 µg/mL propidium iodide (Sigma-Aldrich). Gating strategy was provided (Supplementary Figure 1F). (2) Expression of SIINFEKL/H-2Kb (phycoerythrin [PE], clone eBio25-D1.16; eBioscience, San Diego, California) and PD-L1 (brilliant violet 421 [BV421], clone MIH5; Novus, Centennial, Colorado). The DC phenotype was analyzed based on surface expression of: CD11c (peridinin chlorophyll protein cyanine 5.5 [PerCP-Cy5.5], clone N418; Biolegend), CD40 (PE-cyanine 7 [PE-Cy7], clone 3.23; Biolegend), CD80 (BV421, clone 16-1OA1; BD), CD86 (fluorescein isothiocyanate [FITC], clone GL1; BD), I-A/I-E [I-Ad] (allophycocyanin [APC], clone M5.114.15.2; Biolegend). Gating strategy was provided (Supplementary Figure 4A). Ex vivo tumor T-cell infiltrate of vehicle or CM-272-treated mice was analyzed based on: 7-AAD (Biolegend), PD-1 (PE, clone J43; BD), CD8a (Pacific Blue, clone 53-6.7; BD), CD4 (Alexa Fluor 700 [AF700], clone RM4-5; BD), CD3e (PE-Cy7, clone 17A2; Biolegend), CD45.2 (APC-eFluor 780 [APC-eFluor 780], clone 104; Invitrogen). Ex vivo tumor T-cell infiltrate of DC vaccine alone or DC vaccine and CM-272-treated mice was analyzed based on: Fixable viability dye eFluor506 (eBioscience), PD-1 (PE-Cy7, clone J43; Invitrogen), CD8a (Horizon v450, clone 53-6.7; BD), CD4 (alexa fluor 700 [AF700], clone RM4-5; BD), CD3e (PerCP-Cy5.5, clone 145-2C11; BD), CD45.2 (APC-cyanin 7 [APC-Cy7], clone 104; BD). For ex vivo tumor tissue analysis, cells were pre-stained with anti-CD16/32 (unconjugated, clone 93; Biolegend) and samples were fixed with Cytofix/cytoperm (BD), according to manufacturer instructions. Gating strategy was provided (Supplementary Figure 4F). T-cell proliferation was measured based on CFSE dilution in viable CD4+ or CD8+ T cells.



Western Blot

Western blot-mediated quantification of epigenetic marks was performed as previously described (28). For the detection of p21 protein, MO4 cells were lysed in 400µL buffer (5% ß-mercaptoethanol laemmli buffer; prepared in-house) and boiled at 95°C for 10 minutes. 20µg of protein was size-separated on a SDS-PAGE gel next to size-reference (PageRuler; ThermoFisher) and transferred to a nitrocellulose membrane (Amersham, Little Chalfont, United Kingdom). The membrane was blocked in 5% low-fat milk TTBS (prepared in-house) before overnight incubation at 4°C with 5mL of 1:500 rabbit polyclonal IgG p21Waf1/Cip1 (clone C-19; SantaCruz, Dallas, Texas) or 1:1000 rabbit polyclonal ß-actin (Cell Signaling, Danvers, Massachusetts). Blots were incubated for 1 hour at room temperature with anti-rabbit horseradish peroxidase-linked IgG (Cell signaling). Proteins were detected using WesternBright chemiluminescent reagent (Advansta, San Jose, California), visualized on the Odyssey FC (LI-COR, Lincoln, Nebraska), and quantified relative to background making use of Image Studio Lite software (LI-COR).



Statistical Analysis

Statistical analysis was performed using GraphPad Prism v9.1.0 or RStudio v1.3.1093. Outliers were selected using ROUT method at 0.1% (in vivo) or 1% (in vitro/ex vivo). Normality was tested using Shapiro-Wilk test. Sample sizes ≤ 4 were tested assuming normality. Asterisks or symbols indicate statistical significance: * p ≤ 0.05; ** p ≤ 0.01; *** p ≤ 0.001; **** p ≤ 0.0001. Only significant differences were indicated in graphs. Statistical tests, sample sizes (mice per condition [m.p.c.] or samples per condition [s.p.c.]), data variability (standard deviation [SD] or standard error of the mean [SEM]), and number of repeats (n) were indicated in figure legends.




Results


Dual G9a and DNMT Inhibition Results in Melanoma Cell Cycle Arrest and Cell Death

To study melanoma-intrinsic CM-272 effects, MO4 cells were first exposed to the drug in vitro. H3K9me2- and 5mC-levels were significantly reduced upon treatment, suggesting G9a and DNMT1 to be active in MO4 tumors and inhibitable by CM-272 (Figure 1A). Also, cell number and viability were significantly reduced by CM-272 doses above 0.25μM, reaching IC50 at 0.3844μM after exposure for 72 hours (Supplementary Figures 1A, B). These data show that MO4 cells are sensitive to epigenetic modulation by CM-272 in vitro.

To gain further insights and study transcriptional consequences, MO4 cells were treated for 24 hours with 1μM CM-272 and subjected to RNA sequencing. A total number of 1595 and 823 genes were identified as significantly up- or downregulated respectively in CM-272-treated MO4 cells, at single-gene level (Supplementary Table 1). Since the net consequence of single-gene expression changes in big data is generally considered difficult to assess, we made use of the GSEA method to evaluate net effect on pre-established signaling pathways (further referred to as ‘gene sets’). Significantly changed gene sets with associated gene set enrichment score and significance were listed in Supplementary Table 2. In addition, we visually represented significantly changed gene sets using the EnrichmentMap Cytoscape application (Figure 1B). Each significantly changed gene set is presented as a node, whose size and color indicated the number of associated genes and the associated enrichment score. Edges between nodes indicate gene overlap and overlap size. Biologically associated nodes are visually grouped and annotated with an appropriate term, indicating various biological processes. Finally, biological processes are also visually grouped according to whether they pertained to cell metabolism, immune response, or other biological pathways. Some relevant gene sets were further disclosed, showing normalized gene expression of leading-edge genes (Figure 1C) or of the top 20 up- and down-regulated genes (Supplementary Figures 1D, E). GSEA identified 218 and 100 gene sets as significantly down- or upregulated respectively in CM-272-treated MO4 cells (Figure 1B and Supplementary Table 2). Among the downregulated gene sets, those pertaining to cell metabolism, particularly cell cycle regulation, were most represented. In addition, CM-272 downregulated gene sets critical for cell functioning, such as mRNA processing, translation and degradation; the DNA damage response; protein SUMOylation; and epigenetic regulation, including DNMT1/3 (dnmt1/3) and G9a (ehmt2). (Figure 1C). Also, gene sets involving tumor suppressor 53 (TP53) regulation were downregulated, apart from one upregulated gene set, pointing toward cyclin-dependent kinase inhibitor protein p21 (cdkn1a)-induced cell cycle arrest and apoptosis (Figure 1B;  Supplementary Figure 1D). GSEA also identified upregulation of gene sets linked to carcinogenesis (TP53 regulation, neural cell adhesion molecule signaling and extracellular matrix metabolism) and immune responses (antigen presentation, complement system, inflammatory response through IL-10 signaling, and IL-4/12/13/23/27, IFN-I/II, transforming growth factor-β [TGF-β] and toll-like receptor signaling) (Figure 1B and Supplementary Figure 1E).

Next, we validated selected pathways possibly causing acute cytostatic or cytotoxic events. Using flow cytometry, CM-272 was shown to cause cells to arrest in the G1-phase of cell cycle by 24 hours of treatment in a dose-dependent manner (Figure 2A), and the accumulation of sub-G1 cells, representative of apoptotic cells with fractionated DNA, by 48 and 72 hours (Figure 2B and Supplementary Figure 1G) (52). At transcriptional level, the upregulation of cyclin D1 (ccnd1) at 24 hours accompanied the G1-arrest (Supplementary Table 1), along with that of cdkn1a (Supplementary Table 1) and concomitant accumulation of p21 (Figure 2C and Supplementary Figure 1H). These events were concomitant to a rise in cytotoxicity and caspase-3/7 activation, significantly detected at 1-2μM CM-272 (Figures 2D, E). These results suggest that CM-272-treated MO4 cells undergo cell cycle arrest followed by cell death. Notably, the finding that CM-272 concomitantly reduced cell growth while causing an upregulation of immune-related gene sets suggested that CM-272-treated tumors in vivo might develop a different sensitivity to immune recognition.




Figure 2 | Dual G9a and DNMT inhibition causes MO4 cell cycle arrest and cell death. (A, B) Percentage of MO4 cells in cell cycle phases (mean ± SD; n=4). Asterisks represent significant differences in (A) G1-phase at 24 hours or (B) sub-G1-phase at 48 hours. (C) p21 protein expression and ß-actin loading control (representative blot; n=3). (D, E) Cell death induction: (D) Loss of cell membrane integrity and (E) caspase-3/7 activity in time (mean ± SD; n=3). Vehicle and CM-272 conditions were compared using ordinary one-way Anova and post-hoc Dunnett’s multiple comparison tests (A, B) or REML modeling with Geisser-Greenhouse correction and post-hoc Sidak multiple comparison test (D, E). Asterisks indicate statistical significance: *p ≤ 0.05; **p ≤ 0.01; ***p ≤ 0.001; ****p ≤ 0.0001.





Dual G9a and DNMT Inhibition Favors Tumor Cell Recognition by Tumor-Specific T Cells In Vitro

To address effects on tumor/T-cell recognition, we first investigated if CM-272 promoted MO4 antigen presentation. SIINFEKL/H-2Kb complexes were found to be upregulated by CM-272 in a dose-dependent manner (Figure 3A). Notably, CM-272 also increased PD-L1 expression (Figure 3B), questioning net effects on T-cell activation.




Figure 3 | Dual G9a and DNMT inhibition favors tumor cell recognition by tumor-specific T cells in vitro. (A, B) MO4 cell surface presentation of (A) SIINFEKL/H2-Kb or (B) PD-L1 after CM-272 treatment for 24 hours (mean ± SD; n=4). (C, D) T-cell proliferation upon 72 hours of polyclonal (anti-CD3/CD28) or peptide (SIINFEKL/ISQAVH) stimulation of (C) CD4+ and CD8+ T cells or (D) OT-I and OT-II T cells, respectively, in the presence or not of CM-272 (representative histograms; n=4 [B]/n=2 [C]). (E, F) IFN-γ production upon 48 hours of (E) polyclonal stimulation of T cells (mean ± SD; n=2, total 4 s.p.c.) or (F) MO4-mediated stimulation of (un)transduced T cells (mean ± SD; n=2/3). Vehicle and CM-272 conditions were compared using ordinary one-way Anova and post-hoc Dunnett’s multiple comparison test (A,B,F). Asterisks indicate statistical significance: *p ≤ 0.05; **p ≤ 0.01; ***p ≤ 0.001; ****p ≤ 0.0001.



We also investigated putative T-cell intrinsic effects of CM-272. T-cell expansion to polyclonal (Figure 3C; Supplementary Figure 1I) and antigen-driven (Figure 3D) stimulation as well as IFN-γ production (Figure 3E) were comparable in the absence or presence of CM-272. In addition, in MO4 and OVA-specific TCR-engineered T cell co-cultures, IFN-γ production (Figure 3F) was significantly increased upon CM-272 exposure. These results indicate that CM-272 promotes tumor/T cell recognition.



Dual G9a and DNMT Inhibition Transiently Delays Melanoma Growth in Immune-Competent Mice

CM-272’s therapeutic activity was evaluated in immune-competent and -deficient mice bearing subcutaneous MO4 tumors. CM-272 or vehicle were injected intraperitoneally starting at day 3, and tumor growth was monitored in time (Figure 4A, treatment scheme). Of note, MO4 tumors developed faster in immune-deficient mice compared to immune-competent ones (Figure 4B and Supplementary Figure 2A). CM-272 delayed tumor growth only in immune-competent mice and only transiently. Indeed, effects were most evident at day 12 (Figure 4C) and omitted to significantly impact survival (data not shown). As the tumor delay effect of CM-272 in vivo was prone to variability (50% efficacy across 6 independent experiments, conducted at independent sites), further investigation into transcriptional reprogramming by CM-272 in vivo was deemed necessary. By extension thereof, these data support the possibility that, in context of melanoma, CM-272 exerts anti-tumor activity mainly via immune-mediated mechanisms.




Figure 4 | Dual G9a and DNMT inhibition transiently delays MO4 tumor growth in immune-competent mice. (A, C) CM-272 therapy in immune-deficient (NUDE) and -competent (C57Bl6J) MO4-bearing mice. (A) Schematic representation of treatment regimen (n=1, 11 m.p.c.). (B, C) Tumor volume in time (mean ± SEM [B]/mean ± SD [C]). (D, E) Multiplex tumor analysis (706.9 ± 193.8 mm3; n=1, 12 m.p.c.). (D) Graphical representation of GSEA. (E) TIL-scoring (10-90 percentile Box&Whiskers). (F) Mice survival (Kaplan-Meier curve) upon CM-272 combination with PD-1 blockade (aPD-1; n=1, 6-8 m.p.c.). Vehicle and CM-272 conditions were compared using REML modeling and post-hoc Sidak multiple comparison test (B); unpaired one-tailed student t-test with Welsh correction or Mann-Whitney test (C); Wilcoxon rank sum test (E); Log-rank test (F). Asterisks indicate statistical significance: *p ≤ 0.05; **p ≤ 0.01.



To address this, we performed multiplex gene expression analysis on MO4 tumors from immune-competent mice to study the tumor immune-contexture. CM-272 upregulated toll-like receptor and IFN-I signaling, as identified by GSEA (Figure 4D). Although this corroborated in vitro findings on CM-272’s ability to fuel immune-signaling, at present we cannot discriminate whether in vivo effects are due only to tumor-intrinsic effects or also to effects on other tumor-infiltrating/resident cells. Enrichment of a TCR-signaling gene set was also observed, potentially reflecting the upward trend in (CD8+) T-cell representation (including cytotoxic and exhausted T cells as well as T helper 1 cells) and the downward trend in regulatory T cells, as identified by TIL-scoring (Supplementary Figures 3B–D). Although the CD8+ T cell/regulatory T cell ratio remained unchanged, DCs were significantly increased within CM-272-treated tumors (Figure 4E). These data support CM-272-driven immunomodulation in vivo.



Dual G9a and DNMT Inhibition Promotes the Therapeutic Efficacy of DC Vaccination

Given that CM-272 impacts on antigenicity (SIINFEKL/H-2Kb complexes, Figure 3A) and immunogenicity (PD-L1, Figure 3B) in vitro, and on the immune-contexture in vivo (Figures 4D, E), we investigated possible cooperation with various immunotherapy strategies. We studied the combination of CM-272 with PD-1 blockade therapy (2.5mg/kg intraperitoneal, on day 7, 14 and 21), which we reasoned could counteract CM-272-induced PD-L1 upregulation and thereby ameliorate the narrow therapeutic window for PD-1/PD-L1 blockade in melanoma subsets (37–39, 53). However, no benefit was observed as PD-1 blockade failed to delay tumor growth when administered alone and in combination with CM-272 (Figure 4F and Supplementary Figure 2B).

We then reasoned that T-cell representation might be insufficient and therefore tested the combination with adoptive T-cell therapy in the form of SIINFEKL-specific TCR-engineered T cells (Figure 5A, treatment scheme). Provision of T cells improved the therapeutic effects of CM-272, allowing the survival of 69.2% of mice at the time all vehicle controls reached endpoint (survival proportion 0%) (Figure 5B). Yet, the combination of CM-272 and T-cell therapy was not sufficient for durable responses.




Figure 5 | DC vaccination best cooperates with dual G9a and DNMT inhibition in prolonging mouse survival. (A–G) CM-272 combination therapy with (B) adoptive T-cell therapy (n=3, total 7-14 m.p.c.) or (C–G) DC vaccination (n=2, total 12 m.p.c.). (A) Treatment regimen. (B, G) Survival (Kaplan-Meier curve) upon CM-272 combination with (B) T-cell therapy or (G) DC vaccination. (C, D) Tumor volume in time (mean ± SEM [C]/mean ± SD [D]). (E, F) Tumor-contexture upon CM-272 combination with DC vaccination (n=1, 4-8 m.p.c.). (E) CD4+/CD8+ T-cell abundance. (F) PD-1 expression on CD4+/CD8+ T cells. Vehicle and experimental conditions were compared using Log-rank test (B,G); REML modeling with Geisser-Greenhouse correction and post-hoc Sidak multiple comparison test (C); unpaired one-tailed student t-test or Mann-Whitney test (D); ordinary one-way Anova and post-hoc Tukey’s multiple comparison test (E, F). Asterisks indicate statistical significance: *p ≤ 0.05; **p ≤ 0.01; ***p ≤ 0.001; ****p ≤ 0.0001. Statistical significance of panel C is supplemented in Table S4.



We thus reasoned that T-cell priming might be a limiting factor. We therefore investigated active DC-mediated vaccination as to better instigate tumor-directed CD8+ T-cell responses in vivo. DCs of bone marrow origin were matured with lipopolysaccharide and pulsed with SIINFEKL. Lipopolysaccharide-matured DCs expressed CD40, CD80 and CD86 co-stimulatory molecules (Supplementary Figures 4A–C) and secreted IL-12p70 (Supplementary Figure 4D) to comparable extent in the absence or the presence of CM-272. Likewise, mature DCs induced comparable IFN-γ secretion by SIINFEKL-specific CD8+ T cells (Supplementary Figure 4E). In vivo, DC vaccination delayed tumor growth compared to vehicle- and CM-272-only treatments (Figure 5C). Adding CM-272 to DC vaccination further increased tumor growth control. This was best found on day 10, 13, 17, and 18 (Figures 5C, D). Flow cytometry analysis of the tumor at end-stage confirmed that DC vaccination caused tumor infiltration by both CD4+ and CD8+ T cells, which remained unchanged in combination with CM-272 (Figure 5E). A significant fraction of T cells upregulated PD-1, indicative of acute tumor recognition (Figure 5F). The combination of CM-272 and DC vaccination best promoted mouse survival, with 100% of treated mice being alive at the time all vehicle mice had reached endpoint (survival proportion 22.5%), compared to 63.5% upon DC vaccination only (Figure 5G). These data indicate that the dual G9a and DNMT inhibitor CM-272 promotes the therapeutic effect of cancer vaccination against melanoma.




Discussion

We report that the dual G9a and DNMT inhibitor CM-272 can be used in combination with adoptive T cell therapy and active cancer vaccination against melanoma. The data support the notion that both tumor cell-intrinsic and -extrinsic events shape in vivo responses to such combination therapies, and that counteractive effects might be concomitantly induced, possibly hindering full efficacy of such combined strategies.

In vitro, CM-272 caused MO4 cell cycle arrest and cell death. This corroborates recent findings that correlated G9a- and DNMT1-activity to melanoma cell proliferation (7–9). Also, restoring wild-type TP53 transcriptional activity, or at least tipping the balance away from oncogenic mutant isoforms, has been receiving attention as a means to tackle melanoma cell proliferation and therapy resistance (54). Our results advocate for epigenetic regulation of isoform expression, as CM-272 induced TP53 signaling toward p21-mediated cell cycle arrest and apoptosis. Though p21 effects are ambiguous, it is considered to mediate G1 arrest at high concentrations (55). This substantiates the anti-proliferative effect of CM-272 on MO4 cells. Notably, p21 upregulation has been shown to sensitize melanoma cells to T-cell cytotoxicity (56). Accordingly, we found improved recognition of CM-272-treated tumors by T cells in vitro.

We also found evidence of CM-272 having immune-modulatory consequences both in vitro and within the TME in vivo, suggesting that it might help shifting the cancer-immune set-point beyond the activation threshold (57). Indeed, in transcriptomic analyses we found that CM-272 induced the upregulation of several gene sets related to immune responses, including toll-like receptor and IFN-I signaling. We appreciate that IFN-I signaling could be due to MYD88 signaling resulting from epigenetic re-expression of retroviral elements or from the response to genetic material from dying cells (58), and operates as a bridge between innate and adaptive anti-tumor immunity. IFN-I has been previously shown to promote DC maturation and IL-12p70 production, instruct the local release of chemo-attractants for monocyte and lymphocyte recruitment, and induce antigen and co-stimulatory ligand expression, as such facilitating T cell reactivation and tumor recognition (59–62). Although not all transcriptional changes defined in vitro were validated in explanted tumors, we appreciate that they could all participate in establishing a more favorable immune contexture in vivo. Accordingly, CM-272 caused DC enrichment in the tumor, thus supporting the promise for synergistic activity in combination with immunotherapy. Nevertheless, it should be noted that CM-272 also caused PD-L1 upregulation on tumor cells, a known IFN-I feedback mechanism protecting tumors from IFN-mediated toxicity (63). In addition, tolerogenic signals including IL-10 (64) and TGF-β (65) were also upregulated by CM-272. GSEA thus identified CM-272’s epigenetic reprogramming as a putative in vivo double-edged sword. We believe that such dual activity is consistent with the transient therapeutic effects reported in vivo. The fact that CM-272 depends on an intact immune system to exert an anti-tumor effect suggests that the direct tumor inhibition observed in vitro is not as prominent in vivo. This may be due to insufficient drug penetration into the tumor site in vivo to confer direct tumor-cell intrinsic cytotoxic effects. Ensuing this notion, suboptimal CM-272 tumor-cell intrinsic effects in vivo could also explain its failure to confer a significant survival improvement when provided as a single agent. Regardless, in vivo tumor transcriptional changes upon CM-272 treatment suggest the drug to be active at the tumor site, and able to instigate a signaling cascade toward immune activation. In line with our statement above, we contend that the reported results reflect some tumor cells being affected by CM-272 in vivo, e.g., by cell death induction or cellular stress as observed in vitro, and this to be sufficient to initiate transcriptional events reflective of reprogramming of the tumor microenvironment and of immune-mediated destruction.

Since PD-L1 levels were augmented by CM-272, and DC influx and TCR-signaling (local T-cell activity) were induced by CM-272 in vivo administration, we first tested possible synergy with PD-1 blockade therapy. The decision to target PD-1 rather than PD-L1 was based on previous published results. Indeed, a meta-analysis of melanoma patients treated with PD-1 or PD-L1 blockade reported a 37% response rate in former compared to 16% in the latter (66). In addition, while anti-PD-1/PD-L1 blocking antibodies were proven similarly efficacious in B16 melanoma-bearing mice, even at elevated PD-L1 levels (37), the potency of anti-PD-L1 and not that of anti-PD-1 was found to decline with age in the B16 model (67). Thus, both for putative translational purposes and to avoid confounding effects, the synergy with anti-PD-1 was first investigated. We found that CM-272 failed to sensitize MO4 tumors to PD-1 blockade. This contradicts the successful combination of anti-PD-L1/CM-272 in a bladder cancer model (28) and of anti-PD-1/UNC0642 (G9a inhibitor) in the parental B16F10 model (68), as well as other preclinical reports on G9a or DNMT inhibition across different tumor models (8, 69, 70), and yet can be explained by diverse immune contextures or pharmacokinetics of epigenetic remodeling. In agreement with our findings, clinical trials have reported on a significant patient subgroup that does not respond to such combined treatments. While phase I/II clinical trials in melanoma patients testing DNMTi’s in combination with anti-CTLA-4 or anti-PD-1 mAbs are still ongoing (71), a phase II trial in acute myeloid leukemia reported on the combination of the DNMTi Azacitidine and PD-1 inhibitor Nivolumab. Here, despite an encouraging overall response rate of 33%, low pre-therapy tumor infiltration by T cells remained a limiting factor for therapeutic response (72). Still, we acknowledge that implementation of PD-1 blockade, albeit increased PD-L1 expression upon CM-272 treatment, could be subject to discussion. As stated before, the decision to target PD-1 was made to avoid confounding effects in the B16 model as well as for translational purposes, based on previous published results (37, 66, 67). Notwithstanding the grounds for testing PD-1 blockade, future studies might address the blockade of PD-L1 or of other immune checkpoints when of relevance. Also, using anti-PD-L1 as a single agent or in combination with anti-PD-1 might further improve therapeutic efficacy of the combined vaccination treatment. Future studies are needed to address this possibility.

On these grounds, and with the aim of promoting T-cell responses, we moved to adoptive T-cell therapy and active vaccination. Adoptive T-cell therapy showed capable of some cooperative effects in the MO4 model. Indeed, the combination of CM-272 and TCR-redirected T cells promoted longer survival in a significant fraction of tumor-bearing mice, although tumors eventually escaped control. Cooperative activity could be explained by the ability of CM-272 to promote direct peptide/MHC-complex presentation, rendering melanoma cells better targets for adoptively transferred effector T cells (73). Pursuant to this, we reasoned that CM-272-induced sustained IFN-I/II signaling and/or factors like IL-10 and TGF-β could indeed hinder tumor antigen presentation by tumor-resident DCs, thereby restraining successful combination therapy of CM-272 and PD-1 inhibition (60, 74–81). We also found cd209 expression to be increased by CM-272, potentially reflecting monocyte-derived DCs, known to have paradoxical effects on T-cell responses (82). Directly improving in situ tumor antigen presentation by DCs should thus enable the generation of a successful anti-tumor T-cell response if indeed it is the limiting factor. To test this, we vaccinated mice with antigen-loaded mature DCs, known to promote protective immunity in preclinical models and clinical trials (38, 83). Combining CM-272 with DC vaccination prolonged tumor growth control and increased survival compared to individual therapies to extents that surmised those evoked by the combination of adoptive T-cell therapy and CM-272. We attribute this to the ability of mature DCs to express co-stimulatory ligands and to secrete IL-12p70, key for cytotoxic T-cell induction (84), and local reactivation of T cells combined with the cytotoxic and immune-shaping support from CM-272.

Thus, our work extends previous in vitro reports on increased melanoma antigenicity upon methylation-targeted epigenetic treatment in cancer vaccination context (73, 85) and underlines epigenetic reprogramming as a strategy to tip the cancer-immune set-point toward responsiveness to immunotherapeutic strategies. We expect additional studies to stem from this proof-of-principle report as to include the validation of the therapeutic robustness of this combined strategy when targeting unmutated tumor-associated self-antigens, the selection of the most appropriate vaccination platform (e.g., mRNA vaccination), and the definition of markers of epigenetic reprogramming capable of predicting sensitivity to the most appropriate immunotherapy.
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Background

Clear cell renal cell carcinoma (ccRCC) is known for its high drug resistance. The tumor-immune crosstalk mediated by the epigenetic regulation of N6-methyladenosine (m6A) modification has been demonstrated in recent studies. Therefore, m6A modification-mediated immune cell infiltration characteristics may be helpful to guide immunotherapy for ccRCC.



Methods

This study comprehensively analyzed m6A modifications using the clinical parameters, single-cell RNA sequencing data, and bulk RNA sequencing data from the TCGA-ccRC cohort and 13 external validation cohorts. A series of bioinformatic approaches were applied to construct an m6A regulator prognostic risk score (MRPRS) to predict survival and immunotherapy response in ccRCC patients. Immunological characteristics, enriched pathways, and mutation were evaluated in high- and low-MRPRS groups.



Results

The expressional alteration landscape of m6A regulators was profiled in ccRCC cell clusters and tissue. The 8 regulator genes with minimal lambda were integrated to build an MRPRS, and it was positively correlated with immunotherapeutic response in extent validation cohorts. The clinicopathological features and immune infiltration characteristics could be distinguished by the high- and low-MRPRS. Moreover, the MRPRS-mediated mutation pattern has an enhanced response to immune checkpoint blockade in the ccRCC and pan-cancer cohorts.



Conclusions

The proposed MRPRS is a promising biomarker to predict clinical outcomes and therapeutic responses in ccRCC patients.





Keywords: clear cell renal cell carcinoma, N6-methyladenosine, immune infiltration characteristic, mutation, immunotherapy, prognosis



Introduction

Clear cell renal cell carcinoma (ccRCC) is the most common type of renal cancer and accounts for nearly 3% of adult malignant tumors (1). Approximately 30% of patients already have advanced ccRCC or metastases when they are first diagnosed, and have missed the opportunity for surgical intervention (2). Although targeted therapy and immunotherapy have become the main adjuvant therapy for advanced ccRCC, the complete response rate and partial response rate remained low (3, 4). So far, the biomarker-based therapeutic strategies for advanced ccRCC have been missing.

N6-methyladenosine (m6A) modification is an important factor for messenger RNA (mRNA) stability, splicing, and translation (5–7). Serval m6A-sequencing studies have revealed that abnormal m6A regulatory enzymes are involved in mutagenesis, proliferation, and tumorigenesis through the dysregulation of the m6A pathway (8, 9). Recently, m6A modifications have been shown to play a role in the regulation of immune cells, such as the following: METTL3-mediated m6A modification increased the translation of certain immune transcripts and physiologically promoted the activation of dendritic cells (DCs) and DC-based T-cell responses (10), and ALKBH5 regulated m6A modification in the 3’UTR region of PD-L1 mRNA and inhibited the expansion and cytotoxicity of T cells by sustaining tumor cell PD-L1 expression (11). The potential relationship between RNA m6A dysregulation and tumor-infiltrating immune cells (TIICs) has motivated us to investigate and find the potential biomarkers for predicting immune checkpoint therapy outcomes. Herein, we systematically evaluated the m6A regulator-based risk score and its associated gene mutation with the TIICs and revealed a new predictive method that could be used to predict the immunotherapy response in ccRCC and pan-cancer.



Materials and Methods


Data Collection and Processing

The RNA sequencing (RNA-seq) transcriptome data of patients with ccRCC and the corresponding clinical data and mutation profiles were downloaded from The Cancer Genome Atlas (TCGA) database. The validation datasets (GSE53757, GSE40435, GSE29609, and E-MTAB-3267) were included for analysis from the Gene Expression Omnibus (GEO) database and the European Molecular Biology Laboratory (12–15). The relative transcriptomic and clinical data of three immunotherapeutic cohorts of patients with ccRCC were obtained from the online supplementary data (16–18). RNA-seq data of the immunotherapy cohort of bladder cancer (19) and melanoma (PRJEB23709 and phs000452) were collected for testing (20, 21). The annotated response and mutational data of patients from a discovery cohort receiving ICB treatment from 4 studies were collected and consolidated to study the relationship between mutated genes and immunotherapy (17, 22–24). The single-cell dataset of ccRCC ICB treatment was obtained from PMID33861994 (25). The information for all collected data is presented in Table S1.



Single-Cell RNA Sequencing Analysis

The association with m6A regulators was established by analyzing the genes related to the immune response in the scRNA-seq results of ccRCC (25). The CellRanger software (version 5.0.0) and STAR were used for preprocessing. Principal component analysis (PCA) was run using the “RunPCA” function on the variable genes identified, and the k-nearest neighbor graph was constructed by the “FindNeighbors” function. Uniform manifold approximation and projection (UMAP) was used to visualize single-cell transcriptional profiles and clusters. Marker genes were visualized on UMAP plots using log-normalized counts.



Cell–Cell Communication Analysis

CellPhoneDB applies an algorithm that considers only receptors and ligands with broad expression among the tested cell types, followed by calculating the likelihood of cell-type specificity of a given receptor–ligand complex with a sufficient number of permutations (26).



Selection of m6A RNA Methylation Regulators

Based on previous studies (5, 27–30), 23 m6A RNA methylation regulators, namely, ALKBH5, CBLL1, FMR1, IGF2BP1/2/3, FTO, YTHDC1/2, YTHDF1/2/3, HNRNPC, LRPPRC, METTL3/14/16, WTAP, KIAA1429, RBM15/15B, ZC3H13, and HNRNPA2B1, were used for our analysis. Immunohistochemistry (IHC) images of m6A regulators have been used in the tissue atlas and pathology atlas panels in the Human Protein Atlas. The protein and gene expression of m6A regulators in normal individuals and ccRCC patients were analyzed on University of Alabama Cancer Database (UALCAN) portal.



Immune Infiltration Analysis in RCC

CIBERSORT and MCP counter were used to transform the RNA-seq data into the proportion of TIICs. The MCP counter R package was used to evaluate the expression of nine TIICs types. CIBERSORT (https://cibersort.stanford.edu/) was used to quantify the 22 infiltrated immune cells according to normalized gene expression profiles, which included different types of B cells, T cells, NK cells, DC cells, and mast cells. As a verification method, the single-sample gene-set enrichment analysis (ssGSEA) and xCell algorithm were applied.



Construction and Validation of the m6A Gene Signature

The significant m6A RNA methylation regulators were established by the least absolute shrinkage and selection operator (LASSO) Cox regression (with the penalty parameter estimated by 20-fold cross-validation). Those regulator genes with minimal lambda were integrated to build an MRPRS, and it was developed according to the expression level using univariate Cox. The “glmnet” package was used to perform the LASSO Cox regression model analysis.

The limma R package’s empirical Bayesian approach was applied to determine differentially expressed genes (DEGs) between high and low m6A scores. The significance criteria for determining DEGs were set as the adjusted p < 0.05 and |logFC| > 1. Finally, we performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses using the ClusterProfiler R package based on these DEGs. A protein–protein interaction (PPI) network was constructed by STRING (https://string-db.org/) and evaluated using the Cytoscope software (31).



Statistical Analysis

Statistical tests were carried out using R version 4.0.4, SPSS 25.0 (IBM, NY, USA) and GraphPad Prism 8.0. The expression levels of the m6A RNA regulators were compared with the Mann–Whitney U test in ccRCC versus normal tissues. Survival curves were generated using the Kaplan–Meier method, and the difference was compared with the log-rank test. Pearson correlation coefficient was used to compare the correlation between MRPRS and gene expression values. The “oncoplot” function of the R package “maftools” was used to determine the mutation landscape of the TCGA ccRCC cohort and immunotherapeutic cohort. The high- and low-group was divided based on the optimal cut-off value calculated by the function "surv_cutpoint" in the R package "survminer". All the R package used in this study is listed in Table S2. p < 0.05 indicated statistical significance.




Results


The Expressional Alteration Landscape of m6A Regulators in ccRCC Tissues and Cell Clusters

On reviewing the literature (5, 27–30), 23 genes were found that mainly regulate m6A modification including 9 writers (METTL3, METTL14, METTL16, RBM15, RBM15B, CBLL1, ZC3H13, KIAA1429, and WTAP), 12 readers (FMR1, HNRNPA2B1, HNRNPC, YTHDF1/2/3, YTHDC1/2, IGF2BP1/2/3, and LRPPRC), and 2 erasers (FTO and ALKBH5). We utilized the bulk TCGA-ccRCC data (529 cases of ccRCC and 74 cases of normal tissues) to analyze the expression of these m6A regulators, revealing that 15 out of 23 m6A regulators were differentially expressed (Figure 1A; Table S3), and this phenomenon was also found in two other GEO datasets (GSE53757 and GSE40435) (Figure S1A). In addition, the protein levels of these regulators were also evaluated from the IHC results (Figure S1B; Table S4).




Figure 1 | (A) Expression of 23 m6A RNA methylation regulators between renal cancer and normal tissues in the TCGA-ccRCC cohort. (B, C) The UMAP plot and overview of epithelial cells by the origin and cell type of the cells. (D) Composition of various epithelial cells in different immunotherapeutic responses. (E) The heatmap of marker gene expression in 7 identified epithelial cell subsets. (F) Dot plot analysis of KEGG pathway enrichment of 7 epithelial cell subsets. (G) Violin plots showing the partial expression of m6A regulators for each epithelial cell type ("*p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001; ns, not significant).



We next used the scRNA-seq data (25) (PMID33861994) to evaluate the expression of m6A regulators in different subsets of ccRCC cells. A total of 65,535 cells were divided into 7 cell clusters, a total of 6,539 epithelial cells from ccRCC multiple regions (Near, Far, Center, and Lymph node) and normal tissues of 6 ICB-treated and untreated patients were extracted, and 6 ccRCC cell clusters were identified based on AQP3, GPX3, CCNI, STMN1, VCAM1, and VCAN expression (Figures 1B, C; Figures S1C, D; Table S5). The genes with the most significant differential expression in each cell cluster were described in the heatmap (Figure 1E; Table S6), and significant functional heterogeneity was found among the 7 cell clusters (Figure 1F). As shown in Figure 1G, m6A regulators also presented the expression heterogeneity between normal cell clusters and tumor cell clusters, as well as between the 6 ccRCC cell clusters. Moreover, the expression of WTAP, YTHDC1, YTHDC2, HNRNPC, and HNRNPA2B1 was significantly different between the ICB-resistant-related GPX3+ epithelial cells and ICB-response-related VCAM1+ epithelial cells (Figure 1D), indicating that the differential expression level of m6A regulators in ccRCC tissue and cell clusters may be related to the efficacy of immunotherapy.



Construction, Validation, and Immunotherapy Response Evaluation of the m6A Regulator Prognostic Risk Score

To systematically evaluate these differences in m6A regulators, the MRPRS was established by the LASSO Cox algorithm, the 8 regulator genes with minimal lambda were integrated to build an MRPRS (Figures 2A, B) (Figure S2A), and it was developed according to the expression level using univariate Cox (Figure S2B). The ccRCC patients in the TCGA database were divided into the high-MRPRS group (N = 134) and the low-MRPRS group (N = 395) based on the optimal cut-off value calculated by the function "surv_cutpoint" in the R package "survminer", and the ccRCC patients in the high-MRPRS group had a significantly shorter overall survival time than that in the low-MRPRS group (p < 0.001; Figure 2C). The prognostic value of MRPRS was also validated in an independent cohort (GSE29609, p = 0.037; Figure 2D). We continued to extend the MRPRS signature to 16 other tumor types, such as esophageal carcinoma (ESCA), lung adenocarcinoma (LUAD), and pancreatic adenocarcinoma (PAAD) (Figure S2C). These results present that MRPRS is negatively associated with survival outcomes.




Figure 2 | (A) LASSO coefficient profiles of the 23 m6A RNA methylation regulators in the TCGA-ccRCC cohort. (B) The prognostic analyses for 23 m6A RNA methylation regulators in the TCGA-ccRCC cohort using the univariate Cox regression model. (C) Kaplan–Meier analysis of patients between high- and low-MRPRS groups in the TCGA-ccRCC cohort. (D) Validation cohort of MRPRS from GSE29609. (E) Box plot of different MRPRSs in 3 epithelial cell subsets. (F) The MRPRS between response and non-response groups in PMID32472114. (G–I) Kaplan–Meier analysis of three validation cohorts of immunotherapy in ccRCC (PMID32472114, PMID29301960, and PMID32895571). (J) Heatmap of chemotherapy and targeted drug-related genes between high- and low-MRPRS groups. (K) The correlation of MRPRS and genes associated with angiogenesis. (L) The MRPRS between response and non-response groups in ccRCC with sunitinib (E-MTAB-3267). (M) Kaplan–Meier analysis between high- and low-MRPRS groups in ccRCC with sunitinib (E-MTAB-3267) (*p < 0.05; **p < 0.01; ***p < 0.001).



Next, we investigated the correlation between MRPRS and immunotherapy response in three independent ccRCC cohorts (PMID29301960, PMID32472114, and PMID32895571) (16, 18, 22), and found that the MRPRS was significantly higher in the response group than in the non-response group; the high-MRPRS group presented a markedly prolonged survival (Figures 2F–I). Moreover, the increased MRPRS in the VCAM1+ cell cluster was positively correlated with the patients who experienced complete and mixed responses (Figure 2E). Similar results were also obtained in the extended dataset of bladder cancer (IMvigor210) and melanoma (PRJEB23709) (Figures S3A–E).

In addition, we analyzed the expression of targeted therapy- and chemotherapy-related genes between high- and low-MRPRS groups (Figure 2J). Interestingly, VEGF and mTOR pathway-related genes were found to be highly expressed in the low-MRPRS group, and MRPRS was negatively correlated with the expression level of angiogenesis-related genes including PECAM, FLT1/4, VWF, and CDH5 (Figures 2J, K). In the E-MTAB-3267 cohort of ccRCC patients treated with sunitinib, the MRPRS was significantly lower in the response group than in the non-response group, and the low-MRPRS group showed a markedly prolonged survival (Figures 2L, M). Collectively, our data suggest that the patients with high MRPRS may benefit from immunotherapy and those with low MRPRS may benefit from targeted therapy.



The Clinicopathological Features and Immune Infiltration Characteristics in Distinct MRPRS

We examined the correlation between the MRPRS and the clinical parameters. No significant association was found between the MRPRS and gender and age, but significant associations in terms of TNM stages, grade, and survival status were observed (Figure S4A), and MRPRS is positively correlated with TNM stages and grades (p < 0.001; Figure 3A). Moreover, each of the four different T stages including stage I had significantly higher MRPRS when compared with the control subjects, and MRPRS in the metastasis group was significantly higher than that in the non-metastasis group (p < 0.001, respectively; Figure 3A).




Figure 3 | (A) Box plot of the relationship between stage T, N, M, grade, and MRPRS. (B) The heatmap of markers on multiple immune infiltrates. (C) The MCP_counter algorithm was used to estimate the abundance of various types of immune cells between high- and low-MRPRS groups. (D) The abundance and diversity of TCR clone in high- and low-MRPRS groups. (E) Crosstalk between immune cells and epithelial cells (*p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001).



To investigate the effects of MRPRS on the immune infiltration characteristic of ccRCC, we evaluated the expression of immunomodulators and the infiltration levels between high- and low-MRPRS groups in ccRCC, as shown in Figure 3B; 5 immunomodulators (chemokine, receptor, immunostimulator, inhibitory immune checkpoint, and MHC) and the infiltration levels of 4 types of TIICs (CD8+ T cells, DC, macrophages, and Th1 cells) were positively correlated with the high-MRPRS group (p < 0.05). The MCP counter, xCell, CIBERSORT, and ssGSEA algorithm were used to calculate an immune score and to estimate the abundance of various types of immune cells. We found significantly higher estimates of Tregs, CD8+T cells, NK cells, and B cells in ccRCC with high MRPRS (Figure 3C and Figures S5A–C; Table S7). Moreover, the VCAM1+ cell cluster presented upregulation of HLA-A and HLA-B (Figure 1E), and it was also the cell cluster that communicates most frequently with immune cells (Figure 3E; Table S8).

We performed volcano plots based on the DEGs from the high- and low-MRPRS groups. The results of the volcano plots showed that 1,780 genes were significantly upregulated in the comparison of the high- and low-MRPRS groups (Table S9). In the PPI network from the STRING database with the Cystoscope software, we constructed a co-expression network consisting of 45 nodes and 169 edges (Figure S4C). These included immune-related genes, CD19 and CD79A, and membrane proteins on the surface of B cells, which participate in the proliferation and differentiation of B cells. FOXP3 and IL2RA (CD25) are the characteristic markers of Treg cells. We also found that the expression of many costimulatory factors, such as TNFSF14, TNFRSF18, and a large amount of interleukins such as IL2 and IL6, promotes T-cell proliferation and T-cell-mediated killing (Figure S4B). GO enrichment analysis and KEGG analysis of these signature genes revealed that these DEGs were enriched in several biological processes and pathways related to immune regulation (Figures S4D, E; Table S10). Moreover, the number and diversity of T-cell receptors (TCRs) were higher in the high-MRPRS group than in the low-MRPRS group (p < 0.01) (Figure 3D). These findings suggest that the regulation of TCR gene expression may be influenced by the specific tumor cell cluster with abnormal m6A modifications.



The Landscape of Genetic Variation of MRPRS Groups in ccRCC

The somatic mutation profile between the high- and low-MRPRS groups in the TCGA-ccRCC cohort used the maftools package, and the top 10 most frequently mutated genes in each group are shown in Figure 4A. Notably, SETD2, TRIOBP, RYR2, ZFPM2, and ABCC6 occupy the top 5 positions among differently mutated genes between the high- and low-MRPRS group (Figure 4B), and a lollipop plot showed the different mutation spots of these mutated genes between two groups (Figure 4C). Interestingly, the mutation rate of SETD2 was 23.18% in the high-MRPRS group and 3.87% in the low-MRPRS group, and the remaining four genes were mutated only in the high-MRPRS group. In addition, the distribution of variants according to variant classification, variant type, and single-nucleotide variant (SNV) class was displayed as a cohort summary plot, and among all the genomic alterations, missense mutations were the predominant type, with C>T and C>G representing the most common SNV classes (Figures S6A, B). Somatic mutation gene interaction networks showed a high correlation between VHL and PBRM1, PBRM1 and SETD2, and TTN and MUC16 in the high MRPRS score group (Figures S6C, D).




Figure 4 | (A) Waterfall plot of the distribution of mutations found in the high- and low-MRPRS groups of the TCGA-ccRCC cohort. (B) The top 5 genes of high- vs. low-MRPRS group mutation status. (C) Lollipop plot of somatic mutations in SETD2, TRIOBP, RYR2, ZFPM2, and ABCC6. (D, E) MCP_counter and ssGSEA algorithm were used to estimate the abundance of various types of immune cells in high- and low-MRPRS groups (*p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001; ns, not significant).



We also applied the MCP counter and ssGSEA algorithm to estimate the tumor-infiltrating immune cells between the group defined by patients with at least one mutation in these five genes or without mutation. As shown in Figures 4D, E, the infiltrating immune cells of T cells, DC cells, and B cells in the mutation status group were higher than those in the non-mutation status group (p < 0.01).



The Role of the MRPRS-Mediated Mutation Pattern in Predicting the Response to Immunotherapy

We next investigated whether the MRPRS-mediated mutation pattern could predict patients’ response to immunotherapy. We constructed a pan-cancer cohort with anti-PD-1/PDL1 immunotherapy consisting of 1,959 cases based on four cohorts (17, 22–24) (Table S11), and patients with mutation exhibited a significantly clinical response to immunotherapy and markedly prolonged survival in ccRCC (Figures 5A, B). Immunotherapy represented by PD-L1 and PD-1 blockade is a breakthrough in tumor therapy. We continued to extend the potential role of MRPRS-mediated mutation pattern in predicting responses to immunotherapy in pan-cancer (Figure 5C) and revealed that the OS and PFS in patients with mutations were significantly higher than in those without mutations (Figures 5D, E). However, the MRPRS-mediated mutation pattern had no significance in OS of either TCGA-ccRCC or TCGA-pan-cancer (Figures S7A, B); by contrast, the PFS of the mutation group was worse than that of the non-mutation group in the TCGA-ccRCC (p = 0.049, Figure S7C), and the PFS in the TCGA-pan-cancer was not significant (Figure S7D).




Figure 5 | (A) Different distribution ratio of response and non-response in the immunotherapeutic cohort of ccRCC. (B) Kaplan–Meier analysis of patients in the mutated and non-mutated groups in the immunotherapeutic cohort of ccRCC (Van_2018, Morris_2019, PMID29337640 and PMID29301960). (C) The composition of major cancer types in the immunotherapeutic cohort contains mutations of pan-cancer. (D, E) Kaplan–Meier analysis (OS and PFS) of patients in the mutation and non-mutation groups in the immunotherapeutic cohort of pan-cancer. (F) Kaplan–Meier analysis of patients in the low TMB of mutated, low TMB of non-mutated, and high TMB groups.



In addition, tumor mutation burden (TMB) may serve as a biomarker for predicting the response to ICB treatment. We next divided the pan-cancer cohort patients into three groups according to TMB and MRPRS-mediated mutations and found that the OS of patients with low TMB and mutations was significantly better than that of the patients with high TMB and the patients with low TMB and non-mutations (P < 0.0001, Figure 5F).




Discussion

The TME of ccRCC is known to be highly immunosuppressive (32). In the TME, T cells are continuously exposed to antigens, which leads to the impairment of T-cell function and ultimately to a dysfunctional state called “exhaustion” (33). The use of monoclonal antibodies or small molecules to reverse T-cell exhaustion is the basic strategy of immunotherapy (34). Since the results of the Checkmate-025 study, the immunotherapy of ccRCC has been the focus of attention, and now, combined targeted and immunotherapy has become a key component of the adjuvant treatment of advanced ccRCC (35). However, the complete or mixed response rate of immunotherapy in ccRCC is still low. Relying on biomarkers to screen patients who benefit from immunotherapy and to avoid overtreatment has long been expected in clinical practice.

Increasing evidence has demonstrated that m6A modification plays an indispensable role in immunity, inflammation, and therapy resistance through various m6A regulators (36). In this study, we systematically evaluated the expression level of m6A regulators in the ccRCC tissue and cell clusters and focused on the detailed relationship between m6A modification and TME to enhance our understanding of the ccRCC-immune crosstalk. We constructed an MRPRS comprising 8 m6A regulators by the LASSO algorithm to provide reliable biomarkers able to predict the prognosis and immunotherapy efficacy. For the first time, we analyzed the MRPRS levels in ccRCC cell clusters and found that the increased MRPRS in the VCAM1+ cell cluster was positively correlated with patients who experienced complete and mixed responses. This is consistent with our finding that the positive correlation between MRPRS and immunotherapy benefits the bulk tissue datasets. It is interesting to note that the spatial localization of this immunotherapy-related ccRCC cell cluster is worthy of further investigation.

We further explored the detailed role of m6A modification in modifying immune characteristics in ccRCC. The results of the GO and KEGG pathway analyses revealed a significant enrichment of genes in immune-related pathways. GO enrichment analysis showed that these DEGs were enriched in the humoral immune response, immunoglobulin complex, and antigen binding. The results of the KEGG analysis indicated these enriched pathways such as neuroactive ligand–receptor interaction, cytokine–cytokine receptor interaction, and the calcium signaling pathway. These results indicated that DEGs in the ccRCC are enriched in immune-related genes distinguished by the MRPRS. Among these DEGs, numerous immune-related genes were found, such as CD19, CD79A, FOXP3, CXCL13, IL2, and TNFRSF13B. FOXP3 is a hallmark of regulatory T cells, CXCL13 is related to CD8 T cells, and CD79A, CD19, and TNFRSF13B are markers of neoplastic B cells. This was in accordance with results from the single-cell sequencing analysis of ccRCC (25). Moreover, these immune cells comprise the main part of tertiary lymphoid structures (TLSs), which have recently been associated with effective antitumor immune responses in cancer patients (37, 38). These findings suggest that m6A modification may influence the formation of tertiary lymphatic structures.

The patient with a high MRPRS has a poor prognosis, and this could be due to the observation that several critical inhibitor immune checkpoints were significantly highly expressed in the high-MRPRS group, which may limit cytotoxic immune cell activities in the TME, such as CD8 T cells, causing cytotoxic cells to be in an exhausted functional state (39). Therefore, patients with high MRPRS may be more sensitive to immunotherapy. Several studies have also demonstrated that inflammatory tumor phenotypes are more sensitive to ICB (40, 41). We next compared the prognostic value of the MRPRS based on ccRCC immunotherapeutic cohorts, and the high-MRPRS group presented a prolonged survival. These findings suggest that MRPRS could be used as a  new predictive biomarker for immunotherapy response in ccRCC.

Furthermore, we identified 5 genes (SETD2, TRIOBP, RYR2, ZFPM2, and ABCC6) that show the most significant differences in the comparison of mutated genes between two MRPRS groups. We found that the patients with mutated genes had worse PFS outcomes than the non-mutated group, and this was consistent with the high-MRPRS group showing worse survival than those with lower MRPRS. The potential association of TMB with sensitivity to ICB is based on the hypothesis that in tumors with high TMB, there is an increased production of surface neoantigens, thus stimulating the anti-tumor immune system response (42). The TMB has been investigated in several tumor settings, mainly in NSCLC and melanoma, as a stratification marker to predict the response to immune agents, showing promising yet inconclusive results (43, 44). In contrast, it has also been reported that high TMB fails to predict immune checkpoint blockade response across all cancer types (45). Herein, we applied the prediction of immunotherapeutic efficacy with the MRPRS-mediated mutation pattern and TMB in pan-cancer cohort and found that the MRPRS-mediated mutation pattern was a better predictor of immunotherapy outcome than the TMB. The
regulatory relationship between the m6A modification and the gene mutation still needs to be studied.

Consequently, we provided a new perspective on the immune characteristics and immunotherapy strategies of ccRCC. However, several limitations should be recognized. Although we analyzed immune cell characteristics in a scRNA-seq dataset, the tumor-infiltrating immune cells were obtained based on algorithms, and thus, further experimental validation in vitro/in vivo is needed. Our study was also limited by the lack of clinical datasets to verify the relationship between the MRPRS and patients receiving targeted treatment or ICB combined targeted treatment. The combination of an MRPRS-based panel with prospective clinical trials is worth carrying out in the future.



Conclusion

This study revealed a significant association between MRPRS and TIICs of ccRCC. The proposed MRPRS is a promising biomarker to predict clinical outcomes and therapeutic responses in ccRCC patients.
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The interaction between hypoxia and RNA N6-methyladenosine (m6A) is an emerging focus of investigation. However, alterations in m6A modifications at distinct hypoxia levels remain uncharacterized in gastric cancer (GC). Unsupervised hierarchical clustering was performed to stratify samples into different clusters. Differentially expressed gene analysis, univariate Cox proportional hazards regression analysis, and hazard ratio calculations were used to establish an m6A score to quantify m6A regulator modification patterns. After using an algorithm integrating Least absolute shrinkage and selection operator (LASSO) and bootstrapping, we identified the best candidate predictive genes. Thence, we established an m6A-related hypoxia pathway gene prognostic signature and built a nomogram to evaluate its predictive ability. The area under the curve (AUC) value of the nomogram was 0.811, which was higher than that of the risk score (AUC=0.695) and stage (AUC=0.779), suggesting a high credibility of the nomogram. Furthermore, the clinical response of anti-PD-1/CTLA-4 immunotherapy between high- and low-risk patients showed a significant difference. Our study successfully explored a brand-new GC pathological classification based on hypoxia pathway genes and the quantification of m6A modification patterns. Comprehensive immune analysis and validation demonstrated that hypoxia clusters were reliable, and our signature could provide a new approach for clinical decision-making and immunotherapeutic strategies for GC patients.
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INTRODUCTION

Gastric cancer (GC) is the fifth most malignant tumor worldwide (1). Greater than 1 million new cases have been identified, and most cases are already advanced at diagnosis, explaining why GC has the third highest number of cancer-related deaths (2). Based on the Lauren/WHO classification and the lymph node metastasis [tumor node metastasis (TNM)] staging of tumors, current treatments exhibit a poor correlation with the molecular pathology of cancer. Despite the development of new pathological classifications, such as The Cancer Genome Atlas (TCGA) subtypes and Asian Cancer Research Group (ACRG) subtypes, the clinical predictive value of these classification systems remains insufficient (3, 4). To identify more molecular markers that are closely related to GC progression, accurately predicting developmental trends and providing individualized treatments for patients has become a troublesome point in current relevant research fields.

With greater insight into tumor research, changes in the tumor microenvironment (TME) have drawn more attention, and hypoxia plays an important role in tumorigenesis (5). Hypoxia is one of the characteristics of the microenvironment of solid tumors and one of the greatest obstacles to cancer treatment (6–8). As a master regulator of cellular adaptation to hypoxia, hypoxia-inducible factor 1 (HIF1) has been proven to extensively regulate the expression of hypoxia genes and hypoxia adaptation–related signal transduction pathways, including EPO, VEGF, iNOS, and other genes to increase oxygen transmission and PDK-1, ALDOA, bcl-2, and other genes to reduce oxygen consumption (5, 9–12). Another feature of the TME is the change in immune cells, which contributes to maintaining a complex dynamic interaction with tumor cells (13, 14). Immunotherapy, especially programmed cell death-1 (PD-1)/PD-1 ligand 1 (PD-L1), and immune checkpoint blockade (ICB), has made remarkable achievements in recent years (15, 16). However, sustained clinical responses are only induced in a minority of cancer patients, indicating that more studies on this topic should be performed (17, 18).

As the most common RNA modification in eukaryotic cells, N6-methyladenosine (m6A) not only plays a related role in immune regulation but also plays a vital role in the occurrence and development of cancer through various processes, such as proliferation, migration, and invasion (19, 20). m6A regulators consist of three types of proteins: “writers” with methyltransferase activity, “erasers” with demethylase activity, and “readers” with m6A binding sites (20–22). Recent studies have demonstrated that the abnormal m6A modification patterns change the TME and lead to tumor progression, and hypoxia plays a potential role (23, 24). Recently, several posttranscriptional modification databases have been established such as the m6AVar and RMBase databases (25, 26), which provided important information about m6A-related variants to explore the molecular mechanisms of m6A modification for experimental biologists. Moreover, 2 powerful m6A functional analysis tools ConsRM and m6A2Target (27, 28) were also developed. However, the specific mechanisms in GC remain elusive, so a comprehensive analysis of hypoxia and m6A is urgently needed and indispensable.

In this study, we identified three hypoxia pathway subtypes in GC. By correlating hypoxia with m6A modification patterns and defining the m6A score to quantify m6A modification patterns, we ultimately established a robust signature and prognostic nomogram. This study provides information on clinicopathological characteristics and a classification system that are more in line with reality and can be used to guide clinical decision-making. In addition, this study aims to improve GC patient survival.



MATERIALS AND METHODS


Data Collection and Preprocessing

GC patients with survival information were retrospectively collected from the Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo/) and The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/), and GC samples without clinical data were excluded. In total, 1,673 patients from ten cohorts were enrolled, including  The Cancer Genome Atlas-Stomach Adenocarcinoma (TCGA-STAD), GSE13861, GSE26899, GSE26901, GSE57303, ACRG Cohort (GSE62254), Singapore Patient Cohort (GSE15459 and GSE34942), and GSE84437 (GSE84426 and GSE84433). The TCGA-STAD cohort (FPKM normalized) was transformed into the transcripts per kilobase million (TPM) format. For microarray cohorts, the normalized matrix files with expression data and clinical information were directly downloaded and log2 transformed. The remaining cohorts except TCGA-STAD were merged into one cohort, and the “sva” R package was employed to remove batch effects (29). The predictive value of the nomogram was tested using an additional cohort GSE28541. In addition, two immune checkpoint blockade treatment cohorts (IMvigor210 for PD-1 treatment and Nathanson2017 for CTLA-4 treatment) were obtained, and the corresponding normalized data were utilized to determine whether the m6A-related hypoxia signature could be used to screen immunotherapy-sensitive patients. Details are provided in Supplementary Table S1.



Unsupervised Hierarchical Clustering Reveals Distinct Characteristics of Different Clusters

We systematically collected a set of hypoxia-related genes (https://www.gsea-msigdb.org/gsea/msigdb/cards/HALLMARK_HYPOXIA) and a total of 23 m6A regulators, including 8 writers (METTL3, METTL14, WTAP, RBM15, RBM15B, ZC3H13, CBLL1, and VIRMA), 2 erasers (ALKBH5 and FTO), and 13 readers (IGF2BP1/2/3, YTHDF1/2/3, YTHDC1/2, FMR1, ELAVL1, HNRNPC, HNRNPA2B1, and LRPPRC) (22, 30). To group hypoxia clusters, we performed principal component analysis (PCA) for data reduction. According to the Kaiser–Harris criterion, principal components <1% were considered noise and removed. After calculating the Euclidean distance, the ten-combined cohort was grouped using unsupervised hierarchical clustering with the “ward. D2” linkage criterion. Target genes for increasing oxygen delivery and reducing oxygen consumption were obtained from the Hypoxia-inducible factor 1 (HIF-1) signaling pathway to explore the hypoxic status between different clusters. Similarly, the hierarchical clustering method using the “ward.D” linkage criterion divides patients into high, medium, and low clusters according to m6A regulators. Furthermore, the results were visualized in clustering dendrograms, PCA, and t-distributed stochastic neighbor embedding (t-SNE) figures, and Kaplan Meier (KM) curves were employed to show the trends of overall survival (OS) and recurrence-free survival (RFS). Additionally, we explored the connections between the subtypes defined above and previous molecular stratifications of GC via a percentage stacking diagram (3, 4, 31).



Pathway Enrichment Analysis and Single-Sample Gene Set Enrichment Analysis

Using the HALLMARK gene set (downloaded from the MSigDB database v7.1) as the background pathway, gene set variation analysis (GSVA) was performed using the “GSVA” R package to show pathway differences in 3 hypoxiaClusters (32). Moreover, based on immunity-related gene sets reported in a previously published article (33), we employed GSVA enrichment analysis to investigate the distinct response patterns of hypoxiaClusters in innate and adaptive immunity.

Single-sample gene set enrichment analysis (ssGSEA) was performed for other gene sets obtained from previously published studies as follows: the biomarkers of biological processes according to Mariathasan et al. (34), hypoxia biomarkers, T-cell dysfunction, and immunotherapy resistance biomarkers and immunosuppressive cell signatures (Supplementary Table 2).



Immune Cell Infiltration Estimation

For each sample, the ESTIMATE algorithm was adopted to assess the tumor purity and population estimation of stromal and immune cells based on gene expression (35). Twenty-eight different immune cell infiltration patterns, including cells executing antitumor reactivity and cells delivering protumor suppression, were calculated from the gene sets reported in a previous study via ssGSEA (Supplementary Table 2). Furthermore, an additional 22 immune cells calculated by the CIBERSORT deconvolution algorithm, including neutrophils, eosinophils, mast cells, dendritic cells, macrophages, natural killer cells, regulatory T cells (Tregs), B cells, CD4+ T cells, CD8+ T cells, and plasma cells, were assessed to quantify infiltrating pattern heterogeneity (36).



Quantization of the Modification Pattern of m6A Regulators

Based on the m6A score construction method of Shen et al. (22), differentially expressed genes (DEGs) between 3 m6A clusters were extracted using the “limma” R package (37). Univariate Cox regression analysis was performed on DEGs with a p-value <0.05; then, screened genes were employed for the construction of the m6A score and normalized from -1 to 1 to reduce the effect of the gene expression value. Afterwards, we calculated the hazard ratio (HR) of all screened genes and divided them into two groups based on a cut-off score of HR=1, and the m6A score was defined as the difference value of the sums in each group. Tumor mutation burden (TMB) was calculated using “maftools” according to the somatic mutation data acquired from the TCGA database (38). Pearson correlation analysis was employed to reveal the correlation between m6A and TMB. Subsequently, the distribution differences in somatic mutations between the low and high m6A score groups were analyzed and visualized using a waterfall diagram.



Establishment of an m6A-Related Hypoxia Signature by Machine Learning

Differential expression analysis was performed to screen differentially expressed hypoxiaCluster genes between different hypoxiaClusters. The m6A-related hypoxia pathway genes (MRHPPGs) were defined based on the following criteria: correlation r >0.5 and p-value <0.001 between DEHCGs and the m6A core. Data partitioning and standardization were processed using the classification and regression training (caret) package in the R(caret) package (39). First, the entire dataset was divided into a training and testing cohort at a ratio of 6:4 using a stratified sampling method for each cohort. Then, the function “preProcess” was used to standardize the training cohort and other cohorts based on the parameters calculated in the training cohort. For feature engineering, we used 80% of the samples randomly chosen from the original sample each time. After 1,000 bootstrapping replications, genes with a p-value <0.01 that appeared greater than 900 times in univariate Cox proportional hazards regression analysis were included in further analyses. Furthermore, an algorithm integrating LASSO and bootstrapping was used to identify the best candidate predictive genes (40, 41). The optimal candidates that were repeated more than 600 times in 1,000 iterations were determined through 5 cross-validations. Then, stepwise multivariate Cox regression analysis was used to build a prognostic signature, which was determined as follows: risk score = Σ expression level of gene Xi × Cox coefficient of gene Xi. A survival decision tree was used to show the process of clinical decision-making. The predictive ability of the nomogram for 3-, 5- and 7-year OS was assessed, and external validation was performed using cohort GSE28541. A calibration curve was generated to compare the predicted survival rates with the observed survival rates (42).



Cell Culture and Quantitative Real-Time PCR

The human gastric epithelial cell line GES-1 and GC cell lines HGC-27, NCI-N87 were obtained from Shanghai Anwei Biotechnology Co., LTD, China. GES-1 and NCI-N87 were cultured in an Roswell Park Memorial Institute (RPMI) 1640 (Gibco, US) medium, and HGC-27 was cultured in a Dulbecco's modified eagle medium (DMEM) (Gibco, US) medium with 10% fetal bovine serum (FBS; Gibco) and 1% penicillin/streptomycin in a humidified atmosphere of 5% CO2 and 20% O2 at 37°C. Total RNA was extracted using FastPure Cell/Tissue Total RNA Isolation Kit V2 (Vazyme, RC112-01) and reverse-transcribed into cDNA using HiScript III All-in-one RT SuperMix Perfect for qPCR (Vazyme, R333-01). Real-time PCR was performed using ChamQ Universal SYBR qPCR Master Mix (Vazyme, Q711-02). The primer pairs used in qRT‐PCR were as follows: APOD 5′‐AATCGAAGGTGAAGCCACCC‐3′ (forward) and 5′-GTGCCGATGGCATAAACCAG‐3′ (reverse); CCN3 5′‐AGGCAGAGTTTCAGTGCTCC‐3′ (forward) and 5′‐TGCAGGTCCCAATGACCATC‐3′ (reverse); DACT1 5′‐TTGAACTGTTTGAGGCGAAGAG‐3′ (forward) and 5′‐ACTGAACACCGAGTTAGAGGAAT‐3′ (reverse); EML1 5′‐CAGTTCTGCAACGATGACAGC‐3′ (forward) and 5′‐GCCGAACCACATCAGCTAGAG‐3′ (reverse); MMP23B 5′‐TAGGCTTCTACCCGATCAACC‐3′ (forward) and 5′‐CGCTGTCGTCGAAGTGGAT‐3′ (reverse); RBPMS2 5′‐AAGACAGCCTGTTGGTTTTGT‐3′ (forward) and 5′‐CGAATACCGTTCAGCGCATT‐3′ (reverse); TUBB6 5′‐TGGTGGACTTAGAGCCAGG‐3′ (forward) and 5′‐CCCTTTCGCCCAGTTGTTC‐3′ (reverse).



Western Blotting

The tumor cells were lysed with RIPA buffer containing a protease inhibitor cocktail. These cells were kept on ice for approximately 1 h and vortexed every 15 min at 12,000 rpm and centrifuged for 15 min. The protein concentration in the lysate supernatant was measured by Bicinchoninic acid (BCA). The whole lysates were diluted to the same concentration, 80 μl of lysates were taken and 20 μl of 5×SDS-PAGE loading buffer were added. The samples were boiled for 15 min. Approximately 10 μl for each sample were loaded when running Sodium dodecyl sulfate-Polyacrylamide gel electrophoresis (SDS-PAGE). The protein was fractionated by 12.5% SDS-PAGE. The protein was transferred to the Polyvinylidene difluoride (PVDF) membrane at 300 V for 1 h in an ice bath. The membrane was blocked with 5% Milk-TBST for 2 h at room temperature. Then, the membrane was probed with primary Abs for glyceraldehyde-3-phosphate dehydrogenase (GAPDH) (1:10,000), and HIF-α (1:1,000) overnight at 4°C. HRP-conjugated anti-rabbit IgG (1: 20,000) was used as a secondary Ab. After secondary Ab incubation for 2 h at room temperature, the membrane was washed for 5 times with PBST and then blotted with an Enhanced chemiluminescence (ECL) solution. The blots were imaged in the dark room with an imaging machine.



Statistical Analysis

All data processing was performed using the R 4.0.3 software. For two groups, statistical significance was estimated via unpaired Student’s t-tests for normally distributed variables and Wilcoxon rank-sum tests for nonnormally distributed variables. For more than two groups, one-way ANOVA tests and Kruskal–Wallis tests were used (43). The cut-off values of continuous variables, such as OS, were determined using the “survminer” R package. The area under the curve (AUC) of time-dependent receiver operating characteristic (ROC) curves was visualized by the “timeROC” R package (44), and the ROC curve of the immune checkpoint blockade therapy response was assessed using the “pROC” R package (45). Differences with p < 0.05 were considered statistically significant (*p < 0.05; **p < 0.01: ***p < 0.001: ****p < 0.0001).




RESULTS


The Hypoxia Status in Gastric Cancer

The flow chart of this study is shown in (Figure 1). After unsupervised hierarchical clustering, we classified 3 clusters with distinct hypoxia statuses (Figure 2A). Next, we evaluated how the hypoxia status affected patient prognosis. Both overall survival (OS) and recurrence-free survival (RFS) prognostic analysis for the three major hypoxia statuses demonstrated a particularly prominent survival disadvantage in hypoxiaCluster-high patients (Figures 2B, C). The expression levels of target genes involved in increased oxygen delivery and reduced oxygen consumption varied among the clusters (Figures 2D–F), confirming that the different hypoxia clusters exhibited distinct hypoxia statuses. Patients with invasive and Epithelial-Mesenchymal Transition (EMT) subtypes were classified as hypoxiaCluster-high, whereas proliferative and TP53-negative subtypes were classified as hypoxiaCluster-low. We still observed that cancers classified as hypoxiaCluster-high exhibited poorer differentiation and were enriched in the diffuse subtype (Supplementary Figures 1A–D). In GC, the EMT molecular subtype and diffuse histological type were closely related to a shorter OS. Our hypoxiaCluster classification was consistent with other hypoxia characteristics (Supplementary Figure 1E). These results suggested that there were different hypoxia statuses with a significant prognostic value and that the GC characterized by a high hypoxia state was closely correlated with high malignancy and rapid tumor progression.




Figure 1 | Flow chart.






Figure 2 | Three hypoxia types with distinct prognosis characteristic and oxygen transport status. (A) Identification of hypoxiaClusters by unsupervised hierarchical clustering analysis. PCA and t-SNE analysis supported to divide patients into 3 hypoxiaClusters. (B, C) Kaplan–Meier curves were plotted to demonstrate the difference of prognosis by OS and RFS. (D, E) The oxygen transport status between different hypoxiaClusters was analyzed through increasing oxygen delivery and reducing oxygen consumption target genes and correlation. The lines in the boxes represented the median value. (F) Between the two groups, it was revealed that cluster high had the highest increase in oxygen delivery but the lowest reduction in oxygen consumption, while the cluster low had the opposite. PCA, principal component analysis; t-SNE, t-distributed stochastic neighbor embedding; OS, overall survival; RFS, recurrence-free survival. The asterisks represented the statistical p-value (*P < 0.05; **P < 0.01; ***P < 0.001; ****p < 0.0001). The Kruskal–Wallis test was used to compare the statistical difference between three gene clusters.





TME Landscape in GC Tumors With Distinct Hypoxia Statuses

A significant difference was found: hypoxiaCluster-high, which had the worst outcome, had the highest stromal score, immune score, and ESTIMATE score but had the lowest tumor purity (Figure 3A). Moreover, the log‐rank test revealed that patients with high stromal scores, low immune scores, high ESTIMATE scores, or low tumor purity had a poor prognosis (Supplementary Figures 1I, J). These results suggested that hypoxiaCluster-high might be in a stroma activation state, which is associated with a worse outcome (46). Moreover, hypoxiaCluster-high was prominently associated with high T-cell suppression and exhaustion (Supplementary Figure 1F). We conducted GSVA enrichment analysis to investigate the biological behaviors among these distinct hypoxia clusters. As shown in Supplementary Figure 1G, hypoxiaCluster-high was dramatically enriched in stromal and metastatic activation pathways, such as EMT, angiogenesis, myogenesis, hedgehog signaling, and TNFα signaling via NFκB; hypoxiaCluster-low exhibited enrichment signaling pathways associated with MYC targets V2, MYC targets V1, E2F targets, and the G2 M checkpoint. To our surprise, the subsequent analysis of infiltrating immunocyte populations suggested that hypoxiaCluster-high was significantly enriched in innate immunocytes, including natural killer cells, macrophages, mast cells, MDSCs, and plasmacytoid dendritic cells (Figure 3B; Supplementary Figure 1H). A previous research reported that the immune-excluded phenotype also exhibited the presence of a great number of immunocytes, but the immunocytes remained in the matrix around the nest of tumor cells rather than penetrating the parenchyma. Stromal activation in the TME is considered to promote T-cell inhibition (15). Moreover, hypoxiaCluster-high was prominently associated with high T-cell suppression and exhaustion (Supplementary Figure 3B). Thus, we conjectured that stromal activation in hypoxiaCluster-high inhibited the antitumor effect of immune cells. In addition, we found that hypoxiaCluster-high had an increased abundance of immune cell infiltration, including cells performing antitumor functions (e.g., effector memory CD4 T cells, effector memory CD8 T cells, natural killer cells, natural killer T cells, and type 1 T helper cells) and cells executing protumor suppression (e.g., immature dendritic cells, macrophages, MDSCs, neutrophils, plasmacytoid dendritic cells, regulatory T cells, and type 2 T helper cells) (Figure 3B). Pearson’s correlation analysis suggested that the abundances of these two categories of immunocytes were significantly positively associated in the TME (Figure 3C). This finding indicated the existence of a feedback mechanism in which the antitumor immune response could promote the recruitment or differentiation of cells specialized for immunosuppression. Based on the above inference, we were surprised to confirm that the three hypoxia clusters had dramatically distinct TME cell infiltration features.




Figure 3 | Landscape of the TME between distinct hypoxia status in GC. (A) The boxplots of the ESTIMATE method were used to explore the TME characteristics among these distinct hypoxia clusters, suggesting that hypoxia-cluster high had the highest stromal score, immune score, and ESTIMATE score but the lowest tumor purity (all P-values < 0.0001). The lines in the boxes represented median value. (B) The heatmap depicted the infiltrating difference of 28 immune cell types in 3 hypoxiaClusters. HypoxiaCluster-high had a higher abundance of immune cell infiltration, including cells performing an anti-tumor function (e.g., effector memory CD4 T cells, effector memory CD8 T cells, natural killer cells, natural killer T cells, and type 1 T helper cells) and cells executing pro-tumor suppression (e.g., immature dendritic cells, macrophages, MDSCs, neutrophils, plasmacytoid dendritic cells, regulatory T cells, and type 2 T helper cells). Moreover, hypoxia-cluster high was significantly rich in innate immunocyte infiltration including natural killer cells, macrophages, mast cells, MDSCs, and plasmacytoid dendritic cells. (C) The correlation between pro-tumor suppression and anti-tumor immunity was analyzed according to 3 hypoxiaClusters, respectively. Pearson’s correlation analysis suggested that the abundances of these two categories of immunocytes have a significant positive association in TME (all P-values < 0.001). The asterisks represented the statistical p-value (****p < 0.0001). The Kruskal–Wallis test was used to compare the statistical difference between three gene clusters.





The m6A Methylation Modification Patterns Are Distinct Between Hypoxic Conditions

It is generally accepted that m6A methylation modification is involved in diverse biological processes, including dysregulated cell death and proliferation, the degree of tumor malignancy, and immune modifications. Therefore, we similarly classified three m6A methylation modification patterns using the same analysis of hierarchical clustering mentioned above (Supplementary Figure 2A) based on the mRNA expression levels of 21 regulators that presented high heterogeneity (Supplementary Figures 2D, E). We defined these patterns as m6Acluster high, medium, and low, respectively. The Kaplan–Meier survival analysis for the three m6Aclusters demonstrated that m6Acluster low presented a remarkable survival advantage (Supplementary Figures 2B, C). Patients with invasive subtypes, EMT subtypes, or hypoxiaCluster-high subtypes were also mainly enriched in m6Acluster high (Supplementary Figures 2F, H). To further explore the biological functions affected by m6A modification phenotypes in distinct hypoxia statuses, we performed an unsupervised clustering algorithm based on hypoxia-related genes in the three m6A methylation modification patterns. Analysis indicated that patients with m6Acluster high were mainly concentrated in the hypoxiaCluster-high group (Figure 4A), which confirmed again that hypoxiaCluster-high was significantly relevant to stromal activation. To further illustrate the potential biological process associated with m6A regulator modification subtypes, we established the m6A score and further tested the relation between the known signatures and the m6A score (Figure 4B). We observed the distribution differences of somatic mutations between patients with high and low m6A score in the TCGA-STAD cohort. Patients with a low m6A score had more extensive TMB, and the Pearson correlation analysis confirmed that low-m6A-score tumors were significantly negatively related to tumor mutation burden (Supplementary Figure 3A, B). Moreover, the m6Acluster high group exhibited a significantly increased m6A score compared to the other clusters, while the m6Acluster low group showed the lowest m6A score (Figure 4F). In addition, patients with invasive subtypes, EMT subtypes, or IV stage had the lowest m6A score compared to other corresponding molecular/histological subtypes (Figures 4C, D, G), which was consistent with previous studies (46). More importantly, this is the first report that a high hypoxia status was associated with a significantly increased m6A score (Figure 4E). These results showed that the m6A score could also be used to evaluate certain clinical features and was closely linked to hypoxia status.




Figure 4 | Comprehensive analysis of distinct hypoxia status between 3 m6A methylation modification patterns. (A) The heatmap of gene set variation analysis (GSVA) was drawn on the basis of 25 immunity-related gene sets. m6Acluster high, leukocyte migration, myeloid leukocyte cytokine immune response, and mastocyte activation were mainly concentrated in the hypoxia-cluster high, which suggested hypoxia-cluster high might be in a immunosuppressed and stromal activation state. (B) The correlation analysis between m6Ascore and the known signatures. Orange indicates an R value > 0, blue indicates an R value < 0. (C–F) Calculation of the m6Ascore in different cohorts and the correlation in different subtypes, including (C) Singapore patient cohort (GSE15459 and GSE34942), (D) ACRG cohort (GSE62254), (E) hypoxiaCluster, (F) m6Acluster, (G) Stage. The upper and lower ends of the boxes meant the interquartile range of values. The lines in the boxes represented the median value. MSI, microsatellite instability. The Kruskal–Wallis test was used to compare the statistical difference between three gene clusters.





Construction and Validation of the Prognostic Signature of m6A-Related Hypoxia Pathway Genes

In total, 8 candidate predictive genes were identified (Figures 5A, B; Table 1). The formula for the risk score is as follows: risk score = 0.091592596 × APOD expression + 0.111440156 × CCN3 expression + 0.211698352 × DACT1 expression + (-0.418107247) × EML1 expression + 0.098618533 × MMP23B expression + 0.230005594 × RBPMS2 expression + 0.06395013 × TAC1 expression + 0.224582981 × TUBB6 expression. The analyses for the biological processes indicated that high-risk scores were significantly associated with increased activation of stromal pathways but presented an immunosuppressive state with decreased immune checkpoints (Figure 5C). KM curve analysis showed that patients with low risk scores had a better OS in the training cohort, which was consistent with the testing cohort, and the entire cohort served as the validation cohort (Supplementary Figures 3I–K). The prognostic accuracy of the risk score in the entire set was assessed; the areas under the ROC curve (AUCs) were 0.66 (62.94%–69.17%, 95% CI), 0.68 (65.18%–71.42%, 95% CI), and 0.67 (63.74%–70.74%, 95% CI) at 3, 5, and 7 years, respectively (Figure 5D). The MRHPPGs and HIF-1α expression  was significantly elevated in gastric cancer. (Figures 5E, F) For external validation, the prognostic signature also showed a robust predictive ability (Supplementary Figures 3C–G). Moreover, we used the clinicopathological variables and risk score to establish a nomogram quantifying the risk assessment (Figure 5G). The predicted AUC values were 0.811 and 0.727 in the entire cohort and GSE28541, respectively (Figure 5H and Supplementary Figure 3H). The calibration curves presented a high credibility of the nomogram (Figure 5I). To better illustrate the prospect of the clinical application of the MRHPPG signature, a decision tree was used to visualize the stratification level, which displayed significant differences in survival (Supplementary Figure 4). Sankey diagrams clearly depicted that a high risk score was robustly related to other stratification classes with poor prognosis (Supplementary Figure 4). Next, we assessed the predictive value of the MRHPPG signature in the immunotherapeutic cohort. The AUC values of the IMvigor210 cohort and ICB.Nathanson2017 cohort in response to treatment were 0.648 and 0.781, respectively (Figures 6A, B, D, E, Supplementary Figure 3I). Moreover, we particularly investigated the ability of the risk score to predict the efficacy of anti-PD-L1 and anti-CTLA-4 immunotherapy, suggesting that low-risk patients showed a higher response rate to immunotherapy compared with high-risk patients (Figures 6C, F and Supplementary Figure 3J).




Figure 5 | Construction and validation of signature and nomogram. (A) The best candidate predictive genes were selected to construct the signature according to the frequency of genes by Lasso-bootstrapping that was defined more than 600 times in 1,000 times replications. (B) The coefficient value of the 8 selected genes came from the stepwise multivariate Cox regression analysis. (C) The difference of core biological processes was evaluated between high- and low-risk patients that were divided according to the optimal cut-off value. The lines in the boxes represented the median value. (D) The area under the ROC curves (AUC) of the entire data were 0.66 (62.94%–69.17%, 95%CI), 0.68 (65.18%–71.42%, 95%CI), and 0.67 (63.74%–70.74%, 95%CI) at 3, 5, and 7 years, respectively. (E) qRT-PCR results of MRHPPG expression level in GSE-1 and GC cell lines. (Data are presented as mean ± SD., **P < 0.01). (F) Western blot analyses of HIF-α protein levels in total cell lysates from paired clinical specimens of normal (N) and tumor (T) tissues from 12 patients with GC. (G) A survival nomogram of 3-, 5-, and 7-year OS was drawn in view of the risk score and stage. (H) AUC for risk score, stage, and nomogram reached at 0.659, 0.779, and 0.811, respectively, which mean a high accuracy to be a reliable method. (I) The calibration curve of nomogram showed a favorable result in 3, 5, and 7 years. (***P < 0.001,****p < 0.0001).




Table 1 | Information of 8 m6A-related hypoxia pathway genes.






Figure 6 | Validation of signature through two immune-checkpoint blockade treatment cohorts. (A, D) Kaplan–Meier curves were plotted in (A) IMvigor210 cohort and (D) Nathanson2017 cohort to confirm the credibility of the signature. (B, E) the AUC in IMvigor210 cohort and ICB.Nathanson2017 cohort were 0.648 and 0.781, respectively. (C, F) The response of immune-checkpoint blockade treatment could be connected with high- and low-risk scores, especially in anti-CTLA-4 (χ2 test). SD, stable disease; PD, progressive disease; CR, complete response; PR, partial response.






DISCUSSION

GC is a common malignant tumor with a high recurrence rate (1). Despite great advances in surgery, radiation, and chemotherapy over the past decade, the outcome for advanced GC remains poor (2). The TNM cancer staging system is currently the gold standard for the assessment of the prognosis of cancer, but this system does not consider gene heterogeneity (47). Moreover, since the prognosis of patients with GC varies greatly (48), the establishment of a robust classifier to stratify patients with precise prognosis prediction and risk stratification is urgently needed at present and is essential to maximize the benefits produced by individual therapy and a timely follow-up. A large amount of convincing evidence has suggested that various malignancies are the result of complex interactions between tumor cells and nonmalignant cells in the TME, including fibroblasts, myofibroblasts, endothelial cells, and immune cells (49), which collectively contribute to the formation of a particular niche that promotes tumor growth and metastasis (3, 50, 51). In this research, using the bioinformatics analysis technology, we identified three distinct hypoxia clusters, which exhibited significantly different m6A methylation modifications and immune cell infiltration by comprehensively mining the public transcriptional data of GC. Moreover, a risk score model was constructed on the basis of 8 MRHPPGs to predict the outcome of GC patients. These findings provide a new perspective for treatment strategies to improve the prognosis and risk stratification of patients by considering the TME characteristics and transcriptomics.

As a tumor hallmark, hypoxia (reduced oxygen availability) is caused by an imbalance between increased oxygen consumption and insufficient oxygen supply, and the clinical significance of hypoxia has been widely reported in cancer therapy (52). Although the vigorous metabolism and rapid proliferation of cancer cells can stimulate the formation of a novel vasculature system that is disorderly, only a vascular system with accurate distribution in normal tissue can facilitate the delivery of oxygenated blood (53). Here, we identified three distinct hypoxia clusters with significantly different prognoses, including cluster low with the worst prognosis and cluster high with the best prognosis, using hierarchical clustering analysis based on principal components (removing principal components less than 1%). The immune-inflamed phenotype, which is also referred to as a hot tumor, exhibited abundant immunocyte infiltration in the TME (13, 15). Although the immune-excluded phenotype also exhibited the presence of a great number of immunocytes, the immunocytes remained in the matrix around the nest of tumor cells rather than penetrating the parenchyma. The matrix was restricted to the capsule of the tumor, or it penetrated the tumor itself, illustrating that the immune cells were indeed inside the tumor (54). Consistent with the above statement, we revealed that hypoxiaCluster-high presented a significant stroma activation status and was substantially enriched in carcinogenic pathways, including EMT, angiogenesis, the Kirsten rat sarcoma viral oncogene homolog (KRAS) signaling pathway, myogenesis, and TGF beta signaling pathways, which are considered T-cell suppressive. Moreover, this finding further confirmed that the hypoxia cluster high was in an obvious T-cell exhaustion state. Hence, through adequately exploring the characteristics of TME cell infiltration induced by distinct hypoxia states, it was not surprising that hypoxiaCluster-high had activated innate immunity but the poorest prognosis.

m6A methylation is the most common intracellular modification and is ubiquitously present in eukaryotic mRNA (19). Accumulating evidence supports a close link between m6A regulators and hypoxic states. A recent study reported that tumor hypoxia leads to the epigenetic remodeling of m6A (55). Qing et al. (56) reported that HIF-1α-induced YTHDF1 expression was closely related to hypoxia-induced autophagy-related HCC progression. However, the biological function of m6A methylation modification in distinct hypoxia-induced immune states remains unknown. Herein, we defined three m6A subtypes with different clinical outcomes via the same analysis of hierarchical clustering, which further confirmed that m6A methylation dysregulation plays a critical role in the tumorigenesis and progression of various neoplasms. Specifically, m6Acluster high comprised the worst prognosis and was related to the highest hypoxic state; m6Acluster low was associated with the best prognosis and correlated with the lowest hypoxic state. By clarifying m6A gene signatures and establishing the scoring system, we could further precisely assess the effect of m6A modification patterns on GC. Patients with invasive, EMT, m6Acluster high, and IV stage subtypes were significantly associated with a higher m6A score, which demonstrated that the m6A score was a reliable and robust tool for comprehensively evaluating m6A modification patterns and an independent prognostic biomarker for predicting patient survival in GC. Detailed associations between the m6A score and clinicopathological characteristics were found in our research. Our data also suggested a substantially negative relationship between the m6A score and tumor mutation burden (TMB). Moreover, we found that the high hypoxia cluster had a higher m6A score and that the low hypoxia cluster had a lower m6A score. Based on these results, we hypothesize that the immune-excluded phenotype of GC patients was accompanied by the activation of the m6A-related hypoxia pathway and the acquisition of other biological abilities, such as EMT and angiogenesis. Previous studies reported that EMT- and TGFβ-related signaling pathway activation led to a weakened transport of T cells into tumors as well as decreased tumor cytotoxicity (34, 57).

Finally, our study focused on the MRHPPG signature that demonstrated a prognostic value. In the training group, we initially recognized 25 MRHPPGs correlated with a prognosis and established a prognostic signature comprising 8 MRHPPGs via multivariate Cox regression and bootstrap-based univariate analysis with LASSO. Kaplan–Meier analysis suggested that the overall survival of patients with low risk scores was better than that of patients with high risk scores. A dramatically distinct risk score existed between nonresponders and responders, suggesting that we could more accurately predict the GC patients’ clinical response to anti-PD-1/CTLA-4 immunotherapy through the MRHPPG risk score. In addition, the analyses of the biological activity of the gene signature indicated that high risk scores were significantly related to lower CD8-positive effector T-cell activity, lower immune checkpoint responses, and higher EMT, further demonstrating that the activation of the m6A-related hypoxia pathway played an important role in immune states, especially in the immune-excluded phenotype. Next, we built a nomogram to calculate a score representing the OS of GC patients. The calibration plot suggested that the model has a satisfactory fitting curve and better clinical application than the traditional staging system.

Several limitations in this research should be noted. First, several independent external validations were conducted in our research, but it was still difficult to include all of the diverse features of patients from different geographic regions when cases and materials were gathered retrospectively from public databases. Second, the microenvironment features of distinct tumor spatial regions might be different; however, the samples used for analysis were all from the tumor core. Additionally, our study was not completed enough to cover related bioinformatics analysis focusing on m6A RNA modification (e.g., databases like m6AVar and RMBase and functional tools like ConsRM and m6A2Target) (25, 28, 58). Therefore, further investigations based on well-designed, prospective, multicenter studies are required.
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Supplementary Figure 1 | The characteristics of 3 hypoxiaClusters. (A–D) The different proportion of (A) Singapore patient cohort subtype, (B) ACRG subtype, (C) stage and (D) Lauren subtype were calculated via 3 hypoxiaClusters, respectively. (E) The comparison of hypoxiaCluster and previously hypoxia clustering characteristics. (F) A boxplot of cell composition in different hypoxiaCluster indicated hypoxiaCluster high was associated with high T-cell suppressive and exhaustion. (G) The heatmap was performed to reveal the difference of gene enrichment in 3 hypoxiaClusters. (H) The result of CIBERSORT deconvolution algorithm was described to assess the immune cell composition in 3 hypoxiaClusters. Only red name with “*” means statistical significance. (I–J) Kaplan–Meier curves to display prognostic difference after dividing patients into high and low groups. The log‐rank test revealed that patients with high stromal score, low immune scores, high ESTIMATE score, or low tumor purity related to poor prognosis.

Supplementary Figure 2 | Hierarchical clustering of m6A methylation modification regulators. (A) Unsupervised hierarchical clustering analysis for m6A regulators with “ward.D2” linkage criterion was exhibited by cluster dendrogram, PCA and t-SNE. (B, C) Kaplan–Meier curves were plotted to demonstrate the difference of prognosis by overall survival (OS) and recurrence-free survival (RFS). (D) The difference of mRNA expression level of 23 m6A regulators was plotted in a boxplot. (E) the heatmap was drawn to display the relationship of 23 m6A regulators and m6A clusters. (F–H) The different subtypes proportion of (F) Singapore patient cohort subtype, (G) ACRG subtype and (H) hypoxiaCluster showed specific connection with m6A clusters.

Supplementary Figure 3 | Further analysis on m6Ascore and validation of the signature and nomogram. (A).Relationship between m6Ascore and tumor microenvironment burden (TMB) was plotted after student-t test, and rPerson was -0.50 and CI95% [-0.58, -0.42]. (B) The waterfall plot depicted tumor somatic mutation with low m6Ascore. The numbers and bar plot on the right showed the mutation frequency of each gene and the proportion of each variant type, respectively. (C) Kaplan–Meier curves of TCGA cohort to be for validation. (D) The AUC in TCGA-STAD cohort achieved 0.60 (53.66%-66.89%, 95%CI), 0.65 (57.03%-72.31%, 95%CI), and 0.61 (47.81%-73.75%, 95%CI) at 3, 5, and 7 years respectively. (E) Different proportions of TCGA cohort subtype were influenced by high- and low-risk score. (F) An external validation cohort of GSE28541 showed significant difference of m6A. (G) the AUC 95% CI were 0.66 (57.27% - 74.76%, 95%CI), 0.64 (56.35% - 72.46%, 95%CI), and 0.64 (55.95% - 71.49%, 95%CI) at 3, 5, and 7 years respectively. (H) AUC for riskscore, stage and nomogram attained 0.646, 0.704 and 0.727, respectively, according to the m6Ascore. (I–K) Kaplan–Meier curves to show the OS difference were depicted on training cohort, testing cohort, and the entire cohort (P < 0.0001, log-rank test).

Supplementary Figure 4 | Decision tree. (A) Simulating clinical decision of ACRG cohort subtypes. (B) Alluvial diagram was performed on hypoxiaCluster, m6Ascore, ACRG subtypes, decision cluster result, and risk clusters to analyze the mutual connection. (C) Kaplan–Meier curves for the decision cluster result from the ACRG decision tree. (D) Simulating clinical decision of Singapore patient cohort subtypes. (E) Alluvial diagram was performed on hypoxiaCluster, m6Ascore, Singapore patient, decision cluster result, and risk clusters to analyze the mutual connection. (F) Kaplan–Meier curves for decision cluster result from Singapore patient decision tree.
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Diffuse large B-cell lymphoma (DLBCL) is a biologically and clinically heterogeneous disease that requires personalized clinical treatment. To assign patients into different risk categories, cytogenetic abnormalities and genetic mutations have been widely applied to the prognostic stratification of DLBCL. Increasing evidence has demonstrated that deregulated epigenetic modifications and long noncoding RNAs (lncRNAs) contribute to the initiation and progression of DLBCL. However, specific lncRNAs that affect epigenetic regulation and their value in predicting prognosis and therapy response remain uncertain. Here, 2,025 epigenetic-related genes were selected, and 9 lncRNAs (PRKCQ-AS1, C22orf34, HCP5, AC007389.3, APTR, SNHG19, ELFN1-AS1, LINC00487, and LINC00877) were tested and validated to establish an lncRNA-regulating epigenetic event signature (ELncSig). ELncSig, which was established based on independent lymphoma datasets, could distinguish different survival outcomes. Functional characterization of ELncSig showed that it could be an indicator of the immune microenvironment and is correlated with distinctive mutational characteristics. Univariate and multivariate analyses showed that ELncSig was independent of traditional prognostic factors. The novel immune-related ELncSig exhibits promising clinical prognostic value for DLBCL.




Keywords: diffuse large B-cell lymphoma, signature, risk score, immune infiltration, prognosis



Introduction

Diffuse large B-cell lymphoma (DLBCL) is the most common lymphoid neoplasm in adults. Through cell-of-origin (COO) classification, DLBCL can be identified as activated B-cell-like (ABC), germinal center B-cell-like (GCB), and unclassified subtypes (1). The heterogeneity of DLBCL is reflected in the genetic differences among all subtypes (2). Accumulating evidence indicates that epigenetic regulation plays an important role in DLBCL pathogenesis (3, 4). However, studies of the epigenetic typing of DLBCL are limited. Since epigenetic regulation affects cellular immunity (5), the epigenetic signature of DLBCL is particularly significant.

The tumor microenvironment is important for the growth, invasion, and spread of DLBCL (6–8). The tumor microenvironment is a local pathological environment composed of a variety of cells and biomolecules. Epigenetic regulators play critical roles in DLBCL (9). LncRNAs act in cis or trans to regulate transcription. Recent studies have shown that lncRNAs regulate the interaction between tumor cells and the microenvironment (10), thereby affecting tumor occurrence, development, and metastasis (11). However, research on the role of lncRNAs in lymphoma is not sufficient.

In this study, we developed a novel scoring signature based on lncRNAs to predict the survival outcomes of DLBCL patients. The 9-lncRNA signature provides an improved risk stratification option for patients with DLBCL and sheds new light on potential targeted therapeutic strategies, especially in immunotherapy.



Materials and Methods


Patients


Collection and Preprocessing of Public Cohort Data

The gene expression data and clinical features of DLBCL samples were collected from the GEO database (http://www.ncbi.nlm.nih.gov/geo/) according to the following selection criteria: (1) basic clinical information on age, gender, IPI score, ECOG-PS, lactate dehydrogenase (LDH) concentration, Ann Anbor stage, extranodal sites, treatment regimen, OS, and survival status; and (2) a large sample size (>300). The GSE10846 (12) and GSE31312 (13) microarray datasets were downloaded.



TMUCIH Cohort

The TMUCIH validation cohort enrolled DLBCL patients (n = 188) at Tianjin Medical University Cancer Institute and Hospital (TMUCIH; Tianjin, China) from 2008 to 2018. All patients were diagnosed and further confirmed centrally by two experienced pathologists independently (based on the 2008 WHO classification). Patients with complete clinicopathological and follow-up data were included. The major exclusion criteria were as follows: (1) insufficient biopsy material or samples with less than 80% tumor cells, DNA content < 1 μg, and RNA < 5 ng/L; and (2) patients did not have de novo DLBCL. The study protocol was approved by the Institutional Review Board of TMUCIH, and all patients provided written informed consent. The reference number of the ethical approval of the current study is bc2021032.



Data Integration for the Three Cohorts

The microarray data of 305 (GSE10846) and 404 (GSE31312) samples from DLBCL datasets and TMUCIH (n = 160) were used in this study. Samples with high grade B-cell lymphoma with MYC and BCL2 and/or BCL6 rearrangements were excluded. The combat function from the “sva” R package was used to remove the batch effects among different cohorts. A total of 869 patients were eligible, and the clinical information of the patients from the three datasets is shown in Table 1.


Table 1 | Demographic and baseline characteristics of patients enrolled to construct and validate the epigenetic risk score.



All of the samples from the 160 TMUCIH patients were subjected to targeted deep resequencing using 307 lymphoma-related gene panels (Supplementary Table S1) with a total of 26,372 probes and a total probe coverage of 1.666 Mbp. Mutations were identified in 154 of the 160 patients in the TMUCIH cohort (Supplementary Table S2).




Generating the lncRNA-Based Prognostic Signature

For the database samples, we obtained sequencing data from GEO, and we annotated by conversion to the corresponding probe platform ID. Then, a list of epigenetic regulatory genes was generated from GeneCards (https://www.genecards.org /), with a criterion of relevance score >0.5 (n = 2,025, Supplementary Table S3). To demonstrate that these 2,025 genes have epigenetically related biological functions, functional enrichment was performed by Metascape (14) (https://metascape.org/gp/index.html#/main/step1).

To assess the association between lncRNA expression and OS, we identified lncRNAs regulating epigenetic events (ELncRNAs) by correlation analysis (|r| > 0.4, p < 0.01, n = 380) (Supplementary Table S4). In the GSE10846 cohort, 305 patients were included in a training cohort to generate the prognostic signature. To construct a predictive model, we performed linear regression based on the modified LASSO algorithm using the “glmnet” R package. The ELncSig risk score associated with OS was calculated using the sum of values weighted by the coefficients from the LASSO Cox regression model. The ELncSig score was calculated as follows: (−0.28824 × PRKCQ-AS1 expression) + (0.24206 × C22orf34 expression) − (0.18161 × HCP5 expression) + (0.20887 × AC007389.3 expression) + (0.19686 × APTR expression) + (0.23126 × SNHG19 expression) + (0.33924 × ELFN1-AS1 expression) − (0.13390 × LINC00487 expression) − (0.09065 × LINC00877 expression). Patients were ranked according to the 9-lncRNA signature and dichotomized into high- and low-risk groups.



Overall Survival Probability Prediction

Receiver operating characteristic (ROC) analysis provides tools to select possibly optimal models and to discard suboptimal ones independently from (and prior to specifying) the cost context or the class distribution. In the case of a balanced diagonal, ROC analysis will tend to the point (0.5, 0.5). Points above the diagonal represent good classification results (better than random); points below the line represent bad results (worse than random). The greater the area under the curve (AUC), the better the survival probability prediction of the model. We also selected clinical characteristics that can be used as independent prognostic factors in multivariate analysis to establish the nomogram (15). The scores corresponding to clinical characteristics can be used to predict patient survival at 1, 3, and 5 years. Model calibration is evaluated by calibration plots of the predicted probability of death at 5 years versus the observed probability. The nomogram-predicted overall survival is plotted on the x-axis, with observed overall survival on the y-axis. Dashed lines along the diagonal line through the origin point represent perfect calibration models in which the predicted probabilities are identical to the observed probabilities (16).



Screening for DEGs and Pathway Enrichment

DEGs were identified between the high-risk and low-risk ELncSig groups. The “limma” R package (17) was used in the standard comparison mode. DEG cutoffs were |log2FoldChange (log2FC)| > 1 and p < 0.05. GO functional enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses of the DEGs were performed using the “clusterProfiler” package in R (p < 0.05).



Determination of Immune Cell Infiltration

Immune infiltration was estimated using single-sample gene set enrichment analysis (ssGSEA) (18), and the abundance of 28 immune cell types in the tumor microenvironment was quantified in a range from 0 to 1. The Cell Type Identification by Estimating Relative Subsets of RNA Transcripts (CIBERSORT) algorithm (https://cibersort.stanford.edu/) was used to quantify the relative abundance of 22 immune cell types. After 100 permutations, the gene expression data were quantile normalized.



Significantly Mutated Genes in Important DLBCL Pathways

The accurate diagnosis of lymphoma relies on gene mutation analysis (19). Considering that each DLBCL patient had different mutation types, we chose 307 lymphoma-related genes and performed targeted gene deep sequencing to determine the genetic compositions of the two ELncSig groups. To determine the differences in important mutated genes, the “maftools” (20) R package was used. The lists of critical pathways and genes in DLBCL were obtained from Young et al. (9).



Identification of Epigenetic mRNAs Related to ELncSig

A co-expression network of ELncSig including lncRNAs and mRNAs was constructed and visualized using Cytoscape (https://cytoscape.org/). A Sankey diagram showing the associations between the prognostic ELncSig and lncRNAs, mRNAs, and risk type was constructed by the “ggalluvial” R package. The correlations of each ELncRNA with mRNAs are listed in Supplementary Table S5.



Immunohistochemistry Analysis and Evaluation

The use of human remnant DLBCL samples for this study from TMUCIH was approved by the TMUCIH Institutional Review Board (bc2021032). Each biopsy was reviewed by two experienced hematopathologists for diagnostic confirmation. Sections (5 μm thick) of formalin-fixed and paraffin-embedded (FFPE) lymph nodes were dewaxed, hydrated, and heated for antigen retrieval. The cells were blocked with hydrogen peroxide and normal goat serum, incubated overnight with PIM1 (Abcepta, cat# AP7932d, 1:100) and stained with 3,3′-diamino-benzidinetetra hydrochloride (DAB). The PIM1 intensity score was determined as follows: 0—no staining, 1—definite but weak staining, 2—moderate staining, and 3—strong staining. Stained tissue scores were blindly reviewed by two pathologists.



Statistical Analysis

All statistical and computational analyses were performed with R version 4.0.3 (https://www.r-project.org/). The unpaired Student’s t-test was used to compare two clusters with normally distributed variables. Survival outcomes were estimated with the Kaplan–Meier method, and the differences between survival distributions were evaluated by log-rank analysis with the “survival” package in R software. The Wilcoxon test was used to compare two clusters with nonnormally distributed variables. Contingency table variable analysis was completed by two-sided Fisher’s exact tests. We used the ELncSig risk score and clinical characteristic covariates to construct a nomogram to estimate survival. The accuracy of the nomogram was measured using the calibration curve. Univariate and multivariate analyses of prognosis were evaluated using a Cox proportional hazards regression model. The statistical significance cutoff was set at p < 0.05.




Results


Construction of an Epigenetic-Related lncRNA Risk Signature

After removing the clinical samples meeting the exclusion criteria, a total of 869 samples were included as the subjects of this study. The study flowchart is shown in Figure 1A. Metascape analyses showed the diverse biological processes of 2,025 genes (Figure 1B).




Figure 1 | Study flowchart and epigenetic-related gene enrichment pathways. (A) The workflow of the study. (B) Different colors indicate the 2,025 epigenetic-related gene annotations and biological processes provided by Metascape.



Through Pearson correlation analysis, we identified 380 ELncRNAs (|r| > 0.4, p < 0.01), which were then subjected to univariate analysis. After modified LASSO regression analysis with tenfold cross-validation, repeated 1,000 times (p < 0.05) with random simulation 13 ELncRNAs were extracted (Figures 2A, B). After multivariate analysis, 9 lncRNAs were tested and validated to establish ELncSig (Figure 2C, Supplementary Table S6). A heatmap of the expression levels of the 9 identified lncRNAs and a scatterplot of OS with relevant risk scores are presented in Figure 2D. Among the 9 lncRNAs, 5 lncRNAs were identified as poor prognostic factors (Supplementary Figure S1A), while another 4 were identified as favorable prognostic factors (Supplementary Figure S1B).




Figure 2 | Construction of the epigenetic-related lncRNA signature (ELncSig). (A) Thirteen epigenetic-related lncRNAs were selected by LASSO Cox regression analysis. (B) Cross-validation for tuning parameter selection in the proportional hazards model. (C) A forest map showing 9 lncRNAs identified by the stepwise method. (D) Risk score distribution, survival status, and lncRNA expression of DLBCL patients in high- and low-risk groups classified by the 9-ELncRNA signature in the training cohort.





Evaluation of ELncSig as an Independent Prognostic Factor for DLBCL

To identify the efficacy of ELncSig for DLBCL survival prediction, the training cohort samples were divided into a low-risk group (n = 152) and a high-risk group (n = 153) using the median risk score as a cutoff point. Low-risk patients had significantly better OS than high-risk patients (Figure 3A). Kaplan–Meier analysis in the internal validation cohort also indicated that ELncSig could be a good prognostic factor (Figure 3B). This association remained markedly significant in the multivariate Cox model in the training and validation cohorts (Table 2). Data from another external validation cohort from GSE98588 are shown in Supplementary Figure S2. One external validation cohort (GSE31312) only contained patients treated with an R-CHOP-like regimen, and their survival could be acceptably stratified by the ELncSig risk score (Figure 3C). Because the risk score model was developed based on all patients, to verify its reliability, we tested the model in patients who were only treated with an R-CHOP-like regimen in the training cohort (GSE10846) and the external validation cohort (GSE98588). The ELncSig model was effective in these patient populations treated with R-CHOP (Supplementary Figure S3).




Figure 3 | Prognostic value of the risk model including 9 epigenetic-related lncRNAs. (A–F) Kaplan–Meier survival curves of the high- and low-risk groups and time-dependent receiver operating characteristic (ROC) curves at 1-, 3-, and 5-year overall survival (OS) in the training (GSE10846) and validation (TMUCIH and GSE31312) cohorts. (G) Heatmap showing the comparison of the clinicopathological characteristics of DLBCL patients in the high- and low-risk GSE10846 groups. (H) Time-dependent ROC curve analyses for predicting OS at 5 years with clinicopathological characteristics. (I) The nomogram was constructed using high and low ELncSig scores, age, LDH, GCB vs. non-GCB, ECOG, and extranodal sites to predict 1-, 3-, and 5-year survival. (J) Calibration plots for the probability of 5-year survival in the training cohort.




Table 2 | Univariate and multivariate Cox regression analysis of predictors of survival outcomes in the training and validation cohorts.



Next, we calculated the AUCs for each ROC curve to assess the predictive accuracy of the model. The AUC value is often used as the evaluation criterion for a model (21). In time-dependent ROC analysis at 1, 3, and 5 years, the AUC values were 0.765, 0.780, and 0.760, respectively (Figure 3D). For the validation cohorts, higher AUC values were obtained for 5-year survival (Figures 3E, F).

The tumor-related clinicopathological features of the two ELncSig groups were evaluated in the training cohort. We found that the patient age (p = 0.003), plasma lactate dehydrogenase (LDH) levels (p =0.007), Eastern Cooperative Oncology Group performance status (ECOG-PS, p = 0.002), COO classification (p = 0.018), and extranodal sites (p = 0.038) were significantly correlated with ELncSig (Figure 3G, Supplementary Table S7). The tumor-related clinicopathological features in these datasets were inferior to ELncSig (Figure 3H) in the training cohort. A nomogram for 1-, 3-, and 5-year mortality was constructed (Figure 3I), and the calibration for 5 years indicated that the mortality estimated by the nomogram was close to the actual mortality (Figure 3J). Hence, ELncSig predicts 5-year survival better. The validation cohort results are shown in Supplementary Figure S4.



Identification of DEGs Between the ELncSig Groups

To uncover the biological distinction between the two ELncSig groups, we performed DEG analysis in the GSE10846 and TMUCIH cohorts combined. The heatmap of the DEGs between the high-risk and low-risk ELncSig groups is shown in Figure 4A (|fold change| >1.5, adjusted p < 0.01). After comparing the high-risk group with the low-risk group, 172 upregulated and 154 downregulated genes were identified (Supplementary Table S8). We found that the primary central nervous system DLBCL-related protein HPDL, the tumor necrosis factor receptor superfamily member TNFRSF13B, and the serine/threonine protein kinase family members PIM1 and PIM2 were upregulated in the high-risk group, while the histone gene HIST1H1B and protective lncRNAs in ELncSig, such as LINC00487 and LINC00877, were downregulated in the high-risk group (Figure 4B).




Figure 4 | Gene expression differences and relevant biological pathways between the high- and low-risk ELncSig groups. (A) Heatmap of differentially expressed genes between the high- and low-risk ELncSig groups and their clinicopathological characteristics. (B) The volcano plot showing upregulated and downregulated genes between the two groups (|log2FC| > 1, adjusted p < 0.05). (C) Heatmap showing the KEGG pathways enriched in the high- and low-risk ELncSig groups. (D) Circle map showing the immune-related pathways regulated by DEGs between the two groups and the genes included in the pathways.



Subsequently, KEGG enrichment analysis of the DEGs indicated enrichment of primary immunodeficiency, the T-cell receptor signaling pathway, cytokine–cytokine receptor interaction, the PI3K-Akt signaling pathway, and Th17-cell differentiation (Figure 4C, Supplementary Table S9). GO enrichment analysis indicated enrichment of genes involved in positive regulation of leukocyte cell–cell adhesion, regulation of T-cell activation, and T-cell co-stimulation (Figure 4D, Supplementary Table S10). After GSEA of the high-risk and low-risk groups, similar results were found, as shown in Supplementary Figure S5.



Estimation of the Tumor-Infiltrating Immune Cells of the Two ELncSig Groups

The pathway enrichment results indicated that the different prognoses of ELncSig are closely associated with immune infiltration. We assessed the composition of tumor-infiltrating immune cells in DLBCL samples by the CIBERSORT algorithm (22). The histogram showed that memory B cells, M0 macrophages, and T cells were obviously highly abundant in DLBCL samples (Figure 5A), and they might play essential roles in the initiation and development of DLBCL (23, 24). Using ssGSEA to show the different immune components between the two ELncSig groups, we found that compared with the high-risk group, CD8+ T cells, T helper cells, macrophages, Th1 and Th2 cells, CCR, and T-cell co-stimulatory cells were enriched in the low-risk ELncSig group (p < 0.05, Figure 5B). We further compared the ESTIMATE score, stromal score, immune score, and tumor purity (25). As shown in Figure 5C, the low-risk ELncSig group had significantly higher ESTIMATE scores, stromal scores, and immune scores and a lower tumor purity (p < 0.001).




Figure 5 | Differences in immune infiltration between the high- and low-risk ELncSig groups. (A) The composition of immune cells assessed by the Cell Type Identification by Estimating Relative Subsets of RNA Transcripts (CIBERSORT) algorithm in the training cohort. (B) Heatmap showing the relative abundances of 28 infiltrating immune cell subpopulations between the high- and low-risk ELncSig groups according to single-sample gene set enrichment analysis (ssGSEA). (C) The ESTIMATE score, stromal score, immune score, and tumor purity of EC1 and EC2 according to the CIBERSORT algorithm.





Potential of ELncSig as an Indicator of Immunotherapy Response in DLBCL Patients

Immunogenic cell death (ICD) and immune checkpoints (ICPs) play important roles in the tumor immune microenvironment (26–28). As shown in Figure 6A, the expression levels of various ICD genes, such as CXCL10, IFNAR2, P2RX7, TLR4, EIF2A, HMGB1, and TLR3, were significantly upregulated in the low-risk ELncSig group. Similar to ICD genes, ICPs can also reflect the immune status of the tumor microenvironment. The PD-1 and PD-L1 checkpoints were highly expressed in the high-risk ELncSig group (Figure 6B). The survival distribution of the two patient groups stratified by ELncSig and high/low ICP gene expression was compared. As shown in Figures 6C, D, patients with low ELncSig and high PD-1/PD-L1 had significantly better survival than those with high ELncSig and high PD-1/PD-L1 (log-rank p < 0.0001), and patients with low ELncSig and low PD-1 also had prolonged survival relative to those with high ELncSig and low PD-1 (log-rank p < 0.0001). Similar results for two other important checkpoints, TNFRSF4 and IDO1, are shown in Supplementary Figure S6.




Figure 6 | Impact of immunogenic cell death (ICD) modulators and immune checkpoint gene expression on clinical outcome. (A) Differential expression of ICD modulators between the high- and low-risk ELncSig groups. (B) Immune checkpoint expression of PD-1 and PD-L1. (C, D) Kaplan–Meier survival curves of overall survival among the four patient groups stratified by ELncSig and PD-1 and PD-L1. *p < 0.05, **p < 0.01, ***p < 0.001.





Differences In Important Gene Mutations Between the Two ELncSig Groups

The use of cytogenetic abnormalities and genetic mutations for the prognostic stratification of DLBCL and assignment of patients into different risk categories has been widely studied (2, 29). We investigated whether critical differences in pathways related to somatic mutation frequencies exist between the two groups. Because the online databases lack sufficient mutation information, we further analyzed significantly mutated genes in the TMUCIH validation cohort by performing targeted deep resequencing of 307 lymphoma-related gene panels. Based on the results of previous studies, we established a mutational landscape of the important genes in DLBCL (Figure 7A, Supplementary Table S11).




Figure 7 | Differences in somatic mutations between the high- and low-risk ELncSig groups in the TMUCIH validation cohort. (A) Oncoplot analysis of critical mutated genes and pathways in DLBCL between the high- and low-risk ELncSig groups (two-sided Fisher’s exact test). (B–D) Specific mutated site analysis of KMT2D, MYD88, and PIM1.



Abundant genetic alterations in various critical pathways, such as the epigenetic regulator pathway (KMT2D, p = 0.034), the BCR and TLR signaling pathway (MYD88, p = 0.003), B-cell development and differentiation (BCL11A, p = 0.02308), and the cell cycle pathway (BTG1, p = 0.009), were significantly enriched in the high-risk ELncSig group. Interestingly, SPEN (p = 0.027) in the NOTCH pathway was mutated more frequently in the low-risk ELncSig group.

KMT2D (lysine methyltransferase 2D, MLL2), a chromatin epigenetic modifier, plays a vital role in modulating ICP blockade (30). MYD88 mutation is one of the most remarkable drivers in the development of DLBCL (31), and the L265P mutation is now thought to be common to virtually all NHLs and occurs in between 4% and 90% of cases, depending on the entity (32). PIM1, as a DEG and a high-frequency gene in DLBCL, also affects the prognosis of patients (33) and has a trend of mutational differences between the two groups. Hence, we selected these three genes to analyze their specific mutation sites. It was obvious that in the high-risk group, PIM1 had more vital mutation sites in S97T, E135Q, and K183-L184del, and it has already been reported that mutated PIM1 may lead to a poor prognosis (34) (Figures 7B–D).



Verification of ELncSig-Influenced mRNAs

We built a ceRNA network on the basis of the expression profiles of miRNAs and ELncSig-included lncRNAs and mRNAs in patients with DLBCL. In total, 3 lncRNA nodes, 15 miRNA nodes, and 31 mRNA nodes were identified as differentially expressed profiles (|fold change| >1.5, p < 0.05, Figure 8A). In the present study, a ceRNA network containing 2,025 genes affecting epigenetic regulation was constructed (Supplementary Figure S7A). Once again, the 2,025 epigenetic regulatory genes affected by these lncRNAs and their corresponding risk groups were identified. We observed that TET2, E2F1, KDM1A, HDAC7, and KMT2A were regulated by ELncSig lncRNAs (Figure 8B, Supplementary Figure S7B). PIM1, PIM2, and PIK3R1 were also affected, which means that ELncSig could not only regulate epigenetic-related genes but also affect genes related to other pathways.




Figure 8 | Co-expression network and validation of prognostic ELncSig lncRNAs and the associated genes. (A) A co-expression network of ELncSig lncRNAs and mRNAs was constructed and visualized using Cytoscape. The red hexagons indicate prognostic lncRNAs, and the green rectangles indicate ELncSig mRNAs. (B) Sankey diagram showing the associations between prognostic ELncSig lncRNAs, mRNAs, and risk type. (C, D) Immunohistochemical images and differential analysis of PIM1 in high- and low-risk ELncSig (***p < 0.001, by Student's t-test).



PIM1 is a gene regulated by ELncSig and has significantly different mRNA levels between the high- and low-risk groups. Strikingly, high PIM1 expression was significantly correlated with the high-risk ELncSig group (Figures 8C, D).




Discussion

Most studies have focused on establishing a new signature of protein-coding genes in DLBCL (35). Based on the 7 subtypes constructed by Wright et al., a probabilistic classification tool for DLBCL genotypes (LymphGen algorithm) was proposed, and 63.1% of tumors can be identified by their genotypes (29). Establishing these signatures mostly relies on quantifying gene transcript levels. We were inspired to show that epigenetic genes play an important role in lymphoma and affect immunity through immune-related gene pairing and attempted to construct a reasonable prognostic model using 9 lncRNAs that are closely correlated with epigenetic-related gene combinations (10, 11). We did not use their expression values at the beginning of signature construction.

In general, high-abundance lncRNAs possess significant biological functions (36). Our findings suggest that ELncSig can be used to identify epigenetic-related genes and predict patient prognosis. In addition, lncRNAs can efficiently pair with protein-coding genes. Our model can distinguish between high- and low-clinical risk patients with the advantage of clinical practicability. Because lncRNAs are associated with immune infiltration, it is reasonable for them to affect the immune microenvironment and the activation of immune cells and to be predictable of the response to immune therapy. In fact, studies have already found that PRKCQ-AS1 and HCP5, which are included in our ELncSig, play important roles in the process of lymphoma (37, 38), while other lncRNAs were revealed in DLBCL for the first time. Blandino et al. reported that C22orf34 expression gradually decreased from gallstones to gallbladder cancer (39). Guan et al. showed that APTR contributes to osteosarcoma progression through repression of miR-132-3p and upregulation of YAP1 (40), and Zhou et al. reported that APTR promotes uterine leiomyoma cell proliferation by targeting ERa to activate the Wnt/β-Catenin pathway (41). SNHG19 and ELFN1-AS1 have been used to predict the survival of triple-negative breast cancer and non-small cell lung cancer, respectively (42, 43). LINC00487 was shown to be a protective factor in hepatocellular carcinoma (44), and LINC00877 was found to have lower expression in bone marrow samples (45). Some of the roles of these 9 ELncRNAs in solid tumors are similar to those in DLBCL, while others are different. In summary, these lncRNAs are associated with the occurrence and development of tumors; hence, the proposed model can identify novel biomarkers for further research in DLBCL.

We referred to the modified LASSO model used by Sveen et al. (46) to construct the initial signature system. In the process of inclusion in the Cox regression model, the factors were ranked according to their frequency, which suggests the impact of the factor on the model. We assessed the ELncSig risk model using a QQ test and found a normal distribution. Thus, we used the median value to separate patients into high- and low-risk groups. Subsequently, we performed univariate and multivariate analyses of clinicopathological characteristics, calculated AUC values, constructed a nomogram, and assessed its calibration to evaluate the robustness of this model. After analyzing survival outcomes, clinical features, tumor immune infiltration, biomarkers related to checkpoint inhibitors, immune therapy predictions, mutations, the constructed ceRNA network, and immunohistochemical confirmation, the results implied that this ELncSig model worked well in the training and validation cohorts.

Mutations in the gene encoding the KMT2D (or MLL2) methyltransferase are highly recurrent and occur early during tumorigenesis in DLBCL. DLBCL-associated KMT2D mutations impair KMT2D enzymatic activity, leading to diminished global H3K4 methylation in GCB cells and DLBCL cells (47), and KMT2D could be a modulator of ICP blockade (30). For MYD88, L265P is a gain-of-function driver mutation. The L265P mutant promotes cell survival by spontaneously assembling a protein complex containing IRAK1 and IRAK4 (48). PIM1 belongs to the PIM kinase family and has been proven to exhibit ABC-associated mutations (49). We also explored the specific mutation sites of these important molecules in DLBCL and further clarified the reason why the high-risk group had a poor prognosis.

In recent years, immunotherapies based on checkpoint inhibitors have shown promising results in the treatment of aggressive malignancies, including Hodgkin’s lymphoma (27). PD-L1 overexpression has also been observed in the aggressive ABC/non-GCB subtype of DLBCL (50). To explore the relationship between ELncSig and tumor-infiltrating immune cells, we used three common methods to estimate immune-infiltrating cells: ESTIMATE, CIBERSORT, and ssGSEA. We found that the low-risk ELncSig group was more positively related to tumor-infiltrating immune cells, such as CD8+ T cells, macrophages, Th2 cells, and major histocompatibility complex (MHC) class I. Subsequent immune-related scores also showed that the low-risk ELncSig group had a better immune microenvironment. When tumor ICD is induced, the ratio of cytotoxic T lymphocytes (CTLs) to Tregs in the tumor increases, indicating good patient prognosis. In contrast, a decrease in this ratio may suggest a poor prognosis (51). Similar to ICDs, ICPs can also reflect the immune status of tumor microenvironments. In the present study, significantly prolonged survival was observed for patients with low ELncSig and low ICP gene expression, implying that these patients with low ELncSig may have a better response to ICP therapy.



Conclusion

We constructed an lncRNA signature based on epigenetic-related genes to predict the prognosis of DLBCL. We also proved that this new signature could affect other coding proteins in addition to epigenetic genes. Importantly, ELncSig might be associated with immune infiltration levels and even the efficacy of tumor immunotherapy.
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Ferroptosis is a more relatively recently identified type of programmed cell death, which is associated with tumor progression. However, the mechanism underlying the effect of ferroptosis-related long non-coding RNAs (lncRNAs) in lung adenocarcinoma (LUAD) remains elusive. Therefore, the current study aimed to investigate the role of ferroptosis-related lncRNAs in LUAD and to develop a prognostic model. The clinicopathological characteristics of patients and the gene sequencing data were obtained from The Cancer Genome Atlas, while the ferroptosis-associated mRNAs were downloaded from the FerrDb database. A ferroptosis-related lncRNA signature was established with Least Absolute Shrinkage and Selection Operator Cox regression analysis. Furthermore, the risk scores of ferroptosis-related lncRNAs were calculated and LUAD patients were then assigned to high- and low-risk groups based on the median risk score. The prognostic model was established by K-M plotters and nomograms. Gene set enrichment analysis (GSEA) was performed to evaluate the association between immune responses and ferroptosis-related lncRNAs. A total of 10 ferroptosis-related lncRNAs were identified as independent predictors of LUAD outcome, namely RP11-386M24.3, LINC00592, FENDRR, AC104699.1, AC091132.1, LANCL1-AS1, LINC-PINT, IFNG-AS1, LINC00968 and AC006129.2. The area under the curve verified that the established signatures could determine LUAD prognosis. The nomogram model was used to assess the predictive accuracy of the established signatures. Additionally, GSEA revealed that the 10 ferroptosis-related lncRNAs could be involved in immune responses in LUAD. Overall, the results of the current study may provide novel insights into the development of novel therapies or diagnostic strategies for LUAD.
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Introduction

Lung cancer is a type of cancer with high morbidity and mortality rates worldwide. It is estimated that approximately 25% of patients with lung cancer die from the disease, while the total overall 5-year survival rate is <20% (1). Non-small cell lung cancer (NSCLC) accounts for approximately 85% of all types of lung cancer, with adenocarcinoma, squamous carcinoma, adenosquamous carcinoma, large cell carcinoma and sarcomatoid carcinoma being the major pathological subtypes of NSCLC (2). Lung adenocarcinoma (LUAD) is the most common type of NSCLC (3). In addition, as a highly heterogeneous type of cancer with complex molecular mechanisms, lung cancer is resistant to several targeted therapies or the therapies are ineffective in certain patients, thus posing a substantial challenge in the treatment of lung cancer (4). Therefore, identifying specific carcinogenesis-related factors and novel biomarkers for the accurate diagnosis, individualized therapy and prognosis of LUAD is of significant importance.

Recently, ferroptosis has been identified as a unique type of iron-dependent programmed cell death, characterized by the accumulation of intracellular reactive oxygen species and lipoperoxide (5). It has been also reported that iron-dependent cell death serves a crucial regulatory role in tumor growth and is involved in the effectiveness of tumor radiotherapy and immunotherapy (6). Therefore, combining drugs targeting iron-dependent cell death-related signaling pathways can improve the anti-tumor efficacy of the above therapies. Chen et al. (7) demonstrated that the natural product erianin, isolated from Dendrobium gold, could induce iron-dependent cell death and exert anti-tumor effects in lung cancer cells via the Ca2+/CaM signaling pathway. Accumulating evidence has suggested that ferroptosis is associated with several biological processes in LUAD (8–10). However, the mechanisms underlying the regulation of ferroptosis remain elusive and are far from being exploited in cancer therapy. Therefore, identifying the crucial regulators of ferroptosis is a critical step for the therapeutic application of this process in cancer treatment.

Long non-coding RNAs (lncRNAs), non-coding (nc) RNAs >200 nucleotides in length, are not associated with protein translation, but they serve a vital role in gene regulation (11). More specifically, it has been suggested that the enhanced function or expression of lncRNAs can be involved in several diseases, including cancer. Emerging evidence has indicated that ferroptosis can be modulated by several lncRNAs. For example, Wang et al. (12) showed that LINC00618 could accelerate ferroptosis in an apoptosis-dependent manner in leukemia. Another study revealed that lncRNA PVT1 could regulate ferroptosis via the microRNA (miR)-214/transferrin receptor 1/p53 axis in acute ischemic stroke (13). Additionally, lncRNA MT1DP could enhance NSCLC sensitivity to promote ferroptosis via the miR-365a-3p/nuclear factor erythroid 2-related factor 2 axis (14). The above findings supported the critical role of lncRNAs in treating several types of cancer.

LncRNAs are involved in gene regulation via their direct binding with their target RNAs to regulate their translation or stability. It has been demonstrated that the above interactions are dependent on the binding of lncRNAs to their target RNAs, thus providing the appropriate substrates for protein functions or prohibitory protein effectors (15). Therefore, herein, the limma package, one of the analytical methods in the R language software, was used to perform a comprehensive analysis of gene expression profiles in LUAD (16). To identify ferroptosis-related lncRNAs associated with LUAD prognosis, co-expression and Cox and Least Absolute Shrinkage and Selection Operator (LASSO) regression analyses were performed. Furthermore, nomograms were established to evaluate the prognostic value of these lncRNAs and their capacity in predicting immune responses in LUAD. The results of the current study could assist in improving the diagnosis of LUAD at an early stage of the disease and in providing individualized treatment approaches for patients with LUAD.



Materials and methods


Datasets and patients

The clinical data and gene expression profiles from three LUAD datasets were downloaded from The Cancer Genome Atlas (TCGA) database. A total of 535 LUAD samples were included in the present study. Data exclusion criteria were as follows (1): h istologically confirmed LUAD and (2) available information on survival and gene expression. Finally, 513 patients with corresponding clinicopathological information were included for further study. A total of 513 LUAD patients were randomized 7:3 into a training cohort (359 patients) and a test cohort (154 patients).



Identification of ferroptosis-related lncRNAs

Based on previous studies, ferroptosis-related mRNAs are listed in Supplementary Table 1 (17–19). Firstly, the expression profile of lncRNAs and mRNAs were obtained from TCGA. Subsequently, the expression profile of ferroptosis-related lncRNAs were extracted from ferroptosis-related mRNAs using co-expression analysis (20). R was used to evaluate the association between the expression levels of lncRNAs and ferroptosis-related mRNAs in LUAD specimens. The association was determined using Pearson’s correlation coefficient analysis (P<0.05; r>0.40).



Validation of risk score

The limma package, a commonly used R package, was utilized to analyze the differential expression of ferroptosis-related lncRNAs with a threshold of P<0.05 and absolute log2 (fold change) >1 (21). The overall survival (OS) rate was set as the clinical endpoint of the present study. Univariate Cox regression analysis was performed to establish the ferroptosis-related lncRNA model. Hazard ratio (HR) >1 was considered to indicate a significant association.

Furthermore, the association of the selected differentially expressed lncRNAs (DElncs) with prognosis were then investigated. The prognostic value of the selected DElncs was determined using LASSO Cox regression analysis provided by the glmnet R package (22). The risk scores of the key lncRNAs were obtained via measuring their expression levels and LASSO regression coefficients (23). Finally, the LUAD samples were used as training cohorts and divided for subsequent analyses into low- and high-risk groups, using the median risk score as the cut-off point.

The SurvivalROC and “survival” R packages were used to assess the power of the prognostic model (21). Additionally, the survival between the low- and high-risk groups was evaluated using the “survival” package and Kaplan-Meier log-rank test (24).



Independent prognostic analysis and construction of nomogram

To evaluate whether the ferroptosis-related lncRNA model was independent from clinical factors, such as sex, age, smoking and clinical stage, and whether the model exhibited a significant value in predicting OS, univariate and multivariate Cox regression analysis was carried out in the LUAD datasets downloaded from TCGA. The independent prognostic factors were assessed by multivariate Cox regression analysis and a prognostic nomogram plot was constructed in R (25).



Functional enrichment analysis

Gene ontology (GO) and Kyoto encyclopedia of genes and genomes (KEGG) pathway enrichment analyses were performed to determine the biological function of the selected lncRNAs (26). A heatmap was constructed to visualize the abundance of the selected DElncs in both groups of TCGA database.



Immunogenomic landscape analyses

ESTIMATE (27) and TIMER (28), two bioinformatics analysis software, were used to estimate the immunogenomic functions, cell infiltration and expression of immune checkpoint molecules. The differences were compared with Wilcoxon test.



Prediction of immunotherapy response and sensitivity to chemotherapy

The pRRophetic R package was utilized to predict chemosensitivity between the two risk groups in the LUAD cohorts. Several common anticancer drugs were identified, including AICAR, AKT inhibitor VIII, bicalutamide, bleomycin, cyclopamine, doxorubicin, epothilone B, etoposide, lapatinib, obatoclax, mesylate, parthenolide, PD.173074, pyrimethamine, salubrinal, shikonin and vinorelbine. The half-maximal inhibitory concentration (IC50) of the above drugs was determined (29, 30).



Reverse transcription-quantitative PCR (RT-qPCR)

A total of 45 pairs of LUAD tissues were obtained from the Tangdu Hospital of Air Force Medical University. The present study was approved by the Ethics Committee of the Tangdu Hospital of Air Force Medical University. GAPDH served as the internal control for qPCR. The relative expression levels of 10 signature lncRNAs were calculated using the 2-ΔΔCq method (31).




Results


Acquisition of ferroptosis-related lncRNAs and mRNAs

A total of 259 ferroptosis-related genes were obtained from FerrDb (Supplementary Table 1). GO and KEGG analysis of the ferroptosis-related mRNAs revealed that the majority of mRNAs were enriched in apoptosis-related processes such as autophagy, oxidative stress and ferroptosis (Figure 1). Additionally, the clinical characteristics and gene expression profiles in the LUAD cohort were downregulated in the datasets obtained from TCGA. To obtain significant lncRNAs, samples with low expression levels were excluded using a cut-off value of mean expression >0.5 across all samples. Subsequently, the association between the expression levels of ferroptosis-related mRNAs and lncRNAs in LUAD samples was assessed using the limma package in R language. The threshold for correlation was set as correlation coefficient >0.4 and P<0.05. Finally, a total of 2,420 ferroptosis-related lncRNAs were identified.




Figure 1 | Ferroptosis-associated mRNAs in The Cancer Genome Atlas cohort. (A) Bar and (B) cluster plots of significantly enriched Gene Ontology and Kyoto Encyclopedia of Genes and Genomes pathways, respectively, are shown.





Construction and validation of a prognostic ferroptosis-related lncRNA model in TCGA cohort

According to the LASSO Cox regression model, the top 10 significantly differentially expressed mRNAs are shown in Figure 2 total of 10 ferroptosis-related lncRNAs associated with OS were obtained through distinctive formulas and the risk score for each individual was calculated. Based on the median risk score, the 359 LUAD patients were divided into the high- (n=179) and low-risk (n=180) groups.




Figure 2 | Top 5 differentially upregulated and downregulated ferroptosis-related long non-coding RNAs between lung adenocarcinoma and normal samples. HR, hazard ratio.



As shown in Figure 3A, LUAD patients with low-risk scores exhibited a significantly poorer mortality rate. As the risk score was increased, the risk of mortality was also elevated, while the survival rate was reduced (Figures 3B, C). The same results are shown in the validation cohort (Figures 3D–F). The risk heatmap illustrates the expression profile of lncRNAs between the high- and low-risk groups (Figure 3G). Additionally, the expression levels of 10 ferroptosis-related lncRNAs were notably associated with several clinical features, including clinical stage, T stage and N stage. The aforementioned results indicated that the expression levels of RP11-386M24.3, LINC00592, FENDRR, AC104699.1, AC091132.1, LANCL1-AS1, LINC-PINT, IFNG-AS1, LINC00968 and AC006129.2 were significantly different in the current prognostic model.




Figure 3 | Development and validation of the prognostic ferroptosis-associated long non-coding RNA signature. (A, D) Kaplan-Meier curve, (B, E) risk score, (C, F) survival status and (G) heatmap are shown. ***means p<0.001.





Independent prognostic analysis of OS and construction of a predictive nomogram in LUAD

Subsequently, the present study evaluated whether clinical features, such as age, sex, clinical stage, smoking history and risk scores were independent prognostic factors using multivariate Cox regression and decision curve analyses. The results demonstrated that clinical stage and risk score were independent predictive factors for OS (Figures 4A, B). Furthermore, the diagnostic efficacy of other baseline factors and that of risk scores in LUAD patients were compared via calculating the area under the curve (AUC). AUC values of 0.778 and 0.721 were obtained in the model for risk scores and clinical stage, respectively (Figure 4C). The above values were higher compared with other parameters, thus verifying that the ferroptosis-associated lncRNA signature exhibited enhanced diagnostic value compared with other prognostic factors in LUAD patients. In Figure 4D, the survival rate for the first three years is presented. Additionally, a nomogram was constructed to predict OS in patients with LUAD based on independent predictors derived from a multivariate Cox risk regression analysis model (Figure 4E).




Figure 4 | Independent prognostic factors for OS in LUAD. (A) Multivariate Cox regression analysis is shown. (B) Decision curve analysis is presented. (C) ROC curves of risk scores and other clinical characteristics based on OS are shown. (D) ROC curves predicting the OS of patients with LUAD at 1, 3 and 5 years are shown. (E) Nomogram validating the OS of patients with LUAD. OS, overall survival; ROC, receiver operating characteristic; LUAD, lung adenocarcinoma. *means p<0.05, **means p<0.01, ***means p<0.001.





Analysis of immunity based on N6-methyladenine (m6A) methylation and immune checkpoint inhibitors

Subsequently, the current study determined the infiltration rate of immune cells and immune-related functions in both risk groups using the XCELL, TIMER, MCP counter, CIBERSORTx, QUANTISEQ and EPIC tools, and single sample gene set enrichment analysis (ssGSEA) algorithms to evaluate the association between immune function and LUAD prognosis. As shown in Figure 5, a significant difference was obtained between the two risk groups. Additionally, significant differences were observed between the high- and low-risk groups in terms of immune function, including antigen-presenting cell co-stimulation, inflammation, cytolytic activity, parainflammation, T cell co-stimulation and type I IFN responses (P<0.05; Figure 5A). In addition, the expression levels of HNRNPC, METTL3, RBM15, YTHDC1, YTHDC2 and ZC3H13, key factors of m6A methylation, were notably decreased (Figure 5B). Immunophenoscore analysis and the expression levels of immune modulators were used to predict the response of patients with LUAD to immune checkpoint inhibitors (ICIs). Therefore, the expression levels of the immune modulators CD160, CD200, CD244, CD27, CD276, CD28, PDCD1 and TIGIT were markedly reduced in the high-risk group compared with the low-risk group (P<0.05; Figure 5C). The aforementioned findings suggested that the ferroptosis-related prognostic signature could predict the possible efficacy of ICIs in patients with LUAD and could be considered as a classifier for treatment selection.




Figure 5 | Immune function analysis of ferroptosis-related genes in The Cancer Genome Atlas in the lung adenocarcinoma cohort. (A) Single sample gene set enrichment analysis algorithms are shown. (B) Methylation levels are shown. (C) Check points are shown. *P<0.05, **P<0.01 and ***P<0.001. Ns means no significance.





Analysis of immune cell infiltration

A heatmap of immune responses based on TIMER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ, MCPcounter, XCELL and EPIC tools is shown in Figure 6. The results suggested that the risk score was negatively associated with immune cell infiltration in LUAD samples, with an immunoreactive status in the low-risk group.




Figure 6 | Comparison of immune analysis between both risk groups. The ESTIMATE, TIMER, MCP counter and CIBERSORTx algorithms were used to compare the cellular components or cell immune responses between the high- and low-risk groups. ns, not significant.





GSEA

A total of 10 ferroptosis-related lncRNAs were also associated with immune responses. This finding was further investigated via comparing the immune-related functions in GSEA between the two groups. The results demonstrated that immune system processes and immune response were markedly enriched in the low-risk group compared with the high-risk group (Figure 7).




Figure 7 | Gene set enrichment analysis is presented. P<0.05; False discovery rate <0.05.





Ferroptosis-associated lncRNAs can predict the response to chemotherapy

Furthermore, the current study aimed to evaluate the potential of the lncRNA signature in advising on systemic therapies. The pRRophetic algorithm was used to evaluate the IC50 values of the drugs and to predict the effect of ferroptosis-related lncRNAs on chemotherapy response between the high- and low-risk groups. The analysis revealed that LUAD patients could be sensitive to 11 types of traditional anti-cancer drugs (Figure 8).




Figure 8 | Prediction of response to common chemotherapeutic drugs between the low- and high-risk groups. (A–P) Patients in the high-risk group (n=267) exhibited higher estimated half-maximal inhibitory concentration compared with patients in the low-risk group (n=244).





Compare ROC and survival status with published signature in tumor microenvironment

To highlight the superiority of our model, we compared the published literature on ferroptosis-related lncRNAs, among which Gao et al. (32), Guo et al. (33), Fei et al. (34), Lu et al. (35). and our TME signature, the 5-year ROCs were 0.646, 0.568, 0.609, 0.669 and 0.947, respectively (Figures 9A–E). Figures 9F–J shown that the survival state of the above model. These results show that our signature has higher sensitivity and specificity than other models.




Figure 9 | Compare the models among other’s signature. (A–E) AUC at 1, 3, 5 years for different models. (F–J) Significance of Survival State in Different Models.





Analysis of the expression of ferroptosis-related lncRNAs in LUAD

The expression levels of 10 candidate ferroptosis-related lncRNAs were determined by RT-qPCR in LUAD and paired normal samples. The results demonstrated that LINC00592, AC104699.1 and IFNG-AS1 were significantly upregulated in LUAD tissues, while RP11-386M24.3, FENDRR, AC091132.1, LANCL1-AS1, LINC-PINT, LINC00968 and AC006129.2 were notably downregulated (Figure 10). These above results were consistent with the results of the database analysis.




Figure 10 | Expression of ferroptosis-related long non-coding RNAs in lung adenocarcinoma tissues by reverse transcription-quantitative PCR is shown. *P<0.05.






Discussion

LUAD is the most common type of NSCLC. In recent years, despite the advances in screening, diagnosis and treatment, the pathogenesis of LUAD remains elusive due to its complex underlying genetic and molecular mechanisms (36). As emerging non-coding gene biomarkers, lncRNAs are gaining increasing attention and can play an essential role in the occurrence and progression of several types of cancer, including LUAD (37, 38). Ferroptosis is a recently identified type of programmed cell death, characterized by the excessive accumulation of iron-dependent reactive oxygen species and lipid peroxides, and is closely associated with pathophysiological processes in several diseases, including LUAD (39). However, ferroptosis-related lncRNAs capable of predicting the prognosis of patients with LUAD are still unknown. Therefore, the present study aimed to construct a prognostic model via identifying ferroptosis-related lncRNAs to predict LUAD and improve the OS of patients.

Correlation analysis was used to screen 2,420 ferroptosis-associated lncRNAs. Among them, 259 ferroptosis-related mRNAs were obtained. Univariate Cox regression analysis revealed 29 ferroptosis-associated lncRNAs with potential prognostic value in LUAD. Lasso regression analysis was used for dimensionality reduction to avoid overfitting, while multivariate Cox regression analysis was applied to construct a signature of 10 ferroptosis-related lncRNAs with the lowest Akaike Information Criterion (AIC) values. Furthermore, all patients were assigned to high- and low-risk groups based on the median risk score. Based on univariate and multivariate Cox regression analysis, risk score was identified as an independent risk factor for prognosis of patients with LUAD. The AUC values were then calculated to verify the distinguishing ability and accuracy of the lncRNA signature. Additionally, based on multivariate analysis a model was established, which could directly reflect the extent to which risk scores could exert an effect on predicting OS.

Previous studies demonstrated that LINC00592 could be a prognostic biomarker for disease free survival in gastric and cervical cancer (40, 41). In addition, another study revealed that IFNG-AS1 could enhance the secretion of IFN-γ in human natural killer cells (42). A previous study also showed that the down-regulated expression of lncRNA LINC00968 in LUAD was associated with the proliferation, migration and invasion (43). Emerging evidence has suggested that LANCL1-AS1 plays a key role in regulating NSCLC (44, 45). LANCL1-AS1 could be also considered as a novel target for treating patients with NSCLC (44). Al-Raawi et al. demonstrated that JARID2-AS1 could be involved in an auto-regulatory loop, m odulating the expression of JARID2, which in turn could be involved in differentiation processes via interacting and probably recruiting PRC2. However, the effects of CTD-2017D11.1, AC002117.1 and AC007036.4 lncRNAs remain unknown. Therefore, future studies focusing on the above lncRNAs are urgently needed to develop novel strategies for the diagnosis and treatment of LUAD.

Tumor-associated immune responses play an important role in cell infiltration and metastasis in the tumor microenvironment. In turn, lncRNAs and ferroptosis serve key regulatory roles in tumor-associated immune responses (46–48). Herein, immune-related GSEA revealed that immune system processes and metabolic pathways were markedly enriched in the low-risk group compared with the high-risk one, thus suggesting that low-risk patients could present ferroptosis-associated anti-tumor immune responses, eventually enhancing the survival rate of LUAD patients.

Recently, with the discovery of lncRNA functions, growing advancements have been achieved regarding the effects of ferroptosis on cancer therapy. However, the association between lncRNAs and ferroptosis remains to be fully investigated, especially in LUAD. In the present study, 10 lncRNAs associated with iron degeneration were identified using data obtained from TCGA. In addition, the implication of the above lncRNAs in immune responses and metabolic pathways were also explored.

However, the current study has some limitations. Firstly, only data obtained from TCGA was used to establish a ferroptosis-related lncRNA prognostic model and to evaluate its validity. In addition, the number of experiments on detecting the expression levels of the identified ferroptosis-associated lncRNAs in clinical samples and cell lines were limited. Therefore, further in vitro experiments are needed to fully elucidate the mechanisms underlying the effects of ferroptosis-related lncRNAs on LUAD.



Conclusion

In the present study, signatures of 10 ferroptosis-associated lncRNAs with potential independent prognostic value that were associated with immune responses were identified in LUAD and validated. The results suggested that the above lncRNAs could serve as potential prognostic indicators and be considered as novel therapeutic strategies focusing on ferroptosis, thus improving the prognosis of patients with LUAD.
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GEO training cohort (GSE10846)

TMUCIH validation cohort

GEO training cohort (GSE31312)

n =305 n =160 n =404
Age (years), n (%)
>60 159 (52.13) 79 (49.38) 238 (58.91)
<60 146 (47.87) 81 (50.62) 166 (41.09)
Gender, n (%)
Male 171 (56.07) 97 (60.62) 235 (68.17)
Female 134 (43.93) 63 (39.38) 169 (41.83)
ECOG-PS, n (%)
<2 230 (75.41) 137 (85.63) 342 (84.65)
>2 75 (24.59) 23 (14.38) 62 (15.35)
LDH concentration, n (%)
Normal 157 (61.48) 70 (43.75) 141 (34.90)
Elevated 148 (48.52) 90 (56.25) 263 (65.10)
Ann Anbor stage, n (%)
Hi 144 (47.21) 95 (59.38) 193 (47.78)
-1V 161 (52.79) 65 (40.62) 211 (52.22)
IPI score, n (%)
0-2 - 116 (72.5) 258 (63.86)
3-5 - 44 (27.5) 146 (36.14)
Extranodal sites, n (%)
<2 140 (45.90) 124 (77.5) 315 (77.97)
>2 165 (54.10) 36 (22.5) 89 (22.03)
Treatment, n (%)
CHOP-like 142 (46.56) 93 (58.13) s
R-CHOP-like 163 (563.44) 67 (41.87) 404 (100)

Elevated LDH, >245 U/L; ECOG-PS, Eastern Cooperative Oncology Group performance status; LDH, lactate dehydrogenase.
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Variable

GSE10846 training cohort
Age (>60 vs. <60)

Gender (Female vs. Male)
COO class (GCB vs. nonGCB)
LDH concentration

(Elevated vs. Normal)
ECOG-PS (<1 vs. >2)
Rituximab (No vs. Yes)
Extranodal sites (<2 vs. >2)
ELncSig (high risk vs. low risk)
TMUCIH validation cohort
Age (>60 vs. <60)

Gender (Female vs. Male)
ECOG-PS (<1 vs. 22)

LDH concentration

(Elevated vs. Normal)

COO class (GCB vs. nonGCB)
IPI score (0-2 vs. 3-5)
Rituximab (No vs. Yes)

Ann Anbor stage

(I-11 vs. lI-1V)

Extranodal sites (<2 vs. >2)
ELncSig (high risk vs. low risk)

<0.001
0.659
<0.001
<0.001

<0.001
0.001

0.053

<0.001

0.028
0.445
0.407
0.002

0.073
<0.001
0.176
0.012

<0.001
<0.001

Univariate Analysis

HR (95% CI)

0.48
0.92
257
0.41

(0.330-0.697)
(0.646-1.318)
1.724-3.839
(0.280-0.591

2.77 (1.916-4.004)
0.54 (0.366-0.787)
1.86 (0.993-3.471)
0.24 (0.155-0.364)

0.56 (0.329-0.937)
1.23 (0.722-2.099)
1.33 (0.675-2.634)
0.43 (0.257-0.726)

1.61
291
0.69
1.93

0.956-2.727)
1.741-4.868)
0.402-1.181)
1.156-3.215)

2.88 (1.691-4.912)
0.28 (0.153-0.495)

0.003
0.908
0.018
0.007

0.002
0.956
0.038
<0.001

0.036
0.748
0.267
0.274

0.002
0.795
0.093
0.540

0.011
<0.001

Multivariate Analysis

HR (95% CI)

0.56
1.02
1.65
0.57

0.38-0.82)
0.71-1.47)
1.09-2.50)
0.38-0.86)

1.86 (1.24-2.78)
1.01 (0.62-1.65)
2.13 (1.04-4.35)
0.26 (0.16-0.43)

053 (0.29-0.96)
091 (0.51-1.62
1.53 (0.72-3.26)
0.68 (0.34-1.36)

2.44
0.88
0.62
1.24

1.21-4.21)
0.35-2.25)
0.35-1.08)
0.62-2.49)

2.26 (1.21-4.21)
0.28 (0.14-0.54)

HR, hazard ratio; Cl, confidence interval; ECOG-PS, Eastern Cooperative Oncology Group performance status; RCHOP, rituximab plus cyclophosphamide, vincristine, doxorubicin, and
prednisone; LDH, lactate dehydrogenase; COO, cell of origin; GCB, germinal center B-cell like.
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HDAC Class Cancer type Mechanism of action on MDSCs References
Inhibitors
Trichostatin A I, Il In vitro Accumulation of CD11b+Gr1+ myeloid cell via iNOS1 and HO-1upregulation (84)
(TSA)
Valproic acid | In vitro Induced macrophage and DC generation (85)
Lymphoma Reduced PMN-MDSCs accumulation in-vitro and decrease tumor growth in-vivo (86)
Repressed PD-L1, TLR4, Rb1, IL-4Ra/ARG1 signaling axis in MDSCs
Decreased tumor-infiltrating MDSCs via repression of CCR2 (76)
Melanoma Induced M-MDSCs accumulation (60)
Downregulated MDSCs ARG1, IL-6 and IL-10 via IRF1/IRF8 activation
Entinostat I Lung Blocked MDSCs immunosuppressive function through reduced expression of ARG1, iNOS, and COX2 87)
Renal
Breast Induced less suppressive PMN-MDSCs that promoted T cell proliferation 88)
Pancreatic
Breast Downregulation of CD40 expression in PMN-MDSCs and M-MDSCs 89)
Lung Reduced trafficking of PMN-MDSCs and MDSCs from bone marrow to pre-metastatic microenvironment via (90)
Breast downregulating CXCR2 and CCR2.
Oesophageal
Lymphoma Reduced PMN-MDSCs immunosuppressive function (59)
Ricolinostat I Lung Reduced M-MDSCs accumulation
Mocetinostat I, IV Colorectal Reduced intratumoral MDSCs accumulation 91)
Induced expression of genes involved in immune evasion and antigen presentation
Sodium (1) In-vitro Promoted MDSCs apoptosis via increased production of ROS in vitro 92)
butyrate Breast Decreased MDSCs accumulation in blood, spleen, and tumor while activating CD8+T
Vorinostat
Vorinostat Melanoma Reduced MDSCs recruitment into the tumor site via downregulation of CCL2 93)
Neuroblastoma  Decreased M-MDSCs accumulation (94)
Reduced transcript for ARG1, S100A8, S100A9 and PD-L1
ACY241 b Myeloma Reduced MDSCs proportion (95)
CG-745 I, b Renalcell reduced Treg production via increased expression of IL-2 and IFN-y (96)
carcinoma Induced immune microenvironmental changes via Inhibiting tumor-infiltrating MDSCs ©7)
Hepatocellular
Carcinoma

Colorectal
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id coef HR HR.95L HR.95H pvalue

APOD 0.091593 1.095918 0.953976 1.258979 0.195593
CCN3 0.11144 1.117887 0.992896 1.258612 0.065457
DACT1 0.211698 1.285775 1.074642 1.421068 0.002979
EML1 -0.41811 0.668292 0.550826 0.786723 4.27E-06
MMP23B 0.098619 1.103645 0.983001 1.239096 0.094981
RBPMS2 0.230006 1.258607 1.070618 1.479604 0.005325
TAC1 0.06395 1.066039 0.957504 1.186878 0.24309
TUBB6 0.224583 1.251801 1.066052 1.469914 0.006135
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Characteristic Low-risk group High-risk group P value
Sample (n) 215 215
Age, mean + SD 60.29 + 6.86 61.58 + 6.61 0.047
BCR, n (%) 0.034
No 194 (45.1%) 178 (41.4%)
Yes 21 (4.9%) 37 (8.6%)
N stage, n (%) 0.310
NO 152 (40.5%) 154 (41.1%)
N1 29 (7.7%) 40 (10.7%)
Positive lymphnodes, n (%) 0.249
No 144 (40.2%) 144 (40.2%)
Yes 29 (8.1%) 41 (11.5%)
Residual tumor, n (%) 0.016
No 151 (36%) 122 (29.1%)
Yes 62 (14.8%) 84 (20%)
Gleason score, n (%) 0.066
GS=6 23 (5.3%) 16 (3.7%)
GS=7 113 (26.3%) 93 (21.6%)
GS=8 26 (6%) 33 (7.7%)
GS=9 53 (12.3%) 73 (17%)
T stage, n (%) <0.001
T2 98 (23.1%) 57 (13.4%)
T3-4 115 (27.1%) 154 (36.3%)
Race, n (%) 0.088
ASIAN 9 (2.2%) 2 (0.5%)
Black or African American 26 (6.2%) 24 (5.8%)
White 172 (41.3%) 183 (44%)

EMRGPI, enerqgy metabolism-related gene prognostic index;

BCR, biochemical recurrence; GS, Gleason score; SD, standard deviation.
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Gene set enrichment analysis (low vs high) ES NES P value FDR

Diseases

Thyroid cancer -0.5641 -1.7859 0.002 0.0993
Renal cell carcinoma -0.4976 -1.7256 0.0061 0.0857
Chronic myeloid leukemia -0.4632 -1.9046 0.004 0.0913
Small cell lung cancer -0.5052 -1.6768 0.002 0.0902
Viral myocarditis -0.6277 -1.6275 0.0179 0.0951
Prion diseases -0.6151 -1.6357 0.0096 0.0948
Amyotrophic lateral sclerosis -0.6664 -2.0416 0 0.0667
Signaling pathways

Insulin signaling pathway -0.422 -1.6726 0.0041 0.0859
Chemokine signaling pathway -0.6329 -1.674 0.002 0.0887
WNT signaling pathway -0.5035 -1.6844 0.002 0.0945
T cell receptor signaling pathway -0.6221 -1.6316 0.0222 0.0954
MAPK signaling pathway -0.4928 -1.6858 0 0.099
NOD like receptor signaling pathway -0.6707 -1.6584 0.0118 0.0889
Epithelial cell signaling in helicobacter pylori infection -0.4971 -1.7791 0.0095 0.0928
Cellular and molecular processes

Aminoacyl tRNA biosynthesis 0.671 2.0732 0.002 0.0069
Protein export 0.6717 1.9508 0.004 0.0136
Terpenoid backbone biosynthesis 0.7399 1.9039 0.0043 0.0159
ECM receptor interaction -0.67 -1.7404 0 0.084
Cell adhesion molecules -0.6756 -1.6688 0 0.0845
Glycerophospholipid metabolism -0.4809 -1.6577 0.0036 0.0861
Apoptosis -0.5184 -1.7541 0 0.0862
FC gama R-mediated phagocytosis -0.5799 -1.7315 0.006 0.0867
Focal adhesion -0.5713 -1.7456 0.002 0.0875
Endocytosis -0.4043 -1.7156 0.008 0.0891
Leukocyte transendothelial migration -0.5816 -1.6832 0 0.0904
Snare interactions in vesicular transport -0.4596 -1.7564 0.0094 0.0917
Regulation of actin cytoskeleton -0.5287 -1.7681 0 0.0922
Vascular smooth muscle contraction -0.5444 -1.6403 0.0039 0.0946

ECM, extracellular matrix; ES, enrichment score; NES, Normalized enrichment score; FDR, false discovery rate.
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Features

Age (<=65 vs >65)

Gender (male vs female)
Recurrence (re vs non-re)
Size (<3 vs >=3)

Grade (high vs low)
Invasion (NMIBC vs MIBC)
FASN (negative vs positive)

Univariate analysis

Multivariate analysis

HR

1.04
0.95
1.12
1.70
1.01
7.96
1.89

HR.95L

1.00
0.37
0.60
0.90
0.62
3.13
0.93

HR.95H

1.07

242

2.08

322

1.67
20.27
3.83

P value

0.0271
0.9176
0.7314
0.1012
0.9561
0.0000
0.0775

HR

1.02
0.60
1.29
125
0.82
7.85
2.55

HR.95L

0.99
0.22
0.68
0.64
0.45
2.98
119

HR.95H

1.06
1.61
2.47
2.44
1.51
20.70
5.49

P value

01718
0.3083
0.4380
0.5075
0.5271
0.0000
0.0164
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