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Editorial on the Research Topic 
Adaptive immune resistance in cancer therapy


Tumours employ various strategies to adapt and ultimately evade the immune system’s attack, collectively known as the adaptive immune resistance (AIR) (Morad et al., 2021). The initial AIR mechanism to be defined and validated therapeutically is the targeted induction of programmed cell death 1 ligand 1 (PDL1) by interferon-γ within the tumour. The use of antibodies to block the binding of PDL1 to its receptor, PD1 (referred to as anti-PD therapy), has led to remission in a notable subset of patients with advanced-stage cancer, particularly in solid tumours (Vasan et al., 2019; Sharma et al., 2021). However, several clinical trials investigating the combination of anti-PD therapy with other anti-tumour drugs, without a strong mechanistic rationale, have failed to identify a synergistic or additive effect (Hegde and Chen, 2020). Given the aforementioned concerns, it is imperative to identify specific AIR mechanisms that hold significant importance in the development of novel drugs and the enhancement of cancer treatment efficacy.
To address this pressing issue, a comprehensive analysis of AIR is conducted through an examination of 3 literature reviews and 11 original research papers authored by a total of 92 individuals. These collective studies bring forth valuable insights into the mechanisms and interconnectedness between AIR and the tumour microenvironment (TME).
Inhibitors targeting PD-1 and PD-L1 have become extensively utilized in the treatment of various types of cancer. To gain a comprehensive understanding of the current research landscape and pinpoint promising areas of investigation in the realm of PD-1/PD-L1 inhibitors, Lai et al. conducted an in-depth analysis utilizing bibliometric and visualized techniques. Their findings revealed that the United States is leading the country in this field, contributing a significant 42.03% of the total publications. Notably, the journal “Value in Health” emerged as the most productive journal in terms of publications. Moreover, the journal “New England Journal of Medicine” played a prominent role in the research network. The study also sheds light on active collaborations between countries and research institutes, highlighting the collaborative nature of this field. Bristol Myers Squibb was identified as the top productive institute, reinforcing the leading role of the United States in this area. Additionally, Wan XM was recognized as the most productive author. Analysing the global trend in this research area, the study identified the cost-effectiveness of PD-1/PD-L1 inhibitors and the comparative analysis of their economic impact in relation to other drugs as the prevailing hot topics. Thus, it is advisable for pharmaceutical companies involved in the development of novel PD-1/PD-L1 inhibitors to explore overseas markets to capitalize on this growing field. Finally, the study noted that developing countries engaged in health economics research on PD-1/PD-L1 inhibitors should prioritize the expansion of medical insurance coverage and expedite the marketing process of new drugs. These measures are essential in ensuring access to novel treatments and promoting advancements in healthcare systems.
Platelets, an essential component of blood responsible for clotting and stopping bleeding, have been found to display an important role in the invasion and spread of tumours. In a study conducted by Deng et al., the researchers conducted a comprehensive analysis of platelets in bladder cancer using data from multiple real-world cohorts. Their findings revealed two distinct patterns of platelet expression, named as Cluster 1 and Cluster 2, respectively. The first pattern, Cluster 1, was characterized with an inferior clinical outcome and showed a significant presence of cytokines, chemokines, and T-cell-related pathways. This suggests that Cluster 1 may represent a specific subgroup of bladder cancer with an immune-activated phenotype, making it potentially responsive to immune checkpoint inhibitor (ICI) therapy. To further support their findings, the researchers developed a robust risk score system known as the platelet risk score (PRS). This system consisted of 13 platelet-related genes and was validated using data from the GSE32894 and Xiangya cohorts. The PRS demonstrated satisfactory performance in predicting both prognosis and therapy response. Patients with bladder cancer divided into the high-risk group based on their PRS had a poorer prognosis but were found to be more sensitive to immunotherapy. This implies that patients in the high-risk group may benefit from targeted immunotherapy approaches. In conclusion, this study highlighted the significant impact of platelets on cancer progression and metastasis in bladder cancer. The identification of distinct platelet expression patterns and the development of the PRS provide valuable insights for predicting prognosis and guiding therapy decisions, particularly regarding the use of immune checkpoint inhibitors. Liposomal coenzyme A synthetase is an essential enzyme responsible for activating fatty acids and initiating the initial step of fatty acid metabolism. This metabolic process is categorized into four distinct groups, with medium-chain acyl-CoA synthetase (ACSM) being one of them. Interestingly, a study conducted by Li et al. indicated that ACSM6 might serve as a promising target for immunotherapy in bladder cancer. To gain deeper insights, they investigated the relationship between ACSM6 and the TME in BLCA. Astonishingly, their findings shed light on the role of ACSM6 in shaping the noninflammatory TME in BLCA while also providing the ability to predict the molecular subtypes of BLCA. Moreover, patients displaying low ACSM6 expression also showed a higher likelihood of responding positively to multiple therapies, including adjuvant therapy, neoadjuvant chemotherapy, and ERBB treatment.
Emerging evidence suggests a strong link between cell death and the development of tumors, as well as the response to ICI in various types of cancers. A recent study conducted by Li et al. aimed to construct a prognostic model for bladder cancer patients by examining genes related to both cuproptosis and ferroptosis (CFRGs). Utilizing a total of 5 CFRGs, the researchers constructed proportional hazards regression models. Remarkably, the high-risk groups identified in both the training and validation sets exhibited significantly poorer survival rates. Furthermore, the risk score was found to have a positive correlation with the tumor mutational burden (TMB), indicating its potential as a predictive marker. Conversely, the risk score showed an inverse relationship with tumor immune dysfunction and exclusion values, as well as tumor purity. Notably, the infiltration levels of antitumour immune cells and the expression of immune checkpoints were noticeably lower in the high-risk group. Additionally, the study observed a correlation between the risk scores and various pathway signals, including ErbB, MAPK, PI3K/AKT, mTOR, Hif-1 and TGF-β, suggesting their involvement in disease progression.
Immunogenic cell death (ICD) is an emerging mechanism of cellular death that triggers immune system activation and regulation against cancer. This unique process involves the release of various substances and antigens from deceased cells, which engage with antigen-presenting cells and other immune cells. In a study conducted by Su et al. applied several analytical techniques, to evaluate the prognostic significance of genes associated with ICD in patients with liver cancer. Through rigorous investigation, the researchers identified three genes, including PRNP, DNM1L and CASP8, as crucial prognostic markers for ICD. Subsequently, these genes were employed to construct a risk system that could categorize patients with liver cancer into high- and low-risk subgroups based on their ICD-related profile. To facilitate clinical application, a prognostic nomogram encompassing both the patients’ clinical characteristics and risk scores was devised, offering a comprehensive tool for personalized prognostication. In conclusion, this ground-breaking study highlights the importance of ICD-related genes and their potential for guiding patient management in liver cancer. The identified risk signature not only holds promise as a prognostic marker but also serves as a valuable resource for developing immunotherapeutic interventions targeting ICD in liver cancer patients.
In recent years, non-small cell lung cancer (NSCLC) has seen significant progress in immune and targeted therapies. However, the development of precision therapy has been hindered by the prevalence of cisplatin and ICI resistance in clinical settings. To address this issue, Li et al. conducted an in-depth analysis of public databases (GSE21656 and GSE108214) and identified protocadherin 7 (PCDH7) as a potential player in cisplatin resistance in lung cancer. They then conducted a series of in vitro experiments, confirming the oncogenic role of PCDH7 in NSCLC. Furthermore, the results of IC50 detection indicated a potential association between PCDH7 and cisplatin resistance in NSCLC. Interestingly, patients with high PCDH7 expression may exhibit increased sensitivity to bortezomib, docetaxel, and gemcitabine while showing resistance to immunotherapy. Finally, based on three genes correlated with PCDH7, the researchers developed a prognosis model that demonstrated a strong predictive ability for NSCLC patient survival. In conclusion, this study sheds light on the role of PCDH7 in cisplatin resistance in NSCLC and provides valuable insights into potential treatment strategies for patients with high PCDH7 expression. The findings also underscore the importance of personalized medicine in managing NSCLC and offer a promising prognostic model for predicting patient survival.
There has been a significant shift in the treatment strategy for NSCLC with the emergence of molecularly targeted therapies that focus on specific gene abnormalities. These targeted drugs have revolutionized the field; however, a major challenge remains in the form of tumor resistance to these therapies. To address this issue, Zhou et al. employed ESTIMATE algorithm to investigate the immune score. By analysing the immune score, the researchers were able to divide the patients into two distinct groups based on an optimal threshold. This division allowed them to identify differential genes that were associated with prognosis. Through a rigorous series of statistical analyses, they established a gene signature that could predict patient outcomes. To validate the accuracy of their findings, they conducted external validation using datasets GSE37745 and GSE31210, which further supported the prognostic model. These analyses revealed that pathways such as epithelial mesenchymal transition and immune-associated pathways were predominantly implicated in this group. Additionally, the researchers conducted somatic mutation and immune analyses to compare the differences between the two patient groups. This comparison provided valuable insights into potential drug sensitivity, which could serve as a basis for clinical treatment decisions. Further investigation led to the identification of two key prognostic genes: EREG and ADH1C. In summary, this research has shed light on the importance of the immune score in predicting survival outcomes for NSCLC patients. By identifying differentially expressed genes and understanding their involvement in key pathways, this study has provided valuable insights into potential treatments and prognostic markers for this challenging disease. With the continuous advancements in technology used for the detection of circulating tumor DNA (ctDNA), the importance of liquid biopsy as a valuable tool for prognostication and evaluating treatment response in patients diagnosed with NSCLC is increasingly acknowledged. A clinical trial conducted by Dong et al. included the participation of 90 individuals diagnosed with stage I-IIIA NSCLC. The aim of this trial was to evaluate the relationship between molecular residual disease (MRD) and various clinicopathological features, gene mutations, the tumor immune microenvironment, and treatment outcomes. Specifically, they discovered that the presence of ctDNA-MRD after surgery in NSCLC patients correlated with several factors, including primary tumor size, lymph node metastasis state, pathological subtype, presence of vascular invasion, and PD-L1 expression. Additionally, they observed that adjuvant EGFR-TKI targeted therapy was more effective than chemotherapy in eliminating ctDNA in postoperative patients with MRD.
TME plays a vital role in immunotherapy resistance, making it a significant factor to consider when examining lung cancer. Nanomedicine has emerged as a promising approach to enhance immunotherapy in this context. In Zhang et al. review, the authors shed light on the interplay between TME and immunotherapy, emphasizing the crucial role of TME in lung cancer immunotherapy (Zhang et al.). Additionally, they explored the potential of nanoparticles in regulating the TME to improve the effectiveness of immunotherapy. The authors also concluded that nanoparticle-based targeting of the TME could be a valuable strategy for solving resistance to PD-1/PD-L1 blockade in lung cancer.
NSCLC has emerged as a prime example of precision medicine, with the identification of multiple subtypes characterized by specific oncogenic driver mutations, leading to the development of targeted therapies at a molecular level. In recent years, significant strides have been made in the field of immunotherapy, particularly in the form of ICI, which involve the use of antagonistic antibodies to target the PD-L1-PD-1 axis for the treatment of NSCLC. In a study by Wang et al., the authors delved into the correlation between the types of immune cells within the TME and the effectiveness of immunotherapy in lung cancer. Additionally, they explored the efficacy of immunotherapy in the context of various gene mutations found in lung cancer, such as KRAS, TP53 and EGFR. Ultimately, the authors emphasize the potential of modulating immune cell populations within the TME as a promising strategy to enhance adaptive immune resistance in lung cancer.
Skin cutaneous melanoma, SKCM, known as one of the most lethal forms of cancer with a high likelihood of metastasis, poses considerable challenges for treatment. Current options such as chemotherapy, immunotherapy, and molecular therapy have not significantly improved the prognosis for SKCM patients, who face an alarmingly short median survival time. Recognizing the urgency of this issue, Sun et al. conducted an in-depth analysis of cuproptosis related signatures over-expressed in SKCM. Through their research, they developed an innovative risk stratification system that holds the potential to revolutionize the management of SKCM patients by enabling precise and targeted interventions. ROC values signify the robustness of the risk classification system in predicting the disease prognosis accurately. Furthermore, the study uncovered notable discrepancies between the low-risk and high-risk groups in terms of tumor burden mutational and immunology function, cell stemness characteristics, and drug sensitivity. These findings highlight the potential impact of the risk stratification system on tailoring personalized treatment plans for SKCM patients, ensuring optimum therapeutic outcomes. These findings further emphasize the potential of the risk stratification system in identifying gene expression patterns that correlate with disease progression and prognosis. In conclusion, the study conducted by Sun et al. sheds light on the pressing issue of SKCM and its poor prognosis. By thoroughly analysing cuproptosis-related differential genes, the researchers developed a novel risk stratification system that demonstrates efficacy in predicting disease outcomes. This system holds immense potential for guiding precise management and treatment decisions for SKCM patients, ultimately improving their overall prognosis.
Over the past decade, there has been significant research focused on unravelling the underlying mechanisms responsible for the development of acute myeloid leukaemia (AML). This increased attention has greatly enhanced our understanding of this disease. However, despite these advancements, the primary barriers to successful treatment remain resistance to chemotherapy and recurrence of the disease. Conventional cytotoxic chemotherapy often leads to acute and chronic side effects, making consolidation chemotherapy impractical, particularly in elderly patients. As a result, there has been a surge of interest in finding alternative approaches to address this issue. A comprehensive review conducted by Chen et al. has provided a thorough summary of various immunotherapies for the treatment of acute myeloid leukaemia. These therapies include immune checkpoint inhibitors such as CTLA-4 and PD-1/PD-L1, monoclonal antibody therapy targeting anti-CD33, anti-CD123, and anti-CD3/CD33 or CD3/CD123 bispecific antibodies. Presenting the recent progress in immunotherapy for AML, the authors also highlight the most effective therapies and major challenges in their implementation. In a related study, Li et al. conducted a comprehensive investigation into the clinical implications of genes involved in iron-associated cell death and apoptotic pathways in individuals with AML. The researchers developed a robust risk model based on four specific genes, which demonstrated promising prognostic value in both the training and validation cohorts. This model holds potential for aiding clinical decision-making and facilitating risk stratification in AML patients. To validate their findings, Western blot analysis was performed, indicating a significant decrease in the expression levels of C-Myc and Cyclin D1 after inhibiting CD4 expression levels. This result underscores the potential of iron-related cell death pathways as prognostic biomarkers and therapeutic targets in AML. Furthermore, this study emphasizes the importance of further exploration into the molecular mechanisms underlying iron balance, apoptosis regulation, and immune modulation within the bone marrow microenvironment. By shedding light on these interconnected processes, future research has the potential to significantly advance our understanding of AML and pave the way for innovative therapeutic approaches.
Liver metastasis from colorectal cancer is a significant risk factor that often leads to poor outcomes. Therefore, it is crucial to implement proactive interventions and treatments. Cancer-associated fibroblasts (CAFs) play a crucial role in the metastasis process, particularly through their involvement in metabolic reprogramming. However, the understanding of the relationship between CAF metabolic phenotypes and immune cells is currently limited. Wu et al. utilized both single-cell and bulk transcriptomics data to unravel the contributions of CAFs and immune cells in liver metastasis. They specifically focused on the metabolic subtype of CAFs and its impact. By decoding the roles of metabolism-related CAF subtypes and immune cells, the researchers developed a prognostic model that could effectively predict the outcomes of colorectal cancer patients with liver metastases. An intriguing finding of the study was the distinct interaction patterns observed between CAFs with different metabolic states and various immune cell types. Significantly, the researchers discovered that CAFs with varying metabolic profiles exhibited divergent communication patterns with different immune cell populations. This finding shed new light on the complex interplay between CAFs and immune cells during liver metastasis. Moreover, the study established that the prognostic features derived from CAF signature scores can serve as valuable indicators of the prognostic status of colorectal cancer patients. Samples with high CAF signature scores demonstrated elevated immune activity and an enrichment of tumor-related pathways. This suggests that a strong immune response and the activation of tumor-related pathways are associated with better outcomes in patients with liver metastases. Furthermore, the CAF signature score has shown practical utility in guiding the selection of chemotherapeutic agents with greater sensitivity. By considering this signature, clinicians can make more informed decisions regarding precision therapy for colorectal cancer with liver metastases. Therefore, this innovative approach has promising clinical implications for the management and treatment of such patients.
The discovery of AIR mechanisms and the development of therapeutic strategies to selectively inhibit AIR have proven to be effective in treating cancer patients, as demonstrated by the success of anti-PD therapy. Extensive efforts have been made to dissect, analyse, and classify the human tumour microenvironment (TME), leading to the identification of additional complex and diverse AIR mechanisms. However, it is pivotal to note that we have only just scratched the surface of this vast landscape. Nevertheless, it is possible to identify a few predominant or dominant AIR mechanisms that operate within the TME, which can guide the development of more targeted treatment approaches. By understanding and targeting these newly discovered AIR mechanisms, we can expect to achieve more efficient and effective treatment outcomes for a larger proportion of human cancers soon.
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Lung cancer is the common malignant tumor with the highest mortality rate. Lung cancer patients have achieved benefits from immunotherapy, including immune checkpoint inhibitors (ICIs) therapy. Unfortunately, cancer patients acquire adaptive immune resistance, leading to poor prognosis. Tumor microenvironment (TME) has been demonstrated to play a critical role in participating in acquired adaptive immune resistance. TME is associated with molecular heterogeneity of immunotherapy efficacy in lung cancer. In this article, we discuss how immune cell types of TME are correlated with immunotherapy in lung cancer. Moreover, we describe the efficacy of immunotherapy in driven gene mutations in lung cancer, including KRAS, TP53, EGFR, ALK, ROS1, KEAP1, ZFHX3, PTCH1, PAK7, UBE3A, TNF-α, NOTCH, LRP1B, FBXW7, and STK11. We also emphasize that modulation of immune cell types of TME could be a promising strategy for improving adaptive immune resistance in lung cancer.
Keywords: TME, PD-L1, PD-1, time, immunotherapy, resistance
INTRODUCTION
Lung cancer is the common malignant tumor and displays the highest mortality rate (Chen P. et al., 2022; Choi and Mazzone, 2022). Lung cancer had 1.8 million deaths (18% of the total cancer-related deaths) worldwide in 2020 (Sung et al., 2021). Lung cancer is the most frequently occurring tumor in males and the third commonly diagnosed tumor in females. Lung cancer is the first cause of tumor death in males and the second leading cause of cancer mortality in women (Sung et al., 2021). In the United States, there are 2,36,740 new lung cancer cases and 1,30,180 lung cancer-related deaths (Siegel et al., 2022). The 5-year survival rate of lung cancer is only 10%–20% in some countries (Sung et al., 2021).
Lung cancer has three-type categories, including small cell lung cancer (SCLC, 14%), non-small cell lung cancer (NSCLC, 82%) and unspecified histology (3%) (Miller et al., 2022). The NSCLC includes large cell carcinoma, adenocarcinoma, and squamous cell carcinoma (Mengoli et al., 2018). The global lung cancer occurrence could be due to outdoor ambient PM2.5 and tobacco (Guo et al., 2020; Turner et al., 2020; Frazer et al., 2022). Multiple gene mutations have been found in NSCLC patient, including epidermal growth factor receptor (EGFR) (Zhao D. et al., 2022; Castaneda-Gonzalez et al., 2022), Kirsten rat sarcoma viral oncogene homolog (KRAS) (Desage et al., 2022; Garcia-Robledo et al., 2022), anaplastic lymphoma kinase (ALK) (Cognigni et al., 2022; Xiang et al., 2022), Erb-B2 Receptor Tyrosine Kinase 2 (ERBB2) (Ni and Zhang, 2021; Vathiotis et al., 2021; Yu X. et al., 2022), B-Raf proto-oncogene (BRAF) (Abdayem and Planchard, 2022; Riudavets et al., 2022; Sforza et al., 2022), phosphatidylinositol-4,5-bisphosphate 3-kinase catalytic subunit alpha (PIK3CA), AKT serine/threonine kinase 1 (AKT1), mitogen-activated protein kinase kinase 1 (MAP2K1) (Kim and Giaccone, 2018; Han et al., 2021), c-ros oncogene 1 (ROS1) (Guaitoli et al., 2021; Yu Z. Q. et al., 2022), neurotrophic tyrosine receptor kinase (NTRK) (Liu C. et al., 2022; Qin and Patel, 2022), and mesenchymal-epithelial transition factor (MET) (Pao and Girard, 2011; Olmedo et al., 2022) (Figure 1). In SCLC patients, gene mutations often include retinoblastoma (Rb), TP53, PTEN, FBXW7, VHL mutations (Cardona et al., 2019; Guan et al., 2022). In addition, targeted therapy, immunotherapy, antiangiogenic therapy and combination therapy have been used in the clinic for lung cancer patients (Luo et al., 2021; Wang et al., 2021; Guo et al., 2022) (Figure 1). NSCLC patients with KRAS mutation or EGFR often have a worse benefit from immunotherapy (Di Nicolantonio et al., 2021).
[image: Figure 1]FIGURE 1 | Gene Mutations and therapies are illustrated in lung cancer. Lung cancer has three-type categories, including SCLC, NSCLC, and unspecified histology. NSCLC patients have multiple gene mutations. Targeted therapy, immunotherapy, antiangiogenic therapy and combination therapy have been used in the clinic for lung cancer patients.
Immunotherapy has improved the therapeutic outcomes in lung cancer patients (Caliman et al., 2022; Catalano et al., 2022; Martin and Enrico, 2022; Tartarone et al., 2022; Yang et al., 2022). Immune checkpoint inhibitors (ICIs) have been used for the cancer therapy, including anti-PD-1, anti-PD-L1 and anti-CTLA-4. Anti-PD-1 drugs in NSCLC have cemiplimab, pembrolizumab, and nivolumab (Bote et al., 2022; Mussafi et al., 2022). The anti-PD-L1 monoclonal antibodies have durvalumab and atezolizumab in NSCLC. Anti-CTLA-4 (ipilimumab) is also be used in lung cancer because of CTLA-4 as a checkpoint on lymphocytes (Ackermann et al., 2019; Dawe et al., 2020; Peng et al., 2022). However, PD-1/PD-L1 monoclonal antibodies and anti-CTLA-3 treatment obtain a good response in a subgroup of lung cancer patients. Moreover, adaptive immune resistance is observed in lung cancer patients and attenuated the immunotherapeutic benefits (Gkountakos et al., 2021; Gemelli et al., 2022). Furthermore, immunotherapy often causes side-effects, such as endocrinopathy, colitis, pneumonitis, nephritis in lung cancer patients (Bredin and Naidoo, 2022; Hao et al., 2022).
Tumor microenvironment (TME) is a unique environment and composed of many other types of cells, such as stromal, endothelial and immune cells, which has shown to participate in tumor development, initiation and progression as well as metastasis (Eulberg et al., 2022; Nallasamy et al., 2022). The TME cellular components consist of MDSCs, Treg cells, M1 macrophages, M2 macrophages, cytotoxic CD8+ T cells and NK cells (Gajewski et al., 2013; Cao et al., 2022). It has been known that tumor cells inhibit the anticancer functions of TME and promote pro-tumorigenic functions of TME (Faraj et al., 2022; Tiwari et al., 2022). Tumor immune microenvironment (TIME) consists of tumor cells, different cell types of the immune system and their interactions in the TME niche (Binnewies et al., 2018).
In this review article, we described the association between immune cell types in TME and immunotherapy in lung cancer. Moreover, we discussed the efficacy of immunotherapy in driven gene mutations in lung cancer, including KRAS, TP53, EGFR, ALK, ROS1, KEAP1, ZFHX3, PTCH1, and STK11. Furthermore, we concluded that targeting TME could be helpful to overcome resistance to PD-1/PD-L1 blockade in lung cancer.
Immunotherapy, driven gene mutations, and TME
TME has been identified to take part in tumorigenesis and cancer metastasis. Several adverse conditions in TME, such as acidity, hypoxia, and nutrient restriction, have been unraveled to affect the responses of immunotherapy (Li and Qiao, 2022). Moreover, TME governs immune cell functions via regulation of immune cells activation (Ahluwalia et al., 2021; Genova et al., 2021). In this section, the relationship of TME, driven gene mutations and immunotherapy will be summarized. Evidence dissects that immune therapy benefit is associated with driven gene mutations and smoking status in NSCLC patients. These driven genes include EGFR, KRAS, ALK, and BRAF (Skoulidis and Heymach, 2019). One study identified that the most frequently mutated genes included TP53, KRAS, ERBB2, SMAD4, ERBB4, EGFR, BRAF, and MET (Cinausero et al., 2019). In the following sections, we will describe how these driven gene mutations modulate the TIME and affect the anti-PD-1/PD-L1 therapy in NSCLC patients (Table 1). We highlight that the efficacy of immunotherapy is modulated by these key gene mutations in NSCLC patients.
TABLE 1 | The association of gene mutations and TME, immunotherapy in lung cancer.
[image: Table 1]The efficacy of immunotherapy in KRAS-mutant NSCLC
KRAS oncogenic pathway affected TME via modulation of cancer-associated fibroblasts and immune cells (Dias Carvalho et al., 2018; Ceddia et al., 2022). KRAS-mutant cancer cells govern immune responses through regulation of immune cell recruitment, activation, and differentiation, leading to enhancement of protumorigenic ability and promotion of tumor cell evasion (Dias Carvalho et al., 2018). KRAS pathway controls populations of myeloid cells, T cells, fibroblasts, endothelial cells, ECM composition. In KRAS-mutant lung cancer patients, M2 macrophages, MDSCs, CD4+FoxP3+ Treg cells, IL-17-producing T helper cells displayed a pro-tumorigenic TME (Cullis et al., 2018). Studies have shown that the efficacy of anti-PD-1 and anti-PD-L1 immunotherapy was associated with promotion of immunogenicity and an inflammatory TME (Liu et al., 2020; Ceddia et al., 2022). Kirsten rat sarcoma viral oncogene homolog (KRAS) mutations are linked to superior patient response to PD-1/PD-L1 inhibitors. KRAS mutations are associated with treatment efficacy and prognosis in NSCLC (Wood et al., 2016; Ferrer et al., 2018; Roman et al., 2018). Targeting KRAS variant has be shown to have potential treatment applications in NSCLC (Ricciuti et al., 2016; Uras et al., 2020; Li J. X. et al., 2022). Notably, KRAS mutations are linked to immune therapy resistance in NSCLC patients (Kim et al., 2017; Adderley et al., 2019).
In clinic study, NSCLC patients with KRAS mutation obtained treatment benefit from immunotherapy via anti-PD-1 and anti-PD-L1 approaches (Liu et al., 2020). Interestingly, suppression of PD-L1 in combination with docetaxel failed to enhance an anti-tumor response in a KRAS-mutant lung adenocarcinoma mouse model (Liu et al., 2020). This study indicated that the combination of immunotherapy and chemotherapy need to be revaluated in NSCLC patients with KRAS mutations (Liu et al., 2020). Moreover, evidence has demonstrated resistance to ICIs in NSCLC with KRAS mutation via modulation of tumor metabolism and TME functions (Li W. et al., 2022). KRAS-G12D mutation induced immune suppression and caused the resistance to anti-PD-1/PD-L1 therapy in NSCLC. KRAS-G12D point mutation was negatively associated with PD-L1 expression level and CXCL10/CXCL11, resulting in a reduction of CD8+ TILs and an immunosuppressive TIME (Liu F. et al., 2022). KRAS-G12D mutation reduced PD-L1 expression through P70S6K/PI3K/AKT pathway and decreased CXCL10/CXCL11 expression via inhibition of HMGA2 in lung cancer cells. Paclitaxel plus PD-L1 blockade treatments promoted CD8+ TILs recruitment due to CXCL10/CXCL11 upregulation (Liu J. et al., 2022). This study suggested that chemotherapy plus ICIs are effective in NSCLC patients with KRAS-G12D mutation (Liu C. et al., 2022).
The efficacy of immunotherapy in EGFR-mutant NSCLC
EGFR-mutant lung cancer patients exhibit therapy resistance (Passaro et al., 2021; Girard, 2022). Activation of EGFR has been reported to establish an immunosuppressive TME in NSCLC cells, including promotion of suppressive TAMs, Tregs, blockade of T cell infiltration and cytotoxicity, and induction of inhibitory cytokines, which impair the immunotherapy (Lin et al., 2019). About 50% of NSCLC patients with EGFR mutations acquired EGFR-tyrosine kinase inhibitor (TKI) resistance. EGFR pathway has been reported to regulate PD-L1 in NSCLC (Hsu et al., 2019). EGFR-TKI resistance upregulated PD-L1 expression and caused immune escape in lung cancer via activation of phosphatidylinositol-3 kinase (PI3K), mitogen-activated protein kinase (MAPK) and NF-kappa B (NF-κB) pathways (Peng et al., 2019). One study found that hypoxia-inducible factor 1α (HIF-1α) and NF-κB are critical to modulate the expression of PD-L1 in EGFR-mutant NSCLC cells (Guo et al., 2019). Another group suggested that TGF-β/Smad pathway participated in PD-L1-mediated EGFR-TKIs resistance in NSCLC with EGFR mutations (Zhang et al., 2019). Overexpression of PD-L1 increased gefitinib resistance in EGFR-mutant NSCLC cells, while depletion of PD-L1 reduced gefitinib resistance (Zhang et al., 2019). Activation of OPN/integrin αVβ3/FAK pathway is important for regulation of EGFR-TKI resistance in NSCLC with EGFR mutations (Fu et al., 2020). PD-L1 expression is correlated with TKIs response and prognosis in lung cancer patients with EGFR mutations (Lin et al., 2015).
Immunoglobulin-like transcript 4 (ILT4) belongs to the immunoglobulin superfamily and often expressed in myeloids, which can promote the proliferation, migration and invasion in human cancers. ILT4 induced immunosuppressive T cell infiltration and led to poor prognosis in lung cancer. ILT4 stimulated T cell senescence and reduced tumor immunity in the TME in human cancer (Gao et al., 2021; Yang et al., 2021). Moreover, ILT4 acts as a useful checkpoint molecule for immunotherapy (Gao et al., 2018). One group showed that ILT4 expression can be elevated after EGFR activation in NSCLC cells, which was mediated by activated ERK and AKT cellular signaling pathways (Chen K. et al., 2021). Moreover, ILT4 increased recruitment of TAMs and M2-like polarization in NSCLC cells with EGFR activation, leading to impairing proliferation and cytotoxicity of T cells (Chen X. et al., 2021). Furthermore, inhibition of ILT4 promoted the efficacy of PD-L1 inhibitors and abrogated TAMs- and T cell-involved immunosuppression in NSCLC cells with EGFR activation. In vivo study showed that knockdown of ILT4 and PD-L1 blockade synergistically retarded mouse tumor growth and inhibited immune escape (Chen K. et al., 2021). Animal study data further showed that inhibition of ILT4 alone repressed tumor progression and immune evasion in EGFR mutant NSCLC. This work implied that inhibition of ILT4 increased the efficacy of immunotherapy in EGFR-mutant NSCLC (Chen X. et al., 2021). One retrospective study determined the association between PD-L1, TILs and immunotherapy response in uncommon EGFR-mutant NSCLC patients (Chen et al., 2020). Among 600 NSCLC cases with EGFR mutations, 49 cases were borne with uncommon alterations, such as Ex20, L861Q, S7681, G719X. Uncommon EGFR-mutant NSCLC patients had a high PD-L1 expression and CD8+ TILs and displayed a favorable response to anti-PD-1 therapy (Chen et al., 2020). Therefore, like in common EGFR-mutant NSCLC patients, combination of CD8+ TILs and PD-L1 level in TME can determine the anti-PD-1/PD-L1 therapy efficacy for NSCLC patients with uncommon EGFR mutations (Chen et al., 2020). Anti-CD73 in combination with anti-PD-L1 therapy enhanced T cell response via upregulation of the number of CD8+ T cells and promotion of TNF-α and IFN-γ production in EGFR-mutant NSCLC, leading to inhibition of tumor growth (Tu et al., 2022).
ERBB-family genetic alterations and KRAS mutations regulated response to anti-PD-1 inhibitors in NSCLC with metastasis (Cinausero et al., 2019). NSCLC patients with KRAS mutations had a better anti-PD-1 therapy efficacy and a longer PFS and OS. NSCLC patients with EGFR mutation, ERBB2 mutation and ERBB4 mutations had a worse response to anti-PD-1 therapy (Cinausero et al., 2019). STK11/LKB1 mutations were linked to resistance of PD-1 blockade in KRAS-mutant lung cancer (Skoulidis et al., 2018). Biton et al. (2018) also reported that TP53, STK11, and EGFR mutations represented the anti-PD-1 treatment efficacy in lung adenocarcinoma. NSCLC patients with STK11 mutation displayed chemotherapy resistance, while co-mutations with KRAS or TP53 modulated TIME of STK11-mutant NSCLC tumors and affected immunotherapy response (Malhotra et al., 2022). Additionally, NSCLC patients with EGFR/HER2 exon 20 insertions had a higher expression of PD-L1 and exhibited the sensitive to anti-PD-1/PD-L1 therapy (Chen X. et al., 2021).
The efficacy of immunotherapy in ALK-rearranged NSCLC
ALK-rearranged tumors exhibited more resting memory CD4+ T cells and less activated memory CD4+ T cells and CD8+ T cells (Jin et al., 2020). Anti-PD-1/PD-L1 therapy is useful for the treatment of ALK-translocated NSCLC patients (Bylicki et al., 2017). ALK positivity and EGFR mutations have been reported to be adverse predictors for NSCLC patients (Bahnassy et al., 2022). A retrospective analysis showed that ALK rearrangement and EGFR mutations were involved in poor response to blockade of PD-1 pathway in NSCLC (Gainor et al., 2016). This could be due to low rates of PD-L1 expression and CD8+ TILS in the TME in NSCLC patients (Gainor et al., 2016). Similarly, PD-L1 expression and CD8+ T cells infiltration have a clinical relationship in lung cancer patients with ALK-rearranged and EGFR-mutated tumors (Liu et al., 2018). Lung cancer patients with ALK-rearrangement or EGFR mutations had lowest proportion of PD-L1+/CD8+ tumors and the shortest overall survival. Lung cancer patients with ALK-rearrangement or EGFR mutations showed a poor response to ICIs (Liu et al., 2018). Strikingly, PD-L1 expression and CD8 expression are biomarkers for prediction of prognosis with poor prognosis in patients with EGFR mutations or ALK rearrangement (Liu et al., 2018). Interestingly, a retrospectively study indicated that cytotoxic chemotherapy affected the TIME in NSCLC patients with wild type of ALK and EGFR (Sakai et al., 2019). Platinum-based adjuvant chemotherapy modulated PD-L1 expression, CD8+ TIL density and tumor mutation burden (TMB) in NSCLC patients (Sakai et al., 2019).
The efficacy of immunotherapy in ROS1-rearrangement NSCLC
One research group reported that expression of ROS1 and ROS1-rearrangement was observed in 18.57% and 15.71% of the 70 NSCLC patients, respectively (Bahnassy et al., 2022). ROS1 expression was not correlated with PD-1, PD-L1, survival and therapy response (Bahnassy et al., 2022). Another research simultaneous genotypic screening of three gene mutations, including ROS1, ALK and EGFR, to measure the prevalence and clinicopathologic features of ROS1 mutations and immunotherapy efficacy in NSCLC patients (Lee et al., 2019). This study found that among 407 NSCLC cause, there were 14 ROS1 and 19 ALK rearrangements and 106 EGFR mutations. Among 130 NSCLC tumors, 29 samples had high expression of PD-L1. Among 14 cases with ROS1 mutations, 12 samples exhibited PD-L1 expression and 5 cases displayed high expression level of PD-L1 expression (Lee et al., 2019). This work indicated that ROS1 rearrangement was overlapped with high expression of PD-L1 in NSCLC patients (Lee et al., 2019). Similarly, the correlation among oncogenic mutations in ROS1, ALK, EGFR and PD-L1 had been reported in lung adenocarcinoma (Rangachari et al., 2017). This retrospective work explored 71 cases of lung cancer and found that 29.6% cases had a PD-L1 TPS of high than 50%. Of 19 cases with ALK, ROS1, or EGFR mutations, 18 cases had a PD-L1 TPS less than 50%. Moreover, lung cancer with a PD-L1 TPS of high than 50% was correlated with smoking status (Rangachari et al., 2017). In addition, it has been compared with ALK, ROS1, EGFR, and PD-L1 between cytological tumors and surgical tumors in NSCLC to explore the adequacy of PD-L1 expression by a retrospective study (Ekin et al., 2021). Among 220 NSCLC cases, there were 64 small histology biopsies, 90 surgical biopsies and 66 cytology samples. However, there was no difference between two types of samples (154 histological plus surgical and 66 cytology samples) in cellular adequacy for EGFR, ROS1, ALK, and PD-L1. There was no change in the expression positivity rates for these four biomarkers between two types of samples (Ekin et al., 2021). ROS1-rearranged lung adenocarcinoma patient had active TME and increased plasma inflammatory factors when the patient received immune therapy and ceritinib chemotherapy. PD-L1 expression was elevated in tumor samples during treatment, suggesting that the patient obtained a limited benefit from combination therapies (Yue et al., 2021).
The efficacy of immunotherapy in TP53-mutant NSCLC
An immunohistochemical work illustrated that PD-L1 expression was associated with poor overall survival and PFS in NSCLC patients. CD8+ TILs were correlated with therapy response and a good PFS and overall survival. P53 expression was observed in most of NSCLC samples, but was not correlated with PD-L1 expression (Rashed et al., 2017). Serra et al. (2018) found that RAS/TP53 mutations were associated with PD-L1 expression in lung adenocarcinoma. Moreover, Dong et al. (2017) uncovered that TP53 mutation and KRAS mutation can predict the response to anti-PD-1 immunotherapy in lung adenocarcinoma. Zhang L. et al. (2021) reported that 219 cases from 350 NSCLC patients harbored TP53 mutations. Coexisting TP53 and ZFHX3 mutations were correlated with prognosis, indicating that TP53 and ZFHX3 mutations could be prognostic factors for late-stage NSCLC cases undergoing anti-PD-1/PD-L1 therapy. Another study also clarified that TP53 mutations were associated with response to ICIs treatment and a longer survival in advanced NSCLC patients (Assoun et al., 2019). Notably, NSCLC patients with TP53 plus KEAP1 mutations had a better PFS after treatment with PD-1/PD-L1 monotherapy (Wang S. et al., 2022). Strikingly, the TP53-missense mutation patients displayed enriched IFN-γ signatures and TME composition compared with TP53 wild-type patients (Sun et al., 2020). TP53 non-sense mutation patients exhibited promotion of suppressor immune cells, such as M2 Macrophage and Neutrophils. Upregulation of TMB and neoantigen levels were observed in both TP53 non-sense and missense mutations. TP53 missense was linked to better benefit of anti-PD-1/PD-L1 therapy (Sun et al., 2020).
The efficacy of immunotherapy in PTCH1-mutant NSCLC
Patched 1 (PTCH1) is one component of hedgehog pathway, which has been correlated with tumor malignancies (Sigafoos et al., 2021). In NSCLC patients, PTCH1 was underexpressed in the tumor specimens compared with normal lung samples (Herreros-Pomares et al., 2022). NSCLC patients with overexpression of PTCH1 displayed a better outcome (Herreros-Pomares et al., 2022). Moreover, PTCH1 expression was found to be correlated with NSCLC development (Barbirou et al., 2022). One circulating tumor cell NGS assay in early-stage lung cancer patients showed that more than 50% of lung cancer patients presented four common mutations, including Notch1, EGFR, IGF2, and PTCH1 (Wan et al., 2021). Genetic mutation analysis demonstrated that 147 mutant genes were discovered in small cell lung cancer patients, including TP53, RB1, KMT2D, PTCH1, APC, LRRK2, ARID2, and BRCA1 (Jin et al., 2021). In addition, elevated mutations of six genes were linked to advanced clinical stages II and III, such as SETD2, WT1, EPHA3, ACVR1B, NOTCH1 and KDM6A (Jin et al., 2021). Similarly, TP53 and RB1 mutations are two most frequently mutations in SCLC, while FGFR1, KIT, PTCH1, RICTOR, and RET mutations are low-frequency mutations (Dowlati et al., 2016). One retrospective study used the data from 180 lung squamous cell carcinoma and reported that patched receptor 1 (PTCH1) gene mutation was linked to CD8+ TILs density (Cheng et al., 2022). CD8+ TILs and high expression of PD-L1 were correlated with better disease-free survival in lung squamous cell carcinoma patients (Cheng et al., 2022). Serial sequencing of circulating tumor DNA (ctDNA) showed that PTCH1 mutation and β2 microglobulin (B2M) mutations were observed in NSCLC patients with anti-PD-1 treatment. Moreover, PTCH1 and B2M mutations were associated with distant metastasis in NSCLC patients (Li et al., 2019).
The efficacy of immunotherapy in ZFHX3-mutant NSCLC
ZFHX3 was reported to suppress alpha-fetoprotein expression. ZFHX3 mRNA expression in tumor tissues was linked to overall survival rate in 140 NSCLC patients. Low expression of ZFHX3 in NSCLC patients was associated with LNM and poor prognosis (Minamiya et al., 2012). Song et al. (2021) reported genomic profiles and TIME of lung cancer with brain metastasis. High-frequent ZFHX3 was found in 40% lung tumors and 28% brain tumors. A majority of lung cancer patients had lesions-shared mutations, such as EGFR mutation. Zhou et al. (2020) reported that 19% ZFHX3 mutation frequency was identified in lung cancer patients by next-generation sequencing. Another study also identified that the mutation of ZFHX3 in NSCLC patients could have benefit from ICIs treatment (Principe, 2022). ZFHX3 was identified as a genomic mutation for prediction of immunotherapy in NSCLC patients (Wang Z. et al., 2022). ZFHX3 mutation in NSCLC patients was correlated with TILs, immune-related gene expression and tumor mutation burden. ZFHX3 mutation was also linked to longer overall survival of NSCLC patients after treatment with ICIs (Zhang J. et al., 2021).
The efficacy of immunotherapy in PAK7-mutant NSCLC
Evidence has shown that p21-activated kinase (PAK7) regulates carcinogenesis in a variety of malignancies (Gu et al., 2013; Han et al., 2014; Quan et al., 2020; Wang et al., 2020). Suppression of PAK7 increased radio-sensitivity in hepatocellular carcinoma (HCC) (Gu and Kong, 2021). Depletion of PAK7 by shRNA transfection induced apoptosis and G2/M phase arrest, decreased clone formation and elevated γ-H2AX expression in HCC cells (Gu and Kong, 2021). PAK7 expression was upregulated in breast tumor samples and associated with differentiation and TNM stage in breast cancer patients. PAK7 activated Wnt/β-Catenin pathway and caused promotion of proliferation and migration as well as inhibition of apoptosis in breast cancer (Li et al., 2018). In esophageal squamous cell cancers (ESCC), high expression of PAK7 was correlated with LNM (He et al., 2016). Moreover, PAK7 was regulated by Aurora-A via binding with E2F1 in ESCC cells. PAK7 induced cisplatin resistance of ESCC with Aurora-A overexpression (He et al., 2016). One group revealed that PAK7 could be related to gemcitabine resistance in NSCLC cells (Zhang et al., 2013). PAK7 mutations were found to be associated with tumor mutation burden, neoantigen load, copy number variation, CD8+ TILs, mutation rate in the DDR-related pathways, suggesting that PAK7 mutations could be a helpful biomarker for prediction of the immunotherapy efficacy in NSCLC patients (Zeng et al., 2022).
The efficacy of immunotherapy in UBE3A-mutant NSCLC
UBE3A, also known as E6AP, acts as an E3 ligase and critically involves in carcinogenesis (Owais et al., 2020; Zheng et al., 2021). For example, UBE3A promoted tumor progression via disruption of ZNF185 in ESCC (Zheng et al., 2021). UBE3A targeted SIRT6 and regulated liver tumorigenesis, which was dependent on ANXA2 (Kohli et al., 2018). Downregulation of E6AP led to decreased expression of p15, p16 and p19 in NSCLC. E6AP represses the expression of CDC6 via inhibiting its E2F1 transcription (Gamell et al., 2017). UBE3A deletion promoted the immunotherapy efficacy in NSCLC patients (Zhang L. X. et al., 2022). NSCLC patients with UBE3A deletion had higher TILs and higher expression of immune checkpoint biomarkers (Zhang N. et al., 2022).
The efficacy of immunotherapy in TNF-α-mutant NSCLC
A mutated human tumor necrosis factor alpha (TNF-α) has been reported to improve the therapeutic index in the mouse fibroblast cell line L929 and mice (Yan et al., 2006). Similarly, TNF-α mutant was also found to promote cytotoxicity and receptor binding affinity (Shin et al., 1998). Pharmacokinetics of the recombinant mutated human TNF-α (rmhTNF-α) displayed that rmhTNF-α has a low systemic toxicity and high anticancer ability (Li et al., 2010). Phase II multicenter, randomized, double-blind trial showed that rmhTNF-α plus chemotherapies displayed higher response rate compared with chemotherapy alone group in multiple types of cancers. 11.39% patients had a response in the chemotherapy alone, while 27.47% patients had a response in the chemotherapy plus rmhTNF-α treatment. In lung cancer patients, the combination treatment caused 48.89% patients a response (Li et al., 2012). Moreover, a randomized phase III trial in stage IIIB/IV NSCLC patients showed that rmhTNF-α potentiated the efficacy of chemotherapy in advanced NSCLC patients (Ma et al., 2015). TNF-α alternation was uncovered for prediction of survival of ICIs in NSCLC patients. TNF-α mutations were linked to prolonged overall survival in NSCLC patients undergoing immunotherapy (Lin et al., 2021). TNF-α mutations were also related with TMB, DDR mutations and neoantigen load, and infiltrating immune cells (Lin et al., 2021).
The efficacy of immunotherapy in NOTCH-mutant NSCLC
Notch signaling pathway is critically involved in tumorigenesis, which consists of four receptors, Notch1, Notch2, Notch 3, Notch4, and several ligands, such as delta-like proteins (DLL1, DLL3, DLL4), Jagged-1 and Jagged-2 (Gao et al., 2020; Majumder et al., 2021). In general, 20%–25% of SCLC patients exhibited Notch mutations with loss-of-function (LOF). Notch can act as a tumor suppressor in SCLC and also enhance non-neuroendocrine plasticity to facilitate tumor growth in SCLC (Hong et al., 2022). Mice with genetic loss of Nocth1 or Nocth2 facilitated SCLC tumorigenesis and formed non-neuroendocrine populations via regulation of RUNX2/REST pathway and STING (stimulator of interferon genes) (Hong et al., 2022). Li Y. et al. (2022) reported that Notch pathway was correlated with TIME in SCLC. Notch1 gene mutation was negatively linked to PD-L1 expression in SCLC patients. Higher expression of DLL3 was found in SCLC patients and associated with PD-L1 levels. Hence, SCLC patients with positive DLL3 expression and Notch1 wild type had PD-L1 overexpression, which could be likely to have good immunotherapy efficacy. Notch2 mutation was a prognostic factor in NSCLC patients and could be provide a new treatment option for patients without EGFR mutations (Niu et al., 2021).
The high-mutated NOTCH pathway could act as a biomarker for predicting the prognosis of ICIs-treated NSCLC patients because NSCLC patients with high-mutated NOTCH pathway had a better PFS and OS (Li et al., 2021). Zhang et al. (2020) also identified that Notch mutation acted as a new predictor for efficacious immunotherapy in NSCLC patients. Notch1/2/3 mutation had a correlation with better ICI treatment outcomes, including PFS and overall survival due to regulation of transcription of genes that were related to immune activation and DNA damage response (Zhang et al., 2020). Notch4 mutation was also a potential response biomarker for ICIs therapy in several cancer types, including NSCLC (Long et al., 2021). Cancer patients with Notch4 mutation displayed better responses for ICI therapy, including ORR, DCB, PFS and overall survival. Notch4 mutation was linked to increased immunogenicity, high TMB, anticancer immunity and activation of the antigen-processing machinery (Long et al., 2021).
The efficacy of immunotherapy in LRP1B-mutant NSCLC
LRP1B has been reported to be frequently mutated in numerous types of cancers, including lung cancer (Principe et al., 2021). The bioinformatics analysis showed that LRP1B mutation was linked to age and MUC16 and TP53 mutation status in gastric cancer patients (Hu et al., 2021). The next-generation sequencing (NGS) data showed that 13.98% of NSCLC patients had LRP1B mutation (Xu et al., 2023). LRP1B mutation was correlated with high TMB in NSCLC. Moreover, NSCLC patients with LRP1B mutation had a high infiltrating levels of immune cells and immune molecules. Additionally, LRP1B mutations were linked to several pathways in the immune system, including cell cycle, Notch, mTOR and insulin pathways (Xu et al., 2023). LRP1B mutation was associated with TMB and outcomes in NSCLC patients with immunotherapy (Chen et al., 2019). LRP1B mutation was correlated with a better survival in NSCLC patients. Moreover, LRP1B mutations was also associated with immunocytes and enriched pathways, such as cell cycle mitotic, antigen processing and presentation pathways (Chen et al., 2019). Another group reported that LRP1B mutation was correlated with better outcomes to ICIs in combination with chemotherapy in NSCLC patients (Zhou J. et al., 2022). Hence, LRP1B mutations could be critical in promoting immunotherapy and might be a biomarker for judgement of treatment responsiveness.
The efficacy of immunotherapy in FBXW7-mutant NSCLC
FBXW7, one of F-box proteins, has been identified to regulate carcinogenesis and progression (Wang et al., 2014; Yan et al., 2020; Liu F. et al., 2022). FBXW7 mutation caused drug resistance via targeting several downstream substrates for ubiquitination and degradation, including Mcl-1, mTOR, snail and CCDC6 in NSCLC (Peng and Chen, 2019). Several compounds displayed an effective treatment efficacy in NSCLC patients with FBXW7 mutation, such as rabdosia, MS-275 and rapamycin (Peng and Chen, 2019). By analysis of TCGA data, 30.9% of lung adenocarcinoma presents FBXW7 deletion, and 63.5% of lung squamous cell carcinoma exhibited FBXW7 deletion. FBXW7 deletion led to lung oncogenesis and contributed to gefitinib resistance (Xiao et al., 2018). One study revealed that 5.6% of NSCLC patients (7 cases) had FBXW7 truncating mutations in 125 NSCLC cases. In these seven patients with FBXW7 mutation after they obtained immunotherapy, four cases presented partial response, two cases showed stable disease, and one case displayed progressive disease (Liu J. et al., 2022). FBXW7-mutant NSCLC patients had 13 months for median progression-free survival (PFS), while FBXW7 wild type patients had 4 months for PFS. FBXW7-mutant patients had a higher TMB and the activation of T cells. Moreover, FBXW7 mutation was linked to upregulation of CD8+ T cell infiltration and M1 macrophages. FBXW7 gene mutation could predict the prognosis of immunotherapy in patients with NSCLC (Liu C. et al., 2022).
LncRNAs and circRNAs regulate TME and immunotherapy in lung cancer
Besides these gene mutations, non-coding RNAs have been reported to involve in regulating TME and immunotherapy in lung cancer. Non-coding RNAs have been reported to involved in human cancer development and progression (Ghafouri-Fard et al., 2020; Yan and Bu, 2021; Chen T. et al., 2022; Liu and Shang, 2022). Evidence has shown that lncRNAs play an essential role in NSCLC initiation, development and progression (Osielska and Jagodzinski, 2018; Wang et al., 2018; Hu et al., 2022). Moreover, non-coding RNAs are critically involved in cancer drug resistance in human cancers (Jiang et al., 2020; Zhou X. et al., 2022; Xie et al., 2022). LncRNAs and exosomal lncRNAs regulate tumor progression, drug sensitivity and TME remodeling in lung cancer (Entezari et al., 2022). The role of lncRNAs in the regulation of PD-1 and PD-L1 pathways and TME in cancer immunotherapy has been discussed (Jiang W. et al., 2021; Dai et al., 2021; Zhang P. et al., 2022). For example, lncRNA C5orf64 was characterized as a potential indicator for TME and mutation pattern remodeling in lung cancer (Pang et al., 2021). LncRNA C5orf64 expression was positively associated with neutrophils, monocytes, M2 macrophages and eosinophils, and negatively linked to Tregs and plasma cells (Pang et al., 2021). High expression of C5orf64 was linked to upregulation of PD-1, PD-L1 and CTLA-4 expression. Interestingly, lung adenocarcinoma patients with high expression of C5orf64 had a low frequency of TP53 mutation (Pang et al., 2021). Together, lncRNA C5orf64 could be a useful indicator for TME modulation and immunotherapy in lung cancer. Jiang Y. et al. (2021) found that cancer-associated fibroblasts (CAFs)-derived exosomes can regulate lncRNA OIP5-AS1 and modulate miR-142-5p and control the expression of PD-L1, leading to promotion of lung cancer progression. Moreover, N6-methyladenosin (m6A) related lncRNA signatures with TME have been defined to predict the immunotherapy in lung cancer (Weng et al., 2021; Zhao et al., 2021; Zhang W. et al., 2022; Yan et al., 2022). Recently, the circular RNA circHMGB2 was uncovered to promote immunosuppression and resistance to anti-PD-1 therapy via targeting miR-181a-5p and upregulating CARM1 in lung cancer, suggesting that circHMGB2 reshaped the TME and governed immunotherapy in lung cancer (Zhang L. X. et al., 2022).
CONCLUSION AND PERSPECTIVES
TME is critically involved in immunotherapy in lung cancer. The efficacy of immunotherapy was regulated by driven gene mutations in lung cancer, including KRAS, TP53, EGFR, ALK, ROS1, ZFHX3, and PTCH1 (Figure 2). Targeting TME could abolish immune resistance of anti-PD-1/PD-L1 treatment in lung cancer. It has been suggested that PD-1/PD-L1 blockade should be combined with other therapy such as chemotherapy to improve the anticancer efficacy in human cancer (Wu et al., 2022).
[image: Figure 2]FIGURE 2 | The role of gene mutations in regulation of TME and immunotherapy in lung cancer. The efficacy of immunotherapy was regulated by driven gene mutations in lung cancer, including KRAS, TP53, EGFR, ALK, ROS1, ZFHX3, and PTCH1.
Several issues need to be clarified regarding the TME and immunotherapy in NSCLC. For example, several reports showed that mRNA vaccine could be applied for cancer treatment via regulation of TME (Zhong et al., 2021; Zhao W. et al., 2022; Huang et al., 2022). Proteomics, genomics, and metabolomics might be good approaches to explore the mechanism of gene mutation-driven lung cancer and TME (Zhou et al., 2019; Bourbonne et al., 2022). Recently, several studies used the single-cell profiling of lung cancer to determine the TME and immunotherapy (Maynard et al., 2020; Wu et al., 2021; Hui et al., 2022). Hui et al. (2022) reported single-cell profiling of immune cells after chemotherapy and pembrolizumab in advanced NSCLC. This study found the synergistical increase of CD4+ cells and B cells were positively correlated with chemoimmunotherapy. Moreover, this work identified several positive outcomes, such as promotion of TNFRSF4+ Tregs, LAMP3+ DCs, intratumoral CD4+ T clones and CD8+ T clones (Hui et al., 2022). In addition, single-cell RNA sequencing was used to evaluate therapy-induced evolution in lung cancer patients, including TN (patients before initiating systemic therapy, TKI naive), RD (residual disease) and PD (on-therapy progressive disease) (Maynard et al., 2020). Transcriptional differences between RD and TN tumor cells suggested cell-state-specific programs, while transcriptional differences between PD and TN tumor cells indicated that immune modulation and invasion are critical for cancer progression. RD patients displayed active T-lymphocytes and reduced macrophages, while PD patients displayed immunosuppressive cell states (Maynard et al., 2020). Wu et al. also reported single-cell profiling of tumor heterogeneity and TME in advanced NSCLC. This work identified not only common cell types but also rare cell types in tumors including T helper 17 cells and follicular dendritic cells. Different NSCLC patients exhibited larger heterogeneity in chromosomal structure, intercellular signaling network and cellular composition and so on (194). Further investigations are necessary to determine the underlying molecular mechanisms of TME in regulation of immunotherapy resistance. In addition, besides TME, immunotherapy resistance could be caused by other factors in lung cancer, which should be explored in the future.
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Inhibitors of programmed cell death protein 1 and its associated ligand (PD-L1) are widely used in cancer treatment. However, medical costs and benefits of PD-1/PD-L1 inhibitors need attention owing to differences in response rates among individuals. This study explored global trends in the health economics field of PD-1/PD-L1 inhibitors to enhance their worldwide development. Bibliometric analysis of all documents currently indexed in Web of Science Core Collection from inception to 2022 was performed. Publication year, authors, countries, institutes, and journals were analyzed by Bibliometrix package (version 3.2.1) in R (version 4.1.3). CiteSpace (version 6.1.R6) and VOSviewer (version 1.6.18) were used to analyze burst words, co-authorship of institutes, co-cited journals, and co-cited references, while figures were mainly drawn by Ggplot2 package (version 3.3.5) in R (version 4.1.3) and SCImago Graphica Beta (version 1.0.23). A total of 2020 documents related to the health economics of PD-1/PD-L1 inhibitors were identified, and 1,204 documents met the selection criteria for inclusion in the study. A rapid increase in the number of publications since 2019 was observed, but this increase stopped in 2022, revealing research saturation in the field. Value in Health (166 publications, 13.79% of total documents) had the most publications, while New England Journal of Medicine (2,890 co-citations) was the most co-cited journal. The United States was the leading contributor in this field with 506 publications and the top two productive institutes globally. The main hot topics included the cost-effectiveness of treatment with PD-1 and/or PD-L1 inhibitors, and the comparison between the cost-effectiveness of PD-/PD-L1 inhibitors and other drugs. There were substantial differences between developed and developing countries in the health economics field of PD-1 and/or PD-L1 inhibitors. The cost-effectiveness analysis of combined treatment with PD-1/PD-L1 inhibitors and other drugs warrants further attention. Findings from this study may provide governments and pharmaceutical companies with a strong reference for future research.
Keywords: PD-1, PD-L1, the health economic, cancer immunotherapy, bibliometric analysis, future trends
INTRODUCTION
Cancer is one of the top three causes of death before the age of 70 years in 177 countries according to the World Health Organization (Bray et al., 2021; World Health Organization, 2022). Inhibitors of programmed cell death protein 1 (PD-1) and its associated ligand (PD-L1) as medicines of immunotherapy, the most promising treatment for cancers (Tang J, 2018; Cancer Research Institute, 2022), have been used for non-small-cell lung cancer (Brahmer et al., 2015; Jia et al., 2018; Gao et al., 2019), Hodgkin’s lymphoma (Ansell et al., 2015; Jia et al., 2018; Gao et al., 2019), and others in recent years. However, some disadvantages of PD-1/PD-L1 inhibitors have emerged, such as marked differences in effective response rate among different people (Su et al., 2019; Daassi et al., 2020; Beaver and Pazdur, 2022) and the high cost of the inhibitors (Tarhini et al., 2019; Cheng et al., 2022).
Use of PD-1/PD-L1 inhibitors is uneven worldwide. Attested by Frost and Sullivan in 2019 (Frost & Sullivan, 2022), the size of the global market for PD-1/PD-L1 inhibitors exceeded $16 billion in 2018, with the Chinese and North American markets accounting for approximately 6.25% and 60% of the global market size, respectively. Factors confining the development of health economics research of PD-1/PD-L1 inhibitors include, but are not limited to, the time research commenced, the efficiency of the development, etc. (Wagstaff and Culyer, 2012). Thus, starting the experiment earlier and developing the drugs faster results in larger ownership of the markets. For instance, as early as 2015, the United States, who occupies the largest share of the global market for PD-1 inhibitors and PD-L1 inhibitors, first published a document about the health economics of Pembrolizumab after finishing clinical trials for the drug and starting to use it for the treatment of the metastatic melanoma (Tan and Quintal, 2015). Furthermore, six kinds of PD-1 inhibitors and PD-L1 inhibitors developed by the United States were in use in different countries before 2021 (National Medical Products Administration, 2022; U.S. Food & Drug Administration, 2022). Research in health economics can help in clinical drug selection to maximize patient benefit and can also help develop an optimization strategey suitable for the market and clinical practice of PD-1/PD-L1 inhibitors (Wagstaff and Culyer, 2012; Husereau et al., 2022). Therefore, research on the health economics of PD-1/PD-L1 inhibitors is essential.
Bibliometrics may be a prominent approach to reveal the research status and development trend of health economics on PD-1/PDL-1 inhibitors by visualization and statistical analysis. Previous bibliometric analysis was conducted to research the PD-1/PD-L1 inhibitors in the cancer field (Cancer Research Institute, 2022). However, there is currently an absence of bibliometric research on the health economics of PD-1 and PD-L1 inhibitors. Thus, in this study, a bibliometric analysis was conducted to 1) comprehensively understand the global trend of health economics of PD-1 inhibitors and PD-L1 inhibitors; 2) make suggestions for the future development of PD-1 inhibitors and PD-L1 inhibitors by pharmaceutical companies; 3) and help developing and developed countries to improve care to reduce the burden of patients’ treatment.
MATERIALS AND METHODS
Search strategy and criteria
The Web of Science Core Collection database was fully searched from its inception to 31 December 2022. The search query included two main terms: “PD-1” and “the health economic”. An additional file shows more details about the search strategy. There were no restrictions on the language, document type, data category, or year of publication. Subsequently, a preliminary selection was completed by the title, keywords, and the abstract of the document. For records that could not be clearly judged by reading these three components, a secondary screening was conducted by reading the content of the identified records. The selection of records and flow chart of the research framework are shown in Figure 1. In addition, a more detailed searching strategy is demonstrated in Supplementary Table S1.
[image: Figure 1]FIGURE 1 | Overview of the study flow diagram. (A) The search strategy. (B) The selection process. (C) The process of bibliometric analysis. (D) Results of the analysis.
Analysis method
The preliminary search found 2020 documents, which were then further analyzed to select those suitable for inclusion in the study. First, 32 documents relating to electrochemistry research, including some documents about catalysts like palladium (Pd), were excluded, then excluded 781 documents that only covered topics about economics or PD-1/PD-L1, which referred to two types of documents unrelated to the research, one is documents that analyzed economic effectiveness but the objects of documents were not PD-1/PD-L1 inhibitors; another type is documents working on PD-1/PD-L1 inhibitors, but the research content had nothing to do with the health economics.
After selection and removal of duplicates, 1,204 documents were retained, and countries, authors, journals, affiliations, and keywords of those documents were subsequently analyzed.
Bibliometrix package (version 3.2.1) in R software (version 4.1.3) was used to analyze the documents. SCImago Graphica Beta (version 1.0.23) was used to present the networks of co-authorship of countries and main authors. The network map, and the density map for keywords were created using VOSviewer WPS Office (version 11.1.0.13703). CiteSpace (version 6.1.R6) was then used to create the figure of keywords bursts. Data aggregation and analysis were conducted in WPS Office (version 11.1.0.13703), the pie chart of document types was generated by OriginPro (Version 2023 OriginLab Corporation, Northampton, MA, USA), and the remaining figures were drawn with Ggplot2 package (version 3.3.5) in R software (version 4.1.3).
RESULTS
Document types and publication outputs
A total of 1,204 records were selected for inclusion in the study and were divided into seven categories (Figure 2A). Articles accounted for the largest part (54.82%), followed by meeting abstracts (23.01%) and reviews (17.03%), which are close in number. Figure 2B shows the publication output trends from 2015 to 2022. The first study was published in 2015, and since then, the number of publications continuously increased to the year 2021. However, the number of documents in 2022 was almost the same as that in 2021; there were only three fewer publications in 2022 compared with 2021. Annual outputs were less than 100 in the first three years. After 2018, the number of annual publications showed more significant growth, gradually increasing from 126 in 2018 to the maximum of 250 in 2021. From 2018 to 2021, a total of 780 documents were published, accounting for 64.78% of all the documents included in the study.
[image: Figure 2]FIGURE 2 | Document types and publication outputs. (A) Percentage of each type of document. (B) Publications number per year and annual accumulative number.
Publication distribution of countries, institutes, and authors
The publications included in the study originated from 64 countries. The United States published the highest number of papers at 506, accounting for 42.03% of all papers, and had the highest number of total citations (4,119). This was followed by China (278 papers, 23.09%, 2,252 citations) and the United Kingdom (203 papers, 16.86%, 597 citations), while other countries with less than or equal to 80 publications (Figure 3A). The cooperation between various countries is reflected in the filled map in Figure 3B. Cooperation partnerships among different countries were strong. The United States and the United Kingdom were the top two countries that had the most cooperation with other countries.
[image: Figure 3]FIGURE 3 | Analysis of countries and institutes. (A) The number of articles and citations among the 10 most productive countries with the number of total papers and total citations. (B) Filled map of the cooperation between various countries. The color reflects the total link strengths of different countries, while the arrow demonstrates cooperation between the corresponding two countries. (C) The top 11 institutes with the most contributions. (D) Visualized map of co-authorship of the institutes. (E) The number of developed and developing countries among the top 10 productive countries, and the number of institutes from developed and developing countries among the top 11 productive institutes. (F) The total number and average number of developed countries and developing countries among the top 10 productive countries, the total number and average number of documents of institutes from developed countries and developing countries among the top productive institutes.
Among the 1850 institutes around the world that were responsible for the selected publication, Bristol Myers Squibb ranked first, with 113 published papers, accounting for 9.39% of all publications. Merck and Co., Inc. was the second institute (69 papers, 5.73%), followed by Central South University (39 papers, 3.24%), Parexel International (35 papers, 2.91%), Harvard Medical School (33 papers, 2.74%), and then other institutes that published less than 30 papers (Figure 3C). Anal Grp Inc. and Shanghaijiaotong University both published 20 papers, so tied in tenth place. Collaborative relationships between diverse institutes with more than 5 published papers are shown in Figure 3D. The results indicated close cooperation between global institutes.
As shown in Figure 3E, most countries among the top 10 productive countries are developed countries and most institutes among the top 11 productive institutes are in developed countries. To better reflect difference among developed countries and developing countries, we made Figure 3F. Among the top 10 productive countries, Developed countries produced significantly more documents compared with developing countries, but on average, a developing country own more documents than a developed country does. For institutes, institutions in developed countries produce more documents, both in terms of total and average publications, than institutes in developing countries do.
Analysis of authors
In total, 6,033 authors were involved in the study, and the 12 most productive authors were analyzed (the final three authors were tied for tenth place). The United States and China were the main countries with the largest number of authors. Among the most productive authors, the one who has the most citations is Wan XM (Figure 4A). For cooperation of authors with more than five published papers, Pellissier J has a total link strength of 23, ranking first, followed by Xu RF (a total link strength of 21) (Figure 4B). The top three productive authors all came from China; Wan XM published the highest number of papers at 25, while Tan CQ and Zeng XH both ranked second with 24 papers (Figure 4C). The developing countries contain two-thirds of the top 12 productive authors and own 71.11% of the entire documents of the top 12 productive authors. In addition, among the 12 productive authors, developing countries have four more articles per author compared with developed countries (Figure 4D). To analyze authors’ productivity more comprehensively, H-index, M-index, and G-index were used (Figure 4E). Papers from Pellissier J, Tan CQ, and Zeng XH had the highest H-index 7). The G-index of papers from Peng LB, Tan CQ, Wan XM, and Zeng XH was 15, sharing first position. For the M-index of papers, Tan CQ (1.4) and Zeng XH (1.4) both ranked first, followed by Liu Q (1.0) and Yi LD (1.0). Tan CQ and Zeng XH have identical values in these three different indexes. More information about the top productive authors including the number of publications and their corresponding H-index, M-index, and G-index is encompassed in Table 1.
[image: Figure 4]FIGURE 4 | Analysis of authors. (A) Total citations and annual citations of the top 12 productive authors. (B) The co-authorship of productive authors. (C) Annual publications and annual average publications of the top 12 productive authors. (D) Number of authors and their documents among the top 12 productive authors. (E) G-index, H-index, and M-index of the top 12 productive authors.
TABLE 1 | More details of top 12 most productive authors for the research (n%).
[image: Table 1]Distribution of journals, co-cited journals, and co-cited references
Research on the health economics of PD-1 inhibitors and PD-L1 inhibitors has been published in 362 journals. The journal with the most published papers was Value in Health, which published 166 papers, accounting for 13.79% of the total papers included in the study (Figure 5A), although this journal only had 132 citations in the papers included in the study. This was followed by Journal of Clinical Oncology with 58 papers and 357 total citations in the selected journals. Half of the top 10 journals were in the United States, while the United Kingdom had two journals and Switzerland had three journals. The numbers of annual documents are shown in Figure 5B. More detailed information is provided in Supplementary Table S2.
[image: Figure 5]FIGURE 5 | Analysis of journals and references. (A) Number of total documents and citations of the top 10 productive journals. (B) Number of documents produced annually by the top 10 productive journals. (C) Network map of co-cited journals. (D) Network map of co-cited references.
Figure 5C presents the co-citation map of various journals. New England Journal of Medicine had 2,890 co-citations, ranking first, while Journal of Clinical Medicine (2,562 co-citations) and Lancet Oncology (1,151 co-citations) ranked second and third, respectively. A summary of the top 10 co-cited references according to the total number of citations is presented in Table 2, and Figure 5D is the map of co-cited references that had more than 30 citations, which can directly reflect researchers’ attention according to the number of citations. Two references in the map had been co-cited more than 100 times, including papers published by Reck, Martin et al. (2016), Borghaei, H et al. (2015).
TABLE 2 | The top cited references and citations.
[image: Table 2]Co-occurrence keywords analysis
The study selected 120 keywords that had no less than 10 occurrences. These words include cost-effectiveness of therapy, different drugs, therapy mechanisms, and specific cancers treated with immunotherapy. The keywords with red nodes were grouped into one category in Figure 6A. Keywords with red nodes have a strong connection with nodes of other colors, which means most documents focused their research on keywords with red nodes. Thus, we put keywords with red nodes into the cluster named “Common topics cluster”. This cluster predominantly relates to immunotherapy and its mechanism and includes the key terms “PD-1”, “PD-L1”, “inhibitors”, “cancer”, and “biomarker”. The remaining keywords indicate the health economics study in following three aspects: 1) in different kinds of drugs that are widely used in immunotherapy and chemotherapy; 2) in different periods of clinical treatments; and 3) in more specific cancers, such as melanoma.
[image: Figure 6]FIGURE 6 | Analysis of keywords. (A) Clusters network visualization map of keywords. (B) Overlay visualization map of keywords. (C) Destiny visualization map of keywords. (D) The strongest citation bursts. (E) Network visualization map of keywords of documents from China. (F) Network visualization map of keywords of documents from the United States.
Figure 6B shows how the frequency of keywords changes with time. Most keywords have emerged from 2018, which may be related to the awarding of the Nobel Prize in Physiology or Medicine in 2018 for work on PD-1 as a target in cancer therapy. The keywords with the highest density are pembrolizumab, cost-effectiveness, nivolumab, immunotherapy, and chemotherapy. The importance and frequency of different keywords is demonstrated by the destiny visualization map (Figure 6C).
Burst analysis of keywords
According to Figure 6D, during the early years, the hot topics of this field concerned melanoma and some typical anti-cancer drugs. This may indicate that the health economics study of inhibitors of PD-1 and PD-L1 for the treatment of melanoma had been extensively investigated, while relevant research on other kinds of tumor was not sufficiently mature at that time. During the intervening years, the hot topics were predominantly about the mechanism of immunotherapy with PD-1. In recent years, the emergence of keywords such as “efficacy” and “combined Nivolumab” suggests that research on boosting the effectiveness of PD-1 inhibitor therapy is becoming popular.
Network visualization maps of keywords of documents from China (Figure 6E) and documents from the United States (Figure 6F) were created. The research in developing countries is more in-depth than it in developed countries
DISCUSSION
This study presented a bibliometric and visualized analysis to summarize the current research status and predict promising research fields of PD-1/PD-L1 inhibitors. To the best of our best knowledge, this is the first study to systematically evaluate this field in regard to contributing countries, institutions, journals, authors, and research hot spots. Moreover, substantial differences between developed and developing countries were revealed. This study provides information that can accurately guide scholars, governments, and pharmaceutical companies on relative study, policy making, and promotion of PD-1/PD-L1 inhibitors.
Research on PD-1/PD-L1 inhibitors in the health economics field is in an uneven situation currently. From Figure 3, the total numbers of documents from different countries and different institutes and the frequency of cooperation between different countries all reflect the unbalanced development in the health economics field of PD-1/PD-L1 inhibitors. According to the analysis of authors in Figure 4, it is obvious how lopsided the productivity and influence of different authors are. Figure 5 demonstrates the discrepancy between different journals; some influential journals published more documents, over 30 documents per year in some cases. In summary, there is markedly uneven development in the research of PD-1/PD-L1 inhibitors in the health economics field in terms of countries, institutes, authors, and journals. Furthermore, the uneven development of the relative research may originate from the gap between the developed countries and the developing countries. Thus, to better identify the reason behind this situation, it is essential to analyze how the differences of the developed and developing countries are formed.
Among all the countries selected in the study, the United States and China are top among the developed and the developing countries, respectively. Consequently, the network visualization maps of keywords of documents from these two countries were analyzed to identify the potential differences and the future trends in the health economics field of PD-1/PD-L1 inhibitors for developed and developing countries. The circle clusters in Figures 6E, F highlight the research hot spots in the health economics field of PD-1/PD-L1 inhibitors for each of the two countries. The hot spots of the United States are more detailed than those of China; besides cost-effectiveness, the United States has gradually started to analyze more specific problems including the economic burden (Nesline et al., 2020; Morgans et al., 2021). This suggests that researchers need to be more precise in their research issues when conducting studies in the health economics field of PD-1/PD-L1 inhibitors if they want to make more progress and have more outputs in the future. Additionally, to elucidate how governments influence the research in the health economics field of PD-1/PD-L1 inhibitors, several factors affecting the new drug marketing process have to be compared (Lanthier et al., 2013; Eder et al., 2014; Darrow et al., 2020; Wang et al., 2022), and the results of this analysis are listed in Table 3. Here are the results after comparing strategies in the United States and China (Center For Drug Evaluation, NMPA, 2022; National Medical Products Administration, 2022; U.S. Food & Drug Administration, 2022; U.S. Department of Health & Human Services, 2022). The application process of new drugs is more efficient in the United States, probably because the United States puts more manpower into examination and approval for marketing. China has relatively strict requirements on the process of data submitted by pharmaceutical companies, while the United States has additional requirements in the quality and comprehensiveness of the clinical research. Furthermore, compared with the United States, China, the prices of drugs in China were generally lower, including Pembrolizumab, Nivolumab, Atezolizumab and Durvalumab. In addition, among these four drugs, Pembrolizumab, Nivolumab and Atezolizumabwhich in China were almost half the prices than in the United States (Huang et al., 2022). To summarize, compared with the United States, the marketing process of new drugs in China is more conservative. Moreover, in both countries, the comprehensive coverage of medical care has certain influencing factors in the marketing of PD-1/PD-L1 inhibitors. Overall, for the governments, if they want to propel the research in the health economics field of PD-1/PD-L1 inhibitors, they can: 1) accelerate to include the relevant drugs in national insurance so that these inhibitors can be more affordable, thereby expanding the markets for PD-1/PD-L1 inhibitors; 2) optimize the approval process for new drugs to reduce unnecessary time and effort; and 3) solve the lack of talented people in the field of new drugs approval process as soon as possible to improve the efficiency of the approval process.
TABLE 3 | Factors affecting the new drugs marketing process.
[image: Table 3]Besides the differences between the developed countries and the developing countries, the analysis also revealed information that would be helpful for developing countries. The rectangular box in Figure 6E reveals the current possible development trend of the developing countries in the health economics field of PD-1/PD-L1 inhibitors. Camrelizumab is the third drug officially developed and successfully marketed in China. In terms of marketing time, this drug is not as advantageous as the previous two domestic drugs, however, the health economics research of this kind of drug is more than that of the previous two domestic drugs. According to those previous bibliometric analyses, there are two options for a country like China that were relatively late in developing the research in this field: 1) focus on other kinds of chemical drugs for co-treatment with PD-1/PD-L1 inhibitors to improve the efficacy of inhibitors; 2) continue to develop novel PD-1/PD-L1 inhibitors and attempt to enter the overseas markets. Clearly, the first option far exceeds the second option in terms of economic benefits. Excessive research in the development of PD-1/PD-L1 inhibitors may cause wastage of clinical materials and scientific research funds after prolonged research without results. Furthermore, the drug market is highly competitive given the global economic downturn in recent years (The World Bank, 2022). However, the bibliometric analysis of the health economics of Camrelizumab has already revealed that even with the impact of the global great economic downturn, for countries that are still developing in this field, the second option—that is, applying money, manpower, and time for the development of new drugs—is a possible but necessary path.
Our results reveal the potential trends of the health economics field of PD-1 inhibitors and PD-L1 inhibitors. The bursts words shows that “phase III trial” emerged in 2017, which means clinical trials of these two inhibitors have appeared for at least five years. Furthermore, the overlay visualization map of the keywords also contains some noticeable labels including “Docetaxel”, “Cisplatin”, “Dabrafenib”, and “Ipilimumab”, and although none of these drugs are PD-1 inhibitors or PD-L1 inhibitors, their emergence is related to the shift of the research hot spot. In the last few years, much related research of this health economics field has focused on the comparison of the curative effect of PD-1 inhibitors, PD-L1 inhibitors, and other kinds of chemical drugs. However, since 2018, the proportion of clinical trials of single-drug immunotherapy has begun to decrease and is being replaced by combined immunotherapy, which uses both PD-1/PD-L1 inhibitors and other types of chemical drugs to increase the curative effect of the immunotherapy. Meanwhile, not only are combination therapy trials accounting for a large part of the research, but drug combinations are also shifting from using chemotherapy and anti-CTLA4 combinations to other targeted methods to bypass drug resistance mechanisms and thus achieve greater efficacy of PD-1/PD-L1 inhibitors.
In 2022, the number of published documents in the health economics field of PD-1 inhibitors and PD-L1 inhibitors stopped increasing, which indicates saturation of the research areas. For the researchers who continue to study in this field, we suggest a number of further analyses for the future: 1) a more specific comparison of analysis of the health economics of different kinds of PD-1 inhibitors and PD-L1 inhibitors, such as Nivolumab and Pembrolizumab. This kind of comparison can help to demonstrate the economic development of different kinds of PD-1 inhibitors and PD-L1 inhibitors and provide more detailed information for future research in the health economics of PD-1/PD-L1 inhibitors; 2) developing appropriate biomarkers to increase the precision when using targeted and differentiated PD-1/PD-L1 inhibitors; 3) exploration of the economic benefits of PD-1/PD-L1 inhibitors in other cancers that have not been studied previously; 4) a comparison of research output trends in the health economics of other kinds of drugs that are widely used for immunotherapy, which may help to explain some of the situations that have occurred in the health economics field of PD-1 inhibitors and PD-L1 inhibitors; 5) to confirm the optimal dose of PD-1 inhibitors and PD-L1 inhibitors for treatment; and 6) periodic repetition of such analyses to observe the potential trends in research outputs and finally to encourage collaborations of different scientific research teams.
Similar to all other bibliometric analyses (Gao et al., 2019; Liu et al., 2022), there are limitations in our study. Final results of the study are affected by the choice of database (Web of Science Core Collection) and the search queries used. The selected documents included a few articles that focused on the efficacy of PD-1 inhibitors but pointed out that their conclusions were helpful to the study of health economics, and this is where the major limitation lies. This also emphasizes the need not only for skill in data searches and analysis, but also for expertise in the selected field to ensure the accuracy of the criteria for the process of selecting documents.
This study found that the United States led in this research field by contributing 42.03% of the total publications. The top productive journal is Value in Health. The top co-cited journal is New England Journal of Medicine, and active collaborations among countries and institutes can be observed. The top productive institute is Bristol Myers Squibb, which is in the United States. The most productive author is Wan XM. For the global trend of this field, the cost effectiveness of PD-1/PD-L1 inhibitors and comparative analysis of the economic effects of PD-1/PD-L1 inhibitors and other drugs are the predominant hot topics. For pharmaceutical companies that are developing PD-1/PD-L1 inhibitors, we suggest they should exploit overseas markets. Finally, for developing countries who continue to study the health economics field of the PD-1/PD-L1 inhibitors, the expansion of medical insurance coverage and acceleration of the marketing process of new drugs are needed.
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Lung cancer is one of the common malignant cancers worldwide. Immune checkpoint inhibitor (ICI) therapy has improved survival of lung cancer patients. However, ICI therapy leads to adaptive immune resistance and displays resistance to PD-1/PD-L1 blockade in lung cancer, leading to less immune response of lung cancer patients. Tumor microenvironment (TME) is an integral tumor microenvironment, which is involved in immunotherapy resistance. Nanomedicine has been used to enhance the immunotherapy in lung cancer. In this review article, we described the association between TME and immunotherapy in lung cancer. We also highlighted the importance of TME in immunotherapy in lung cancer. Moreover, we discussed how nanoparticles are involved in regulation of TME to improve the efficacy of immunotherapy, including Nanomedicine SGT-53, AZD1080, Nanomodulator NRF2, Cisplatin nanoparticles, Au@PG, DPAICP@ME, SPIO NP@M-P, NBTXR3 nanoparticles, ARAC nanoparticles, Nano-DOX, MS NPs, Nab-paclitaxel, GNPs-hPD-L1 siRNA. Furthermore, we concluded that targeting TME by nanoparticles could be helpful to overcome resistance to PD-1/PD-L1 blockade in lung cancer.


Keywords: nanoparticles improve immunotherapy TME, PD-L1, PD-1, nanoparticles, immunotherapy, resistance




INTRODUCTION


Lung cancer is one of the common malignant cancers worldwide (Lee and Kazerooni, 2022). There are about 236,740 new cases of lung cancer and about 130,180 deaths from this disease in the United States (Siegel et al., 2022). In the United States, the 5-year relative survival rates for lung cancer is 22% (Siegel et al., 2022). Cigarette smoking is one key reason for lung cancer development. Lung cancer has three types: non-small cell lung cancer (NSCLC, 82%), small cell lung cancer (SCLC, 14%) and unspecified histology (3%) (Miller et al., 2022). Patients with stage I or II lung cancer often undergo surgery, and patients with stage III lung cancer undergo surgery, chemotherapy and/or radiation (Guo et al., 2022a). However, the lung cancer patients often obtain drug resistance during targeted therapy, chemotherapy and radiotherapy (Wang et al., 2022a; Wu and Lin, 2022).

Immune checkpoints belong to the immune system, which prevent an immune reaction to impair healthy cells (Yu et al., 2022a; Johnson et al., 2022; Song et al., 2022). Immune checkpoint proteins often exist on the surface of T immune cells and tumor cells. After immune checkpoint proteins of T cells bind to other partner proteins of tumor cells, T cells are blocked from impairing the tumor cells (Ma et al., 2021; Hassanian et al., 2022; Korman et al., 2022). For example, immune checkpoint protein PD-1 of T cells can bind with PD-L1 of tumor cells, leading to impairment of killing tumor cells in the body (Hu et al., 2021a; Hou et al., 2023). Immune checkpoint blockade (ICB) with PD-1 antibody or PD-L1 antibody can block the binding between PD-1 and PD-L1, and allow the T cells to destroy tumor cells (Hu et al., 2021b; Jiang et al., 2021; Archilla-Ortega et al., 2022). Immune checkpoint inhibitors (ICIs) often impair the interaction between checkpoint proteins (such as PD-1) and their partner proteins (PD-L1), which allows the T cells to eradicate tumor cells (Havel et al., 2019). For example, one ICI ipilimumab blocks CTLA-4, pembrolizumab and nivolumab blocks PD-1, and atezolizumab, avelumab and durvalumab blocks PD-L1 (Huang and Zappasodi, 2022; Tison et al., 2022). Therefore, ICI therapy has been used in various cancer types, including lung cancer (Fang and Su, 2022; Hao et al., 2022; Mussafi et al., 2022; Punekar et al., 2022; Zulfiqar et al., 2022).

Tumor microenvironment (TME) is an integral tumor microenvironment, which is involved in tumorigenesis, malignant progression and drug resistance (Li and Qiao, 2022; Shi et al., 2022). TME includes complex cellular components, such as tumor-associated macrophages (TAMs), T cells and other immunocytes, blood vessels, fibroblast and extracellular matrix (Liu et al., 2022a). TAMs have been revealed to promote tumor initiation and progression via promotion of T cell dysfunction, invasive activity, migratory capacity and angiogenesis (Cao et al., 2022). TAMs can regulate tumor immune microenvironment (TIME) and suppress cytotoxic T lymphocyte (CTL) reaction, resulting in impeding activity of ICIs (Petroni et al., 2022).

Recently, nanomedicine has been widely used to enhance the immunotherapy in lung cancer (Cheng and Santos, 2022). In this review article, we discussed the relationship between TME and immunotherapy in lung cancer. Moreover, we discussed how nanoparticles are involved in regulation of TME to improve the efficacy of immunotherapy. Furthermore, we verified that nanoparticles might target TME to improve immunotherapy efficacy and overcome anti-PD1/PD-L1 therapeutic resistance in lung cancer (Table 1).





TABLE 1 | 
Nanoparticles in regulation of TME and immunotherapy in lung cancer.
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TME AND IMMUNOTHERAPY


TME has been identified to be associated with lung cancer development and progression (Zhao et al., 2022a; Liu et al., 2022b; Madeddu et al., 2022; Mansouri et al., 2022; Peters et al., 2022). TIME is associated with molecular heterogeneity of immunotherapy efficacy in NSCLC patients (Graves et al., 2010; Jin et al., 2020; Belluomini et al., 2021; Genova et al., 2021). In this section, we discuss the association of TME and immunotherapy.



Signaling pathways and TME in immunotherapy


Cellular signaling pathways play a prominent role in regulation of TME in lung cancer. For example, depletion of Periostin modulated TME and suppressed bone metastasis via repressing integrin signaling pathway in lung cancer (Che et al., 2017). Vav1 was found to modulate TME in Ras-driven lung cancer (Shalom et al., 2022). Vav1 instigated TME by fibrosis enhancement and reduction in tumor infiltrating macrophage, which was due to cross-talking with colony-stimulating factor 1 (CSF1) pathway, favoring lung cancer growth (Sebban et al., 2014). Blockade of IL6 regulated TME and limited the lung cancer development and progression via inactivation of STAT3 pathway (Caetano et al., 2016). Indoleamine 2,3-dioxygenase (IDO) pathway governed antitumor immunity via metabolic reprogramming of immune cells in TME through regulating AMPK pathway in lung cancer (Schafer et al., 2016). TRAF4 facilitated lung cancer malignant aggressiveness by regulating TME in normal fibroblasts via NF-κB pathway-induced ICAM1 upregulation (Kim et al., 2017). One study showed that low dose of IFNγ endowed tumor stemness in TME of NSCLC via regulation of ICAM1/PI3K/AKT/Notch-1 pathway, whereas high dose of IFNγ induced apoptosis of NSCLC cells via activation of JAK1/STAT1/caspase pathway (Song et al., 2019). Fibronectin in TME activated inflammatory response via regulation of TLR4/NF-κB signaling pathway in lung cancer cells (Cho et al., 2020).

Cyclophosphamide, a cytotoxic agent for cancer treatment, modulated TME via TGF-β signaling pathway in a mouse model of Lewis lung cancer (Zhong et al., 2020). Low dose cyclophosphamide increased CD4 + /CD8 + T cells and reduced Treg cells as well as reduced myofibroblasts, which was accompanied with upregulation of E-cadherin and downregulation of N-cadherin (Zhong et al., 2020). Dietary restriction attenuated tumor growth and improved TME and inhibited angiogenesis in NSCLC xenografts through regulation of PI3K/AKT and NF-κB/COX2/iNOS pathways (Lin et al., 2013). The diffusible gas carbon monoxide altered TME and impeded tumor growth via regulating MAPK/Erk1/2 pathway, Notch-1 pathway, HO-1 and CD86 expressions in lung cancer (Nemeth et al., 2016). Neobavaisoflavone nanoemulsion was reported to block tumor progression via targeting TME of lung cancer through repressing TGF-β/SMADs pathway (Ye et al., 2020). A small nucleolar RNA SNORA38B was reported to promote oncogenesis and reduce immunotherapy effects via remodeling the TME through targeting GAB2/AKT/mTOR signaling pathway (Zhuo et al., 2022). SNORA38B recruited the CD4+FOXP3 + Treg cells in TME, contributing to poorer immune efficacy in NSCLC (Zhuo et al., 2022). Evidence has suggested that simultaneous targeting of tumor-initiating cells and signaling pathways in the TME led to effective immunotherapy in lung cancer (Dubinett and Sharma, 2009).




EGFR and ALK mutations affect TME in immunotherapy


EGFR-mutant tumors and ALK-rearranged tumors exhibited a poor response to anti-PD-1/PD-L1 immunotherapy (Jin et al., 2020). TIME was associated with oncogenic manners in NSCLC patients because KRAS mutations and EGFR L858R mutation play a critical role in inflammatory response and immune resistance in tumor microenvironment (Jin et al., 2020). In addition, EGFR-mutant and ALK-rearranged tumors displayed more resting memory CD4+ T cells and less CD8+ T cells and activated memory CD4+ T cells (Jin et al., 2020). Another study also confirmed that targeting the PD-1/PD-L1 did not benefit the EGFR-mutant or ALK-translocated NSCLC patients (Bylicki et al., 2017).

One study reported that CD25+; CD4+ T cells with high expression of PD-L1 (PD-L1 high Treg) were increased in TME of NSCLC patients (Wu et al., 2018). PD-L1 high Treg was positively linked to PD-1 + CD8 in Treg in NSCLC. Moreover, PD-1/PD-L1 pathway promoted the effect of TILs by anti-PD-1/PD-L1 immunotherapy (Wu et al., 2018). These NSCLC patients with PD-L1 expression exhibited a better prognosis. Hence, the density of PD-L1 +; CD4+; CD25+ Tregs in TME could be a diagnostic predictor and immunotherapy response markers in NSCLC (Wu et al., 2018). Another study implied that lymphocyte activing 3 (LAG-3) expression was associated with TILs, PD-1, PD-L1 and survival in NSCLC (He et al., 2017). LAG-3 was expressed on TILs in NSCLC patients’ tumor tissues, which was associated with the expression of PD-1 and PD-L1 in NSCLC. NSCLC patients with LAG-3 positivity or both PD-L1 and LAG-3 positivity had an early recurrence and poor prognosis (He et al., 2017).

Low expression of PD-1 in cytotoxic CD8+ TILs indicated a privileged TIME in NSCLC, which suggested a predictive and prognostic values (Mazzaschi et al., 2018). NSCLC patients with low PD-1 expression in CD8+ cells after nivolumab treatment displayed a prolonged survival, indicating that CD8+; PD-1 low was a prediction factor for response to immunotherapy in NSCLC (Mazzaschi et al., 2018). Similarly, one tissue microarray showed that CD8+ cells, especially PD-L1 negative tumors lacking PD-1 + TILs had a big prognostic value. PD-L1 positive tumors with CD8+ lymphocytes can promote the survival in NSCLC (Munari et al., 2021). In addition, PD-L1 overexpression had an unfavorable prognosis and high CD8+ TILs had a favorable prognosis in NSCLC patients (Rashed et al., 2017). Zhang et al. reported that PD-L1 plus CD8+ TILs established an immunosuppressive TME with high mutation burden in NSCLC (Zhang et al., 2021). NSCLC patients with high PD-L1+; CD8+ TILs had a better response to the anti-PD-1 immunotherapy (Zhang et al., 2021). Consistently, differential TIME determined immunotherapy efficacy in NSCLC patients with advanced stages (Shirasawa et al., 2021).

Four types of groups from 228 NSCLC patients were identified: type I, 73 patients with PD-L1 high/TIL high; type II: 70 cases with PD-L1 low/TIL low; type III: 37 patients with PD-L1 high/TIL low; type IV: 48 cases with PD-L1 low/TIL high. Each type patients had a different survival: Type I tumors had good prognosis compared with type III tumors (Shirasawa et al., 2021). Yang et al. also observed that PD-L1 expression in combination with CD8+ TILs showed a prognostic value in patients with NSCLC after surgery (Yang et al., 2018). A retrospective study defined that PD-L1 expression plus CD8+ TILs density is useful for prediction of disease-free survival in lung squamous cell carcinoma after surgery (Cheng et al., 2022). In addition, PD-L1 expression and TIL infiltration appeared in brain metastasis of small cell lung cancer. PD-L1 TILs and CD45RO+ memory T cells were linked to favorable survival (Berghoff et al., 2016). Lung cancer patients with intracranial resection of brain metastases had a better outcomes if the patients had PD-L1 positivity and a high intraepithelial CD8+ T cell infiltration (Li et al., 2022a). Zhou et al. discovered that paired primary NSCLC and brain metastatic lesions in NSCLC have a difference for PD-L1 expression and CD8+ TILs (Zhou et al., 2018). There were a fewer CD8+ TILs in brain metastatic tissues versus primary lung tumor samples, which was associated with shorter overall survival versus high CD8+ TILs density (Zhou et al., 2018). However, Batur et al. found that PD-L1 expression and CD8+ TIL intensity had a concordance between brain metastases and NSCLC (Batur et al., 2020). Hence, further investigation is required to determine the role of PD-L1, CD8+ TIL and TIME in immunotherapy of NSCLC patients (Vilarino et al., 2020). Notably, seven randomized controlled trials had uncovered that PD-1/PD-L1 inhibitors exhibited a treatment efficacy in brain metastases of NSCLC, reducing risk of disease progression and death in NSCLC patients with brain metastases (Li et al., 2022b). Strikingly, TME, including spatial and temporal discordance of TILs and PD-L1 expression, was discovered between lung primary lesions and brain metastases in lung cancer (Mansfield et al., 2016). Together, PD-1, PD-L1 expression and TIL status can predict the response of anti-PD-1/PD-L1 treatment in NSCLC (Nakagawa and Kawakami, 2022).





TME AND CCRT IN NSCLC PATIENTS


TME has been known to affect concurrent chemoradiation therapy (CCRT) in NSCLC patients (Shirasawa et al., 2020). Next, we summarize how TME regulates CCRT via CD8+ TILs and PD-L1 in NSCLC. A retrospective research showed that chemoradiation therapy can change the expression of PD-L1 and CD8+ TILs (Choe et al., 2019). NSCLC patients with PD-L1 expression had a short survival after concurrent chemoradiation therapy (CCRT). Patients with an upregulation of CD8+ TILs after CCRT displayed a longer overall survival (Choe et al., 2019). Moreover, Tokito et al. defined predictive relevance of PD-L1 plus CD8+ TIL density in patients with stage III NSCLC after CCRT (Tokito et al., 2016). PD-L1+/CD8 low patients had the worst overall survival, whereas PD-L1-/CD8 high patients had the best prognosis (Tokito et al., 2016). PD-L1+ tumor cells were reduced after CCRT in NSCLC patients. Modulation of PD-L1 expression was linked to prognosis in locally advanced NSCLC patients after CCRT (Fujimoto et al., 2017). Similarly, evidence showed that PD-L1 expression was linked to high tumor grade and low density of CD8 TILs (El-Guindy et al., 2018). PD-L1-/CD8 high patients had a good overall survival, while PD-L1+/CD8 low patients often had advantage tumor stage and the poorest overall survival (El-Guindy et al., 2018).

One clinical trial also confirmed the alteration in tumoral PD-L1 expression and stromal CD8+ TILs in NSCLC patients after CCRT (Yoneda et al., 2019). PD-L1 expression was increased in NSCLC patients after CCRT, and stromal CD8+ TIL was elevated after CCRT. Higher CD8+ TILs supported a favorable prognosis. CCRT-induced PD-L1 expression in NSCLC after CCRT suggested that PD-L1 blockade in combination with CCRT is necessary to improve survival in NSCLC (Yoneda et al., 2019). PD-L1-/CD8 low NSCLC patients after CCRT had the longest overall survival, while PD-L1+/CD8 low patients with locally advanced NSCLC after CCRT had the shortest overall survival (Gennen et al., 2020). One study also discovered that PD-L1 expression was changed after CCRT, the density of CD8+ TILs was upregulated after CCRT. Moreover, locally advanced NSCLC patients after CCRT had a good response to anti-PD-1/PD-L1 therapy (Shirasawa et al., 2020).




IN LUNG CANCER MOUSE MODELS


To better understand the role of TME in PD-1 blockade resistance in lung cancer, one group used genetically engineered lung cancer mouse models (Martinez-Usatorre et al., 2021). The mouse models included KrasG12D/+; p53−/− (KP) mice, KrasG12D/+; p53−/−; Msh2-/- (KPM) mice and KrasG12D/+; p53−/−; ovalbumin (KPO) mice. Blockade of ANGPT2 and VEGFA by a bispecific antibody A2V retarded progression and metastasis of KP lung tumors via development of a favorable TME and modulation of the immune cell composition of KP tumors (Martinez-Usatorre et al., 2021). Specifically, A2V treatment was correlated with reprogramming of the TIME through increased T cells and decreased TAMs (Martinez-Usatorre et al., 2021). Interestingly, inhibition of PD-1 by its antibody failed to improve tumor response to A2V treatment in KP mice. However, the PD-1 antibody affected PD-1+ Tregs in KP tumors (Martinez-Usatorre et al., 2021). Moreover, TAMs interacted with Tregs in KP tumors. Furthermore, CSF1R suppression in combination with cisplatin inhibited TAMs and enhanced the efficacy of anti-angiogenic immunotherapy (Martinez-Usatorre et al., 2021). Another study used the KrasLSL−G12D/+Tp53fl/fl (KP) and the KrasLSL−G12D/+Lkb1fl/fl (KL) NSCLC mouse models to determine the immunotherapy efficacy and TME of NSCLC (Zhang et al., 2020a). This work showed that CCL7 enhanced anti-PD-1 therapy in these mouse models via promoting conventional DC 1 into TME, leading to T cell expansion. In NSCLC tissues, CCL7 expression was elevated, and it was associated with conventional DC 1 infiltration and overall survival in NSCLC patients (Zhang et al., 2020a). In KP mouse model, depletion of CCL7 destroyed the conventional DC 1 infiltration in the TME and promoted expansion of CD4+ and CD8+ T cells in TME, resulting in tumor development. Upregulation of CCL7 in lungs retarded tumor development and increased the survival of KP and KL mice. Thus, CCL7 could act a biomarker for anti-PD-1 therapy of NSCLC (Zhang et al., 2020a).




NANOMEDICINE


Nanomedicine is a novel unique branch of medicine using nano-size technology for exploration of underlying mechanisms of disease development and progression and for the prevention, diagnosis and therapy of various diseases (de Lazaro and Mooney, 2021; Stater et al., 2021). Nanomedicine has been used for cancer diagnosis and therapy via merging the physical, biological, chemical and digital technologies together (Ahmad et al., 2023; Li et al., 2023). In recent years, nanomedicine has exhibited a potent effect in immunotherapy for cancer patients (Irvine and Dane, 2020; Guo et al., 2022b; Wang et al., 2022b; Yang et al., 2023).



Nanomedicine enhances immunotherapy in lung cancer


Evidence has suggested that nanomedicine could enhance immunotherapy in NSCLC (Seshadri and Ramamurthi, 2018; Garcia-Fernandez et al., 2020; Pu et al., 2022). For example, TME component-targeted nanomedicine delivery facilitated the efficacy of immune checkpoint inhibitors (Kim et al., 2021). In addition, nanoparticle-based ICI therapy elevated the local dose of ICIs and reduced the side effects of ICIs, leading to boosting the anti-tumor immunity in several types of cancers, including lung cancer (Sanaei et al., 2021).




Nanomedicine SGT-53 enhances anti-PD1 antibody immunotherapy


One group designed SGT-53, a nanomedicine carrying a p53 plasmid, to detect whether SGT-53 can augment immune checkpoint inhibitor therapy (Kim et al., 2018). This group used three mouse models, including a glioblastoma, a NSCLC and a breast cancer. SGT-53 sensitized the efficacy of anti-PD1 antibody treatment via promotion of tumor immunogenicity, enhancement of innate and adaptive immune responses and inhibited immunosuppression in a breast tumor model (Kim et al., 2018). STG-53 in combination of an anti-PD1 antibody was stronger than each agent individually in suppression of tumor growth and metastasis. STG-53 blocked fatal xenogeneic hypersensitivity after anti-PD1 therapy in breast cancer model (Kim et al., 2018). This work indicated that nanomedicine SGT-53 restored p53 biological function and caused anti-tumor immunity to increase sensitization of anti-PD1 treatment in human cancer.




Nanoparticle AZD1080 enhances delivery to tumor sites


One study used the remote loading of GSK3 inhibitor AZD1080 into nanoparticles coated with a lipid bilayer. Intravenous injection of AZD1080 nanoparticles enhanced biodistribution and drug delivery to cancer site and reduced the expression of PD1 and released CD8+ T cells (Allen et al., 2021). Encapsulated AZD1080 reduced tumor growth in CT26 colorectal tumor, KPC pancreatic cancer and LLC lung cancer models without treatment toxicity. Hence, nano drug delivery of AZD1080 could be used in combination with immunotherapy or chemotherapy in human cancer (Allen et al., 2021).




Nanomodulator NRF2 induces an immunostimulatory TME


It has been reported that zero-valent-iron nanoparticle (ZVI-NP) triggered anticancer immunity and cancer-specific cytotoxicity in lung cancer (Hsieh et al., 2021). ZVI-NP induced ferroptotic death via regulation of lipid peroxidation, mitochondria dysfunction and ROS in lung tumor cells. Furthermore, β-TrCP-induced NRF2 destruction via AMPK/mTOR pathway was increased in this kind of ferroptosis. ZVI-NP suppressed angiogenesis-associated genes and reduced the self-renewal capacity. ZVI-NP enhanced anti-tumor immunity via reduction of Treg cells and promotion of M2 macrophages to M1, and repression of PD1 and CTLA4 in CD8+ T cells, as well as reduction of PD-L1 expression in tumor cells. Strikingly, ZVI-NP mainly stayed in lung tissues and tumor sites, resulting in inhibition of tumor metastasis and growth (Hsieh et al., 2021). Taken together, NRF2 nanomodulator stimulated lung cancer ferroptosis and maintained an immunostimulatory TME.




Cisplatin nanoparticles sensitize PD1/PD-L1 inhibitors


Cisplatin nanoparticles improved the PD1/PD-L1 inhibitor therapeutic outcomes because cisplatin nanoparticles increased the expression of PD-L1 levels (Shen et al., 2021). Cisplatin nanoparticles in combination with PD1/PD-L1 inhibitors, BMS-202 and anti-PD1 antibody, caused a superior inhibition of tumor growth. Cisplatin nanoparticles plus anti-PD1 antibody displayed a stronger tumor inhibition than cisplatin plus anti-PD1 antibody in the LLC tumor model. Altogether, cisplatin nanoparticle promoted the treatment efficacy of anti-PD1/PD-L1 blockade through sustained upregulation of PD-L1 expression levels (Shen et al., 2021).




Au@PG nanoparticles improve immunotherapy


Polyaniline-based glyco-condensation on Au nanoparticles have been found to promote immunotherapy in lung cancer (Su et al., 2022). Au@PG nanoparticles can make tumor remodeling from a cold TME to a hot TME, contributing to tumor suppression and cytotoxic T cell response promotion. Au@PG nanoparticles plus anti-PD1 therapy enhanced tumor suppression and immunosuppression and improved cytokine secretion (Su et al., 2022). Moreover, the size of Au@PG nanoparticles made a decision for the switch from M2 to M1 macrophages: the smaller Au@PG nanoparticles exhibited better functions than larger ones. Au@PG nanoparticles caused endoplasmic reticulum stress and spleen tyrosine kinase activation and macrophage polarization in lung cancer (Su et al., 2022).




DPAICP@ME augments anti-PD1 immunotherapy


A chiral-peptide supramolecular (DPAICP) interacting with the membrane from milk-derived extracellular vesicles (ME) was constructed (He et al., 2022). DPAICP@ME was found to be stable in blood circulation after gastrointestinal absorption, and displayed tumor accumulation by oral medication. Oral DPAICP@ME elevated the p53 activation for treating cancer in LLC lung cancer orthotopic model and PDOX mice of colon cancer and B16F10 homograft melanoma model (He et al., 2022). Oral DPAICP@ME caused T cell activation and led to enhancement of anti-PD1 immunotherapy. Hence, DPAICP@ME could boost the anti-PD1 immunotherapy in human cancer (He et al., 2022).




SPIO NP@M-P targets TME for immunotherapy


Superparamagnetic iron oxide nanoparticles (SPIO NPs) were combined with lung cancer H460 cell membranes, PD-L1 inhibitory peptide (TPP1) and MMP2 substrate peptide (PLGLLG), which were named as SPIO NP@M-P (Meng et al., 2021). The TPP1 peptide with homotypic effect of cancer cell membrane was entered to the TME and digested by MMP2 enzyme. Therefore, SPIO NP@M-P maintained the longer half-life of the PD-L1 inhibitory peptides, leading to reactivation of T cells and inhibition of tumor growth (Meng et al., 2021). SPIO NP@M-P could be a useful platform for cancer therapy and tumor diagnosis.




NBTXR3 nanoparticles overcomes anti-PD1 resistance


To overcome anti-PD1 resistance in lung cancer, one group combined radiation with NBTXR3 nanoparticles and anti-PD1 therapy (Hu et al., 2021c). This group reported that the triple combination (anti-PD1, localized radiation and NBTXR3) reduced growth of irradiated and unirradiated tumors in 344SQP anti-PD1-sensitive lung cancer cells and 344SQR anti-PD1-resistant lung cancer cells (Hu et al., 2021c). Moreover, NBTXR3 modulated the TIME of unirradiated tumors via regulation of the T cell receptor repertoire, elevating CD8+ T cells and activation of immune signaling pathways in 344SQR tumor model. NBTXR3 nanoparticles could be helpful for treating metastatic lung cancer patients regardless of immunotherapeutic resistance or sensitivity (Hu et al., 2021c). Later, this group combined NBTXR3 with three inhibitors of checkpoint receptors: PD1, TIGIT and LAG3 (Hu et al., 2022). The nanoparticle-involved combination treatment reduced the growth of irradiated and unirradiated tumors due to activation of the immune response and increased immune cells (Hu et al., 2022). Furthermore, a triple-combination therapy includes NBTXR3, high-dose radiation (HDXRT) for primary tumors and low-dose radiation (LDXRT) for a secondary tumor, and ICIs (Hu et al., 2021d). This triple-combination therapy displayed remarkable anticancer activity and improve the survival in mice of anti-PD1-resistant lung cancer. NBTXR3+HDXRT + LDXRT reduced the number of Treg cells and promoted CD8 T cell infiltration. NBTXR3 nanoparticle plus radioimmunotherapy enhance antitumor immune response and promote the survival (Hu et al., 2021d).




ARAC nanoparticles target PD-L1


A nanoparticle-based treatment named antigen release agent and checkpoint inhibitor (ARAC) was discovered to increase the effect of PD-L1 inhibitors (Reda et al., 2022). ARAC nanoparticle co-delivered PLK1 inhibitor (volasertib) and PD-L1 antibody. Because PLK1 was often upregulated in lung cancer and promoted tumor growth, suppression of PLK1 could reduce cancer growth. ARAC decreased effective concentrations of volasertib and PD-L1 antibody in LLC tumor model via modulation of CD8+ T cells. ARAC exhibited therapy efficacy in KLN-205 lung tumor model (Reda et al., 2022).




Nano-DOX improve immunotherapy


Nanodiamond-doxorubicin conjugates (Nano-DOX) in combination with anti-PD-L1 agent BMS-1 synergistically enhanced tumor suppression (Xu et al., 2021). Nano-DOX enhanced immunogenicity of tumor cells and reactivated the TAM into M1 phenotype via regulation of RAGE/NF-κB pathway and induction of PD-L1 in the tumor cells and PD-1/PD-L1 in the TAMs. Nano-DOX increased the cytokine HMGB1 via targeting RAGE/NF-κB pathway (Xu et al., 2021). BMS-1 promoted M1 activation of TAMs that was induced by Nano-DOX via reducing PD-L1 in the TAMs and impairing the interaction between PD1 and PD-L1, contributing to inhibition of tumor growth due to killing tumor cells. Nano-DOX enhanced BMS-1 efficacy on tumor growth in a TAM-mediated manner (Xu et al., 2021).




MS NPs enhance chemo-immunotherapy


A nanodrug (MS NPs) was developed to combine immunoadjuvant metformin with 7-ethyl-10-hydroxycamptothecin (SN38) via electrostatic interactions (Cai et al., 2021). MS NPs improved immunotherapy via suppression of PD-L1 expression level by metformin. MS NPs were also found to retard tumor metastasis via increasing immune surveillance and modifying the extracellular matrix (Cai et al., 2021). Importantly, MS NPs increased mouse survival with no obvious toxicity. MS NPs increased the efficacy of ICIs, indicating that MS NPs could open a new window for the development of novel anti-PD1/PD-L1 therapy (Cai et al., 2021).




Other nanoparticles improve immunotherapy


One group designed nanoarchitecture using anti-PD-L1 antibody and magnetic-nanoparticle-attached YFCD for the separation and identification of PD-L1-expressing exosomes (Pramanik et al., 2022). Different lung cancer cell lines had a different amount of PD-L1+ exosomes. H460 lung cancer cells expressed huge PD-L1+ exosomes, and A549 cancer cells expressed low PD-L1+ exosomes, while normal skin HaCaT cells did not express PD-L1+ exosomes (Pramanik et al., 2022). The nanoarchitectures with YFCDs and anti-PD-L1 antibody separated and tracked PD-L1+ exosomes, suggesting that this nanoarchitecture could be used for clinical application to analyze PD-L1+ exosomes, which can help immunotherapy (Pramanik et al., 2022). Nanoparticle albumin-bound (Nab)-paclitaxel had improved the survival of older patients with stage IV NSCLC after disease progression with platinum-based doublet chemotherapy (Weiss et al., 2020). A gold nanoprism-assisted human PD-L1 siRNA (GNPs-hPD-L1 siRNA) was designed to inhibit the expression of PD-L1 and serve as photothermal agent for theranostic functions in lung cancer (Liu et al., 2019).





CONCLUSION


In conclusion, there is a close association between TME and immunotherapy in lung cancer. Targeting TME could be a strategy for overcoming resistance to PD-1/PD-L1 blockade in lung cancer. ICIs have demonstrated the therapeutic benefits in NSCLC. But ICIs have several side effects, such as ICI-related pneumonitis (Conroy and Naidoo, 2022; Hao et al., 2022). Altogether, nanoparticle-based ICI therapy can boost the anti-tumor immunity in lung cancer (Figure 1).
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FIGURE 1 | 
The role of nanoparticles in regulation of TME and immunotherapy in lung cancer.



Several issues need to be highlighted in lung cancer therapy. For example, mRNA vaccine development to recognize immune-associated tumor antigens and immune subtypes in lung cancer (Wang et al., 2021; Zhao et al., 2022b; Zhao et al., 2022c; Xu et al., 2022; Zhou et al., 2022). Similar mRNA vaccines have been reported in other cancers, such as glioma and melanoma (Zhong et al., 2021; Sittplangkoon et al., 2022). Moreover, lipid nanoparticle-based mRNA cancer vaccines displayed advantages in cancer therapy ((Persano et al., 2017; Chen et al., 2022a; Huang et al., 2022a)). In addition, non-coding RNAs have been revealed to participate in tumorigenesis in various cancer types ((Chen et al., 2022b; Yu et al., 2022b; Liu and Shang, 2022)). RNA nanotechnology has emerged in cancer therapy in recent years [(Guo, 2010), (Huang et al., 2022b)]. It is important to use nanomedicine to treat cancer cells via modulation of non-coding RNAs in lung cancer.

Recently, there is an association between lung cancer, COVID-19 and vaccines [(Trivanovic et al., 2022), (Mao et al., 2021)]. Lung cancer patients have an increased risk from COVID-19 infection and exhibit poor outcomes [(Oldani et al., 2022), (Aramini et al., 2022)]. In addition, genomics, transcriptomics, proteomics, lipidomics and metabolomics are important to be used to determine the mechanisms of disease development and carcinogenesis [(Zhou et al., 2019; Zhang et al., 2020b; Boys et al., 2022)]. The role of multi-omics has been described in lung cancer early detection and therapy [(Abbasian et al., 2022), (Ling et al., 2022)]. The multi-omics should be applied for exploration of TME and immunotherapy in lung cancer to overcome the immunotherapy resistance. Lastly, it must be mentioned that nanomaterials could have side-effects, such as toxicity, and delivery problems. The degradation byproducts from the nanomaterials could have toxicity for host cells. Hence, it is critical to solve these disadvantages of nanomaterials when they are used for cancer therapy to improve immunotherapeutic efficacy in lung cancer.
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Integrative bioinformatics approaches to establish potential prognostic immune-related genes signature and drugs in the non-small cell lung cancer microenvironment
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Introduction: Research has revealed that the tumor microenvironment (TME) is associated with the progression of malignancy. The combination of meaningful prognostic biomarkers related to the TME is expected to be a reliable direction for improving the diagnosis and treatment of non-small cell lung cancer (NSCLC).
Method and Result: Therefore, to better understand the connection between the TME and survival outcomes of NSCLC, we used the “DESeq2” R package to mine the differentially expressed genes (DEGs) of two groups of NSCLC samples according to the optimal cutoff value of the immune score through the ESTIMATE algorithm. A total of 978 up-DEGs and 828 down-DEGs were eventually identified. A fifteen-gene prognostic signature was established via LASSO and Cox regression analysis and further divided the patients into two risk sets. The survival outcome of high-risk patients was significantly worse than that of low-risk patients in both the TCGA and two external validation sets (p-value < 0.05). The gene signature showed high predictive accuracy in TCGA (1-year area under the time-dependent ROC curve (AUC) = 0.722, 2-year AUC = 0.708, 3-year AUC = 0.686). The nomogram comprised of the risk score and related clinicopathological information was constructed, and calibration plots and ROC curves were applied, KEGG and GSEA analyses showed that the epithelial-mesenchymal transition (EMT) pathway, E2F target pathway and immune-associated pathway were mainly involved in the high-risk group. Further somatic mutation and immune analyses were conducted to compare the differences between the two groups. Drug sensitivity provides a potential treatment basis for clinical treatment. Finally, EREG and ADH1C were selected as the key prognostic genes of the two overlapping results from PPI and multiple Cox analyses. They were verified by comparing the mRNA expression in cell lines and protein expression in the HPA database, and clinical validation further confirmed the effectiveness of key genes.
Conclusion: In conclusion, we obtained an immune-related fifteen-gene prognostic signature and potential mechanism and sensitive drugs underling the prognosis model, which may provide accurate prognosis prediction and available strategies for NSCLC.
Keywords: non-small cell lung cancer, tumor microenvironment, estimate, prognostic gene signature, drug sensitivity
INTRODUCTION
Lung cancer remains one of the most threatening malignancies to human health worldwide with relatively high incidence and mortality (Sung et al., 2021). NSCLC is the predominant histological subtype, comprising approximately 85% of lung cancer (Travis et al., 2015). Surgical resection is recommended for early-stage NSCLC, and adjuvant platinum-based chemotherapy confers a 5-year survival benefit rate, which increased by 5% for stage II-IIIA disease (Arriagada et al., 2010). Because of the concealed pathogenesis, approximately 60% of patients with NSCLC have locally advanced or metastatic disease, and conventional chemoradiotherapy has become the optimal treatment (Osmani et al., 2018). However, with a high recurrence rate after pulmonary resection, there was a significant sensitivity difference and clear toxic effects of chemoradiotherapy. Owing to the molecular heterogeneity of NSCLC, patients show various responses to conventional therapies, and even standard therapy according to the guidelines has major limitations. Therefore, precise individualized medicine gradually replaced the traditional one-size-fits-all toxic treatment (Herbst et al., 2018).
Over the past decade, molecularly targeted therapies targeting driver gene abnormalities have dramatically changed the treatment strategy for NSCLC; however, these new targeted drugs also present insufficient therapy due to the development of tumor resistance (Denisenko et al., 2018). Anti-PD-1/PD-L1 immunotherapy demonstrates an overall survival benefit in advanced NSCLC, but only 20% of patients benefit from immune checkpoint inhibitors (Huang et al., 2018). In conclusion, although substantial and promising achievements have been made in the therapeutic strategy of NSCLC, the prevention, early detection and treatment of NSCLC are still challenging. Therefore, it is particularly crucial to continue to identify new target genes and therapies to improve the curative effect and outcomes of NSCLC patients.
Malignant solid tumor tissue consists of not only cancer cells but also the TME, which contains extracellular matrix, stromal cells, and immune cells (Binnewies et al., 2018). Studies have certified that the TME influences the gene expression of tumor tissues in a variety of ways and then facilitates the occurrence, progression and metastasis of tumors (Hu and Polyak, 2008). Immune cells and adaptive immune cells in the TME act directly on cancer cells or through cytokine and chemokine signaling to influence tumor behavior and therapeutic reactions (Schulz et al., 2019). By taking advantage of the negative regulatory mechanism in the human immune system, malignant tumor cells can generate wholescale immune suppression in the TME to counteract the body’s antitumor immune effect (Teng et al., 2015). The difference in individual efficacy in tumor immunotherapy is strongly associated with immunosuppression in the TME (Anari et al., 2018). Therefore, exploring new biomarkers related to the tumor microenvironment opens up new avenues for precise individualized therapy of NSCLC.
To understand the impact of the tumor genetic genome on clinical prognosis, comprehensive whole genome gene expression collections have been established (Blum et al., 2018). In addition, to predict the infiltration of non-tumor cells in tumor tissues, ESTIMATE algorithms have been designed to premeasure tumor purity utilizing gene expression information from The Cancer Genome Atlas (TCGA) database (Yoshihara et al., 2013). This algorithm was soon applied to ovarian cancer (Hornburg et al., 2021), renal cell carcinoma (Xu et al., 2019), and diffuse large B-cell lymphoma (Lou et al., 2022). Therefore, bioinformatics analysis based on TME-related prognostic signatures has become possible. In this study, the ESTIMATE algorithm and CIBERSORT algorithm in R language were utilized to explore the tumor microenvironment of patients with NSCLC in the TCGA database. First, we identified differentially expressed genes with prognostic and therapeutic value in the tumor microenvironment and predicted their regulatory network. Furthermore, we developed an innovative prognostic signature for risk stratification based on prognostic genes, and the potential biological mechanism and therapeutic drugs based on the prediction model were evaluated. This result provides additional prospective therapeutic interventions and personalized treatment strategies for NSCLC patients.
MATERIALS AND METHODS
Chip data acquisition and processing
We downloaded the gene expression data of NSCLC patients and related clinical materials meeting the study criteria from the TCGA databases (https://portal.gdc.cancer.gov/). Patients were enrolled when they met the following criteria: a) pathologically confirmed NSCLC; b) available detailed prognostic information; and c) complete mRNA expression data. A total of 955 NSCLC patients with stage I-IV disease were included through screening. The clinical information of patients included age, sex, survival status, overall survival, last follow-up time, T stage, N stage, M stage and clinical stage. The TCGA-NSCLC cohort was used as a training set to construct an immune score prognostic model. For further verification of the performance of immune scores in predicting survival, transcriptome sequencing profiles and corresponding clinical data of two other cohorts of NSCLC patients were obtained from the Gene Expression Omnibus (GEO) datasets (https://www.ncbi.nlm.nih.gov/), namely, GSE31210 and GSE37745. GSE31210 comprised 226 early-stage NSCLC patients, and GSE37745 included 196 NSCLC samples. GSE31210 and GSE37745 were downloaded based on Affymetrix U133 Plus 2.0.
ESTIMATE algorithm and identification of stromal and immune groups
Based on R statistical software (version 4.1.0; https://www.r-project.org/), the proportion of stromal and immune cells in each tumor tissue sample was calculated by the ESTIMATE algorithm, and the ratio was represented in the form of immune, stromal and ESTIMATE scores. The stromal score represented the percentage of stromal cells in the TME, the immune score was used to assess the ratio of immune cells, and the ESTIMATE score represented the comprehensive level of the immune and matrix score. The Surv_cutpoint function was used to find the best cutoff values for the immune, stromal and ESTIMATE scores. NSCLC patients were categorized into high- and low-score groups based on the optimal cutoff value of the related score. The “survival” and “survminer” packages were utilized to evaluate the overall survival of NSCLC patients on the basis of the high-low score, which included the immune, stromal and ESTIMATE scores. Associations of the abovementioned scores with clinicopathologic characteristics were also further assessed by unpaired t-tests.
DEGs screening and functional enrichment analysis
The DEG screening between the high and low immune score groups was constructed through the “DESeq2” R package (version 4.1.0), and a false discovery rate (FDR) < 0.05 and |log2-fold change| (|log2FC|) ≥ 1 were set up to screen DEGs. A higher gene expression value was selected if multiple probes measured the same gene. The selected DEGs were visualized through the “ggplot2” package of R to generate scatter plots and heatmaps.
Functional enrichment analyses, including molecular function (MF), cell component (CC), and biological process (BP), were performed for the DEGs using the “cluster-Profiler” package. The “cluster-Profiler” package was used to analyze the Kyoto Encyclopedia of Genes and Genomes (KEGG), which was used to identify the crucial signal pathways between upregulated and downregulated DEGs. Terms were identified as statistically significantly enriched with the threshold of p-value < 0.05 for gene ontology (GO) and KEGG. In addition, GO and KEGG analyses were evaluated by fold enrichment scores to determine which genetic functions and cell signaling pathways may be relevant to DEGs.
Prognostic DEGs screening
First, univariate Cox analysis using the “survival” package was employed to screen prognostic DEGs that were significantly relevant to the overall survival (OS) of 936 NSCLC patients in the TCGA cohort. The candidate prognostic DEGs with p-value < 0.01 were used for the subsequent analysis. Subsequently, the candidate prognostic DEGs underwent least absolute shrinkage selection operator (LASSO) analysis. Eventually, multivariate Cox regression analysis was conducted to calculate the hazard ratios (HRs) with a 95% confidence interval (95% CI) and determine prognostic genes.
Establishment and evaluation of prognostic signature
Each NSCLC patient’s survival risk score in the TCGA cohort was calculated according to the mRNA expression of optimal prognostic genes multiplied by the corresponding regression coefficients.
[image: image]
[image: image] is the regression coefficient determined through multivariate Cox analysis, and [image: image] refers to the normalized mRNA expression level of optimal genes. NSCLC patients in the TCGA were separated into high- and low-risk subtypes according to the median threshold of the risk score.
The OS between the two risk groups was evaluated by Kaplan-Meier analysis with the log-rank test. In addition, external validation of the GSE31210 and GSE37745 datasets was performed to predict the accuracy of the prognostic DEG signature. The Time-dependent ROC curves were performed for confirmingthe prognostic DEG signatur e’s prognosis capability by calculating the AUC of the 1-, 2-, and 3-year OS of NSCLC patients in TCGA. Finally, the GSE31210 and GSE37745 datasets were used for external validation to corroborate the results.
Construction of predictive nomogram
First, univariate and multivariate Cox regression analyses were utilized to evaluate the individual covariates, the risk score calculated above and the associated clinicopathological parameters, which clearly impacted the patient’s survival outcome. A p-value < 0.05 was considered to be the significance threshold. Then, the nomogram was constructed through calibration plots to predict 1-, 3- and 5-year overall survival, using the concordance index (C-index) to test internal validation. The predictive value of the nomogram, risk score and other clinical parameters were compared by ROC curves.
Pathway enrichment analysis
KEGG was performed to explore signal pathways between the high- and low-risk groups. DEGs underwent gene set enrichment analysis (GSEA), which aimed to better confirm the molecular and biological mechanisms between the two groups.
The pathway enrichment of differences underlying gene sets in two risk score subgroups was calculated by the annotation file “hallmark gene sets” of the Molecular Signatures Database (MSigDB) (https://www.gseamsigdb.org/gsea/msigdb/).
Immune infiltration assessment
The CIBERSORT algorithm was applied to evaluate the relative infiltration abundance of various types of tumor-infiltrating immune cells. We utilized CIBERSORT through an online R script in the local R environment, and the algorithm was iterated with 1,000 permutations and based on the LM22 gene signature. Related results were filtered with a p-value < 0.05. Twenty-two subtypes of immune cells between the two risk groups were subsequently compared. As supplementary, the mRNA expression of typical immune checkpoints between the two groups was further compared.
Mutation analysis and prediction of the sensitive drugs
Mutation information of NSCLC was retrieved from the TCGA database. The Mutation Annotation Format (MAF) form was used to reserve somatic variant data. Maftools of the R package was used to identify the top 30 most frequently mutated genes between the two risk cohorts. The “pRRophetic” R package was utilized to estimate the IC50 of common drugs between the patients in the two groups using the Wilcoxon signed-rank test to predict the drug sensitivity of the groups.
Exploration of hub genes in prognosis signature and experimental validation
We first built a protein-protein interaction (PPI) network to examine the interplay between the prognostic DEGs obtained from univariate Cox regression analysis. Then, the DEGs were uploaded to String (https://string-db.org/), and the PPI network was constructed and further visualized and analyzed by Cytoscape software (version 3.8.0).
Molecular Complex Detection (MCODE) screened the modules of the subnetwork, and the cutoff criterion was degree cutoff = 2, node score cutoff = 0.2, k-core = 2 and max depth = 100. The common gene, overlapping result from PPI and multiple cox analysis, was selected as the key prognosis gene. First, the protein expression levels of tumor or normal tissue were confirmed based on the HPA (The Human Protein Atlas) database (https://www.proteinatlas.org). The “Survival” package was used to assess the prognosis among the normalized mRNA expression of the prognostic hub genes. Kaplan-Meier analysis was used for evaluating the impact of quantities of gene expression on patient survival according to individual mRNA expression of particular prognostic genes (high versus low expression). Finally, PCR experiments were conducted to determine the mRNA expression of hub genes in normal lung epithelial cells and NSCLC cell lines.
Real-time RT-PCR
The total RNA of relative cell lines was extracted using the RNeasy mini kit following the manufacturer’s protocol (Qiagen). RNA was eluted in 30 [image: image] of RNase-free water and stored at −80 [image: image]. RNA (500 ng) was reverse-transcribed using the PrimeScript™ RT reagent kit (Takara Bio, Inc., Otsu, Japan). Then, PCR amplification of the cDNA was performed using TB Green® Premix Ex Taq™ II (Takara Bio, Inc.) according to the manufacturer’s instructions. The sample volume was 10 [image: image], and the following reaction conditions were used: 95°C for 30 s (predenaturation), then 40 cycles at 95°C for 10 s (denaturation), 55°C for 30 s (annealing), 72°C for 30 s (extension) and the ultimate extension at 72°C. Relative mRNA expression levels were acquired by the [image: image] method.
Gene primer sequences were acquired from Generay Biotechnology (Shanghai, China). Table 1 describes the detailed sequences.
TABLE 1 | Primers sequences corresponding to prognostic genes and GAPDH.
[image: Table 1]Statistical analysis
The distributional differences in clinical variables between the two risk sets were analyzed by the chi-square test. Univariate and multivariate Cox regression analyses were adopted to assess independent prognostic parameters, and HRs and 95% CIs were evaluated at the same time. The Kaplan-Meier method was applied to generate survival curves for prognosis analyses, and the log-rank test was used to define the significance of differences. Statistical analyses in the study were conducted by R software (version 4.1.0), IBM SPSS Statistics (version 25.0) or GraphPad Prism (version 8.0). If not mentioned above, a threshold of p-value < 0.05 was defined as statistical significance.
RESULTS
Flow of data collection and analysis
In our research, we utilized ESTIMATE algorithms to calculate the immune, stromal and ESTIMATE scores in NSCLC patients after obtaining mRNA expression profiles and corresponding clinical characteristics from the TCGA cohort. By comparing the relationship between each score and survival outcome together with clinicopathological parameters, the immune score was shown to play a vital role in the prognosis of NSCLC patients. We identified the immune-related DEGs based on high- and low-immune score subtypes and predicted their potential biological functions and pathways. The DEGs associated with OS were analyzed and screened by univariate Cox analysis, and the genes with p-value ≤ 0.01 were further analyzed by LASSO analysis and subsequent multivariate Cox analysis. A 15-gene prognostic signature was developed. A gene-based classifier was generated, and NSCLC samples in our study were classified into two risk cohorts based on the median risk score obtained from the risk score computational formula. OS was evaluated by Kaplan-Meier analysis between the two groups. The nomogram integrated risk score and related clinical information, and calibration plots and ROC curves were applied to verify prognosis accuracy. The GSE31210 and GSE37745 datasets, as external validations, also confirmed the high predictive efficiency of the 15-gene diagnostic model described above. KEGG and GSEA were performed to explore the molecular and biological differences, and further mutation and drug sensitivity analyses were also conducted between the patients in the two risk groups. In addition, immune-related analysis was performed to compare the proportions of immune cells in the high- and low-risk groups. Finally, the common gene, selected as the key prognostic gene of two overlapping results from PPI and multiple Cox analyses, was verified by comparing the mRNA expression of normal lung epithelial and NSCLC cell lines and protein expression in the HPA database. The clinical validation of the TCGA database further confirmed the effectiveness of key genes. Details are described in Figure 1.
[image: Figure 1]FIGURE 1 | Flow chart of data collection and analysis.
Immune score was connected with the prognosis of NSCLC patients
Among 955 NSCLC cases enrolled in our study in the TCGA cohort, 489 were LUAD and 466 were LUSC patients. According to the ESTIMATE algorithm, the generated immune, stromal and ESTIMATE scores were utilized in the Kaplan–Meier survival analysis. The best demarcation values of the abovementioned thresholds for subsequent survival analysis were 698.1, −802.72 and 2,296.17, respectively (Figures 2A–C). The results in our research demonstrated that a higher immune and ESTIMATE score was associated with a better prognosis (p < 0.05) (Figures 2D, F); however, there was no significant correlation with the stromal score (p = 0.24) (Figure 2E). The three scores were subsequently analyzed to evaluate the relationship with clinicopathologic characteristics (Figures 2G–O), showing that living NSCLC patients had notably higher immune and ESTIMATE scores (p < 0.05), and the immune score declined along with the progression of stage and M stage classification despite no striking difference. In contrast, the stromal score was not associated with the abovementioned clinical features. These findings clarified that the immune and ESTIMATE scores played a crucial role in the progression of NSCLC. Since the ESTIMATE score represents a combination of immune and stromal scores, the immune score seemed to be a better indicator of prognosis in NSCLC patients.
[image: Figure 2]FIGURE 2 | Relationship between clinical characteristics and immune, stromal and ESTIMATE scores (A–C). The optimal cutoff values of the immune, stromal and ESTIMATE scores. (D–F). (K–M) analysis of immune, stromal and ESTIMATE scores. (G–I). Distribution of the three scores among patients with different statuses (J–L). Distribution of immune, stromal and ESTIMATE scores among NSCLC stages (M–O). Distribution of three scores between M-stage of NSCLC.
DEG screening and functional analysis between low- and high-immune score groups
To determine the global gene expression profiles in the high and low immune score groups, DEG analysis was further conducted. As a result, 1806 DEGs containing 978 upregulated and 828 downregulated genes were determined. The expression distribution of DEGs was visualized by volcano plots (Figure 3B), and the top 50 DEGs of the two groups are illustrated in the heatmap (Figure 3A). Moreover, potential biological function analysis was conducted, and the top 5 GO annotations (BP, CC, MF) of up- and downregulated DEGs are described in the circle plot of Figures 3C, D. As shown, the upregulated DEGs were primarily linked to immune functions, including T cell activation, immune receptor activity and lymphocyte activation regulation, while pattern specification process, epidermis development and DNA-binding transcription activator activity were enriched in downregulated DEGs. Furthermore, KEGG analysis demonstrated that the upregulated DEGs were significantly associated with cytokine-cytokine receptor interactions, cell adhesion molecules and chemokine signaling pathways (Figure 3E). However, the downregulated DEGs were enriched in neuroactive ligand-receptor interactions and chemical carcinogenesis-receptor activation (Figure 3F).
[image: Figure 3]FIGURE 3 | Heatmap, volcano plot and enrichment analysis of GO and KEGG for DEGs (A). Heatmap of DEGs in TCGA (B). Volcano plot of DEGs in TCGA (C). Top 5 enriched biological processes, molecular functions, and cellular components of upregulated co-DEGs and (D) downregulated co-DEGs (E). Top 10 KEGG pathways of upregulated co-DEGs and (F) downregulated co-DEGs.
Screening of independent prognostic feature DEGs
In the beginning, univariate Cox analysis was utilized to analyze the 1806 DEGs selected from this study, and genes with a p-value < 0.01 were incorporated in survival-related analysis and used for subsequent LASSO and further multivariate Cox analysis. Twenty-six DEGs were screened through LASSO analysis and were significantly correlated with survival outcome (Figures 4A, B). After subsequent screening, the results of multivariate Cox analysis revealed that a prognostic signature of 15 genes was independently related to OS, including alcohol dehydrogenase 1C (ADH1C), complexin2 (CPLX2), casein alpha s1 (CSN1S1), neurotensin receptor 1 (NTSR1), caudal type homeobox 2 (CDX2), ATP binding cassette subfamily C member 8 (ABCC8), photoreceptor cilium actin regulator (PCARE), troponin C2, fast skeletal type (TNNC2), epiregulin (EREG), mucolipin TRP cation channel 2 (MCOLN2), CD70 molecule (CD70), galactosidase beta 1 like 3 (GLB1L3), CD200 receptor 1 (CD200R1), defensin alpha 3 (DEFA3), and ADP ribosylation factor like GTPase 14 effector protein like (ARL14EPL). These genes were represented by a forest map (Figure 4C). Supplementary information is described in Supplementary Table S1.
[image: Figure 4]FIGURE 4 | Development of the prognostic signature in the TCGA cohort (A). Diagnostic model construction using a LASSO regression model (B). Coefficient distribution plots to select the optimum lambda value (C). Results of multivariate Cox regression analysis of OS in the TCGA cohort.
Establishment and validation of prognostic model
The prognostic signature was identified, and the risk score of each NSCLC patient was calculated using the following formula:
The risk score = (−0.08672) × ExpADH1C + (0.14913) × Exp CPLX2 + (0.17786) × ExpCSN1S1 + (0.17628) × ExpNTSR1 + (0.21064) × ExpCDX2 + (−0.9561) × Exp ABCC8 + (−0.83455) × ExpPCARE + (−0.10013) × ExpTNNC2 + (0.08950) × Exp EREG + (−0.24566) × Exp MCOLN2 + (0.11454) × Exp CD70 + (−0.10665) × Exp GLB1L3 + (−0.27673) × Exp CD200R1 + (0.63454) × Exp DEFA3 + (0.35913) × Exp ARL14EPL.
Based on the demarcation point of the risk score, the NSCLC samples were divided into high- or low-risk categories. The mRNA expression of 15 genes in the two risk subtypes was presented in the form of a heatmap (Figure 5A). The patients had a higher risk of death with increasing risk score, as shown in the risk score curve and scatter plot (Figures 5D, G). Subsequently, the K-M analysis revealed that the prognosis of NSCLC samples in the low-risk subgroup was remarkably better than that in the high-risk subgroup (p < 0.05) (Figure 5J). For completeness, the time-dependent ROC curves predicted the OS of NSCLC patients (AUC of 1-year = 0.722, 2-year = 0.708, 3-year = 0.686) (Figure 5M).
[image: Figure 5]FIGURE 5 | Prognostic value of the 15-gene prognostic model in the TCGA and validation cohorts (A–C). Heatmap of fifteen genes between the two groups in the TCGA and validation sets (D–F). Risk score scatter plot. Red dots indicate dead patients, and blue dots indicate alive patients (G–I). Risk score curve plot. The dotted line indicates the individual distribution of the risk score, and the patients are categorized into low-risk (blue) and high-risk (red) groups (J–L). Survival status and time of patients between the two groups in the TCGA and validation sets, respectively (M–O). The time-dependent ROC curve of patients between the two groups in the TCGA and validation sets.
To validate the reliability of our prognostic signature constructed from the TCGA cohort, the risk score was further calculated with the abovementioned formula for each patient in GSE31210 (226 LUADs) and GSE37745 (n = 196, 106 LUADs, 24 LCLCs, 66 LUSCs). Patients were also split into high- and low-risk subtypes according to the cutoff point of the risk score. The heatmap shows the expression of 15 prognostic genes in the two risk groups (Figures 5B, C). Similar to the results of TCGA, patients tended to have a higher probability of death in the high-risk group than in the low-risk group (Figures 5E, F, H, I). As a supplementary, we evaluated the prognostic value of prognostic features in LUAD and LUSC, validation in the NSCLC subtypes also demonstrated the similar result (Supplementary Figure S1). We also observed a significant OS difference in GSE31210 and GSE37745, which also implied the prognostic value of the gene signature (p < 0.05) (Figures 5K, L). As shown in Figures 5N, O, ROC curves also reached preferable AUC values in the two validation sets, demonstrating the potent capability of the 15-gene prognostic model.
Relationship between the risk score and clinical parameters
A total of 936 NSCLC patients (475 LUADs and 461 LUSCs) with complete clinical information were enrolled in our clinical prognostic analysis. Table 2 shows the association between the two risk groups and clinical factors, including age, sex, stage, T stage, smoking index, status and tumor type. Our study revealed that the high-risk group had a higher rate of males and LUSC patients and more advanced cases, while other clinical variables were not significantly associated with risk scores.
TABLE 2 | Relationship between risk score and clinical characteristics of 936 patients in TCGA cohort.
[image: Table 2]Similarly, as external validation, the results of GSE31210 indicated that the risk score was remarkably associated with EGFR mutation and had no association with other clinical parameters (Supplementary Table S2). In addition, GSE37745, also used for external validation, showed that the risk score was not associated with clinical parameters except tumor type (details are described in Supplementary Table S3).
Screening of independent prognostic parameters and establishment of nomogram
To assess whether the risk score and which clinical parameters could serve as independent predictive factors, subsequently, univariate and multivariate Cox analyses were conducted. A total of 936 NSCLC samples were enrolled from the TCGA cohort, as shown in Figures 6A, B. From the results of univariate Cox analysis, the stage (p < 0.0001) and risk score (p < 0.0001) were observably related to OS. We further chose the variable with a p-value < 0.1 for the multivariate Cox test, and the obtained results showed that the risk score (HR = 2.178; 95% CI, 1.760–2.697; p < 0.0001) remained significant for overall survival in NSCLC patients. In addition, stage (HR = 1.880; 95% CI, 1.496–2.363; p < 0.0001) and age (HR = 1.326; 95% CI, 1.075–1.637; p = 0.009) were also significant predictors of prognosis.
[image: Figure 6]FIGURE 6 | Univariate and multivariate Cox regression analyses in the TCGA and validation cohorts and establishment of the nomogram (A, B). Univariate and multivariate Cox regression analyses in TCGA (C, D). Univariate and multivariate Cox regression analyses in GSE31210 (E, F). Univariate, multivariate Cox regression analysis in GSE37745 (G). Establishment of a nomogram predicting OS based on the independent prognostic factors in TCGA (H). ROC curve of the nomogram, risk score and other relevant clinical parameters in TCGA (I–K). Calibration curves of the nomogram prediction of 1-, 3-, and 5-year survival in TCGA.
To demonstrate the accurate prediction efficiency of the prognostic signature that we established, univariate and multivariate Cox analyses were also performed in GSE31210 and GSE37745. The obtained results also indicated that the risk score (HR = 2.333; 95% CI, 1.156–4.708; p = 0.018) was correlated with survival in GSE31210 and could also be a good predictor in GSE37745 (HR = 1.571; 95% CI, 1.129–2.185; p = 0.007). The details are described in Figures 6C–F. Moreover, we constructed a nomogram based on three independent prognostic indices (age, stage and risk score) from TCGA (Figure 6G). The calibration curve, which evaluated the conformance of the nomogram, displayed high consistency between the nomogram-predicted probability and actual 1-, 3-, and 5-year OS (Figures 6I–K). The ROC curve showed prediction efficiency of the prognostic model (AUC = 0.693), and the risk score displayed better predictive efficiency than other clinical parameters (Figure 6H).
Pathway enrichment analysis based on the prognosis model
To further understand the relevant pathway mechanism between the two subgroups. KEGG pathway analysis and GSEA were performed on the DEGs of the high-risk groups, and the obtained results suggested that the signaling pathways of the high-risk subgroup were primarily enriched in the cytokine–cytokine receptor interaction pathway, IL-17 signaling pathway, PPAR signaling pathway and so on (Figure 7A). Additionally, GSEA indicated that the top 5 enriched pathways were epithelial mesenchymal transition (P adjust < 0.0001), E2F targets (P adjust < 0.0001), G2M checkpoint (P adjust < 0.0001), MYC targets (P adjust < 0.0001) and TNF-α signaling via NFKB (P adjust < 0.0001); details are presented in Figure 7B.
[image: Figure 7]FIGURE 7 | (A) KEGG pathways in high-risk group (B). Top 5 Gene Set Enrichment Analysis of gene set of high-risk in TCGA cohort.
Tumor immune related and mutation analysis of two subgroups
According to the results of KEGG and GSEA, we found that the risk score was linked to immunity; thus, the tumor immune microenvironment in the two risk categories was compared. The obtained results revealed a lower immune score (p < 0.001), stromal score (p = 0.021), and ESTIMATE score (p < 0.001) and a higher tumor purity (p < 0.001) in the high-risk group based on the ESTIMATE algorithm (Figures 8A–D). Additionally, the distribution of 22 infiltrating immune cells in the two risk groups was evaluated based on the CIBERSORT algorithm (Figure 8E), and it indicated a higher proportion of CD4 memory-activated T cells, NK cells, M0 and M1 macrophages and neutrophils in the high-risk group, whereas B cells, CD4 memory resting T cells, and Tregs accounted for more cells in the low-risk group (Figure 8G). We also compared the differential expression of immune checkpoint genes between the two cohorts (Figure 8F), such as PDCD1, TIGIT, CTLA4, and BTLA, which demonstrated remarkably lower mRNA expression in the high-risk group. Furthermore, we explored the top 20 mutated gene mutation profiles between the high- and low-risk groups, as presented in Figures 8H, I. The genetic alteration rate in the high-risk group was higher than that in the low-risk subtype (96.35% vs. 92.01%), and we also found that TP53 had a higher mutation frequency in the high-risk group (71% vs. 61%). TP53 and TTN remained the top two genetic alterations in each group. Missense mutations were the most common form of mutation in the two groups.
[image: Figure 8]FIGURE 8 | (A–D) Immune score, stroma score, ESTIMATE score and tumor purity of the high- and low-risk groups (E). Distribution of infiltration of 22 immune cell types in the two risk groups (F) The expression of immune checkpoint genes between the two cohorts (G). The proportions of different immune cells in the high- and low-risk groups (H, I). Mutated gene mutation profiles between the high- and low-risk groups.
Drug sensitivity with prognostic signature
To explore the potential application of personalized drug treatment based on our prognostic model, we investigated the IC50 values of different drugs between the two sets. Drug sensitivity tests showed lower IC50 values of cisplatin, doxorubicin, docetaxel, paclitaxel, vinblastine and so on in the high-risk group, which indicated that the medication described above may be effective in high-risk patients. The IC50 values of nilotinib, tipifarnib, rapamycin and metformin were lower in the low-risk group, implying that patients in the low-risk group may benefit from these therapies. Details are shown in Figure 9.
[image: Figure 9]FIGURE 9 | Drugs sensitivity in the high and low-risk group.
Experimental and clinical validation
First, we used the PPI network of the prognostic DEGs from univariate Cox analysis and further visualized it by Cytoscape software (Figure 10A). A total of 7 modules were obtained using MCODE in the PPI network, and two hub genes (EREG and ADH1C) were recognized from two overlapping results between genes of modules and 15 DEGs (Figures 10B, C). Additionally, the variability in survival status and stage was evaluated with differences in hub gene expression. There was a statistically significant higher rate of EREG expression in dead NSCLC patients (p-value = 0.042), while a trend toward more ADH1C expression was discovered in surviving patients (Figures 10D1, E1). We also found that EREG was directly proportional to the stage of NSCLC, while the mRNA expression of ADH1C seemed negatively related to the staging system (Figures 10D2, E2). Subsequently, the results of survival analysis showed that EREG was associated with shorter OS and that higher expression of ADHIC was beneficial to survival (p-value < 0.05) (Figures 10D3, E3). Similarly, in other datasets ADHIC was related to better survival (p-value < 0.05) and the high expression of EREG tends to be worse OS (Supplementary Figure S2).
[image: Figure 10]FIGURE 10 | Screening and validation of hub genes (A). PPI network among prognostic genes. (B, C) Two modules contained many genes in the PPI network (D). The relationship between survival state, stage and mRNA expression levels of EREG, Kaplan–Meier curves of EREG in OS (E). The relationship between survival state, stage and mRNA expression levels of ADH1C, Kaplan–Meier curves of ADH1C in OS (F). ADH1C protein levels in normal lung and NSCLC were visualized by IHC in HPA. (G, H) Quantitative real-time PCR analysis of the mRNA expression levels of EREG and ADH1C in NSCLC cell lines and normal lung epithelial cells.
Moreover, we demonstrated that there was less protein expression of ADH1C in lung tumors than in normal lung tissue based on the HPA database (Figure 10F).
Eventually, PCR experiments were utilized to directly compare the difference in mRNA expression in lung epithelial cells and NSCLC cell lines. EREG demonstrated higher RNA expression in NSCLC than in normal lung epithelial cells, while there was little difference in ADH1C between normal and tumor lung cells, which needs additional experiments for validation (Figures 10G, H).
DISCUSSION
NSCLC diagnosis and treatment have made breakthroughs in the past few decades due to the ongoing discovery of genomic and TME changes in the pathogenesis of lung cancer. The approach has gradually shifted from chemotherapy drugs that broadly attack tumors toward targeted immunotherapy for precision therapy. Further exploration of the tumor immune microenvironment and identification of meaningful biomarkers are expected to provide a new direction for better patient diagnosis and treatment. In our study, through the ESTIMATE algorithm, we first found that the immune score was connected with the survival of NSCLC patients. Then, we divided the patients into two sets based on the optimum critical point of the immune score and mined the differential genes by the “DESeq2” R package. The prognostic gene signature was established by a series of statistical analyses. The external validation of GSE37745 and GSE31210 illustrated the accuracy of our prognostic model. In addition, relative GSEA, tumor immune, mutation and drug sensitivity analyses were performed between the two risk groups. The experimental validation of the hub gene strengthened our results. In general, the results of our research had a certain constructive impact on the predicted prognosis of NSCLC from the perspective of the tumor immune microenvironment (TIME).
The TIME, containing immune-promoting and immunosuppressive cells and molecules, plays a crucial role in the progression and prognosis of tumors. The immune system undergoes three major changes during the development of tumors: immune surveillance, immune balance and immune destruction (Dunn et al., 2004). It presents the characteristic of the two sides; the immune cells originally presented natural antitumor properties in tumor invasion while uncharacteristically changed into a promoting tumor phenotype during tumor progression, which contributes to immune escape and distant metastasis of malignancy. Currently, the characteristics of the TIME, listed as one of ten tumor characteristics (Hanahan and Weinberg, 2011), play a certain role in predicting both clinical prognosis and the efficacy of chemoradiotherapy (Josefowicz et al., 2012). Therefore, it makes significant sense to analyze the types and distribution of immune cells in the TME and generate an efficient immune evaluation system. Previous studies on the TME of pancarcinoma (mainly gastric cancer) have discovered that patients with high TME scores showed a stronger antitumor immune response, were more likely to benefit from immunotherapy and had better survival outcomes (Fatima et al., 2013). In lung cancer, tumor-infiltrating CD4+ T cells play a crucial role in the immune response by allowing CD8+ T cells to enter tumor sites and infect mucous membranes to kill tumors; moreover, they are necessary to inhibit tumor angiogenesis (Borst et al., 2018). Other studies have shown that tumor-associated macrophages (TAMs) in the TME are involved in angiogenesis, tumor migration and metastasis and the antitumor immune response, which is related to tumor progression (Qian and Pollard, 2010). Our study applied the ESTIMATE algorithm to NSCLC and found that a high immune score was associated with a better prognosis, which was consistent with previous research.
The gene expression profiles of the two groups with high and low NSCLC immune scores were analyzed and compared, and 1806 DEGs were screened. Subsequently, a 15-gene signature was established through LASSO and Cox analyses, and the risk score of every patient was calculated. To date, a number of gene signatures have been established to predict the survival of NSCLC patients. The research in 2017 identified a tumor immune-associated prognostic gene signature with a precise prediction (AUC = 0.7) in early-stage NSCLC (Li et al., 2017). Liu et al. established a prognostic model that combined molecular biomarkers (TPX2 and MMP12) and several meaningful clinical features and exhibited a higher survival prediction performance (AUC = 0.771) than TNM staging systems in postoperative NSCLC patients (Liu et al., 2018).
However, they rarely translated into medical practice, which may be due to the following three reasons: 1) the gene signature was trained in a cohort with high variance, 2) mRNA microarray data may be measured using diverse experimental methods, and 3) most gene signatures consist of few typical genes and may neglect other potential reasons that seriously reduce their prediction stability and may result in overfitting. Our study found that a high immune score was associated with a better prognosis in NSCLC, and the subsequently constructed immune-related gene signature showed superior prognostic classification ability than other clinical parameters and was further verified in two other GEO datasets. Our study provides an alternative idea for the development of new targeted drugs. The nomogram, a practical tool for assessing the prognosis of malignant patients, has been recognized to be more effective than traditional TNM staging (Diao et al., 2019). Therefore, we combined the risk score and several clinical parameters to draw a nomogram that predicted 1-, 3-, and 5-year survival and exhibited relatively reliable prediction efficiency. It is worth considering that there were more stage I-III NSCLC patients than advanced stage NSCLC patients in the TCGA cohort. Early-stage NSCLC patients tended to have a good prognosis after surgical treatment, and there were more factors related to prognosis. To a certain extent, the lack of specific treatment, clinical characteristics, laboratory indices, and imaging materials in the databases could influence the model accuracy.
The prognostic model established in our research consisted of 15 prognostic DEGs. Furthermore, we selected key prognostic genes from two overlapping results from PPI and 15 DEGs. Two hub genes (EREG and ADH1C) were recognized. Patients with high mRNA expression of EREG tended to have a poor prognosis, while ADH1C was associated with better survival in TCGA. EREG and ADH1C were further verified through RT‒PCR experiments of normal lung epithelium and NSCLC cell lines. Altogether, we determined that EREG and ADH1C likely play significant roles in the process of NSCLC through validation of the TCGA database and RT‒PCR assay.
Epiregulin (EREG), a member of the epidermal growth factor family, combines with ErbB receptors and further contributes to proliferation, inflammation and anti-apoptosis in tumor cells (Riese and Cullum, 2014). Additionally, it promotes the progression of various cancers. Research has revealed that patients with positive EREG are associated with a worse prognosis than those with negative EREG in NSCLC (Zhang et al., 2008). Moreover, Chen et al. (Chen et al., 2019)discovered that acquired resistance to 5-FU in colon cancer can be reversed by inhibiting the miR-215-5p-EREG/TYMS axis. A study (Zhang et al., 2022) in 2022 found that EREG enhanced resistance to chemotherapy in NSCLC by increasing the expression of stemness-associated genes. Notably, the expression of EREG in stromal cells is upregulated and activates several downstream signaling pathways, including the MAPK AKT/mTOR and JAK/STAT pathways, in cancer cells by paracrine signaling, promoting their malignant phenotype and accelerating the progression of cancer (Wang et al., 2022). This discovery reinforces our conclusion that EREG plays a crucial role in NSCLC progression by influencing the TIME.
ADH1C is a member of the ADH family that catalyzes the oxidation of ethyl alcohol to acetaldehyde (a carcinogenic metabolite) and plays a crucial role in the etiology of various cancers. The polymorphism of ADH1C may be a crucial factor in the etiology of oral cancer and genetically determine an individual’s susceptibility (Brocic et al., 2011). A previous study indicated that patients with positive ADH1C have an increased risk of head and neck cancer (Visapaa et al., 2004). In addition, further studies suggested that ADH1C was not linked to HNC (Peters and McClean, 2005). Similar differences were found for colorectal and breast cancer. Bongaerts et al. (2011) considered that the ADH1C genotype and excessive alcohol intake were associated with an increased risk of CRC, while some researchers have suggested that ADH1C expression is reduced during the progression of CRC from early to advanced stages. ADH1C allele mutations were related to an increased breast cancer risk due to alcohol consumption by comparing postmenopausal breast cancer samples with controls (Benzon Larsen et al., 2010). However, one study suggests that ADH1C polymorphisms may not be connected with breast cancer in Caucasians (Wang et al., 2012). The abovementioned inconsistent conclusions regarding the effect of ADH1C on cancer suggested that the mechanisms related to ADH1C may be complex and remain unclear. A recent study showed that the prognosis of NSCLC patients with high ADH1C expression was associated with longer OS. Our research found that ADH1C may be an antitumor factor whose higher expression is associated with a better prognosis. However, reverse protein and mRNA expression requires further experimental verification.
We further explored the potential pathway mechanism between the two subtypes. It is worth noting that the proliferation, differentiation, metastasis of tumor cells and pathways in cytokines and inflammation were enriched in the high-risk group. For example, epithelial-mesenchymal transition (EMT) indicates the malignant process of tumors, allows tumor cells to invade and metastasize, and promotes chemotherapy resistance (Jolly et al., 2019). E2F is essential to cellular homeostasis and plays a role beyond cell cycle regulation, and its dysregulation may lead to cancer progression, including processes such as apoptosis, metabolism and angiogenesis (Kent and Leone, 2019). Tumor necrosis factor-α (TNF-α) is a proinflammatory cytokine involved in normal inflammatory and immune responses. TNF-α receptors exist on various cell surfaces and are divided into two types (TNFR I and TNFR II). The combination of TNF-α and TNFR usually causes inflammation and the occurrence of tumors (Frances, 2009). TNF-α, as a key regulator of the TME, is well-recognized (Wu and Zhou, 2010). Cytokine interactions accounted for a high proportion in GSEA. Cytokines were the key signaling proteins in the TME. TNF and IL-6 can cause disordered cytokine regulation and promote tumor inflammation. IL-10, IL-4, and TGFβ lead to immunosuppression (Propper and Balkwill, 2022). Cytokines and their receptors have been widely studied as tumor targets or therapeutic strategies. These tumor-related pathways were enriched in the set of high-risk patients, and these pathways were closely related to tumor progression and further verified the accuracy of our study.
The establishment of an immune-related prognostic model in our study was validated from multiangle and multiple databases, and the prognostic gene signature demonstrated good prospects in predicting the prognosis of NSCLC patients. Our study further analyzed mutations and drug sensitivity differences between the two risk groups. The results of differentially mutated genes were convenient for subsequent basic experimental research, and the finding of drug sensitivity had potential guiding meaning for the choice of clinical drug. However, there are still some limitations in our research. First, the incomplete and lack of specific treatment, clinical characteristics, laboratory indices, and imaging materials in the TCGA databases could influence the model accuracy, and we could not explore the influence of these factors on NSCLC patients. In addition, we believe that functional experiments should be conducted to confirm the molecular mechanism of the hub genes. Finally, it would be best if the prognostic model was verified in prospective or retrospective clinical trials.
CONCLUSION
In conclusion, we have identified an immune-related 15-gene-based prognostic model that presented an accurate prognostic predictive ability in NSCLC patients. The potential mechanisms and chemotherapy-sensitive analyses were also evaluated between the two risk groups, which could provide the basis for subsequent basic and clinical trials.
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Background: Skin cutaneous melanoma (SKCM) is one of the most common cutaneous malignancies, which incidence is increasing. Cuproptosis is a new type of programming cell death recently reported, which may affect the progression of SKCM.
Method: The mRNA expression data of melanoma were obtained from the Gene Expression Omnibus and the Cancer Genome Atlas databases. We constructed a prognostic model according to the cuproptosis-related differential genes in SKCM. Finally, real-time quantitative PCR was performed to verify the expression of cuproptosis-related differential genes in patients with different stages of cutaneous melanoma.
Results: We detected 767 cuproptosis-related differential genes based on 19 cuproptosis-related genes, and screened out 7 differential genes to construct a prognostic model, which including three high-risk differential genes (SNAI2, RAP1GAP, BCHE), and four low-risk differential genes (JSRP1, HAPLN3, HHEX, ERAP2). Kaplan-Meier analysis indicated that SKCM patients with low-risk differential genes signals had better prognosis. The Encyclopedia of Genomes results manifested that cuproptosis-related differential genes are not only involved in T cell receptor signaling channel, natural killer cell mediated cytotoxicity, but also chemokine signaling pathway and B cell receptor signaling pathway. In our risk scoring model, the receiver operating characteristic (ROC) values of the three-time nodes are 0.669 (1-year), 0.669 (3-year) and 0.685 (5-year), respectively. Moreover, the tumor burden mutational and immunology function, cell stemness characteristics and drug sensitivity have significant differences between low-risk group and high-risk group. The mRNA level of SNAI2, RAP1GAP and BCHE in stage Ⅲ+Ⅳ SKCM patients was significantly higher than that in stage Ⅰ+Ⅱ patients, while the level of JSRP1, HAPLN3, HHEX and ERAP2 in stage Ⅰ+Ⅱ SKCM patients was more remarkable higher than that in stage Ⅲ+Ⅳ SKCM patients.
Conclusion: In summary, we suggest that cuproptosis can not only regulate the tumor immune microenvironment but also affect the prognosis of SKCM patients, and may offer a basic theory for SKCM patients survival studies and clinical decision-making with potentially therapeutic drugs.
Keywords: cuproptosis, prognostic model, skin cutaneous melanoma, bioinformatics, tumor mutational burden (TMB)
INTRODUCTION
Skin cutaneous melanoma (SKCM) is the most frequent, malignant and aggressive cutaneous malignancies, which is the result of genetic alterations caused by complex interactions between genetic, environmental and other factors (Andrzej et al., 2001; Xiong et al., 2022). The global incidence of SKCM is increasing rapidly. According to the International Agency for Research on Cancer (IARC), the number of new cases of SKCM worldwide increased from 287,000 to 324,000 between 2018 and 2020 (Bray et al., 2018; Sung et al., 2021). Although the discovery of new targeted drugs and therapeutic targets has improved the treatment effect of SKCM, the annual number of new deaths due to SKCM has decreased, but the number of new deaths of more than 57,000 is still unacceptable (Lorentzen, 2019; Jenkins and Fisher, 2021; Sung et al., 2021). Melanoma cells pose a therapeutic challenge by exploiting their intrinsic resistance to apoptosis against a variety of chemotherapy agents (Hussein et al., 2003; Soengas and Lowe, 2003). The emergence of biological sequencing analysis technology has found that many biomarkers may be related to melanoma (Gogas et al., 2009). The discovery of new biomarkers and the elucidation of their relationship with melanoma are crucial for the early diagnosis and prognosis evaluation of SKCM.
An appropriate amount of copper is an essential element for human survival, and it is mainly involved in pathways required for normal cell development and metabolism (Huang et al., 2022). The function of important metal binding enzymes will be impaired if copper is too little, while excessive amounts can lead to cell death (Martha and Scott, 2022). Recently, Tsvetkov et al. (2022) reported a new mode of cell death that caused by copper, which distinct from apoptosis, pyroptosis, and ferroptosis. Excess copper leads to aggregation of fatty acylated proteins via direct bond to lapidated ingredients in the tricarboxylic acid (TCA) cycle, resulting in loss of iron-sulfur clusterin, proteotoxic stress and eventually cell death (Tsvetkov et al., 2022). The novel mechanism of cuproptosis proposed by Tsvetkov may provide a new way to exploit the unique effects on this metal to kill cancer cells, especially in cancers that are naturally resistant to apoptosis (Martha and Scott, 2022).
We hypothesized that cuproptosis is closely related to the treatment and prognosis of melanoma. In our research, we first constructed a prognostic model based on the Cancer Genome Atlas (TCGA) database and the Gene Expression Omnibus (GEO) database to analyze the cuproptosis-related differential gene data in SKCM.
MATERIALS AND METHODS
Data collection and preparation
The GSE65904 from the Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/) database which include 214 specimens of SKCM patients were downloaded. Another RNA sequence transcriptome analysis dataset includes 469 melanoma samples that were obtained from TCGA (https://portal.gdc.cancer.gov/projects/TCGA-SKCM). The age, sex, grade, survival time, survival status, tumor stage and other clinical data of SKCM patients were also obtained from TCGA. Additionally, we acquired 19 genes related to cuproptosis from previous studies, including CDKN2A, NLRP3, ATP7A, ATP7B, MTF1, SLC31A1, GLS, PDHA1, DLD, NFE2L2, DBT, DLAT, PDHB, DLST, LIPT1, LIPT2, LIAS and GCSH (Tsvetkov et al., 2022).
Consensus clustering analysis of cuproptosis-related genes to screen the cuproptosis-related differential genes
Based on the SKCM RNA sequence transcriptome in TCGA and GEO, We used the “ConsensusClusterPlus” package to classify SKCM patients into different clusters base on the consensus expression of cuproptosis-related genes (Wilkerson and Hayes, 2010). The cluster variable (k) was increased from 2 to 9 to find the most appropriate K value, and 683 SKCM patients were divided into appropriate clusters according to the expression similarity of 17 cuproptosis-related genes. Kaplan-Meier (KM) survival analysis was applied to parabole the survival times of patients divided into two clusters of melanomas which the “survival” package. The differential genes related to cuproptosis were identified by comparative analysis of the two clusters. The age, sex, and expression of copper death-related genes in 683 SKCM patients were presented using the “pheatmap” package to visualize differences between clinical parameters and taxonomic clusters.
Pathway enrichment analysis and gene set enrichment analysis
In order to clarify the biological function of cuproptosis-related differential genes in SKCM, Gene ontology (GO) is used to analyze biological functions, while enrichment pathways are achieved through the Encyclopedia of Genomes (KEGG).
Cuproptosis-related differential genes prognostic model construction for SKCM
Consensus clustering analysis of cuproptosis-related differential genes. Then, to construct a cuproptosis-related differential genes risk prognostic model, we performed the least absolute shrinkage and selection operator (LASSO) regression analyses for cuproptosis-related differential genes associated with differential prognosis in SKCM patients. We use the R package “glmnet” to establish (LASSO) Cox regression model, which can screen out potential cuproptosis-related differential genes and create a prognosis model for SKCM patients (Engebretsen and Bohlin, 2019).
Validation of risk models
We divided melanoma patients into two groups according to the cuproptosis score in the model: low-risk group and high-risk group. After comparing the difference of overall survival rate between the two groups, the specificity and sensitivity of the risk model were evaluated by the receiver operating characteristic (ROC) curve. Draw ROC curves of each group for 1-year, 3-year and 5-year, respectively.
Independent predictive analysis of the risk models
Univariate and multivariate Cox regression analysis was performed combining the clinical characteristics of melanoma patients and the risk assessment model of cuproptosis-related differential genes. The result of multivariate Cox analysis p < 0.05 would be considered as a special prognostic factor for melanoma prognosis.
Analysis of tumor burden mutational and immunological function based on cuproptosis-related differential genes risk score
The nucleotide mutation data related to melanoma patients were collected from TCGA and GEO database. We used the “limma, pheatmap, ggpubr” packages to construct heatmaps and violin plot, which show the differences level of immune cell infiltration and tumor immune microenvironment. Next, in order to predict the tumor purity in TME, ESTIMATE was used to estimate the stromal cells and immune cells in melanoma tissue (Hou et al., 2022). Get the scores of StromalScore, ImmuneScore and ESTIMATEScore of the melanoma tissue, and analyze different groups (high-risk/low-risk groups)with “Limma” packages. Then, utilize the “maftools” package to divide the tumor mutational burden (TMB) in melanoma samples into low-risk groups and high-risk groups base on the predicted model risk score.
Evaluation of drug sensitivity
IC50 represents the half inhibitory concentration of the tested antagonist. To assess the potential clinical utility of cuproptosis-related differential genes in SKCM treatment. We tested each melanoma patient’s response to sensitivity to several chemotherapy drugs using the Cancer Drug sensitivity Genomics (GDSC; https://www.cancerrxgene.org/) database and quantified IC50 with the R’s “pRRophetic” package. We performed Wilcoxon symbolic rank test to compare IC50 differences between low-risk and high-risk groups of commonly used antitumor agents. Boxplots were drawn using the R package “ggplot2.”
Clinical specimens and real-time quantitative PCR
Tumor tissue was obtained from patients diagnosed with SKCM who underwent surgery in our hospital between January 2021 and December 2022. All patients signed informed consent prior to use of clinical specimens. The tumor tissues used in this study were approved by the Ethics Committee of Xiangya Hospital, Central South University. Total tissue RNA was extracted with Trizol (Thermo Fisher Scientific) base on the standard protocol. Next, total RNAs were used to synthesize cDNA with HiScript Q RT SuperMix kit (Vazyme, Nanjing, China). Subsequently, Quantitative PCR analyses were conducted with SYBR Green qPCR Master Mix (Bimake). GAPDH was used as an endogenous control. The primer sequences are listed in Table 1.
TABLE 1 | The primers for 7 cuproptosis-related differential genes.
[image: Table 1]Statistical analysis
All statistical analyses were performed in R software (version 4.2.1), and values of p < 0.05 were considered statistically significant.
RESULT
The genetic characteristics and transcription changes of cuproptosis-related genes in SKCM
The process of our research is shown in Figure 1. Firstly, based on TCGA database, a total of nineteen cuproptosis-related genes were identified in SKCM transcription group data. The waterfall map showed a mutation of 146 (31.13%) of the 469 SKCM samples. At the same time, the CDKN2A mutation rate was the highest among nineteen cuproptosis-related genes (Figure 2A). Next, we examined the copy number variations (CNV) in these nineteen cuproptosis-related genes and found that the CNV of LIPT2 and NLRP3 increased significantly, while extensive decrease in CNV for DBT, FDX1, CDKN2A, and DLA (Figure 2B). As shown in Figures 2C, D, the position of cuproptosis-related genes in chromosomes. In the survival analysis of the 19 cuproptosis-related genes in melanoma patients, seventeen cuproptosis-related genes have significant differences, while LIPT1 and NLRP3 showed the most significant differences (Supplementary Figure S1). Moreover, we found that LIPT1 and NLRP3 have the strongest correlation with SKCM patient’s prognosis through protein-protein interaction (PPI) analysis.
[image: Figure 1]FIGURE 1 | A flow chart showing the analysis details.
[image: Figure 2]FIGURE 2 | The hereditary characteristics and transcription changes of cuproptosis-related genes in melanoma. (A) Genetic alteration of cuproptosis-related genes in melanoma. (B) Cuproptosis of CNV gain, loss, and non-CNV among cuproptosis-related genes. (C) The circus plots show the position of cuproptosis-related genes in chromosomes. (D) The PPI network shows the prognosis of cuproptosis-related genes.
Cuproptosis-related differential genes are identified by consensus clustering
In order to understand the role of cuproptosis in melanoma, we obtained 469 and 214 melanoma patients from TCGA and GEO databases respectively. Then according to the consistency of mRNA expression of cuproptosis-related genes and molecular clustering effects to found the optimal k. We found the k = 2 is the best way to cluster in k = 2 to 9 in OS, and there were significant differences in survival analysis between the two clusters (p = 0.013) (Figures 3A, B). The cuproptosis-related genes between the two clusters showed significant differences in the heatmap (Figure 3C). To assess the signaling pathways associated with cuproptosis-related genes, the functional enrichment of significantly different between the two clusters in KEGG was conducted (Figure 3D). Furthermore, there were significant differences in the relationship between cuproptosis-related genes and immune cells in the two clusters (Supplementary Figure S2).
[image: Figure 3]FIGURE 3 | Two clusters of cuproptosis-related genes. (A) The Consensus matrix heatmap defined two clusters based on the consistency of cuproptosis-related genes expression (K = 2). (B) Compare the survival time of two clusters through KM survival analysis. (C) Different expression of the two clusters of cuproptosis-related genes clusters. (D) KEGG analysis of two clusters of cuproptosis-related genes.
Enrichment analysis of cuproptosis-related genes in melanoma
To further understand the downstream reasons, a total of 767 genes was correlated with cuproptosis were identified. Then, we conducted GO and KEGG enrichment analysis for purpose of knowing the potential functions of cuproptosis-related differential genes in SKCM patients. GO analysis shows that the biological process category (BP), the cuproptosis-related differential genes are mainly concentrated in T cell activity, positive regulation of cell, mononuclear cell and leukocyte cell−cell adhesion. From the cell component (CC), we found that these genes were basically involved in the external side of plasma membrane, endocytic vesicle, membrane raft and membrane microdomain. Moreover, In the molecular function (MF) category, they mostly participate in immune regulation and cytokine functions, for instance immune receptor activity and cytokine binding (Figure 4A). In addition, the KEGG results manifested that cuproptosis-related differential genes are mainly involved in T cell receptor signaling pathway, Cytokine−cytokine receptor interaction, chemokine signaling pathway and T cell receptor signaling pathway (Figure 4B).
[image: Figure 4]FIGURE 4 | GO and KEGG analyses for cuproptosis-related differential genes in melanoma. (A) GO analysis. (B) KEGG analysis.
Construction of a cuproptosis-related differential genes risk prognostic model
According to the consistency of mRNA expression of cuproptosis-related differential genes, Consensus Cluster Plus package was used to consensus clustering analysis. The best stability cluster was K = 2 which was chosen to consensus cluster (Figure 5A). The survival rate between the two clusters showed significant difference in Kaplan Meier curve (p < 0.001) (Figure 5B). The heatmap shows that the clinical pathological characteristics between the two clusters are significantly different. Compared with cluster B, most of cuproptosis-related differential genes were higher in cluster A (Figure 5C).
[image: Figure 5]FIGURE 5 | Two clusters of cuproptosis-related differential genes. (A) The Consensus matrix heatmap defined two clusters based on the consistency of cuproptosis-related differential genes expression (K = 2). (B) Compare the survival time of two clusters through KM survival analysis. (C) The clinical and pathological information of two cuproptosis-related differential genes clusters are shown in the heatmap.
Then, the LASSO algorithm builds a prognostic model based on melanoma patients based on 7 cuproptosis-related differential genes (Figure 6A, Supplementary Figure S3). The Sankey plot shows the distribution of the cuproptosis subgroups, two gene clusters, cuproptosis score, and the survival status of melanoma patients (Figure 6B). Moreover, we also found that the scores of cuproptosis clusters and gene clusters were significantly different (p < 0.001) (Figures 6C, D). Finally, the correlation between seven cuproptosis-related differential genes and 17 cuproptosis-related genes was shown in the nomogram (Figure 6E).
[image: Figure 6]FIGURE 6 | Cuproptosis-related differential genes risk prognostic model. (A) LASSO Cox regression analysis showed cuproptosis-related differential genes. (B) Sankey plot of two risk group anlysis. (C) two cuproptosis subtypes and (D) two gene clusters. (E) Association between cuproptosis-related genes and seven cuproptosis-related differential genes constructed the nomogram.
Prognostic evaluation of cuproptosis-related differential genes nomogram in SKCM patients
We calculated a risk score for every SKCM patient sample according to the previously obtained model of seven differential genes associated with cuproptosis. Patients are then classified as low risk (risk score below the median risk score) and high risk (risk score above the median risk score) (Figure 7A). It can be observed from the scatter plot of the risk score distribution that with the increase of the risk score, the mortality of the high-risk group also increases, while fewer deaths occur in the low-risk group (Figure 7B). The expression of 7 cuproptosis-related differential genes signals in SKCM was consistent among training group, test group and the all-samples group (Figure 7C). To assess the prognostic prediction of our model for OS status in SKCM patients, we performed K-M survival curve plotting, which showed that the high-risk group had significantly lower OS than the low-risk group in both the training and testing groups (including all samples) (p < 0.001; Figure 7D). The ROC curve analysis was performed to assess the accuracy of the prediction model, and the AUC values of the ROC curves of all samples were 0.669(1 year), 0.669(3 years), and 0.685 (5 years), respectively, which were consistent with the results of training group and test group (Figure 7E). These results suggest that these seven genes are associated with cuproptosis and that this model can predict prognosis in SKCM patients.
[image: Figure 7]FIGURE 7 | Prognostic evaluation of cuproptosis-related differential genes nomogram in melanoma patients. (A) Risk score distribution of two risk groups. (B) The scatter chart shows the distribution of OS and different risk groups. (C) The expression of the seven cuproptosis-related differential genes in the risk model. (D) K-M survival curve of melanoma patients in different risk scoring groups. (E) ROC curves for training group and test group (including all samples).
Evaluation of the clinical utility of cuproptosis-related differential genes nomogram
In order to predict the clinical outcomes in patients of SKCM, a nomogram plot was used to perform quantitavive analysis. As shown in Figure 8A, the calculated risk score increased, the predicted survival rate of SKCM patients decreased. Cuproptosis-related differential genes prognosis model, which is to exert a positive effect in the clinical diagnosis and treatment in SKCM, based on this, to assess the clinical potential applications of this model, we developed a risk score and SKCM patients’ clinical characteristics of nomograph, for which to predict the SKCM patients’ 1 year, 3 years and 5 years OS rates. Furthermore, calibration curves were constructed to assess whether he actual observed OS rates were consistent with the nomogram-predicted OS rates. The results showed that 1-, 3-, and 5-year OS predictions between the actual observation group (all samples), training group, and test group were relatively good (Figures 8B–D).
[image: Figure 8]FIGURE 8 | Prognostic model evaluation. (A) Nomogram with risk score and clinical characteristics of melanoma patients. (B–D) Calibration curves show the difference between the 1 -, 3 -, and 5-year operating systems predicted by the training and test groups (including all samples) and the actual operating systems.
Tumor burden mutational study and immunological function based on cuproptosis-related differential genes in SKCM samples
Primarily, according to the transcriptional information of melanoma obtained from TCGA and GEO, calculated the tumor mutation burden index of genes low-risk group and in high-risk group respectively. The with the top 20 genes with highest mutation frequency in the low and high-risk group are described in the waterfall diagram. In the high-risk group (Figure 9A), 193 of the 215 samples found mutations; in the other group (Figure 9B), 226 mutations occurred in 241 samples. Among the mutated genes, MUC16, DNAH5, PCLO, TTN, LRP1B, BRAF, ADGRV1, CSMD1, ANK3, DNAH7, PKHD1L1, RP1, MGAM, XIRP2, FAT4, HYDIN, APOB, DSCAM, FLG and USH2A occurred simultaneously between the low- and high-risk groups. TTN, MUC16 and BRAF had the highest mutation frequencies in the two groups, and the mutation frequencies were77%, 71% and 54% in the low-risk group and 66%, 60% and 45% in the high-risk group, respectively. The boxplot showed that the mutation of tumor load was significantly lower in patients with high scores than in patients with low scores (p = 0.019, Figure 9C). We use the Pearson related analysis to confirm the correlation between Risk Score and Tumor Burden Mutational in melanoma patients, and verify the negative correlation between risk score and Tumor Burden Mutational (p = 0.036, R = −0.098, Figure 9D). Next, we explored the correlation between the seven cuproptosis-related differential genes included in the model and immune cells, it was observed that the expression of seven cuproptosis-related differential genes was strongly related to CD8+T cells, T cells CD4 memory activated, Macrophages M0-2. Especially in the expressions of JSRP1 and HAPLN3 are more closely related to immune function (Figure 9E). Then, the Matrix scores, immune scores, and ESTIMATE scores in SKCM samples were evaluated through ESTIMATE methods, and the scores between different groups were compared. We found that the high -risk group was lower than the low -risk group, with significant differences (Figure 9F). Furthermore, we analyzed the relationship between risk score and stemness characteristics in SKCM, and determined that risk score is positively correlated with stemness characteristics (p < 0.001, R = 0.28, Figure 9G).
[image: Figure 9]FIGURE 9 | Tumor mutation load and immune function in different risk population. (A) Waterfall plot of mutant genes in the high-risk group. (B) Waterfall plot of mutant genes in the low-risk group. (C) boxplot depict the tumor mutational burden of melanoma patients in the two groups. (D) The correlation analysis of risk score and tumor burden mutational in melanoma. (E) Heatmap of the association of 7 cuproptosis-related differential genes with immune cells. (F) Violin diagram of StromalScore, ImmuneScore and ESTIMATEScore compared between low-risk group and high-risk group. (G) Relevance analysis between risk score and stemness characteristics.
Drug sensitivity
To explore the possible application of cuproptosis-related differential genes in individualized therapy of SKCM, we explored the connection between IC50 and risk score of drugs in SKCM therapy. Drug sensitivity analysis showed that bryostatin.1, docetaxel, elesclomol, imatinib, sorafenib and thapsigargin were more sensitive in the high-risk group. However, bleomycin, bosutinib, camptothecin, gefitinib, gemcitabine, lenalidomide, metformin, methotrexate, mitomycin. C, nilotinib, rapamycin, vinblastine and vorinostat were more sensitive in the low-risk group (Figure 10).
[image: Figure 10]FIGURE 10 | Drug susceptibility (IC50) was associated with two risk groups for melanoma.
Verification of expression of the seven cuproptosis-related differential genes
To ulteriorly Validate the expression levels of the seven cuproptosis-related differential genes, we collected specimens from 11 patients with stage Ⅰ+Ⅱ melanoma and 9 patients with stage Ⅲ+Ⅳ melanoma. The mRNA expression level of SNAI2, RAP1GAP and BCHE in stage Ⅰ+Ⅱ SKCM was strikingly lower than that in stage Ⅲ+Ⅳ SKCM (p < 0.05), while the expression of JSRP1, HAPLN3, HHEX and ERAP2 in stage Ⅰ+Ⅱ SKCM patients was significantly higher than stablished (p < 0.05) (Figure 11).
[image: Figure 11]FIGURE 11 | The mRNA expression of 7 cuproptosis-related differential genes in patients with different stages of cutaneous melanoma. *p < 0.05, **p < 0.01, ***p < 0.001.
DISCUSSION
SKCM is one of the deadliest malignancies and prone to metastasis. Although chemotherapy, immunotherapy and molecular therapy are available, the prognosis for SKCM patients remains poor, with a very short median survival time (Donizy et al., 2022; Voglis et al., 2022; Zhang et al., 2022). Although there are a variety of clinical tools to predict the prognosis of patients with SKCM (Weiss et al., 2015), in view of the clinical and biological heterogeneity of primary SKCM, new methods or models that more accurately predict the prognosis of patients with SKCM are still needed. To promote the programmed death of melanoma cells has been the direction of clinicians’ efforts. Promoting ferroptosis in melanoma can enhance the sensitivity of melanoma to PD-1 (Guo et al., 2022). Ferroptosis is defined as an iron-dependent and unrestricted form of cell death featured with lipid peroxidation (Dixon Scott et al., 2012). Startlingly, Tsvetkov et al. (2022) recently proposed that copper induces cell death by targeting lapidated TCA cycling proteins, called cuproptosis, which as a novel regulated cell death distinct from apoptosis, necroptosis and ferroptosis (Tang et al., 2022). We conclude that cuproptosis-related genes play a crucial part in the development and prognosis of SKCM.
In our study, we detailedly analyzed the expression of cuproptosis-related differential genes in SKCM and verified them in different stages of SKCM. Their predictive significance in SKCM and their correlation with tumor mutation load and immune function were also analyzed. Firstly, the RNA transcription group data of 469 patients with SKCM was extracted from the TCGA database, and 17 cuproptosis-related genes were selected according to survival analysis of 19 cuproptosis-related genes. Next, RNA transcriptome data for 683 SKCM patients were obtained from GEO and TCGA databases, and 767 cuproptosis-related differential genes related to prognosis of cuproptosis were identified. GO analysis showed that T cell activity, immune receptor activity and external side of plasma membrane were enhanced significantly. Through KEGG pathway analysis, we found that T cell receptor signaling pathway, chemokine signaling pathway, cytokine-cytokine receptor interaction, natural killer cell-mediated cytotoxicity, T cell receptor signaling pathway, B cell receptor signaling pathway and other functions were significantly enhanced. T cell activation is a critical incident both in antiviral and antitumor adaptive immunity (Wang et al., 2022). However, malignant melanoma belongs to the most immunogenic tumor, which can evade T cell recognition by down-regulating tumor associated antigens, defects in antigen processing mechanism, and downregulation of MHC molecules caused by β2-microglobulin mutation, leading to immune evasion (Marzagalli et al., 2019). Moreover, melanoma cells secrete cytokines and chemokines through overactivation of the NF-κB signaling pathway to impede the T-cell targeting of tumor cells (Ellis and Hicklin, 2008; Umansky and Sevko, 2012). NK cells are an important part of initial immunity, which can remove senescent cells and pathogenic microorganisms (Mehta et al., 2018). NK cells are not only more cytotoxic to tumor cells that downregulate MHC expression to evade acquired immunity, but also can directly exert antitumor effects by mobilizing dendritic cells and macrophages and other immune cells or secreting cytokines (Myers and Miller, 2021). At present, new targets and candidate drugs for SKCM immunotherapy are emerging constantly, but most of them are in the early stage, and some of them have unsatisfactory efficacy as monotherapy (Wang et al., 2022). Cuproptosis may play an crucial role in the metastasis and immune escape of melanoma, which could be a new potential target for the therapy of SKCM in the future.
Next, Lasso regression and multi-variable COX regression of 767 cuproptosis-related differential genes were screened out of 7 different differential genes related to cuproptosis. The connection between 7 differential genes and cuproptosis-related genes was verified by relevant analysis. SNAI2 has been implicated in the diseases of melanocytes development and a variety of cancers (Cobaleda et al., 2007). SNAI2 plays a crucial role in regulating T-cell lineages (Pioli et al., 2016) and cancer cell stemness (Chen et al., 2021; Peng et al., 2022), as well as modulating lapatinib resistance in HER2-positive breast cancer (Hamalian et al., 2021) and enhancing 5-fluorouracil sensitivity in colorectal cancer (Findlay et al., 2014). We developed a risk-scoring model for SKCM patients according to seven cuproptosis-related differential genes, using a training set to distinguish between low -risk and high -risk groups. The survival rate of patients in the low-risk group was significantly higher than that in the high-risk group, which was consistent among the training group, test group and all samples group. Importantly, in our risk scoring model, 0.669, 0.669 and 0.685 are ROC values of 1 year, 3 years and 5 years respectively. Indicating that the scoring model can accurately predict the long-term survival outcome of melanoma patients. In addition, we also studied the correlation for the two groups with immune cells, and found that T cells and macrophages were mainly related. This is also consistent with our functional enrichment analysis. Finally, according to the drug sensitivity analysis, we screened 19 drugs with different sensitivities in the two risk groups, which may provide guidance for the treatment of melanoma. Song et al. (2022a), Song et al. (2022b) utilized coagulation and apoptosis related genes to better predict the prognosis and tumor microenvironment of cutaneous melanoma. Although the recent researches on the model of cuproptosis predicting the prognosis of melanoma has shown a good prediction effect, it has not been verified in vivo or in vitro, and the true prediction effect of the model is still uncertain (Liu et al., 2022; Zhou et al., 2022). We further demonstrated the accuracy and reliability of our model by verifying the expression of seven cuproptosis-related differential genes in different stages cutaneous melanoma patients.
Cuproptosis is a new type of cell death, which may be a breakthrough point for SKCM treatment. However, the research has some limitations. First, the mechanism of cuproptosis in SKCM has not been resolved. In addition, the accurate mechanism between cuproptosis and immune cell infiltration is unclear. Second, the data of our prognosis model comes from the public database, and the lack of additional in vivo validation data. Therefore, further basic research and clinical research need to be explored.
CONCLUSION
In conclusion, we suggest that cuproptosis can not only regulate the tumor immune microenvironment but also affect the prognosis of SKCM patients, and may offer a basic theory for SKCM patients survival studies and clinical decision-making with potentially therapeutic drugs.
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During the last decade, the underlying pathogenic mechanisms of acute myeloid leukemia (AML) have been the subject of extensive study which has considerably increased our understanding of the disease. However, both resistance to chemotherapy and disease relapse remain the principal obstacles to successful treatment. Because of acute and chronic undesirable effects frequently associated with conventional cytotoxic chemotherapy, consolidation chemotherapy is not feasible, especially for elderly patients, which has attracted a growing body of research to attempt to tackle this problem. Immunotherapies for acute myeloid leukemia, including immune checkpoint inhibitors, monoclonal antibodies, dendritic cell (DC) vaccines, together with T-cell therapy based on engineered antigen receptor have been developed recently. Our review presents the recent progress in immunotherapy for the treatment of AML and discusses effective therapies that have the most potential and major challenges.
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INTRODUCTION
Acute myeloid leukemia (AML) is a form of leukemia that mostly affects the adult population with most cases occurring in this age group and is diagnosed less frequently in children. First-line chemotherapy has been the mainstay of treatment during the last four decades (Dohner et al., 2010). Despite initial response to first-line treatment and disappearance of symptoms for most patients, only a small fraction achieves prolonged survival due to chemo-resistant relapses. Superior survival has been observed in the patient group undergoing allogeneic hematopoietic stem cell transplantation (allo-HSCT), but these patients only constitute a small fraction of AML cases (Ferrara and Schiffer, 2013; Kadia et al., 2015; Coombs et al., 2016; Short et al., 2018), and the relapse does not seem to decrease with graft-versus-host disease as well as patients with active disease (Vago and Gojo, 2020). Patients who have never achieved complete remission (CR) or relapse within 6 months after achieving a CR have poorer prognosis (De Kouchkovsky et al., 2016).
Immune surveillance is pivotal in suppressing tumor growth and maturation. The immune system can identify the antigens specific to the tumor cells. Nevertheless, the tumor microenvironment fosters immunosuppressive activities and antigen loss that would eventually lead to immune evasion. On the one hand, T-cell surface checkpoint regulators such as cytotoxic T lymphocyte-associated antigen-4 (CTLA-4) and programmed cell death protein 1 (PD-1) have been demonstrated to contribute, at least in part, to these immunosuppressive activities (Gurusamy et al., 2017; Mohme et al., 2017). Enhancement of inhibitory receptors confers robust immune effector response (Deng et al., 2018). Based on this immunosuppression mechanism, CTLA-4 and PD-1 checkpoint blockade therapies have shown outstanding clinical efficacy in killing tumor cells in several solid organ malignancies (Tang et al., 2017). The continued success of immunotherapy in solid tumors has prompted its use in hematologic malignancies, and PD-1 blockade has shown promising preliminary results in classical Hodgkin lymphoma (cHL) (Hodi et al., 2010; Topalian et al., 2012; Robert et al., 2014; Younes et al., 2016). However, patients with other hematological malignancies, such as AML, have shown fewer encouraging results, underlining the need for future studies in these tumor types. On the other hand, to prevent antigen loss, a novel class of immune therapy strategies has been developed, including specific antibodies, dendritic cell (DC) vaccines, chimeric antigen receptor-engineered T cells (CAR-T), T-cell receptor-engineered T cells (TCR-T). Several antibody-based therapies have become the paradigm for treating acute lymphoblastic leukemia (ALL), and several others are being evaluated in clinical studies. Addition of Rituximab, a CD20-directed cytolytic antibody, to first line chemotherapy has demonstrated enhanced efficacy (Levato and Molica, 2018). Autologous CAR-T cell therapy targeting CD19 has shown striking responses, leading to FDA’s approval for the management of precursor B-cell ALL and diffuse large B-cell lymphoma (DLBCL) (Grupp et al., 2013).
Immune checkpoint inhibitors are capable of activating tumor-specific immune cells that are suppressed in the tumor microenvironment (TME). For hematological malignancies such as AML with a maturation and progression pattern different from solid tumors, the mechanisms underlying the activity or inactivity of the immune system may strikingly differ from previous descriptions for solid tumors. Despite the presence of mutual immune evasion pathways, hematological tumors have their unique tolerance mechanisms (Zhang et al., 2009; Zhou et al., 2009; Zhou et al., 2011; Mussai et al., 2013). Moreover, checkpoint blockade has demonstrated greater efficacy in tumors with higher mutation burdens (Ansell et al., 2015; Chalmers et al., 2017; Yarchoan et al., 2017). Characterized by a low mutation burden, AML has only 13 genetic mutations on average in newly diagnosed disease (Cancer Genome Atlas Research et al., 2013), which mean that the immune system has a smaller chance to recognize mutated coding sequences giving rise to neoantigens (Gettinger et al., 2017; Haanen, 2017; Yarchoan et al., 2017). Thus, a better insight into the mechanisms through which immune evasion occurs in AML is fundamental to help evaluate different immunologic strategies for this disease based on study data. In CAR-T therapy, genetically modified immune cells possess new tumor-targeting specificity and efficacy. While the restricted CD19 and CD20 expression profile of ALL patients facilitates successful targeting of these B cell-associated antigens, the heterogeneous tumor antigen expression in a wide array of AML makes it more difficult to select an suitable target antigen (Taussig et al., 2005; Levine et al., 2015). Leukemogenesis has been understood better in recent years (Schwartzman and Tanay, 2015; Greaves, 2016; Ferrando and Lopez-Otin, 2017), and specifically, newly discovered molecular markers have yielded new insight into the pathogenesis of AML. An increasing number of potential markers have been investigated for every immunotherapeutic strategy (Perna et al., 2017; Yang and Wang, 2018). Nevertheless, further clinical research is necessary to ascertain the clinical efficacy.
In the present review, recent advances with regard to immunotherapies for AML will be discussed, various challenges in the field will be looked at, and emerging strategies that may optimize treatment efficacy will be presented.
CHECKPOINT INHIBITOR THERAPY
Targeting immune checkpoints such as CTLA4, PD1 and PD-L1 has produced impressive results across a diverse variety of malignancies including AML through immunoinhibitory signal blockage and CD8+ T-cell activation to initiate a strong antitumor response (Figure 1A).
[image: Figure 1]FIGURE 1 | Mechanisms of cancer immunotherapy. In this review, several immunotherapeutic strategies have been discussed with an emphasis on AML treatment. (A) Checkpoint inhibitors are a new class of immunotherapy that use monoclonal antibodies to modulate inhibitory receptors on T cells to enhance T cell-mediated immune responses. (B) The antibody dependent cell mediated cytotoxicity (ADCC) and complement dependent cytotoxicity (CDC) induced by AML surface antigen-directed antibodies, as well as the effect of an internalized antibody-toxin conjugate result in AML cell death. (C) Dendritic cells are unique antigen-presenting cells (APC) and comprise the main class of APC. Autologous CD14+ monocytes derived from peripheral blood of cancer patients are differentiated with GM-CSF and IL-4/IL-13 into immature DCs in vitro. Thereafter immature DCs are supplied with tumor antigens, that is, whole cell lysates, tumor-associated antigens (TAAs) or neoantigens. These antigen-loaded DCs are further matured and then enhance vaccine-induced immune responses. (D) Chimeric antigen receptors (CARs) are genetically modified receptor proteins with both extracellular antigen binding domain and intracellular signaling domain. With their unique structure, particularly effective cytotoxic activity, as well as antigen binding in an MHC-independent fashion is possible.
CTLA-4
CTLA-4 is an immune inhibitor mainly found on the surface of T cells. Through engaging the co-stimulatory protein CD28, ligation of CTLA-4 and CD80/CD86 occurs. CTLA-4 out competes CD28 and exhibits greater affinity in binding CD80 and CD86, which results in inhibiting T cells (Friedman et al., 2016; Byun et al., 2017; Nishino et al., 2017). The higher expression of CTLA-4 on T cells was detected in peripheral blood from patients with newly diagnosed AML (Chen et al., 2020a). As the first immunosuppressive molecule identified, CTLA-4 has provided an optional treatment approach in addition to conventional chemotherapy. Ipilimumab and tremelimumab as CTLA-4 inhibitors were used to treat patients with different cancers in clinical trials and led to prolonged overall survival (Author Anonymous, 2010; Hodi et al., 2010; Kyriakidis et al., 2021), but with limited off-label use in AML. In several clinical studies, favorable anti-leukemic effect, anti-tumor reactivity for relapsed patients and durable responses were reported (Fevery et al., 2007; Davids et al., 2016). Thus, it is suggested that hematological malignancies be treated with the use of CTLA-4 inhibitor. Ipilimumab produced specific potency in treating relapsed AML patients after HSCT (NCT01822509) (Liao et al., 2019; Vago and Gojo, 2020; Penter et al., 2021) and holds promise in affecting local control for the treatment of AML-related extramedullary (Bakst et al., 2020). However, patients with AML have less response to ipilimumab. Moreover, the rational combinations has potential to improve the efficacy of drugs and ipilimumab plus nivolumab have been approved for the management of metastatic melanoma and several other malignancies (Rotte, 2019). Notwithstanding, the two drugs, when used in combination, showed no improving effect on AML (Greiner et al., 2020) and was more likely to cause infectious complications (Spallone et al., 2022). Non-etheless, clinical investigation is ongoing to determine the potent effects of CTLA-4 inhibitor for AML patients (Masarova et al., 2017).
PD-1/PD-L1
As a potent immune checkpoint protein, PD-1 receptor acts like a “brake” on the immune response (Rizvi et al., 2015; Wolchok, 2015; Im et al., 2016; Gordon et al., 2017; Kamphorst et al., 2017; Kelly, 2017; Eroglu et al., 2018). Blocking this checkpoint by PD-1 inhibitors has resulted in impressive clinical response rates in melanoma (Roboz et al., 2014) and non-small cell lung cancer (Giroux Leprieur et al., 2017), as well as in Hodgkin (Le et al., 2015; Armand et al., 2018) and non-Hodgkin lymphomas (Lesokhin et al., 2016).
AML is characterized by upregulated PD-1 levels expressed on T cells, which is closely related to the treatment and prognosis of the disease (Huang et al., 2019; Tan et al., 2020; Tang et al., 2020). Patients newly diagnosed with AML or those undergoing relapse reported elevated PD-1 levels in peripheral blood (PB) and bone marrow (BM) T cells following front-line treatment, and by contrast, patients in durable remission reported reduced expression levels (Xu et al., 2021a; Brauneck et al., 2021), and TCRβ sequencing revealed clonal expansion in PD-1 positive CD8+ T cells (Feng et al., 2020). The effector function in the BM milieu was reactivated through PD-1, CTLA-4, or TIM3 immune checkpoint pathways (Lamble et al., 2020). PD-L1/PD-L2 are found on the surface of leukemic cells, as demonstrated in several studies (Chen et al., 2008; Berthon et al., 2010). Driver mutations could regulate the expression of inhibitory proteins, for example, PD-L1/PD-L2 overexpression shown in AML cells with NRAS and ASXL1 mutations (You et al., 2022). Similarly, upregulation of PD-L1 was noted in patient cohorts with myelodysplastic syndromes (MDS) harboring TP53 mutations and secondary AML (sAML) (Sallman et al., 2020). Moreover, MDS or AML patients treated with hypomethylating agents (HMA) have also shown elevated PD-1 and PD-L1 expression in peripheral blood mononuclear cells (Yang et al., 2014). The mechanism of immune escape induced by PD-L1 may directly drive Treg cell expansion (Dong et al., 2020). PD-L1 silencing led to significant IFN-γ secretion and proliferation of MiHA-specific CD8+T cells, which was equally effective as PD-1 antibody blockade (van Ens et al., 2020).
Now six PD-1/L1 inhibitors were approved for treatment of lung cancer, melanoma, breast cancer or lymphoma including nivolumab (Opdivo®), pembrolizumab (Keytruda®), atezolizumab (Tecentrip®), avelumab (Bavencio®), durvalumab (Imfinzi®), and cemiplimab (Libtayo®). Immune checkpoint inhibitors (ICIs) confer advantages for solid tumors that are yet to be attained for AML (Chen et al., 2020b). However, the successful therapeutic application of ICIs therapy in solid tumors has inspired its use in hematological malignancies, and the favorable clinical responses achieved in Hodgkin lymphoma are promising. Currently, PD-1 therapy is only applied for patients with relapsed/refractory AML in clinical trials. An increasing number of investigational studies are in progress to assess the efficacy of the anti-PD-1 inhibitor nivolumab. The relapsed AML patients after allo-HSCT showed good response when treated with nivolumab but paid attention to the clinical signs of graft versus-host disease (GVHD) (Albring et al., 2017; Yao et al., 2021). Another study found that HSCT with prior use of nivolumab and/or ipilimumab appears feasible in patients with AML and cyclophosphamide-based GVHD prevention is associated with improved prognosis (Oran et al., 2020).
As we mentioned earlier, combined strategies produced clinical benefits for the treatment of AML. Daver et al. reported promising preliminary results in a study combining azacitidine and nivolumab for adult cohort with relapsed and refractory AML (n = 51) (Naval Daver et al., 2016; Daver et al., 2018). Another phase II study also demonstrated the safety and efficacy of azacitidine plus nivolumab in patients with AML in first salvage status, with HMA naïvety, or with increased CD3+ BM infiltration as assessed by flow cytometry or IHC (Daver et al., 2019). The combination of the two drugs had an acceptable tolerability and produced a favorable response rate in relapsed AML patients, which is associated with the potential mechanism of adaptive T-cell plasticity and genomic alterations (Abbas et al., 2021). In addition, another clinical trial (NCT02397720) is recruiting patients to determine the therapeutic effect of azacitidine and nivolumab with ipilimumab or without ipilimumab in AML patients who were not responsive or relapsed and newly diagnosed elderly patients (>65 years). In a phase II trial (NCT02464657), the use of three drugs (nivolumab, idarubicin and cytarabine) in combination has been proved efficacious in subjects who were newly diagnosed with AML or at high risk of MDS (Ravandi et al., 2019). Moreover, several clinical studies reported the combined effect of azacitidine and other inhibitors on refractory AML, such as pembrolizumab (Zeidner et al., 2021) and avelumab (Saxena et al., 2021) with encouraging clinical activity. The therapy of pembrolizumab combined with decitabine was clinically feasible in patients who were not responding well or relapsed (NCT02996474) (Goswami et al., 2022). Given the small cohort likely to benefit from ICI therapy, further investigation is necessary to explore the mechanism of action. However, not all combinations can improve rates of durable responses for AML patients. The use of avelumab in combination with decitabine in a phase I clinical trial achieved no clinical benefit in AML patients (Zheng et al., 2021), as well as the combination of ipilimumab and nivolumab (Greiner et al., 2020). Nevertheless, several additional trials are ongoing across the globe to assess the clinical efficacy of ICIs combined with induction chemotherapy or hypomethylating agents for immunotherapy of AML (Table 1).
TABLE 1 | Current clinical trials using checkpoint inhibitors for immunotherapy of AML.
[image: Table 1]In addition to CTLA-4 and PD-1/PD-L1, numbers of clinical trials of TIM-3 inhibitors including sabatolimab and TQB2618 for AML are recruiting patients (NCT05426798, NCT03940352, NCT04623216, NCT05367401, NCT03066648). Similarly, TIM-3 inhibitors combined with demethylation drugs (azacitidine or decitabine) is used as the treatment strategy for AML, and one of the clinical trial adopts the combination of spartalizumab (PD-1 inhibitor) and sabatolimab (NCT03066648), which indicates that TIM3 inhibitors will occupy the market in the field of AML in the future.
MONOCLONAL ANTIBODIES THERAPY
Recent studies have identified numerous candidate AML-associated antigens that can be targeted, including CD33 and CD123. By selectively targeting AML specific antigens, monoclonal antibodies have emerged as effective therapeutic agents that can reduce morbidity and mortality. During treatment of AML, monoclonal antibodies can exert their therapeutic effects through selective drug delivery, cell-mediated and complement-mediated mechanisms, and innate immune enhancement. Besides, antibody-drug conjugation combining chemotherapeutic agents or radioactive particles with monoclonal antibodies is also being evaluated to specifically target cells expressing CD33 or CD123. Despite that the immune system is not activated, they can induce cell injuries which may initiate the innate immune system and activate immune defense (Figure 1B).
ANTI-CD33
CD33 is a Siglec receptor protein primarily expressed on leukemic blasts. CD33 expression alone cannot be used as an independent prognostic marker, but low expression of CD33 is often observed in groups with complex karyotypes and translocations, and FLT3-ITD or NPM1 mutations are more prevalent in groups with higher CD33 expression level (Feldman et al., 2005; Pollard et al., 2012; Krupka et al., 2014; Khan et al., 2017). In addition, the endocytosed CD33 makes it a promising target in antibody drug conjugates (ADCs) therapy (Krupka et al., 2014; Laszlo et al., 2016).
The first approved ADC by the FDA is gemtuzumab ozogamycin (GO/Mylotarg) targeting CD33 in 2000 to treat AML (Bross et al., 2001) and was subsequently removed from market due to increased risk of hepatic veno-occlusive disease (VOD) and high mortality (Petersdorf et al., 2013). However, cytotoxic therapy utilizing CD33 has attracted enormous attention because of the remarkable responses in varying patient cohorts receiving GO. New data from a fractionated-dosing schedule for treating newly diagnosed and relapsed/refractory AML led to re-approval of GO (Jen et al., 2018). This was supported by the results that demonstrating decreased number of early deaths, bleeding, low platelet count and VOD while sustaining treatment efficacy (Baron and Wang, 2018). In the phase III ALFA-0701 trial, fractionated doses of GO in combination with daunorubicin and cytarabine (DA) chemotherapy improved event-free survival (EFS) compared to chemotherapy alone (17.3 vs 9.5 months). Moreover, a complete remission (26%) was achieved with GO in relapsed/refractory AML (Lambert et al., 2019). The use of azacitidine and GO in combination in a phase I/II trial for relapsed AML showed good tolerability and achieved a CR of 24% in 12/50 patients (Medeiros et al., 2018). In addition, the renewed knowledge and optimized management regarding VOD risk factors as well as advances in prophylaxis and treatment have promoted the application of GO (Cortes et al., 2020).
ADC linked with pyrrolobenzodiazepine (PBD) dimer is a new strategy for treatment of various cancers (Hartley, 2021). SGN-CD33A is a pyrrolobenzodiazepine (PBD) dimer-based antibody-drug conjugate targeted to CD33. Pre-clinical studies showed that SGN-CD33A was superior to GO in multi-drug resistant AML cell lines as well as in AML patients with poor risk cytogenetics (Kung Sutherland et al., 2013). In an initial phase I study (NCT01902329) designed to assess the safety of the drug, SGN-CD33A used alone resulted in a CR and CRi rate of less than 30% with minimal dose limiting toxicity (DLT) (Stein et al., 2018). SGN-CD33A in combination with a hypomethylating agent yielded a composite CR and CRi rate of 70% (Fathi et al., 2018). In addition, SGN-CD33A in combination with standard 7 + 3 chemotherapy were being assessed in a phase Ib trial (NCT02326584), achieving an encouraging composite CR and CRi rate of 78% (Erba et al., 2016). In this trial, myelosuppression-related side effects were reported in all patients. None of the patients developed VOD, and the 60-day mortality rate was less than 10%. However, due to high mortality rate in the SGN-CD33A-containing arm, the phase III CASCADE trial was discontinued (By The ASCO Post Staff, 2017).
Lintuzumab is a humanized anti-CD33 antibody with a modest single-agent activity against AML. To improve the efficacy, lintuzumab was conjugated to radioactive elements such actinium-225 and bismuth-213. The radio immune conjugates are undergoing clinical investigation in older patients newly diagnosed with AML for whom standard induction treatment is deemed unfit. Actinium-225-lintuzumab was feasible with myelosuppression and no cases of VOD (Finn LE et al., 2017; Rosenblat et al., 2022). Sequential cytarabine and bismuth-213-lintuzumab produced remissions in patients with AML (Rosenblat et al., 2010). Therefore, the conjugate of lintuzumab and actinium-225 or bismuth-213 represents a reasonable treatment option for patients ineligible for intensive chemotherapy.
ANTI-CD123
CD123 is a cytokine receptor widely overexpressed in multiple hematologic cancer cells, especially in leukemic stem cells (LSCs). AML cells with FLT3-ITD or NPM1 mutations are correlated with significantly increased levels of CD123 as compared to AML cells with wild-type FLT3 or NPM1 (Ehninger et al., 2014; Cortes et al., 2018; Cruz et al., 2018). Overexpression of CD123 is associated with high-risk disease characteristics in adult and pediatric AML. CD123 as an important biomarker can be potentially targeted in relapsed or refractory AML (Lamble et al., 2022).
CSL360 is a chimeric monoclonal antibody directed against CD123 and is believed to inhibit proliferation of AML cells (Roberts et al., 2008). However, CSL360 was far less efficacious in patients with relapsed/refractory or high risk AML (He et al., 2015). CSL362 (talacotuzumab), another monoclonal antibody directed against CD123, demonstrated promising activity in AML patients (Xie et al., 2017). However, talacotuzumab alone or in combination with other drugs showed limited efficacy but considerable toxicity in AML patients in recent clinical study (Kubasch et al., 2020; Montesinos et al., 2021). Many preclinical trials have studied various CD123 antibodies, such as CD123 antagonistic peptide (Xu et al., 2021b; Xu et al., 2022) and protein-CD123 fusion antibodies (Tahk et al., 2021), which significantly reduced BM infiltration or enhanced the elimination of AML-initiating cells. SL-401 is a cytotoxin that fuses the diphtheria toxin (DT) to the IL3 ligand. It was the first treatment approved by the FDA for the management of blastic plasmacytoid dendritic cell neoplasms (BPDCN) in adult and pediatric patients 2 years and older (Jen et al., 2020), with good tolerability and a predictable and favorable safety profile (Pemmaraju et al., 2022). Clinical trials have shown that treatment with SL-401 was associated with reduced drug resistance and better prognosis in AML patients at high risk for relapse. It is worth noting that a serious adverse reaction induced by SL-401 had caused capillary leak syndrome leading to one death, which was reported among the cohort in remission with MRD (American Society of Hematology, 2016; Lane et al., 2016).
ANTI-CD3/CD33 OR CD3/CD123 BISPECIFIC ANTIBODY
Bispecific T-cell-engaging (BiTE) antibodies are composed of dual variable regions that simultaneously bind to CD3 on cytotoxic T lymphocytes and tumor cell antigens on malignant cells, activating the effector function, accompanied by release of cytokines and destruction of tumor cells. By means of this strategy, virtually all T lymphocytes can be recruited and directed against leukemic blasts irrespective of its specificity. The preclinical trial proved that CD3/CD33-directed antibody constructs might be utilized as an alternative treatment in AML (Reusch et al., 2016). AMG 330 has been shown to exhibit strong anti-tumor responses both in vitro and in mouse models (Laszlo et al., 2015; Krupka et al., 2016; Jitschin et al., 2018). A clinical trial (NCT02520427) designed to investigate the safety and tolerability of AMG 330 in patients with relapsed/refractory AML is in progress. CD3−CD123-BiTE antibody is another promising therapy for patients with relapsed/refractory AML (Bonnevaux et al., 2021). Additional early clinical studies are ongoing to investigate CD3−CD123-BiTE antibodies, such as XmAb14045 (NCT02730312), and flotetuzumab (MGD006; NCT02152956), a dual-affinity retargeting (DART) molecule.
DENDRITIC CELL VACCINES THERAPY
Cancer vaccines represent a groundbreaking therapeutic approach that employs immune effector cells to eradicate malignant cells. Upon activation of immune signaling, presentation of tumor associated antigens is increased, breaking the tolerance to tumor, and at the same time, immune regulation against autoimmunity is maintained. Dendritic cell (DC)-based vaccines offer the potential of a non-toxic and effective immunotherapeutic strategy. The four most common tumor types can be targeted include melanoma, prostate cancer, glioblastoma and renal cell carcinoma (Germeau et al., 2005; Melero et al., 2014; Anguille et al., 2015; Polyzoidis et al., 2015; Schreibelt et al., 2016). The primary types of cancer vaccines undergoing clinical trials for AML patients are DC-based vaccines (Figure 1C).
WT1 DC VACCINE
AML cells have been shown to express the Wilms’ tumor 1 (WT1) protein and upregulation of this protein is a predictor of poor prognosis in AML and MDS patients (Bergmann et al., 1997; Brayer et al., 2015). The specific antibody targeting WT1 shows a good inhibitory effect on AML, which prompted the conduct of a clinical trial for relapsed/refractory AML (NCT0458012) (Augsberger et al., 2021). In addition, TCR-T cell therapy or CRISPR-Cas9 genome editing tools has a potential strategy for WT1-exprssing AML (Tawara et al., 2017; Chapuis et al., 2019; Ruggiero et al., 2022). WT1 is one principal protein studied for vaccination potential and is currently in the clinical investigation phase. In a phase I/II trial, Tendeloo et al. assessed the DC-WT1 vaccine in 10 AML patients who achieved CR or PR following chemotherapy and were at a high risk of relapse (Van Tendeloo et al., 2010). Subsequently, the clinical results of 66 cancer patients after DC-WT1 vaccination, including thirty AML patients who were at very high risk of relapse, were reported (Table 2, NCT00965224), which proved that WT1-targeted DC-based vaccination is an effective immunotherapeutic strategy to prevent relapse in AML patients (Anguille et al., 2017). In another phase I/II trial (NCT01051063), 5 elderly AML patients observed clinical benefit after receiving WT1 recombinant protein vaccination (Kreutmair, 2022). Moreover, clinical trial found the decrease of the regulatory T cells in 8 AML patients following WT1 peptide-loaded DC vaccination (Ogasawara et al., 2022).
TABLE 2 | Current clinical trials using dendritic cell vaccination for immunotherapy of AML.
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Telomerase is a ribonucleoprotein enzyme that positively expressed in most malignant tumor cells and is critical for increasing proliferative potential of cancer cells (Counter et al., 1995; Zhang et al., 1996; Ohyashiki et al., 1997; Stewart and Weinberg, 2000). Telomerase can be used as an important predictor for AML due to its strong expression in AML patients, particularly in high-risk cytogenetic AML subtypes. A phase II clinical trial (NCT00510133) enrolled a total of 22 patients achieving early or subsequent complete remission at intermediate risk or high risk of AML (Khoury et al., 2017). The relapse free survival achieved in this trial is superior to that reported in previous trials, but further clinical validation of these results is needed. Preclinical models confirmed the improved survival outcome and showed that telomerase was upregulated in AML blasts, and reduced telomerase activity thwarts leukemic cell proliferation and disease relapse after chemotherapy (Bruedigam et al., 2014). The TERT gene variability and telomere length affect risk and overall survival in AML (Dratwa et al., 2021). It was reported that diverse short telomere-related somatic mutations promote transformation to MDS/AML (Schratz et al., 2021). If the same results can be obtained from further clinical trials, hTERT-DCs should soon become a form of safe and effective immunotherapy that can be used to extend relapse-free survival for AML patients in complete remission. The approach would provide promising treatment options that bring new hope to AML patients.
DC-AML FUSION VACCINE
An individualized cancer vaccine strategy was developed by Jacalyn Rosenblatt et al. in which fusion hybrids of autologous dendritic cells and patient-derived AML cells are used to generate antileukemic responses (Rosenblatt et al., 2016). In this phase I/II clinical trial (NCT01096602), a cohort of 17 subjects were responding well to front-line treatment and subsequently received vaccination to target MRD and prevent relapse. The vaccine regimens induced strong T-cell expansion in both PB and BM. Meanwhile, 12 subjects in the cohort undergoing vaccination achieved prolonged survival when followed up to 5 years. These results show that individualized vaccine regimens for AML patients in remission can enhance leukemia-specific T-cell responses and prevent disease relapse.
Cancer vaccines are used to confer protective immunity and enhance tumor antigen-specific T-cell and antibodies. However, clinical outcomes have shown little promise to date. This is largely due to immune suppression in the process of tumor growth, which affects the vaccines’ capability to induce strong and systemic immune responses and functionality of immune responses at the tumor site. Therefore, new approaches have been developed, supported by findings demonstrating that human dendritic cells (DCs) can be cultured in vitro (Steinman and Banchereau, 2007). The success of DC vaccines generated enormous enthusiasm in DC vaccines employing the latest technology. Major efforts have often directed to the origin of DCs. For example, specific subsets of naturally occurring DCs are superior to monocyte-derived DCs in terms of potency and cost-effectiveness. Results from preliminary trials demonstrated safety and feasibility of next-generation DC vaccines employing naturally occurring DC subsets; furthermore, this approach has resulted in superior efficacy. A phase I trial showed that 12 elderly patients with late-stage AML receiving a DC vaccine generate both cellular and humoral immune response (van de Loosdrecht et al., 2018). A phase I/II trial (NCT01146262) showed DC-vaccines with leukemic apoptotic bodies produced a safety and efficacy for the AML patients (Chevallier et al., 2021). On the other hand, a major impediment with regard to DC vaccination is to pinpoint the right antigen to be vaccinated for maximal T-cell effector function, stimulation of memory T-cells, and reducing the expansion of inhibitory subsets. Normal cancer antigens such as WT1 and hTERT loading to AML patients’ DCs are currently under clinical investigation. Another method to improve the immunogenicity of DC is to combine with hypomethylating agents (Nahas et al., 2019) or immune checkpoint inhibitors (Stroopinsky et al., 2021). Future development of cancer vaccines would rely more on multiple antigens or individualized neoantigens to maximize vaccine-based immune responses.
CAR-T CELL THERAPY
CARs, unlike TCRs which interact with HLA molecules, do not need antigen processing or presentation by the HLA peptidome (June et al., 2018), and therefore broadly recognize target antigens independent of HLA background (Figure 1D).
CD19-specific CAR-T cells represent a well-established CAR-T cell therapy with restrictive expression pattern and favorable safety outcome. The promise of anti-CD19 CAR-T cells was immense in ALL, achieving CR in over 90% of B-ALL patients (Davila et al., 2014; Maude et al., 2014). Considering the intense prior treatment: a median of 3 prior intensive chemo regimens with over 1/3 relapsed following allogeneic HSCT, these clinical results are impressive. Anti-CD19 CD28-based CAR-T therapy induced a CR rate of 57% in seven patients with DLBCL with no response to three prior lines of therapy (Locke et al., 2017). The modified CD19 CAR-T cells using the FasT system displayed favorable responses for B-cell ALL in both preclinical study and a phase I trial (NCT03825718) (Yang et al., 2022). CAR-T cell therapy targeting CD19 induces high response rates in B-ALL with central nervous system leukemia (NCT02782351) (Qi et al., 2022). In the context of AML, however, the putative antigens targeted by CAR-T cells must have a restrictive expression pattern to avert destruction of normal myeloid cells. Some targets have been identified in preclinical trials, including natural killer group 2 member D (NKG2D), CD123, CD33, Lewis Y (LeY), CLL-1, etc.
In a phase I study, four patients infused with anti-LeY CAR-T cells were examined to determine the safety and clinical efficacy of adoptive transfer of T cells. The CAR T cells sustained efficacy for up to 10 months post infusion, confirming the feasibility and safety of anti-LeY CAR-T cells in patients with high-risk AML, and demonstrating long-term efficacy (Ritchie et al., 2013). CLL-1 is strongly expressed on AML cells and not detectable on normal HSCs, making it an ideal target in immunotherapy for AML. In a phase I trial that included 10 adult participants with relapsed or refractory AML, chemotherapy coupled with CLL-1 CAR-T cell therapy achieved a CR rate of 70% when followed up to a median period of 173 days, proving that CLL-1 CAR-T cell therapy can mitigate the risk of relapse and improve patient survival (Jin et al., 2022). CLL-1 CAR-T cells with PD-1 knockdown show a successful therapy in patients and represent a feasible immunotherapeutic alternative for treating relapsed or refractory AML (Lin et al., 2021; Ma et al., 2022). Recently, CAR-T cell treatments targeting new potential protein markers (e.g., Siglec-6 and CD70) have been reported. Siglec-6 and CD70 are found on the surface of most AML cells, but are rare or absent in normal BM. Experiments on Siglec-6 and CD70 CAR-T cells in both human and animal models show anti-AML activity and ability to expand and persist (Jetani et al., 2021; Sauer et al., 2021). Based on the CD70 target immunotherapy, the modified CD70-targeted CAR by CD8 non-cleavable hinge method enhance binding capability and expansion, resulting in higher antitumor potency (Leick et al., 2022). Despite the growing number of early-phase studies showing potent antitumor responses of multiple CAR-T cells in recent years, translation into clinical practice and benefits has been slow and challenging. In several early phase clinical trials (Table 3), some adults have received AML CAR-T cell immunotherapy. All NKG2D, CD123, and CD33 have been studied extensively, which are described below.
TABLE 3 | Current clinical trials using CAR T-cell for immunotherapy of AML.
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NKG2D ligands are selectively expressed on monoblastic cells in AML, but absent or weakly expressed on myeloblastic cells and chemotherapy-resistant leukemic stem cells in AML, which avoid NK-mediated killing and cause immune evasion (Diermayr et al., 2008; Paczulla et al., 2019). Therefore, inhibitor-mediated activation of surface NKG2D ligands is a useful approach to immunotherapy of AML. Based on this, bispecific FLT3 antibody system (scFv)/NKG2D-CAR T cells have been designed, effectively eradicating AML cells in preclinical study (Li et al., 2022). NKG2D CAR and IL-15 constitutively expressed enhance the efficacy and significantly prolong the mouse survival in the KG-1 AML model.
The safety and lymphodepleting conditioning chemotherapy in participants with AML/MDS or relapsed/refractory multiple myeloma were assessed in a phase I trial (NCT02203825) with dose escalation design (Baumeister et al., 2019). A NKG2D CAR was constructed by human NKG2D linked to CD3ζ signaling domain. Following the treatment, no dose-limiting toxicities, cytokine release syndrome, or neurological toxicities associated with CAR T cells were reported. No autoimmune disorders or serious adverse reactions were found to be associated with NKG2D-based CAR-T cells. NKG2D CAR-T cells were not expanded or persisted in the majority of patients, which is in agreement with murine models in which repeat infusions are needed to eliminate the tumor completely (Barber et al., 2011). As a highly conserved receptor, NKG2D is less likely to elicit immune responses. Additional CAR trials (NCT03018405) assessing multiple infusions and higher doses are underway to further establish the safety profile of NKG2D CAR therapy (Sallman et al., 2018).
CD123 CAR-T
CD123 is a poor prognostic antigen marker found on AML cells and chemo-resistant leukemic stem cells. Anti-CD123 CAR-T therapy was able to eradicate AML blasts in experiments (Arcangeli et al., 2017). Gene-edited CAR-T cells targeting CD123 are primarily directed against AML cells, with tolerable toxicity to normal cells (Sugita et al., 2022).
An early phase I pilot study sponsored by the University of Pennsylvania (NCT02623582) sought to evaluate autologous T lymphocytes containing anti-CD123 linked to TCR/4-1BB domains in AML patients (Tasian, 2018). Five adult subjects with relapsed/refractory AML were given lymphodepleting chemotherapy prior to the CD123 CAR-T cells infusion. However, this trial was eventually terminated because the regimen had induced little anti-leukemic efficacy and on target/off tumor toxicologic effects had been reported. Another phase I trial also reported preliminary results using lentiviral infected T cells to express a CAR targeting CD123 (NCT02159495). CD123-based CAR-T cell treatment induced complete remission in some participants, who became eligible for a second HSCT. Moreover, other drugs such as demethylating agents can augment immune responses and facilitate clearance of tumor cells by CD123-targeting CAR-T cells (El Khawanky et al., 2021). New CD123-directed CAR-T cells were engineered by the rapidly switchable universal CAR-T platform and retain complete anti-AML potency as well as ensuring improved safety of CD123-based immunotherapy in different applications. Currently, a dose-escalating clinical trial is ongoing to assess the therapeutic benefit of this new study drug (NCT04230265) (Loff et al., 2020). Other clinical trials for CD123 CAR-T cells are ongoing including NCT03766126, NCT03114670, NCT03190278, and NCT03631576.
CD33 CAR-T
The CD33 antigen exhibits high expression levels in AML blasts; however, normal myeloid progenitors also express CD33 antigen, limiting its potential as an immunotherapeutic target for AML (Ehninger et al., 2014). An in vivo NSG mice model experimenting with AML xenotransplantation has reported significant reduction of leukemic burden and prolonged survival (O'Hear et al., 2015).
Worldwide, several other trials of anti-CD33 CAR T cells for the treatment of AML are underway. A safety test of varying doses of CD33-CAR-T cells in patients with CD33+ AML was conducted by the MD Anderson Cancer Center (MDACC) (NCT03126864). The results found that CAR-T cell production was only possible in cohorts with increased lymphocyte levels and decreased blood cells, but along with systemic inflammatory syndrome and neurotoxic effects (Tambaro et al., 2021). Chinese PLA General Hospital is conducting an early phase I trial (NCT01864902) and will assess the safety and feasibility of CD33-engineered lymphocyte therapy in patients with AML that is relapsed or not responding to chemotherapy. After initial treatment, one participant with relapsed AML who had previously received an infusion of CD33 CAR T cells had a noticeable decrease in blast count in BM; however these AML blasts subsequently recovered, and relapse occurred 2 months post infusion (Wang et al., 2015). A preclinical experiment evaluated six CD33 CAR constructs using scFv containing CD3ζ domain and showed antileukemia activity, which results in a clinical trial for relapsed/refractory childhood AML (NCT03971799) (Qin et al., 2021). Additional clinical trials with CD33-CAR-T cell strategies are underway (NCT03927261).
To achieve optimal therapeutic effect, the preferred marker in CAR-T treatment should be present in the majority of cancer cells including the subpopulation of cancer stem cells in a substantial percentage of patients. Moreover, to avoid undesired toxicity, the candidate target should not be present on normal tissues or on CAR T cells to avert unwanted self-elimination of CAR T cells. Without a favorable target such as CD19, it is of critical importance to develop a generalizable and combinatorial targeting approach that allows identification of several promising target pairings in AML CAR-T therapy. It was found that AML cells were associated with overexpression of CD33/TIM3 and CLL1/TIM3 as compared to normal tissues when analyzing the density of CD33, CD123, TIM3, among other antigens, on AML bulk and LSCs at initial diagnosis and relapse (Haubner et al., 2019). Like bispecific antibody, CD33/TIM3 or CLL1/TIM3 may serve as viable targets to improve treatment efficiency while limiting toxicity during CAR-T therapy in AML patients. Meanwhile, CD33/CLL-1 is a preferential generic combinatorial immunotarget in pediatric AML (Willier et al., 2021). Moreover, the combination of CAR-T cells and other drugs such as targeted/chemotherapy agents has synergistic effect on AML (El Khawanky et al., 2021; Li et al., 2022). Also, the feasibility of constructing an antigen specific to AML can be considered by removing CD33 from normal cells to overcome resistance to CD33-directed therapy and realize on-target effects with CAR-T cells (Kim et al., 2018).
TCR-T CELL THERAPY
Similar to CAR-T cells, TCR-T cells is belonged to adoptive cell therapy with antigen-specific T cells, and was successfully adopted and transferred in mice in 1986. TCR-T cell therapy targeting New York esophageal squamous cell carcinoma (NY-ESO)-1 has achieved remarkable clinical benefits in the treatment of solid tumors (D'Angelo et al., 2018; Robbins et al., 2011). TCR-T cell specific for MAGE-A4, HA-1H, WT1 are potential strategies for hematological malignancies (Kageyama et al., 2015; Tawara et al., 2017; van Balen et al., 2020; Vasileiou et al., 2021).
In several clinical trials, WT1-specific TCR-T cells has shown strong clinical responses with tolerated safety for AML patients (Tawara, I. et al. S, 2017). Moreover, numerous clinical trials are underway to evaluate other antigen-specific TCR-T cells in AML. Recently, Kang et al. reviewed the update and challenges of TCR-T for AML. TCR-T exhibits a promising tool for AML patients according to the benefit efficacy of clinical trials. However, the toxicity produced in the treatment process and the persistence of in vivo TCR-T cells should be the urgent problems of TCR-T immunotherapy.
CONCLUSION
In this review, we summarized the recent advances for AML immunotherapies and noted the representative emerging strategies. The immunotherapy as a treatment option for AML patients with relapse has shown great promise. However, several limitations to the AML immunotherapy are limited its application in AML. Immune evasion remains a clinical challenge in effectively implementing immunotherapeutic strategies. AML is a complex disorder associated with distinctive genetic features and accumulation of genetic aberrations. The lower level of mutation load in AML would lead to higher chance of immune escape of the immune system and less neoantigen epitopes when compared to melanoma and other types of solid cancers such as lung cancer. Considering reduced mutation load, a core issue around AML requiring further exploration is the extent of immunogenicity. Therefore, clinical success of immune therapy in AML will depend on at least the following efforts: exploiting immune escape mechanism and identifying specific targets.
AML has a distinct pattern of development and progression, and there is a paucity of data on the mechanisms of immune activation or tolerance. The mechanisms underlying antitumor immune responses are well understood and the strategies of immune evasion employed by solid tumors have been studied extensively. Accumulating evidence suggests that certain immune evasion mechanisms are exclusive to AML despite the fact that PD1/L1, among other immune escape pathways, are shared with solid malignancies. Although currently encountering various obstacles, the progress in exploring the mechanisms by which immune surveillance and evasion take place in AML can be attained via genetically modified AML models reconstructing the disease. Moreover, integrated data on antigens coupled with analytical platforms to screen out truly AML-specific antigen markers are required. Up till now, transcriptome analyses are mainly used for screening candidate AML targets assuming a direct link between mRNA abundance and protein expression. This complex correlation cannot represent the complete set of proteins expressed by the cell, due to numerous factors such as variations in drug metabolism and mechanisms of post-transcriptional regulation. Therefore, integrative analysis of RNA transcripts and proteins should be performed to complement mRNA or protein expression analysis. In addition, coupling advanced proteomics analytical approaches with plasma membrane proteome enrichment will facilitate direct assessment of surface proteins. In summary, because of the heterogeneous nature of AML, each patient may present distinct cytogenetic aberrations and chromosomal rearrangements that require biomarker-specific individualized treatment. Therefore, tailored treatments combining different forms of immunotherapy with chemotherapy and autologous or allogeneic SCT hold immense promise.
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Background: Although the durable efficacy of immune checkpoint inhibitors (ICIs) in BLCA has been confirmed in numerous studies, not all patients benefit from their application in the clinic. Platelets are increasingly being found to be closely associated with cancer progression and metastasis; however, their comprehensive role in BLCA remains unclear.
Methods: We comprehensively explored platelet expression patterns in BLCA patients using an integrated set of 244 related genes. Correlations between these platelet patterns with tumor microenvironment (TME) subtypes, immune characteristics and immunotherapy efficacies were explored. In addition, a platelet risk score (PRS) was generated for individual prognosis and verified the ability to predict prognosis, precise TME phenotypes, and immunotherapy efficacies.
Results: Genes were clustered into two patterns that represented different TME phenotypes and had the ability to predict immunotherapy efficacy. We constructed a PRS that could predict individual prognosis with satisfactory accuracy using TCGA-BLCA. The results remained consistent when PRS was validated in the GSE32894 and Xiangya cohort. Moreover, we found that our PRS was positively related to tumor-infiltrating lymphocytes (TILs) in the TCGA-BLCA and Xiangya cohort. As expected, patients with higher PRS exhibited more sensitive to immunotherapy than patients with lower PRS. Finally, we discovered that a high PRS indicated a basal subtype of BLCA, whereas a low PRS indicated a luminal subtype.
Conclusion: Platelet-related genes could predict TME phenotypes in BLCA. We constructed a PRS that could predict the TME, prognosis, immunotherapy efficacy, and molecular subtypes in BLCA.
Keywords: platelet, bladder carcinoma, immunotherapy, prognosis, tumor microenvironment
INTRODUCTION
Bladder cancer (BLCA) is considered as the 10th commonest malignancy all over the world, leading to approximately 210,000 deaths worldwide annually (Sung et al., 2021). Currently, invasive cystoscopy and tissue biopsy have become the gold standard for BLCA detection and surveillance (Babjuk et al., 2022), and some novel methods show bright prospects, such as urine DNA methylation and urine exosomes assay (Chen et al., 2020; Wei et al., 2022). As for treatment, although neoadjuvant chemotherapy has become the standard of care, the prognoses of advanced BLCAs are still not satisfied due to the insensitivity to this therapy (Patel et al., 2020). Fortunately, urologists found great immunogenicity such as a high tumor mutation burden (TMB) in the BLCA (Patel et al., 2020), which could be coped with immunotherapy, especially including immune checkpoint inhibitors (ICIs) which was considered to have great clinical effect for advanced BLCA (Sharma et al., 2017; Necchi et al., 2018). However, not every patient is sensitive to treatment with ICIs (Bagchi et al., 2021). Therefore, predicting patient response to ICIs is of great significance. The tumor microenvironment (TME) denotes the cancer cells, non-cancerous cells, and their corresponding secreted factors in the tumor (Xiao and Yu, 2021). It can be divided into binary groups according to the appearance of tumor-infiltrating lymphocytes (TILs) (Chen and Mellman, 2017). Inflamed tumors have a high level of TIL infiltration and generally express cytokines that activate immunity, whereas non-inflamed tumors have the opposite characteristics (Chen and Mellman, 2017). Theoretically, ICIs re-invigorated tumor-cytotoxic T cells to inhibit tumor growth in the TME (Duan et al., 2020), thus indicating better efficacy in inflamed tumors. For tumors with limited TILs, patients showed a significantly lower response to ICI treatment (Beer et al., 2017; Quail and Joyce, 2017), while inflamed tumors such as melanoma and renal cell carcinoma show desirable clinical response (Tumeh et al., 2014; McDermott et al., 2018). Thus, discriminating these two phenotypes may contribute to predicting the efficacy of ICIs; in addition, the transformation of non-inflamed tumors into inflamed ones can improve ICI efficacy (Duan et al., 2020).
Platelets, which play a crucial role in coagulation and hemostasis after a mechanical injury to the vasculature, are closely related to cancer progression and metastasis (Schlesinger, 2018). Riess first noted that thrombocytosis was associated with solid tumors over a century ago (Riess, 1872). With the progress of modern biotechnology, recent studies have found that platelets influence TME, cancer progression and metastasis in various ways. Platelets envelop tumor cells by binding to mucins on the surface of cancer cells, which interfere with NK cells’ recognition of tumor cells and physically protect them from NK cells’ attacks (Goubran et al., 2013). Activated platelets can release VEGFA, PDGF and other pro-angiogenic factors to promote blood vessel formation in TME, thereby promoting tumor growth (De Palma et al., 2017). In addition, platelets can produce TGF-β to inhibit the production of IFN-γ, T cell proliferation and promote tumor cell metastasis (Haemmerle et al., 2018). Thus, platelet-related genes may play key roles in cancer progression and immunity (Haemmerle et al., 2018). Von Willebrand factor (VWF), which plays a vital part in platelet adhesion along the endothelium, is involved in cancer metastasis and inflammation (Patmore et al., 2020). Furthermore, protein tyrosine phosphatase non-receptor type 6 (PTPN6) was found to be a negative regulator of the inflammatory cell death pathways that take part in cancer immunity (Speir et al., 2020). In lung tumor model, peroxiredoxin 6 (PRDX6) contributes to tumor growth, which is associated with JAK2/STAT3 pathway (Yun et al., 2015). However, the comprehensive role of platelet-related genes need to be further explored. In this study, we reported that platelets promote an inflamed TME, and constructed a platelet risk score (PRS) to predict the molecular subtypes, precision immunotherapy, and prognosis in BLCA.
MATERIALS AND METHODS
Data sources
We comprehensively downloaded TCGA-BLCA profiles about gene expression, mutation and clinical data from the UCSC Xena (https://xenabrowser.net/). As for sequencing analysis, we prepared both the count value and the fragments per kilobase per million mapped fragments (FPKM). In particular, we obliterated “invalid data” which lacked sequencing or survival information. Finally, 411 tumor samples were screened from the TCGA-BLCA for further analysis. We captured GSE32894 from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) with the “GEOquery” R package. Our own cohort, the Xiangya cohort (GSE188715) which had a sample size of 56 patients, was developed in our previous study (Li et al., 2021).
Unsupervised clustering
In total, we digged out 244 platelet-related genes from the study by Xie et al. (2021). We adopted consensus clustering with a thousand repetitions. Platelet-related genes were showed in Supplementary Table S1.
Pathway enrichment analysis
We comprehensively captured signatures mainly indicating anti-cancer immunity and ICI therapy efficacy from previous studies (Mariathasan et al., 2018; Braun et al., 2020). Moreover, we obtained other therapeutic signatures with corresponding data from the Drugbank, which wasdescribed detailedly in our published article (Hu et al., 2021). In addition, we collected signatures which could indicate the molecular subtypes of BLCA from the existing documents (Kamoun et al., 2020). Subsequently, the sample-level enrichment scores of those signatures were computed.
To sift out differentially expressed genes (DEGs), we performed differential analysis of gene expression and the threshold was set as the absolute log2 fold change (FC) ˃1 with adjusted p-value ˂ 0.05. Information about the GO knowledgebase, the KEGG database and sets of hallmark genes were sourced by the MSigDB (http://www.gsea-msigdb.org/gsea/index.jsp) and analyzed using GSEA (Liberzon et al., 2015).
Tumor immune microenvironment depiction
The previous study concluded the anti-cancer immunity cycle including 7 key steps and displayed the achievements on the tracking tumor immunophenotype (TIP, http://biocc.hrbmu.edu.cn/TIP/), where we downloaded relevant data applied in our own analysis (Li et al., 2021). In addition, to calculate relative abundances of diverse immune cell types, we adopted the ssGSEA algorithm with data from the TCGA-BLCA and our Xiangya cohort based on gene sets reported previously (Charoentong et al., 2017).
Development and validation of a platelet risk score
We first constructed a univariable Cox regression model to screen prognostic genes from colletced platelet-related genes. Afterwards, we narrowed down the prognostic genes using the least absolute shrinkage and selector operation (LASSO) with ten-fold cross validation. Finally, 13 genes were selected, and the Cox proportional hazard regression was used to generate a PRS, carried out by the “glmnet” R package:
[image: image]
We further validated our PRS in external databases including GSE32894 and Xiangya cohort.
Assessment of molecular subtypes of BLCA
BLCA patients were successfully distinguished by diverse criteria of seven molecular subtypes using “ConsensusMIBC” and “BLCAsubtyping” R packages. In addition, we regrouped these subtypes and renamed them after “basal” and “luminal” subtypes withpublished methods (Kamoun et al., 2020). Previous studies provide a detailed description (Hu et al., 2021; Li et al., 2021).
Statistical analysis
The differences between normally distributed continuous variables were evaluated with the t-test. Furthermore, we performed the Wilcoxon rank-sum test. Categorical values were compared using the χ2 or Fisher’s exact test. The Kaplan-Meier method and log-rank tests were used for survival analysis. Pearson’s correlation coefficients were used to evaluate correlations among the variables. Time-dependent receiver operating characteristic (ROC) analysis was set up to evaluate the predictive accuracy of our model. p-values for DEG and GSEA analyses were adjusted using the false discovery rate method. Two-sided p values ˂ 0.05 was set as the criterion of significance. The R version in all our analyses was 4.13.
RESULT
Platelet regulated patterns in BLCA
To determine whether platelet-related genes were comprehensively regulated by a specific pattern in BLCA, we divided patients in TCGA-BLCA into binary clusters, namely, the platelet cluster1 and platelet cluster2 respectively (Figure 1A, Supplementary Figures S1A–SF). Interestingly, survival analysis results showed that patients in platelet cluster2 displayed better survival outcomes than those in platelet cluster1, with p = 0.038 (Figure 1B). Surprisingly, a positive correlation was found between immune activation and cluster1. Further, 2,520 DEGs between these two clusters were finally sifted out (Supplementary Table S2), and then used to generate a volcano plot which indicated that some significant chemokines, including CXCL9, CXCL10, and CXCL11, had increased expression levels in platelet cluster1 (Figure 1C). Further analysis showed that pathways related to cytokines and chemokines were activated in cluster1 (Figure 1D, Supplementary Table S3); hence, we wondered if there was more infiltration of effector immune cells in platelet cluster1. As expected, pathways related to T cells and natural killer (NK) cells were obviously activated (Figures 1E, F, Supplementary Table S2). Furthermore, we performed GSEA for hallmark pathways and observed that the majority of these immune-related pathways were activated in platelet cluster1, including epithelial mesenchymal transition, complement, and apical junction (Figure 1G, Supplementary Table S2), suggesting that platelet cluster1 might represent an immune-activated phenotype relative to platelet cluster2.
[image: Figure 1]FIGURE 1 | Platelet-regulated patterns in BLCA. (A) Unsupervised clustering divided 244 platelet-related genes into two clusters, and (B) Kaplan–Meier plots revealed that the survival probability of patients exhibited sensibly higher in platelet cluster2 than cluster1. (C) The volcano plot showed DEGs between two platelet clusters. (D) Cytokine- and chemokine-related pathways in gene ontology (GO) pathways using gene set enrichment analysis (GSEA) analysis. (E) GSEA analysis revealed that platelet cluster1 showed significant enrichment of T cell-related pathways in GO pathways. (F) T cell-related pathways, chemokine, cytokine and NK cell in Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways using GSEA analysis. (G) GSEA of hallmark pathways between two platelet-regulated patterns.
Description of immune characteristics between two clusters
To determine if platelet cluster1 represented an inflamed TME phenotype and cluster2 represented a non-inflamed phenotype of BLCA, we further identified the differences between these two clusters in cancer immune cycle. Most steps in the cancer immune cycles showed sensibly higher levels in platelet cluster1 than in cluster2, which indicated a greater level of immune activation and immune cell infiltration in the tumor microenvironment in platelet cluster1 (Figure 2A). We performed ssGSEA and observed that a variety of TILs, such as dendritic cells (DCs), macrophages, T cells of different kinds and neutrophils, were significantly higher in platelet cluster1 than in platelet cluster2 (Figure 2B). Overall, these results suggested that platelet cluster1 had an inflamed phenotype that could be responsive to ICI treatment, whereas platelet cluster2 had a non-inflamed phenotype, which could not respond to ICI treatment. A previous study summarized 21 pathways contributing to the prediction of immunotherapy efficacy (Mariathasan et al., 2018), and we observed that almost all these pathways (such as APM signal, cell cycle, DNA replication and so on) were highly regulated in platelet cluster1 (Figure 2C). What’s more, four immune-related signatures were found significantly activated in cluster 1 compared to cluster 2 (Figures 2D–G). These results further support the notion that patients in platelet cluster1 might be responsive to ICI treatment. Unfortunately, the results of unsupervised clustering could hardly explain a single patient’s regulation pattern, as it was conducted based on the population. Therefore, we intended to screen out novel genes and construct a risk score.
[image: Figure 2]FIGURE 2 | Description of immune characteristics between two clusters. (A) Differences in each step of tumor immunity cycle between two platelet-regulated patterns. (B) Different immune cells infiltration status between two platelet-regulated patterns. (C) The heatmap showed that most of twenty-one pathways contributing to immunotherapy efficacy predicting were sensibly upregulated in platelet cluster1. (D–G) Box plots showed the estimation and comparison of four immune-related pathways including IMmotion150 Teff signature (D), IMmotion150 Myeloid signature (E), JAVELIN (F) and tumor inflammation signature (G) between two platelet regulated patterns. The amount of * from one to four means that the corresponding p-value is less than 0.05, 0.01, 0.001, 0.0001, respectively. “ns” means that p values more than 0.05 and the result is of no significance.
Construction and validation of a platelet risk score and its clinical significance
We performed a univariable Cox regression analysis and LASSO with 10-fold cross validation based on 244 platelet-related genes to screen out 14 genes with prognostic value (Figures 3A, B, Supplementary Table S4). In particular, due to KIF26A lacking expression in all other GEO databases, it was removed from these 14 genes. Based on the remaining 13 genes, we constructed a PRS by the Cox proportional hazard regression algorithm. In TCGA-BLCA training cohort, higher PRS corresponded to particularly poorer survival outcomes (Figures 3C, D, p < 0.0001), and an area under the curve (AUC) was approximately 0.68, indicating the accuracy of prognostic prediction was satisfactory (Figure 3E). Then, we used the GSE32894 and Xiangya cohort to validate the prognosis value of PRS. In GSE32894, a higher PRS resulted in poorer survival outcomes (Figures 3F, G, p = 0.00027), with satisfactory predictive accuracy (Figure 3H, AUCs around 0.82). In the Xiangya cohort, a higher PRS corresponded to shorter survival times and poorer survival outcomes (Figures 3I, J, p = 0.027) and the predictive accuracy was also satisfying (Figure 3K, AUC around 0.73). Taken together, these results suggest that our PRS may predict the individual prognosis of patients with BLCA.
[image: Figure 3]FIGURE 3 | Construction and validation of a platelet risk score (PRS) and its clinical significance. (A) Results of LASSO regression based on platelet related genes. (B) Results of ten-fold cross validation. (C) Distribution of patients’ survival status demonstrated that patients with high PRS in TCGA-BLCA exihibit poorer overall survival outcomes. (D) Kaplan-Meier analysis revealed that higher PRS corresponded to particularly poorer survival outcomes in TCGA-BLCA. (E) ROC curves of PRS showed satisfactory predictive accuracy of PRS in TCGA-BLCA cohort. (F–H) The validation of PRS prognosis value in GSE32894. (I–K) The validation of PRS prognosis value in the Xiangya validation cohort.
We further performed multivariable Cox regression analysis on age, gender, grade, tumor stage, and PRS. We observed that age, tumor stage and PRS were independent risk factors for overall survival (Supplementary Figure S2A). In order to quantifying individual risk assessment, we constructed a nomogram with these three parameters (Supplementary Figure S2B). Supplementary Figure S2C demonstrates the consistence between actual outcomes and the predictive overall survival outcomes, indicating a high accuracy of our nomogram. The corresponding AUCs at 1, 3, and 5 years were 0.74, 0.71, and 0.70, respectively (Supplementary Figures S2D–SF).
Platelet risk score for immune cell infiltration evaluation of individual patient
As demonstrated in Figures 2A, B, platelet cluster1 and cluster2 represent the inflamed and non-inflamed TME phenotypes, respectively. We further analyzed the difference of immune infiltration between platelet cluster 1/2 and PRS and found that platelet cluster1 corresponds to high PRS, while platelet cluster2 corresponds to low PRS (Figure 4A). Therefore, we used the PRS to predict individual TILs infiltration based on the 13 platelet-related genes.
[image: Figure 4]FIGURE 4 | Platelet risk score (PRS) for individual patient’s immune cell infiltration evaluation. (A) The connection between platelet cluster 1/2 and PRS. (B) The heatmap showed that in both the TCGA-BLCA and Xiangya cohort, PRS had a positive correlation with most steps of cancer immunity cycle. (C–D) PRS had a positive correlation with immune cells infiltration in TCGA-BLCA (C) and Xiangya cohort (D). (E) The effect genes of five types of tumor-infiltrating immune cells were sensibly upregulated in high PRS group. (F) Our PRS had a positive correlation with 22 ICI-relevant genes (right upper) and 18 TIS genes (left bottom). (G,H) Our PRS had a positive correlation with IMmotion150 T-effector signature (G), IMmotion150 Myeloid signature (H), JAVELIN signature (I), and tumor inflammation signatures (J). (K) Different regulation of immunotherapy related pathways in high and low PRS groups. The amount of * from one to four means that the corresponding p-value is less than 0.05, 0.01, 0.001, 0.0001, respectively. “ns” means that p values more than 0.05 and the result is of no significance.
As expected, in the TCGA-BLCA and Xiangya cohort, PRS had a significantly positive correlation with most steps of tumor immune cycle (Figure 4B, Supplementary Table S5). Furthermore, ssGSEA results showed a positive correlation between TILs infiltration and PRS in TCGA-BLCA and Xiangya cohort, including regulatory T cells, type 2 T helper cells, plasmacytoid dendritic cells, and NK cells (Figures 4C, D, Supplementary Table S5). Our previous studies summarized the effector genes of type 1 helper (Th1) cells, CD8+ cells, NK cells, DCs, and macrophages (Hu et al., 2021; Li et al., 2021), and these genes were all positively correlated with high PRS (Figure 4E). Moreover, PRS had a positive correlation with 22 ICI-relevant genes including CTLA4, CD80 and CD86, as well as 18 TIS genes including CCL5, CD27 and STAT1 (Figure 4F, Supplementary Table S6). For the prediction of immunity therapy efficacy, our PRS showed a significantly positive correlation with IMmotion150 Teff signature (Figure 4G, R = 0.23, p < 0.001), IMmotion150 Myeloid signature (Figure 4H, R = 0.28, p < 0.001), JAVELIN signature (Figure 4I, R = 0.12, p = 0.017) and TIS (Figure 4J, R = 0.21, p < 0.001). Furthermore, a significant upregulation of all 21 immune therapy-related pathways was observed in the high PRS group (Figure 4K).
PRS for predicting molecular subtypes of BLCA and other therapeutic applications
Different molecular subtypes of BLCA exhibit different responsiveness to immunotherapy treatments; a luminal subtype exhibits longer survival time and lower immunotherapy response rates than a basal subtype (Mariathasan et al., 2018; Kamoun et al., 2020). As demonstrated in Figure 5A, BLCA with high PRS stood for a basal subtype enriched for basal differentiation and epithelial-mesenchymal transition (EMT) differentiation pathways, whereas BLCA with low PRS stood for a luminal subtype enriched for urothelial, Ta, and luminal differentiation pathways, which is in accordance with previous results. What’s more, the predictive accuracies of PRS for predicting luminal and basal subtypes were satisfying in both TCGA-BLCA and Xiangya cohort (Figures 5B, C, AUC around 0.85).
[image: Figure 5]FIGURE 5 | PRS for predicting molecular subtypes of BLCA and other therapeutic opportunities. (A) BLCA with high PRS stood for a basal subtype and low PRS stood for a luminal subtype in TCGA-BLCA and Xiangya cohort. (B,C) The predictive accuracies of PRS for predicting luminal and basal subtypes were satisfying in both TCGA-BLCA and Xiangya cohort. (D) As demonstrated in the heatmap, the high and low PRS group had different response to different therapies, according to the DrugBank database. (E) The heatmap demonstrated different regulation of the pathways related to different therapies were differently in high and low PRS groups. (F) The proportion of patients in the high/low signature group who respond to anti-PD-1 therapy in GSE111636.
In addition to predicting immunotherapy efficacy, our PRS could predict other therapeutic opportunities. The heat map demonstrated that the high PRS group had a significantly higher response to chemotherapy, immunotherapy, and ERBB therapy, whereas the low PRS group had a lower response to antiangiogenic therapy, according to the DrugBank database (Figure 5D). As shown in Figure 5E, immune-inhibited oncogenic pathways were upregulated in the low PRS group, whereas EGFR network and radiotherapy-predicted pathways were upregulated in the high PRS group, which indicated that EGFR and radiotherapy treatment could be more suitable for patients with high PRS and immune-inhibited treatment could bring better outcomes for patients with low PRS. As some immunotherapy cohorts lack survival outcomes, so we constructed platelet signature based 13 genes using ssGSEA algorithm. Then we compared immunotherapy (anti-PD-1/PD-L1) response between high and low signature groups in four immunotherapy cohorts. As expected, in GSE111636 (anti-PD-1), 100% of patients in high signature group showed response to immunotherapy, which was significantly higher than that in low signature group (Figure 5F). In another three cohorts (anti-PD-1, GSE165252 and GSE126044; anti-PD-L1, GSE173839), although without statistical significance, there were more response patients in the high signature group than that in the low signature group (Supplementary Figures S3A–C).
DISCUSSION
Platelets, a type of significant blood cell contributing to coagulation and hemostasis, were found to influence cancer progression and metastasis in various ways (Haemmerle et al., 2018). Platelets can aggregate on tumor cells and form a physical barrier to prevent NK cell’s attacks (Goubran et al., 2013). Additionally, various growth factors such as TGF-β and PDGF are released by platelets and promote tumor growth by promoting angiogenesis, inducing the expression of tissue factors and other ways (Tesfamariam, 2016; Saito et al., 2018). In BLCA, scientists have found that the platelet-to-lymphocyte ratio has the potential to predict the efficacy of various therapies (Zhang et al., 2015; Wang et al., 2022; Wu et al., 2022). The diagnosis and prognosis predicting values of hemoglobin-to-platelet ratio, platelet-to-leukocyte, platelet volume and platelet distribution width have been also explored in BLCA (Schulz et al., 2017; Tang et al., 2018; Song et al., 2022a). Thus, platelet-related genes are potential targets of cancer therapy. Xie et al. summarized 480 platelet-related genes, the majority of which were reported to take part in tumor development and tumor immune evasion (Xie et al., 2021). Among these genes, α/β-hydrolase domain-containing 6 (AhBHD6) participates in the migration and invasion of non-small cell lung cancer cells (Tang et al., 2020). Type I and II interferons (IFNs) contributes to restricting anti-tumor immunity by CD+8 T cell exhaustion (Lukhele et al., 2022). Importantly, the downregulation of the tyrosine kinase Lck/Yes-Related Novel Protein (LYN) was reported to prevent breast tumor invasion and metastasis, and ICI treatment combined with anti-LYN therapy might improve the efficacy of ICIs (Fattet et al., 2020; Vlachostergios, 2021). However, few studies have comprehensively analyzed the relationship between platelet-related genes, cancer immunity, and immunotherapy.
Recently, lots of studies concentrating on a single gene revealed the novel mechanism of TME in BLCA, such as ETV4 and HSF1 (Huang et al., 2022; Zhang et al., 2023). Factually, the relationship between the TME and a group of genes has been also extensively studies. Previously, we used 14 cuproptosis-related genes to generate cuproptosis clusters and observed the correlation between those clusters with TME and immunotherapy in BLCA (Li et al., 2022). Zou et al. generated two programmed cell death clusters, and then comprehensively studied the relationship between those two clusters and prognosis and drug sensitivity in triple-negative breast cancer (Zou et al., 2022). Chen et al. identified three pyroptosis modification patterns and their TME immune characteristics in response to three immune phenotypes (Liu et al., 2022). In BLCA, Song et al. divided patients into four distinct iron metabolism patterns that play vital roles in TME regulation (Song et al., 2022b). These studies could uncover the immune evasion mechanism and are beneficial to precise immunotherapy for patients with BLCA. However, no study has systematically correlated platelet-related genes with the TME, prognosis, and immunotherapy efficacy in BLCA. In this research, we generated two platelet clusters with different survival outcomes, TME phenotypes, and immunotherapy sensitivity. Furthermore, we generated a PRS for individual prognosis and tumor immune infiltration prediction.
BLCA has become the 10th most common malignancy worldwide and poses a huge threat to public health (Sung et al., 2021). Approximately 75% of BLCA cases are non-muscle invasive bladder cancers (NMIBC) with a high recurrence rate (Berdik, 2017; Babjuk et al., 2019). Survival outcomes and response to neoadjuvant chemotherapy are worse when NMIBC develops into muscle invasive bladder cancer (MIBC) (Pietzak et al., 2019). Because BLCA is an immunogenic cancer, ICIs show promising survival benefits in some patients (Sharma et al., 2017; Patel et al., 2020). A clinical trial first found that atezolizumab exhibited good tolerability and durable activity in advanced BLCA. Furthermore, this study was the first to correlate TCGA subtypes with responses to immune checkpoint inhibition (Rosenberg et al., 2016). In addition, nivolumab and pembrolizumab were demonstrated to improve the survival outcomes in advanced BLCA (Sharma et al., 2016; Bellmunt et al., 2017). Nevertheless, we observed that not all patients in these researches were sensitive to ICI treatment, which necessitates the use of biomarkers for predicting ICI efficacy.
Recent studies have found that tumors cannot be separated from the low immune surveillance and drug interference provided by the TME (Binnewies et al., 2018; Crispen and Kusmartsev, 2020). More TILs and an immuno-activated microenvironment can enhance the efficacy of ICI treatment in patients with BLCA (Zou et al., 2021). Thus, discriminating inflamed tumors from non-inflamed tumors could contribute to predicting ICI efficacy, and the transformation of non-inflamed tumors into inflamed ones leads to higher ICI efficacy (Duan et al., 2020). Various studies show the correlation of platelets with prognosis and immunotherapy efficacy in colorectal cancer, triple-negative breast cancer, and other cancer types (Xie et al., 2021; Miao et al., 2022). In the present research, we first constructed a PRS for precise prediction of TME phenotypes, and further validated the result in our cohort. In addition, our PRS could directly predict immunotherapy efficacy and other therapeutic opportunities, which are vital for the treatment of patients with BLCA.
The present research had a few limitations. Firstly, prospective studies are needed to compensate for the limitations of our retrospective data. Secondly, further wet experiments should be performed to investigate the underlying mechanisms in detail. Third, batch effects need to be taken into consideration to validate our findings.
CONCLUSION
Platelet-related genes predicted TME phenotypes in BLCA. We constructed a PRS that could predict the TME, prognosis, immunotherapy efficacy, and molecular subtypes in BLCA.
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Immunogenic cell death (ICD) is a novel cell death mechanism that activates and regulates the immune system against cancer. However, its prognostic value in liver cancer remains unclear. Here, several algorithms such as correlation analysis, Cox regression analysis, and Lasso regression analysis were carried out to evaluate the prognostic value of ICD-related genes in patients with liver cancer. Three ICD-related prognostic genes, the prion protein gene (PRNP), dynamin 1-like gene (DNM1L), and caspase-8 (CASP8), were identified and used to construct a risk signature. Patients with liver cancer were categorized into high- and low-risk groups using the ICD-related signature. Subsequently, a multivariate regression analysis revealed that the signature was an independent risk factor in liver cancer [hazard ratio (HR) = 6.839; 95% confidence interval (CI) = 1.625–78.785]. Patient survival was also predicted using the risk model, with area under the curve values of 0.75, 0.70, and 0.69 for 1-, 3-, and 5-year survival, respectively. Finally, a prognostic nomogram containing the clinical characteristics and risk scores of patients was constructed. The constructed ICD-related signature could serve as a prognostic and immunotherapeutic biomarker in liver cancer.
Keywords: liver cancer, immunogenic cell death, prognosis, signature, tumor immune microenvironment
INTRODUCTION
Liver cancer is extremely malignant, and its onset is frequently concealed, with most patients being diagnosed at a late stage. The fatality rate from liver cell cancer has risen steadily over the last few decades (Xu et al., 2022). With the advancement of medical technology, the emergence of novel approaches such as targeted therapy and immunotherapy has considerably increased the survival time of patients with liver cancer (Kalasekar et al., 2021). Sorafenib, for example, remains the only medicine approved for the systemic treatment of advanced hepatocellular carcinoma (HCC), but its efficacy is limited (Li et al., 2021; Wu et al., 2022). As a result, new biological indicators and prediction models are required to accurately predict the immunotherapy response of patients with liver cancer.
Immunogenic cell death (ICD) is a new cell death mechanism that involves the activation and regulation of the immune system against cancer (Zhang et al., 2021). During ICD, dead cells release various substances and antigens to interact with antigen-presenting cells or other immune cells. These immunogenic molecules are called damage-associated molecular patterns (DAMPs). ICD kills cancer cells by triggering specific tumor immune responses (Kim et al., 2021). Notably, Food and Drug Administration-approved ICD-based drugs have been used in treating melanoma and small-cell lung cancer (Markham, 2020; Tzogani et al., 2021). A study demonstrated that disulfiram and copper can synergistically induce ICD in HCC cells by promoting dendritic cell maturation and CD8+ T cell cytotoxicity (Gao et al., 2022). However, there are currently few studies on the prognostic and therapeutic value of ICD signaling in patients with liver cancer. Moreover, a deeper comprehension and investigation of ICD-related molecules can yield novel perspectives and insights regarding the occurrence, treatment, and prognosis of liver cancer.
In this study, we constructed a risk model for liver cancer prognosis based on the differential expression of ICD-related genes. Based on the median cut-off risk score, we divided samples into high-risk and low-risk groups. We also evaluated the risk model’s prognostic prediction capacity using an external cohort. The immune status of the two groups was then assessed. Finally, we combined clinicopathological variables with risk score to develop an effective nomogram for predicting samples survival rates. The detailed flowchart can be seen in Supplementary Figure S1. This model could be useful for predicting the immunotherapy response of patients with liver cancer.
MATERIALS AND METHODS
Identification of ICD-related genes
The Cancer Genome Atlas (TCGA, http://cancergenome.nih.gov/), the University of California Santa Cruz (UCSC, http://xena.ucsc.edu), and Xena Browser (TCGA database version: Data Release 31.0, 29 October 2021) served as the primary sources of patients’ information in this study. Patients with complete clinical and survival information were included in the study, whereas those with incomplete information were excluded. A total of 39 normal samples and 377 liver cancer samples in the TCGA-HCC datasets were extracted from UCSC databases. The GSE65372 (Zhao et al., 2021a) and GSE25097 (Sung et al., 2012) from Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/go/) were used to screen the different genes associated with liver cancer. In addition, 138 ICD-related genes were acquired from Zhang’s report (Zhang and Chen, 2022). The overlap of differentially expressed ICD-related genes in TCGA, GSE65372, and GSE25097 datasets was identified.
Construction of the prognostic signature based on ICD-related genes
Lasso regression analysis was performed to select the prognostic ICD-related genes. The risk score was calculated using the formula: risk score = expression of (ICD-related genes 1) × (β1 of ICD-related genes 1) + expression of (ICD-related genes 2) × (β2 of ICD-related genes 2) + expression of (ICD-related genes 3) × (β3 of ICD-related genes 3) (Tibshirani, 1997). To evaluate the diagnostic and predictive value of the signature, the “survminer” and “TimeROC” R packages were used to plot the receiver operating characteristic (ROC) and the Kaplan-Meier curves (Blanche et al., 2013). Univariate and multivariate regression analyses were also used to verify the predictive value of this risk model. The nomogram for estimating the 1-, 3-, and 5-year survival probability of patients with liver cancer was constructed using the “rms” R package. An alluvial plot was used to confirm the predictive value of the signature in patients with clinical and pathological characteristics of liver cancer. In addition, decision curve analysis (DCA) was performed using the “rmda” R package to confirm the clinical significance of the signature.
Immune analysis
To evaluate the effectiveness of immunotherapy, immune checkpoint blockade was predicted using ImmuCellAI (http://bioinfo.life.hust.edu.cn/ImmuCellAI#!/) (Miao et al., 2020). The tumor purity and proportion of infiltrating stromal/immune cells in the high- and low-risk groups were also determined using the CIBERSOFT (Newman et al., 2015) and TIMER (Li et al., 2016) methods.
Gene set enrichment and functional enrichment analyses
Kyoto Encyclopedia of Genes and Genomes (KEGG) (https://metascape.org/gp/index.html#/main/step1) and Gene Ontology (GO) (https://proteomaps.net/) (Subramanian et al., 2005) were used for signaling pathway enrichment and functional annotation analyses, respectively.
Statistical analysis
All statistical evaluations were performed using the R software (version 4.0.1). Nonparametric tests and one-way analysis of variance were used when necessary. Statistical significance was defined as a p-value < 0.05.
RESULTS
Differential expression and gene ontology analysis of ICD-related genes
Due to the lack of additional datasets containing survival information, we included multiple GEO datasets for the analysis of differential genes to improve the robustness of the study findings. We conducted a differential analysis of ICD-related genes using datasets from three databases: GEO65372, GEO25097, and TCGA-HCC. The results were further intersected, and the resulting Venn diagram is shown in Figure 1A. Supplementary Table S1; Figure 1A present detailed information for the Venn diagram. Five ICD-related genes were preliminarily identified. Next, we performed a correlation analysis and found that the genes CASP8 and DNM1L had the strongest correlation (Figure 1B). The results of differential expression between tumor and normal tissues are shown in Figure 1C. In the TCGA database, all five genes exhibited significant differences. The GO enrichment analysis indicated that these differentially expressed genes were mainly enriched in cellular transition metal ion homeostasis (Figure 1D).
[image: Figure 1]FIGURE 1 | Differential expression of ICD-related genes between normal and liver cancer tissues. (A) The Venn diagram in GSE65372, GSE25097 and TCGA. (B) The heatmap of 5 ICD-related genes in normal and liver cancer tissues. (C) The expression of 5 ICD-related genes in normal and liver cancer tissues. (D) The GO functional analyses in the 5 ICD-related genes. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
Establishment and verification of the ICD-related risk signature
Lasso-Cox regression analysis was used to further analyze the differentially expressed genes, and three genes, PRNP, DNM1L, and CASP8 were found to be statistically significant enough to be used to construct a risk model. The results of the Lasso-Cox regression analysis were also used to generate the risk score for each sample. Because the λ value was 0.04, the three ICD-related genes were used to build a risk model. The risk score was calculated as follows: (PRNP) * (0.007391448) + (DNM1L) * (0.172040796) + (CASP8) * (0.100560488) (Figures 2A, B). The distribution of risk scores and overall survival status (Figure 2C) and Kaplan-Meier curve (Figure 2D) demonstrated that the prognosis of patients in the high-risk group was poorer than that of those in the low-risk group. Table 1 displays the clinicopathological characteristics of patients in the high- and low-risk groups. The ROC curve revealed that the risk score had a strong predictive ability, with area under the curve values of 0.71, 0.66, and 0.61 for predicting 1-, 3-, and 5-year survival, respectively (Figure 2E).
[image: Figure 2]FIGURE 2 | Establishment and verification of a risk signature related to ICD-related genes. (A, B) The Lasso-Cox regression analysis in ICD-related genes. (C) Distribution of risk scores and overall survival status. (D) Kaplan-Meier curves for the overall survival of patients in the high- and low-risk groups. (E) The time-dependent ROC curves supporting prognostic accuracy of the risk score.
TABLE1 | Associations between the signature and patient characteristics in high and low risk groups cohort.
[image: T1]To increase the application of the risk model, clinicopathological patient data and risk scores were integrated to construct a nomogram. The multivariate and univariate Cox regression analyses revealed the M stage, T stage, and risk scores were significantly related to prognosis (Table 2). After merging these parameters, a nomogram was developed, and scores were awarded to each patient (Figure 3A). For example, the clinical information of a patient with HCC was stage M1, T3, approximately 30 years of age, and female. Including the risk score, this patient’s overall score was 161.04. Figure 3A depicts the 1-, 3-, and 5-year patient survival rates. The calibration curves showed that the nomogram accurately predicted the prognosis of the patients (Figure 3B). In addition, Figure 3C depicts the 1-, 3-, and 5-year OS of the patients (HR = 2.34, 95% CI = 1.59–3.46). Figure 3D presents the ROC curve for the nomogram. A high score signified an unfavorable prognosis. Figure 3E depicts the prognosis of patients combined with various influencing factors. DCA curves (Figure 3F) further confirmed the nomogram’s clinical applicability. The nomogram provided greater net benefit than a conventional single clinicopathological characteristic (Figure 3G).
TABLE2 | Univariate and multivariate analyses of risk factors in the cohort.
[image: T2][image: Figure 3]FIGURE 3 | Developing a new nomogram with clinicopathological information (A) The nomogram of the risk model. (B) The calibration curves of the nomogram of risk model. (C) Kaplan-Meier curves for the overall survival of patients in the high- and low-risk groups based on risk model. (D) The time-dependent ROC curves supporting prognostic accuracy of the risk score based on risk model. (E) Sankey diagram showing the connection degree between the clinicopathological information and survival status. (F) The DCA curves of clinical practicability of the nomogram. (G) The nomogram provided greater net benefit (NB) than a conventional single clinicopathological characteristic.
The relationship between the ICD-related risk signature and tumor microenvironment
Immunological ICD treatments have yielded favorable clinical outcomes in recent years (Zhu et al., 2020; Dong et al., 2022). Resultantly, we analyzed immunotherapy checkpoints in the high- and low-risk groups. Figure 4A depicts the correlation between various immunotherapy checkpoints. The link between CD27 and CD48 was the strongest, with a correlation coefficient of 0.89. We analyzed the immune states using several immune scoring methods, such as the TIMER (Figure 4B) and CIBERSOFT algorithm (Figure 4C). The results showed that the expression of multiple immune cells was significantly different between the high- and low-risk groups. Then, we found significant differences in the infiltration of monocytes, CD4-T cells, and NKT (Natural killer T) cells between the high- and low-risk groups (Figure 4D). Similarly, we discovered that there were significant differences in the infiltration of CD4 naive, Trl, nTreg, Th1, Th2, Th17, Tfh, CD8 naive, and central memory cells (Figure 4E). By studying the expression of immunotherapy checkpoints in the patients (Figure 4F), we discovered that the majority of immunotherapy checkpoints were significantly expressed at higher levels in the high-risk group than in the low-risk group, suggesting that the patients in the high-risk group might be more responsive to immunotherapy checkpoint-based therapies.
[image: Figure 4]FIGURE 4 | Risk model based on immune cell infiltration and clinicopathological factors. (A) The correlation hot map between immune check point and risk score. (B) The TIMER scores between the low- and high-risk immune cell group. (C) The CIBERSOFT scores between the low- and high-risk immune cell group. (D, E) The immune cell infiltration between the low- and high-risk group. (F) The immune check point of difference expresses between the low- and high-risk group. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
Biological pathways associated with ICD-related genes
GSEA and KEGG functional analyses were performed to explore the biological mechanisms of the ICD-related genes in the high- and low-risk groups (Figures 5A, B). The top GSEA terms indicated the roles of the ICD-related genes in the regulation of primary bile acid production, ubiquitin-mediated proteolysis, endocytosis, cancer pathway, and RNA degradation. The top KEGG terms indicated the roles of ICD-related genes in the regulation of genetic, metabolic, environmental, and organismal systems.
[image: Figure 5]FIGURE 5 | Biological pathways associated with ICD-related genes. (A) The GSEA functional analyses in the high- and low-risk groups. (B) The KEGG functional analyses in the high- and low-risk groups.
DISCUSSION
The treatment and prognosis of liver cancer have been a major concern for physicians. Despite the development of new antitumor medications, the survival rate of patients with liver cancer remains poor. With the development of the ICD concept, an increasing number of researchers have attempted to induce ICD in liver cancer cells using pharmaceuticals in an effort to treat liver cancer, bringing promise to liver cancer treatment. Several studies have demonstrated that the combination of oxaliplatin and immune checkpoint therapy increases the immunological death of liver cancer cells, resulting in favorable outcomes (Zhu et al., 2020). Other studies have also revealed that cabozantinib induces the death of immune cells and has beneficial therapeutic benefits for patients with liver cancer (Scirocchi et al., 2021). Consequently, computer analysis of the differential expression of ICD-related genes in liver cancer and the development of a prognostic model for liver cancer based on the results of the differential analysis is advantageous in liver cancer treatment and prognosis. In this study, we selected three datasets (GSE65372, GSE25097, and TCGA-HCC) from the GEO and TCGA databases, performed differential analysis, and identified five ICD-related genes with differential expression using a Venn diagram. Then, using the TCGA dataset for validation, we built a prognostic model with three prognosis-related genes. The risk model predicted that the prognosis of patients in the low-risk group was favorable relative to that of patients in the high-risk group. We also found that this model accurately predicted the 1-, 3-, and 5-year survival rates of patients with HCC who underwent surgery. Moreover, the distinct infiltration of immune cells in the high- and low-risk groups may be indicative of distinct immunological microenvironments for various risk models. We then validated the model using the immunohistochemistry public database, further showing the model’s usefulness. We expect that the model will have a broader scope for future applications.
We constructed the risk signature using three mRNAs. PRNP serves as an ICD-related gene as well as an autophagy-related gene. Bioinformatics studies have demonstrated that PRNP contributes to the establishment of an HCC-related prognostic signature, which accurately predicts the prognosis of patients with HCC, thereby shedding light on the potential autophagy mechanisms in liver cell cancer (Chen et al., 2021).Kim et al. (2022) found that cellular prion protein encoded by the PRNP gene increases the risk of recurrence and decreases the survival rate of patients with liver cancer after surgery, as was predicted by the model in our study. There have been numerous studies on liver cell cancer and DNM1L. The liver-specific dynamin-related protein 1 (DRP1; gene name: DNM1L) is a key gene that regulates mitochondrial fission. The high expression of DNM1L is indicative of a poor prognosis for patients with HCC. DNM1L overexpression enhances mitochondrial fission in HCC cells, hence promoting the proliferation of HCC cells (Huang et al., 2016). Similarly, studies on mice have indicated that aerobic exercise decreases the expression of DNM1L in liver cell cancer, influences mitochondrial fission, and inhibits the development of liver cell cancer via the PI3K/AKT pathway (Zhao et al., 2021b). Despite the unsatisfactory efficacy of chemotherapy in the treatment of liver cell cancer, studies have demonstrated that inhibiting DNM1L-mediated mitochondrial fission can further promote apoptosis of liver carcinoma cells, thereby providing strong preclinical evidence for the development of mitochondrial autophagy-based combination therapies (Ma et al., 2020). Consistent with our findings, a study discovered that CASP8, a gene associated with pyroptosis, can contribute to the building of a prognostic signature, and the model can be used to predict the survival of patients with liver cell cancer and their response to immunotherapy (Zheng et al., 2021). Similarly, Boege et al. (2017) found that liver cancer cells with low levels of CASP8 expression had lower invasiveness and poor proliferation ability. Resultantly, patients had favorable overall survival performance, which was the same as predicted by the model in our study.
ICD is a specific type of cell death that can interfere with the antitumor functions of the immune system (Ladoire et al., 2016; Deng et al., 2020; Galluzzi et al., 2020). Discovering ICD-related gene biomarkers may be of benefit to patients with HCC. In our study, we developed a risk model based on ICD and predicted patients’ prognoses. The risk signature classified all patients into high- and low-risk groups, and we discovered that the prognosis of the patients in the high-risk group was considerably poorer than that of those in the low-risk group. The GO and GSEA and GO analysis revealed that genetic information processing had the highest impact in the low-risk group, whereas metabolism had the highest impact in the high-risk group. The GSEA revealed that the primary bile acid production pathway was significantly enriched, and this may serve as a theoretical foundation for the development of ICD-related therapeutic strategies. In addition, recent studies (Dong et al., 2022) have demonstrated that the combination of immune checkpoint therapy plus ICD treatment is one of the most successful treatment strategies available. Additionally, we discovered significant differences in immune checkpoint markers such as PD-1 and PD-L1 between the high- and low-risk groups, indicating that immune checkpoint therapy combined with ICD treatment has considerable potential in the development of treatment strategies for liver cell cancer.
Despite major advances in its treatment, the prognosis for liver cancer remains poor due to drug resistance, recurrence, and metastasis. Combination therapy with immune checkpoint inhibitors and vascular endothelial growth factor inhibitors are currently used as first-line treatment for advanced liver cancer. With the development of immune checkpoint inhibitors-based therapies, there is renewed optimism for patients with liver cancer. Due to the dependence of these treatments on the immune milieu of the tumor, it is vital to study the immunological environment of liver cancer to select the most effective treatment (Hao et al., 2021; Oura et al., 2021). Studies have shown that increased levels of infiltrating immune cells in the tumor microenvironment are associated with higher risks (Ding et al., 2022). Consequently, we studied the immunological microenvironment and the infiltration of diverse immune cells. The high-risk group exhibited a greater infiltration of immune cells relative to the low-risk group. A single-cell sequencing study associated elevated levels of Treg cells with liver cell cancer, providing a new direction for the immunological treatment of liver cell cancer based on its immune microenvironment (Zheng et al., 2017). Our data indicate that immune cell infiltration is positively correlated with risk, and the high-risk group had greater immune cell infiltration. This finding may suggest that immunotherapy may be more effective for patients with liver cell cancer who are at high risk for disease progression. Next, we will verify the validity of the three genes through in vivo and vitro experiments. More clinical and experimental research are required to increase the generalizability of our survival prediction model in clinical practice in the future.
CONCLUSION
A risk model based on the ICD-related genes PRNP, DNM1L, and CASP8 was developed to predict the prognosis of liver cancer. This risk model can also predict the immunotherapy response of patients with liver cancer.
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ACSM6 overexpression indicates a non-inflammatory tumor microenvironment and predicts treatment response in bladder cancer: results from multiple real-world cohorts
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Background: ACSMs play critical roles in lipid metabolism; however, their immunological function within the tumor microenvironment (TME) remains unclear, especially that of ACSM6. In this study, we investigate the latent effect of ACSM6 on bladder cancer (BLCA).
Methods: Several real-world cohorts, including the Xiangya (in-house), The Cancer Genome Atlas (TCGA-BLCA), and IMvigor210 cohorts, with TCGA-BLCA cohort serving as the discovery cohort were compared. We investigated the potential immunological effects of ACSM6 in regulating the BLCA tumor microenvironment by analyzing its correlation with immunomodulators, anti-cancer immune cycles, immune checkpoints, tumor-infiltrating immune cells, and the T-cell inflamed score (TIS). Additionally, we assessed the precision of ACSM6 in predicting BLCA molecular subtypes and responses to several treatments using ROC analysis. To ensure the robustness of our findings, all results were confirmed in two independent external cohorts: the IMvigor210 and Xiangya cohorts.
Results: ACSM6 expression was markedly upregulated in BLCA. Our analysis suggests that ACSM6 might have significant impact to promote the formation of a non-inflamed tumor microenvironment because of its negative correlation with immunomodulators, anticancer immune cycles, immune checkpoints, tumor-infiltrating immune cells, and the T-cell inflamed score (TIS). Additionally, high ACSM6 expression levels in BLCA may predict the luminal subtype, which is typically associated with resistance to chemotherapy, neoadjuvant chemotherapy, and radiotherapy. These findings were consistent across both the IMvigor210 and Xiangya cohorts.
Conclusion: ACSM6 has the potential to serve as a valuable predictor of the tumor microenvironment phenotypes and treatment outcomes in BLCA, thereby contributing to more precise treatment.
Keywords: ACSM6, bladder cancer, tumor microenvironment, immunotherapy, chemothearpy bladder cancer, chemotherapy
INTRODUCTION
According to GLOBOCAN’s 2020 estimates, bladder cancer (BLCA) accounts for approximately 573,278 new cases and 212,536 fatalities worldwide, making it the 10th most frequently diagnosed cancer (Sung et al., 2021). Urothelium carcinoma is the main histological type of BLCA and non-muscle invasive BC (NMIBC) patients account for about 75% of BLCA cases, with obvious heterogeneity and the risk of recurrence and progression to muscle invasive BC (MIBC) (van Rhijn et al., 2009). Therefore, despite the high 5-year survival rate of NMIBC (>90%), most patients have to accept long-term cystoscope monitoring and multiple treatment interventions, resulting in lower quality of life (Catto et al., 2021) and huge medical burden, so BLCA is considered to be the most expensive malignant tumor (Svatek et al., 2014).
Although chemotherapy is commonly used as the first course of treatment for advanced or metastatic BLCA, the discouraging objective response rate and consequent poor five-year survival rate indicate the need for alternative therapies (Liu et al., 2022). Currently, the FDA has only approved FGFR3 inhibitors, PD-1/PD-L1-based immune checkpoint inhibitors, and antibody-drug conjugates for the immunological treatment of BLCA, which are especially suitable for platinum-resistant or non-platinum locally advanced or metastatic urothelial cancer. Recent studies suggest that precision therapy may offer superior efficacy compared with either treatment alone (Morales-Barrera et al., 2020; Chang et al., 2021; Grivas et al., 2021). Considering the limitations of chemotherapeutic drugs and surgery (Feng et al., 2020; Feng et al., 2022a; Feng et al., 2022b), precise and personalized treatment based on biomarkers is also becoming increasingly important for urinary system tumors (Hu et al., 2021a; Hu et al., 2021b; Hu et al., 2022; Cai et al., 2023).
Liposomal coenzyme A synthetase is an enzyme that catalyzes the activation of fatty acids and participates in the 1st step of fatty acid metabolism, which is divided into four categories containing medium-chain acyl-CoA synthetase (ACSM). Primarily, ACSMs are located on human chromosome 16p12, which contains six members: ACSM1–ACSM6. However, the connection between the ACSM family and cancer has rarely been reported, especially for ACSM6.
Through multi-omics analysis, we identified ACSM6 as a novel target for BLCA immunotherapy. We conducted a comprehensive investigation to examine the association between ACSM6 and the tumor microenvironment (TME) in BLCA. Our findings revealed that ACSM6 shaped the non-inflammatory TME in BLCA and enabled the prediction of BLCA molecular subtypes.
METHODS
Data acquisition and preprocessing of three real-world cohorts
We retrieved BLCA mRNA data using the mRNA expression data (FPKM) values and related clinicopathological messages from TCGA (https://portal.gdc.cancer.gov/). The cohort consisted of 410 BLCA samples and 19 normal urothelial tissue samples. Before analysis, the FPKM values in the TCGA cohort were converted to transcripts per kilobase million (TPM).
The cohort used for validation included patients who underwent surgical treatment for BLCA at Xiangya Hospital. The Xiangya cohort comprised 57 BLCA samples and 13 normal bladder epithelial tissue samples. Data from this cohort were uploaded to the GEO database (GSE188715) (Hu et al., 2021a; Hu et al., 2021b).
The IMvigor210 cohort comprised of patients with BLCA who underwent anti-PD-1 therapy as part of an immunotherapy study. The mRNA expression data and corresponding clinicopathological information were obtained under the Creative Commons 3.0 License (Mariathasan et al., 2018).
Describing the immunological features of BLCA TME
Anticancer immunity has a lot to do with the cancer immune cycle, the expression of immunomodulatory factors, the level of infiltration of tumor-infiltrating lymphocytes (TILs), and the expression of inhibitory immune checkpoints in the TME. We collected 122 immunomodulatory factors from previous studies and compared differentially expressed immunomodulatory factors, including chemokines, immunostimulatory factors, receptors, and MHC, in the low and high ACSM6 groups (Charoentong et al., 2017; Hu et al., 2021a; Hu et al., 2021b; Liu et al., 2021; Hu et al., 2022; Cai et al., 2023). Subsequently, we investigated the impact of ACSM6 on the cancer immune cycle, which comprises seven crucial steps that determine how the tumor cells take effect in BLCA (Chen and Mellman, 2013). Consequently, we employed five distinct algorithms: TIMER, CIBERSORT-ABS, xCell, quanTlseq, and MCP-counter, to calculate the correlation between the level of TIL infiltration and the expression of ACSM6 in the TME (Newman et al., 2015; Becht et al., 2016; Li et al., 2016; Xu et al., 2018; Finotello et al., 2019; Li et al., 2020). Additionally, we studied the relation between ACSM6 and the corresponding effector genes of the TILs. Furthermore, we examined the correlation between ACSM6 expression and 22 common immune checkpoint inhibitors (ICIs), such as PD-1, PD-L1, CTLA-4, and LAG-3 (Auslander et al., 2018). Finally, we examined the TIS in the TME, its related effector genes, and its effect on the clinical response to immune checkpoint blockade (ICB) (Ayers et al., 2017).
Predicting BLCA molecular subtypes and treatment response
Owing to the high heterogeneity of BLCA, the treatment response and prognosis of different types are different. There are several molecular classification systems for BLCA, including TCGA, Baylor, UNC, Lund, CIT, MDA and Consensus classification systems (Sassoli et al., 2019). In this study, we used the BLCA subtyping R software package and Consensus MIBC to predict the molecular subtype system and describe the correlation between ACSM6 expression and specific markers of the molecular subtypes. The accuracy of ACSM6 in predicting BLCA molecular subtypes was evaluated using ROC curves. We also evaluated differences in neoadjuvant chemotherapy-related mutations between the high and low ACSM6 groups. Additionally, we explored the prognosis of several treatments such as immunotherapy, targeted therapy, and radiotherapy. Finally, we collected and analyzed drug target genes from the Drug Bank database.
Statistical analysis
We calculated Pearson’s or Spearman’s coefficients to identify correlations between variables. The t-test was used to compare the differences between binary groups for normally distributed variables, whereas the chi-square test or Fisher’s exact test was used for categorical variables. Statistical significance was determined using a two-sided p-value of <0.05. We evaluated the accuracy of the molecular subtype prediction using ROC curves. Statistical analyses and visualizations were conducted using R software version 4.2.2.
RESULT
The immunological function of ACSM6 in pan-cancer analysis
The immunological role of ACSM6 was determined and the cancer types most affected by ACSM6 were screened using pan-cancer analysis. Figure 1A shows the relationship between ACSM6 expression and immunomodulatory factors in various cancer types. We found that in most cancers, ACSM6 was positively correlated with a variety of immunomodulatory factors. However, in BLCA, ACSM6 was negatively correlated with a variety of immunomodulatory factors, including chemokines, receptors, MHC, immunosuppressants, and immunoactivators. Subsequently, we examined the correlation between ACSM6 expression and several pivotal immune checkpoints. Notably, negative associations were observed between ACSM6 and four immune checkpoints in BLCA: CTLA-4, PD-L1, PD-1, and LAG-3 (Figures 1B–E). Furthermore, we found that ACSM6 was inversely related to the ESTIMATE, immune, and matrix scores in BLCA (Figures 2A–C). In summary, ACSM6 is a potential biomarker for predicting tumor microenvironment status in BLCA. In BLCA, high ACSM6 expression may lead to a non-inflammatory TME because of decreased immunomodulatory factors, immune cells, immune checkpoints, and stromal cells in the TME.
[image: Figure 1]FIGURE 1 | Immunological characteristics in pan-cancers correlated with ACSM6. (A) Correlation of ACSM6 with immunomodulators, including chemokines, receptors, MHC, and immunostimulators. (B–E) Correlation of ACSM6 expression with PD-L1, CTLA-4, PD-1, and LAG-3.
[image: Figure 2]FIGURE 2 | (A–C) Correlation between ACSM6 expression and TME scores, including ESTIMATE, immune, and stromal scores.
ACSM6 is related to the non-inflammatory tumor microenvironment of BLCA
ACSM6 was highly expressed in the Xiangya cohort (Figure 3A) and was negatively correlated with multiple immunomodulatory factors (Figure 3B). Most chemokines, including CCL24, CCL26, CXCL9, CXCL10, and CCL8, were significantly reduced in the high ACSM6 group, and immune activators, including TNESF9, TNFRSF18, and TNFRSF8, were negatively correlated with ACSM6. Vast major steps in the tumor immune cycle in the high ACSM6 group were downregulated, including cancer cell antigen release, immune cell activation and recruitment, and cancer cell killing (Figure 3C).
[image: Figure 3]FIGURE 3 | In BLCA, the tumor immune microenvironment correlates with ACSM6 expression. (A) ACSM6 was highly expressed in the Xiangya cohort. (B) ACSM6 expression is different in different tissues in BLCA. (C) ACSM6 expression is different in various steps of the anti-tumor immune cycle. (D) ACSM6 expression correlates with infiltration levels of five tumor-infiltrating immune cell types (TIICs), as measured by various algorithms. (E) High- and low-ACSM6 tissues in BLCA show differential expression of effector genes of the five TIICs mentioned above. (F) ACSM6 expression correlates with 20 inhibitory immune checkpoints in BLCA.
To further verify the relation between ACSM6 and TILs in the TME, we used five independent algorithms to calculate the infiltration levels of TILs. Results showed that ACSM6 expression negatively had to do with the infiltration levels of NK cells, CD8+ T cells, macrophages, Th1 cells, and dendritic cells (Figure 3D). Additionally, ACSM6 negatively correlated with TIL effector genes, including NK cells, CD8+ T cells, macrophages, dendritic cell-related genes, and Th1 cells (Figure 3E). Furthermore, the relationship between ACSM6 and immune checkpoint inhibitors in the TME was explored, which showed that ACSM6 negatively had to do with the most common immune checkpoint inhibitors, including C10orf54, CD86, CTLA4, HAVCR2, LAG-3, and PVR (Figure 3F). Additionally, ACSM6 negatively had to do with the TIS and its related TIS effector genes (Figures 4A, B). Collectively, these results demonstrate that ACSM6 promotes a non-inflammatory TME in BLCA.
[image: Figure 4]FIGURE 4 | In BLCA, ACSM6 expression predicts molecular subtype and response to multiple therapies. (A, B) ACSM6 expression correlates with tumor immune subtype and their corresponding effector genes. (C) ACSM6 expression correlates with molecular subtypes as defined by seven different subtyping systems. (D) ROC analysis demonstrates the prediction accuracy of ACSM6 for molecular subtypes using different systems. (E) Mutational profiles of neoadjuvant chemotherapy-related genes differ between low- and high-ACSM6 tissues. (F) ACSM6 expression correlates with enrichment scores of therapeutic signatures. (G) ACSM6 expression correlates with drug-target genes for various therapies.
ACSM6 predicts molecular subtypes and drug sensitivity
Notably BLCA is a highly heterogeneous tumor and different molecular subtypes exhibit different sensitivities to different treatment regimens. Consequently, we distinguished the expression of ACSM6 among the BLCA molecular subtypes in TCGA. As shown in Figure 4C, patients with low ACSM6 expression developed the basal subtype, which characterized in EMT differentiation, basal differentiation, keratinization, and immune differentiation. Conversely, people with high ACSM6 expression were classified into the luminal/differentiated subtype, exhibiting Ta pathway and urothelial and supraluminal differentiation. Furthermore, ROC analysis was employed to evaluate the predictive precision of ACSM6 for molecular subtypes, with the area under the ROC curve ranging from 0.81 to 0.95 (Figure 4D).
Additional investigation of the association between ACSM6 and neoadjuvant chemotherapy (NAC) revealed that the low expression group of ACSM6 better turned to carry mutations related to NAC, such as ERBB2 (15%), RB1 (26%) and ATM (10%). Additionally, the high expression group of ACSM6 had higher mutation rates in ATM (16%), RB1 (9%), and ERBB2 (8%) (Figure 4E). Importantly, RB1 chemotherapy-related mutations were significantly higher in the low ACSM6 group, indicating that tumors with low ACSM6 expression were more likely to be sensitive to NAC. In addition, in the low ACSM6 group, the radiotherapy prediction pathway and EGFR ligand enrichment scores were higher (Figure 4F). Furthermore, the high ACSM6 group exhibited significantly higher enrichment scores for some immunosuppressive and carcinogenic pathways, including IDH1, WNT-β-catenin pathway, and PPARG co-expressed genes, suggesting the presence of a non-inflammatory TME in BLCA. Moreover, we utilized the Drug Bank database to identify the sensitivity of different groups to various therapies. Our results indicated that the low ACSM6 group was more responsive to immunotherapy and ERBB therapy, while the high ACSM6 group was more responsive to anti-angiogenesis therapy (Figure 4G). Overall, patients with low ACSM6 expression could be treated with adjuvant chemotherapy, neoadjuvant chemotherapy, immunotherapy, or ERBB.
Validation of ACSM6 in Xiangya cohort
We performed additional analyses to explore the clinical significance of ACSM6 expression in the Xiangya cohort. ACSM6 was negatively associated with multiple key steps in the anticancer immune cycle, particularly the release of cancer cell antigens and the recruitment of immune cells (Figure 5A). Similarly, ACSM6 was negatively associated with various ssGSEA immune cells including activated dendritic cells, macrophages, natural killer cells, regulatory T cells, and T follicular helper cells (Figure 5B). Subsequently, ACSM6 levels were negatively associated with immune checkpoints in the Xiangya cohort (Figure 5C). Additionally, it was confirmed that ACSM6 was negatively related to the expression of effector genes in T cell activation scores, including CXCL9, LAG-3, and PDCD1LG2 (Figure 5D). In good line with the prediction of BLCA subtypes by TCGA, the high ACSM6 group in the Xiangya cohort better turned to be the luminal subtype, while the low ACSM6 group better turned to be the basal subtype (Figure 6A). Furthermore, ACSM6 exhibited higher accuracy in predicting the BLCA molecular subtypes (Figure 6B). Notably, the high ACSM6 group better turned to be effected by immunosuppressive tumor therapy (Figure 6C).
[image: Figure 5]FIGURE 5 | Validation of the prediction accuracy of ACSM6 for molecular subtypes and response to therapies in the Xiangya Cohort. (A) ACSM6 expression correlates with different steps of the anti-cancer immune cycle. (B) ACSM6 expression correlates with multiple ssGSEA immune cells. (C) ACSM6 expression correlates with 20 immune checkpoints. (D) ACSM6 expression correlates with TIS-related genes.
[image: Figure 6]FIGURE 6 | ACSM6 expression correlates with TIS-related effector genes. (A) ACSM6 expression correlates with seven different molecular subtyping systems. (B) The molecular subtype prediction accuracy of ACSM6 is evaluated. (C) ACSM6 expression correlates with enrichment scores of therapeutic signatures.
ACSM6 predicts the clinical efficacy of ICB
We investigated the predictive value of ACSM6 for the clinical response to ICB in the IMvigor210 cohort. In the Xiangya cohort, we observed a negative correlation between ACSM6 expression and several critical steps in the cancer immune cycle, which was consistent with our findings (Figure 7A), suggesting that when ACSM6 is highly expressed, TIL infiltration in TME is downregulated (Figure 7B). Additionally, a negative correlation was observed between ACSM6 expression and the expression of several ICI and TIS genes (Figures 7C, D). Furthermore, high ACSM6 expression predicted the luminal subtype of BLCA, which was in line with the findings in TCGA cohort (Figure 8A). The area under the ROC curve for predicting molecular subtypes was between 0.72 and 0.97 (Figure 8B). In addition, we found that the enrichment score for the radiotherapy prediction pathway in the low ACSM6 group was higher (Figure 8C).
[image: Figure 7]FIGURE 7 | Validation of prediction for low immune infiltration and molecular subtypes by ACSM6 in the IMvigor210 cohort. (A) ACSM6 expression correlates with different steps of the anti-cancer immune cycle. (B) ACSM6 expression correlates with several immune-related cells. (C) ACSM6 expression correlates with immune checkpoint inhibitors effector genes. (D) ACSM6 expression correlates with TIS-related genes.
[image: Figure 8]FIGURE 8 | Correlations between ACSM6 and seven molecular subtype systems, three immune phenotypes and the clinical response of tumor immunotherapy in the desert group. (A, B) ACSM6 expression correlates with seven different molecular subtyping systems, and its prediction accuracy is evaluated by ROC analysis. (C) ACSM6 expression correlates with enrichment scores of therapeutic signatures. (D) ACSM6 expression shows differential expression in different immune checkpoint groups. (E) ACSM6 expression shows differential expression in different IC groups. (F) ACSM6 expression shows differential expression in three immune phenotypes: the desert, excluded, and inflamed. (G) ACSM6 expression correlates with the clinical response of tumor immunotherapy in the desert group.
We conducted immunohistochemistry (IHC) on the IMvigor210 cohort to identify PD-L1 expression in immune and cancer cells. We classified the immune and cancer cells into three groups based on their PD-L1 expression levels. We observed significant ACSM6 expression in the TC0 and IC0 groups (Figures 8D, E). In addition, ACSM6 was highly expressed in the non-inflammatory TME compared to that in the inflammatory TME (Figure 8F). Furthermore, we compared ACSM6 expression in different ICB clinical responses. In spite of lower ACSM6 expression in patients with complete remission (CR) in the non-inflammatory TME, ACSM6 expression was higher in patients with progressive disease (PD), stable disease (SD), and partial remission (PR). However, no significant differences were observed between these groups (Figure 8G).
DISCUSSION
This study found that ACSM6 may act as a potential molecular biomarker for assessing the tumor microenvironment status in various types of cancer, particularly in BLCA and thymoma, and may lead to the formation of a non-inflammatory TME in BLCA. Moreover, ACSM6 can be used to predict the BLCA molecular subtypes. Low ACSM6 expression was observed in the basal subtype and exhibited higher sensitivity to ICB immune infiltration levels. Furthermore, patients with low ACSM6 expression were likely to respond better to neoadjuvant chemotherapy, adjuvant chemotherapy, and ERBB treatment.
ACSM6 is a member 6 of the acyl-CoA synthase middle-chain family; as a new member, no related research has been conducted. However, ACSM3, which belongs to the same family, has been found to be associated with tumor progression. The expression of ACSM3 is significantly reduced in hepatocellular carcinoma tissues and is associated with the late stage and poor survival rates of hepatocellular carcinoma (Boomgaarden et al., 2009). Overexpression of ACSM3 is able to weaken the migration and invasion of hepatocellular carcinoma cells (Ruan et al., 2017; Ruan et al., 2021). ACSM3 also has been reported to suppresses the pathogenesis of high-grade serous ovarian carcinoma via promoting AMPK activity (Yang et al., 2022). In addition, krüppel-like factor 10 can upregulate ACSM3 via the PI3K/Akt signaling pathway to inhibit the malignant progression of melanoma (Zhao et al., 2022). These reports indicate that ACSM3 has a high probability of inhibiting tumors. ACSM1 (Guo et al., 2022) and ACSM5 (Ruan et al., 2021) have been reported to be associated with the progression of prostate and thyroid cancers, respectively. ACSM1 is usually used as a molecular marker of apocrine carcinoma of the breast (Celis et al., 2009). ACSM4 is associated with poor prognosis of triple-negative breast cancer (Alsaleem et al., 2020). However, there are few related studies.
This study has some limitations. First, all results were from bioinformatics analyses, and no in vivo or in vitro experiments were conducted to investigate the possible mechanisms. Second, although our results were robust in the Xiangya cohort, the small sample size (57 patients) cannot be ignored. Third, grouping into high- and low-expression categories was based on the median ACSM6 mRNA expression, which might have certain limitations, and an ideal cutoff value was not identified. Therefore, this must be verified using additional tumor tissue data and experiments.
CONCLUSION
Our study showed that the presence of ACSM6 plays the promotion to the development of a non-inflammatory TME in BLCA, which in turn results in resistance to tumor immunotherapy. ACSM6 may be a predictor of BLCA molecular subtypes, suggesting a better prognosis treatment.
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Cuproptosis/ferroptosis-related gene signature is correlated with immune infiltration and predict the prognosis for patients with breast cancer
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Background: Breast invasive carcinoma (BRCA) is a malignant tumor with high morbidity and mortality, and the prognosis is still unsatisfactory. Both ferroptosis and cuproptosis are apoptosis-independent cell deaths caused by the imbalance of corresponding metal components in cells and can affect the proliferation rate of cancer cells. The aim in this study was to develop a prognostic model of cuproptosis/ferroptosis-related genes (CFRGs) to predict survival in BRCA patients.
Methods: Transcriptomic and clinical data for breast cancer patients were obtained from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases. Cuproptosis and ferroptosis scores were determined for the BRCA samples from the TCGA cohort using Gene Set Variation Analysis (GSVA), followed by weighted gene coexpression network analysis (WGCNA) to screen out the CFRGs. The intersection of the differentially expressed genes grouped by high and low was determined using X-tile. Univariate Cox regression and least absolute shrinkage and selection operator (LASSO) were used in the TGCA cohort to identify the CFRG-related signature. In addition, the relationship between risk scores and immune infiltration levels was investigated using various algorithms, and model genes were analyzed in terms of single-cell sequencing. Finally, the expression of the signature genes was validated with quantitative real-time PCR (qRT‒PCR) and immunohistochemistry (IHC).
Results: A total of 5 CFRGs (ANKRD52, HOXC10, KNOP1, SGPP1, TRIM45) were identified and were used to construct proportional hazards regression models. The high-risk groups in the training and validation sets had significantly worse survival rates. Tumor mutational burden (TMB) was positively correlated with the risk score. Conversely, Tumor Immune Dysfunction and Exclusion (TIDE) and tumor purity were inversely associated with risk scores. In addition, the infiltration degree of antitumor immune cells and the expression of immune checkpoints were lower in the high-risk group. In addition, risk scores and mTOR, Hif-1, ErbB, MAPK, PI3K/AKT, TGF-β and other pathway signals were correlated with progression.
Conclusion: We can accurately predict the survival of patients through the constructed CFRG-related prognostic model. In addition, we can also predict patient immunotherapy and immune cell infiltration.
Keywords: cuproptosis, ferroptosis, BRCA, prognosis, immune
INTRODUCTION
Breast cancer is the most common cancer in women worldwide (Dumas et al., 2020) and seriously endangers women’s lives and health. There were approximately 2.3 million new cases and 685,000 deaths in 2020 (Lei et al., 2021). Breast cancer is a significantly heterogeneous cancer (Yeo and Guan, 2017), and with the continuous development of treatments in the form of surgery, chemotherapy, radiotherapy, targeted therapy, endocrine therapy, etc. (Singh et al., 2021), the survival of breast invasive carcinoma (BRCA) patients has improved. However, some patients still face the risk of recurrence and death. Currently known clinical, pathological and molecular features cannot accurately predict the prognosis of patients; thus, we still urgently need new prognostic markers to evaluate the prognosis of patients and to guide treatment.
Cuproptosis (Tang et al., 2022) and ferroptosis (Dixon et al., 2012) are novel cell death modes that do not depend on apoptotic pathways. The main cause of ferroptosis is the continuous generation of lipid reactive oxygen species (ROS) caused by excessive intracellular iron (Wang et al., 2022). Once ROS levels exceeds the ROS ability to resist oxygen, the ROS will produce oxidative stress, which will damage mitochondria, the endoplasmic reticulum and nucleic acids in cells and finally lead to cell death. Studies have shown that abnormal regulation of ferroptosis is closely related to the occurrence of various human diseases, including ischemic organ damage (Yan et al., 2020), neurodegeneration (Jakaria et al., 2021) and tumors (Mou et al., 2019). However, induction of ferroptosis can prevent malignant progression of tumors in patients, inhibit conventional therapy-resistant cells, and enhance the effectiveness of immunotherapy (Xu et al., 2021). Interestingly, Suppressor of fused homolog (SUFU) inhibits ferroptosis sensitivity in breast cancer cells through the Hippo/YAP pathway (Fang et al., 2022). Cuprotosis is the latest form of programmed cell death to be discovered. Maintaining an adequate amount of copper plays an important role in maintaining function and homeostasis in all living organisms. Excess copper will interact with fatty acylated components in the tricarboxylic acid (TCA) cycle, resulting in abnormal aggregation of fatty acylated proteins and loss of Fe-S cluster proteins (Tsvetkov et al., 2022), at which point proteotoxic oxidative stress is activated, causing cells to undergo “copper toxicity,” which in turn leads to cell death (Li S-R. et al., 2022). In addition, this inhibition of the TCA cycle can affect ferroptosis. Thus, through the TCA cycle, both cuproptosis and ferroptosis can be affected (Gao et al., 2019).
In this study, we innovatively linked cuproptosis and ferroptosis. The CFRGs that can predict OS in BRCA patients were screened out by means of bioinformatics, and a proportional hazards regression model was constructed. Based on this model, we can effectively predict the prognosis of patients and help them personalize their treatments.
MATERIAL AND METHODS
Data resources
The necessary data were acquired from The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/), comprising of RNA-sequencing (RNA-seq) data, clinical information, and simple nucleotide variation data from a total of 1182 BRCA patients. Fragments per kilobase million (FPKM) was selected for mRNA expression profiling. We also acquired RNA-seq data and clinical information from the National Center for Biotechnology Information (NCBI) Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/, ID: GSE20685, GSE42568, GSE58812). Specifically, GSE20685 contained RNA-seq and clinical data of 327 breast cancer samples, GSE42568 contained RNA-seq and clinical data of 104 breast cancer samples and 17 normal breast samples, and GSE58812 contained RNA-seq and clinical data of 107 breast cancer samples. To ensure uniformity, the mRNA expression data in the TCGA and GEO databases were transformed into transcripts per million (TPM) data by log2 transformation. We downloaded a total of 65 ferroptosis-related genes from the Molecular Signatures Database (MSigDB, http://www.gsea-msigdb.org/gsea/msigdb/) and an additional 19 cuproptosis-related genes from the literature (Tsvetkov et al., 2022) (Ren et al., 2021) (Tao et al., 2021) (Selvaraj et al., 2005).
CFRG identification based on GSVA and WGCNA
GSVA is an algorithm used to analyze gene expression data and functional annotation. It can display the differences in samples on different gene sets by calculating gene set scores. The algorithm does not require standardization and is very fast, so it is widely used in biomedical research. A GSVA of the GSE42568 samples was performed on ferroptosis and cuproptosis genomes to obtain ferroptosis and cuproptosis scores, respectively. The hub genes were screened by weighted gene coexpression network analysis (WGCNA) based on their scores. Scale-free and average connectivity analyses were performed on modules with different power values using the PickSoftThreshold function to set the soft threshold power to 5. Then, the corresponding dissimilarity matrix (1-TOM) and topological overlap matrix (TOM) were obtained. Pearson correlation analysis was performed on coexpression modules with cuproptosis and ferroptosis scores after TOM.
X-tile software is a software designed by Yale University to calculate the optimal cutoff value for survival curves. We calculated the optimal cutoff values for the cuproptosis score and ferroptosis score in the TCGA cohort with this software and divided the scores into high- and low-score groups, respectively. Subgroups with both high and low scores for both cuproptosis and ferroptosis were selected. According to specific criteria (|log2FC| ≥ 1 and FDR<0.05), the “DeSeq2” R package was used to screen out the high and low subgroup differentially expressed genes (DEGs), and then the DEGs were cross-referenced with the genes screened by WGCNA, and the final genes were identified as CFRGs.
Establishment and validation of the CFRGs prognostic model
After screening out CFRGs related to prognosis, we used five machine learning methods—decision tree, random forest, least absolute shrinkage and selection operator (LASSO), extreme gradient boosting (XGBoost) and gradient boosting decision tree (GBDT)—to evaluate the survival weights of the CFRGs. GSE42568 was used as the training set, and the first 30 genes were selected to construct the LASSO Cox model. With the median risk score as the critical value, the model was divided into a high-risk group and a low-risk group. The overall survival (OS) of the high and low risk groups was analyzed using the KM curve. Subsequently, Kaplan‒Meier (KM) analysis was performed on the high- and low-risk groups using the “survival” and “survminer” R packages, and 1-, 3-, and 5-year receiver operating characteristic (ROC) analyses were performed with the “timeROC” R package to evaluate the sensitivity of the model. Finally, the TCGA and GEO cohorts (GSE20685, GSE58812) were used as the validation set, and the obtained prognoses were selected for validation. In addition, we constructed a nomogram by combining the risk score and clinical data.
Analysis of signature and immune-related markers
We used seven algorithms from the Tumor Immune Estimation Resource (TIMER) database, including TIMER, CIBERSORT, CIBERSORT-ASB, QUANTISEQ, MCPCOUNTER, XCELL, and EPIC, to analyze signatures and immunity. In addition, we evaluated the differences in immune cell infiltration and immune function between high-risk and low-risk subgroups using the single-sample gene set enrichment analysis (ssGSEA) algorithm. Furthermore, differences between high- and low-risk groups in immune therapy biomarkers were also analyzed through TIDE (http://tide.dfci.harvard.edu/)), TMB, and immune checkpoint.
Characterization of OCFRGs (optimal cuproptosis/ferroptosis related genes) by single-cell RNA sequencing
Single-cell RNA-seq data for 12 samples were obtained from the GSE149655 dataset in the GEO database. The sequencing data were analyzed using the “Seurat” R package, and low-viability cells were removed. Using the CreateSeuratObject function, and based on specified criteria, low-quality cells were further removed (min.cells<3, min. features<50, percent. mt < 50). The filtered single-cell RNA sequencing (scRNA-seq) data were then normalized, and 1,500 genes with large coefficients of variation between cells were generated and subsequently subjected to principal component analysis (PCA) for dimensionality reduction of the scRNA-seq data. The top 4 PCs were selected for cell clustering analysis using the distributed stochastic neighbor embedding (t-SNE) algorithm. Through the DEGs of each cluster, the cell clusters were tool annotated. Finally, we analyzed the expression levels of OCFRGs in different clusters.
Enrichment analysis of GSEA and GSVA
DEGs in high-risk and low-risk subgroups were screened and GSEA was performed using the GSEA software (https://www.gsea-msigdb.org/gsea/index.jsp). In addition, GSVA was used to perform GSVA on high-risk and low-risk subgroups using the “GSVA” R package. We collected some pathways closely related to the occurrence and development of tumors from the literature, including Hippo, Wnt, MAPK, PI3K/AKT, TGF-β, NF-kB, Notch, AMPK, JAK-STAT, PD-1/PD-L1, mTOR, Ras, TNF, HIF-1, ErbB, Nrf2, as well as functions and pathways related to cuproptosis and ferroptosis, including GLUTATHIONE PEROXIDASE ACTIVITY, P53 SIGNALING PATHWAY, GLUTATHIONE METABOLIC PROCESS, LIPID HOMEOSTASIS, PENTOSE PHOSPHATE PATHWAY, TRICARBOXYLIC ACID CYCLE, MITOCHONDRIAL TRICARBOXYLIC ACID CYCLE ENZYME COMPLEX, TRICARBOXYLIC ACID CYCLE ENZYME COMPLEX, REGULATION OF OXIDATIVE STRESS INDUCED CELL DEATH, RESPONSE TO OXIDATIVE STRESS, CELL MIGRATION INVOLVED IN SPROUTING ANGIOGENESIS, IRON METABOLISM. We used GSVA to calculate the enrichment score for each pathway and evaluate the correlation between risk score and sex enrichment score.
Risk subtype analysis of drug sensitivity
In order to assess the sensitivity of high and low risk groups to drugs, we used the “pRRophetic” R package to analyze the RNA-seq data of BRCA based on the Genomics of Drug Sensitibity in Cancer (GDSC) database. The level of half maximal inhibitory concentration (IC50) reflects the patient’s sensitivity to drugs.
Immunohistochemistry validation of the protein expression levels of OCFRGs
Five breast invasive ductal carcinoma tissue chips were purchased from Shanghai Outdo Biotech Company (Shanghai, China). Each tissue chip includes 45 cancer tissues and 45 paracancerous tissues. ANKRD52 (rabbit polyclonal, catalog number: GTX32443, Genetex), HOXC10 (rabbit polyclonal, catalog number: ab153904, Abcam), KNOP1 (rabbit polyclonal, catalog number: ab126512, Abcam), SGPP1 (rabbit polyclonal, catalog number: ab126512, Abcam): ab126512, Abcam) and TRIM45 (rabbit polyclonal, catalog number: TA505920, origene). The results of the immunohistochemical staining were scored. Semiquantitative scoring was performed according to the staining intensity and the percentage of positive cells: No staining, pale yellow (light yellow particles), medium (brown yellow particles), and heavy (dark brown particles) were scored as 0, 1, 2, and 3, respectively. According to the percentage of positively stained cells in the total number of cells, 0% was scored as 0, 5%–25% was scored as 1; 26%–50% was scored as 2; 51%–75% was scored as 3; and >75% was scored as 4 points. The final score was the sum of the staining intensity and the percentage of positive cells. The sum of the staining intensity and the percentage of positive cells was less than 6 for the low expression group and ≥6 for the high expression group. Five 400x high-power fields were randomly selected for each sepction, the staining intensity and percentage of positive cells were scored in each field, and the average value was calculated. The immunohistochemical staining results were microscopically adjudicated by two pathologists in an independent, double-blind manner.
Quantitative real-time PCR
Normal breast epithelial MCF-10A cells and three human breast cancer cell lines, SK-BR-3, MDA-MB-231, and MCF-7, were obtained from the Central Laboratory of Shandong Provincial Hospital. Total RNA was extracted using TRIzol reagent (Invitrogen, United States). Complementary DNA (cDNA) was synthesized using the PrimeScript RT kit (Takara). Supplementary Table S2 shows the primer sequences for Quantitative real-time PCR analysis of OCFRGs.
Western blotting
Cells were lysed in cold Radioimmunoprecipitation assay (RIPA) buffer. The same amount of protein was subjected to SDS-PAGE, and then transferred to PVDF (polyvinylidene fluoride) membrane. Block with nonfat dry milk containing TBST for 1 h. The primary antibody (Western blot and IHC universal primary antibody) was diluted according to the instructions and incubated overnight at 4°C. After washing with TBST, the secondary antibody was added and incubated for 1 h at room temperature. After washing the membrane, it was developed using enhanced chemiluminescence (ECL) chromogenic solution.
Statistical analysis
The bioinformatics analysis, statistical analysis, and machine learning aspects of this study were all performed with R software (version 4.0.1). Statistical tests included the Pearson chi-square test and Wilcoxon rank-sum test. Kaplan-Meier analysis was used to assess OS in both groups of patients. p < 0.05 was considered to be statistically significant.
RESULTS
Identification of cuproptosis/ferroptosis-related genes
The specific process of this study is shown in Figure 1, which includes the acquisition of data, the acquisition of cuproptosis and ferroptosis-related genes, the construction and validation of the signature, the analysis of clinical data, the analysis of immune cell infiltration levels, and the analysis of pathways and functions.
[image: Figure 1]FIGURE 1 | The workflow of the research. The figure shows the process of constructing and analyzing the DFRG-related signature.
We used the pickSoftThreshold function in the WGCNA R package to automatically select a soft threshold of 5 (Figure 2A). Multiple gene modules were divided by the dynamic cutting method, and the mergeCloseModules function was used to perform cluster analysis on each module into fewer modules and mark them with different colors (Figure 2B). To determine the correlation of coexpression modules with genetic differences between normal and tumor samples that may contribute to tumor development, cuprotosis score and ferroptosis score, we used Pearson correlation analysis, and the results showed that the module “turquoise” had the strongest correlation (R (Turmor) = 0.86, R (cuproptosis) = 0.77, R (ferroptosis) = 0.57) (Figure 2C).
[image: Figure 2]FIGURE 2 | Discovery of prognostic CFRGs by WGCNA and Score grouping. (A) The distribution and trends of scale free topology model fit and mean connectivity along with soft threshold. (B) The clustering of gens among different modules by the dynamic tree cut and merged dynamic method. The gray modules represent unclassified genes. (C) Average correlation between multiple modules and tumor development, cuproptosis and ferroptosis. The color of the cell indicates the strength of the correlation, and the number in parentheses idicates the p-value for the correlation test. (D) According to specific criteria (p < 0.05, |Log2FC|≥1), 1712 DEGs wew screened for high and low score groups of cuproptosis and ferroptosis. (E) 541 CFRGs were obtained from WGCNA and high and low score groups.
X-tile software was used to determine the optimal cutoff values for the survival curves of the cuproptosis and ferroptosis scores in the TCGA BRCA cohort (Supplementary Figure S1). Patients with high cuproptosis and ferroptosis scores and patients with low cuproptosis and ferroptosis scores were divided into two groups, and DEGs were screened out with |log2FC| ≥ 1 and FDR<0.05 as criteria (Figure 2D). By analyzing the intersection of the genes screened by means of DEGs and WGCNA, a total of 541 CFRGs were identified (Figure 2E).
Establishment and validation of the CFRG prognostic model
Survival-related CFRGs were screened by using Cox regression analysis (Figure 3A). The survival-related weights of the CFRGs were evaluated using five machine learning algorithms, including decision tree, random forest, LASSO, XGBoost, and GBDT. The top 30 CFRGs with average scores (Supplementary Table S1) were selected to screen genes and to construct models by means of LASSO Cox regression analysis. According to the best λ value, 5 prognostic genes (Figure 3B) were selected and signature was constructed (Figure 3C,D). Calculation of the risk score was conducted as follows:
[image: image]
[image: Figure 3]FIGURE 3 | Screening and Models Construction of OCFRGs. (A) Forest plot of univariate Cox regression analysis (only showing the top 30 CFRGs related to survival). (B) Differences in survival between samples with high and low expression of OCFRGs (p < 0.05). (C) Selecting the best value of lambda through LASSO regression. (D) LASSO coefficient configuration of 5 OCFRGs. (E) Distribution of patients based on the median risk score in the training set.
Based on the median training set risk score, BRCA patients were divided into high- and low-risk groups and further analyzed (Figure 3F). In the training and validation sets, the KM curve showed that the OS (Overall survival) in the high-risk group was lower than that in the low-risk group (Figure 4A), which was statistically significant (p < 0.05). The ROC curve of the training set showed that the AUCs at 1 year, 3 years, and 5 years were 0.76, 0.726, and 0.728, respectively. The AUC of the TCGA cohort was 0.734, 0.713, and 0.756, and that of GSE58812 was 0.784, 0.714, and 0.698. This indicates that our model has reliable predictive performance. We constructed a nomogram, in which Age (p < 0.001), Stage (p < 0.001), and risk score (p < 0.01) were all statistically significant (Figure 4C). In the nomogram, the OS of high-scoring patients was significantly lower than that of low-scoring patients (Figure 4D), which was statistically significant (p < 0.05). The column chart had good predictive performance with AUCs of 0.876, 0.773, and 0.727 at 1, 3, and 5 years, respectively.
[image: Figure 4]FIGURE 4 | Performance evaluation of model prognosis and construction of nomogram. (A) KM curve shows the difference between high and low-risk groups in OS for GSE42568, TCGA cohort, GSE20685, and GSE58812. (B) ROC curves show the predictive efficiency of risk scores for GSE42568, TCGA cohort, GSE20685, and GSE58812 at 1, 3, and 5 years. (C) Column chart of overall survival prediction at 1 year, 3 years, and 5 years. The red line shows an example of how to predict prognosis. (D) The difference in survival between high and low-score groups in nomogram. (E) The predictive.
Clinical analysis of the signature
We analyzed the relationship between OCFRGs (ANKRD52, HOXC10, KNOP1, SGPP1, TRIM45) and clinical data. The results showed that the expression level of HOXC10 differed significantly in different T and N stages and was statistically significant. In addition, the higher the expression level of HOXC10, the later the T stage and N stage of the patient (see Figures 5A,B). The expression levels of KNOP1 and SGPP1 also differed significantly in different T stages (see Figures 5C,D) and were statistically significant. We also analyzed the correlation between the expression levels of OCFRGs, risk score, and the expression levels of ER, PR, and HER2 (see Figure 5E). The results showed that the expression level of ANKRD52 was positively correlated with ER (R = 0.28). TRIM45 was also positively correlated with ER (R = 0.38) and PR (R = 0.33). There were also differences in stage, T stage, and M stage between the high-risk and low-risk groups (Figure 6A).
[image: Figure 5]FIGURE 5 | Clinical analysis of the model. (A–D) By Kruskal–Wallis test, the expression differences of OCFRGs (ANKRD52, HOXC10, KNOP1, SGPP1, TRIM45) in T stage and N stage were analyzed. (E) By calculating the Pearson correlation coefficient, the correlation between OCFRGs and the risk score and clinical indicators ER, PR, HER2 of breast cancer were analyzed.
[image: Figure 6]FIGURE 6 | Analysis of immune cell infiltration related to the signature. (A) Differences in clinical data, CRGs, TMB, TIDE scores, check point and ssGSEA results between high and low-risk groups. TIDE Scores and TMB are presented in the form of a bar chart and density plot respectively. (B) The differences in the abundance of immune cell infiltration algorithms in TIMER2.0 database including TIMER, CIBERSORT, CIBERSORT-ABS, MCPCOUNTER, XCELLL and EPIC between the high-risk and low-risk groups (the heatmap shows the results with statistical differences). (C–G) The correlation between OCFRGs and immune infiltration level. The color represents the significance, with greener colors indicate higher significance. The size of the circles represents the correlation coefficient.
Analysis of risk subtypes and immune markers
We analyzed the relationship between several immune-related markers and the risk subtypes. The results showed that the expression of numerous immune checkpoints was different between high and low-risk groups (Figure 6A), especially CD274 (PDL1, Programmed Cell Death 1 Ligand 1). Additionally, TMB (tumor mutational burden) and TIDE (tumor immune dysfunction and exclusion) are considered important immune therapy markers. Our study found that TMB and TIDE were also different between high and low-risk groups. The results based on the ssGSEA algorithm showed that the expression levels of Mast cells, B cells, NK cells, and Neutrophils also differed between high and low-risk groups. Moreover, according to the results from TIMER database (Figure 6B), all immune-related markers had different expression levels between the high and low-risk groups. It is worth noting that all of the immune-related analyses had statistical significance (p < 0.05).
In terms of immune cell infiltration, the expression of OCFRGs was mainly correlated with the infiltration levels of neutrophils and regulatory T cells (Tregs). The expression of ANKRD52 was negatively correlated with the infiltration level of activated dendritic cells (aDCs) (R = −1.4, p < 0.001, Figure 6C), and the expression level of HOXC10 was negatively correlated with the infiltration level of Tregs (R = −0.076, p = 0.014, Figure 6D). The expression level of KNOP1 was negatively correlated with the infiltration level of neutrophils (R = −0.22, p < 0.001, Figure 6E), and the expression level of SGPP1 was positively correlated with the infiltration level of neutrophils (R = 0.34, p < 0.001, Figure 6F). The expression level of TRIM45 was positively correlated with the infiltration level of Tregs (R = −0.34, p < 0.001, Figure 6G).
Overview of the scRNA-Seq data generated from BRCA
We obtained 14592 cells from 12 samples of GSE168410. A total of 1,418 cells were obtained by screening the total cells according to the intracellular gene features, the percentage of chromosomal genes, etc. Afterward, the top 10 genes with large coefficients of variation were labeled. Latitude reduction was performed using PCA (Figure 7A). The first 4 PCs were retained for further t-SNE, and 13 cell subsets were obtained (Figure 7B). The top 5 genes in each cluster were visualized with a heatmap (Supplementary Figure S3). We used tools to annotate the cell subsets, namely, fibroblasts, tissue stem cells, epithelial cells, monocytes, endothelial cells, chondrocytes, and T cells (Figure 7C). To investigate the expression of marker genes in different cells, we visualized them with t-SNE and violin plots (Figures 7D,E). OCFRGs were highly expressed in epithelial cells; HOXC10, KNOP1, and SGPP1 were highly expressed in fibroblasts; and only SGPP1 was highly expressed in monocytes.
[image: Figure 7]FIGURE 7 | Verification of OCFRGs through sc-RNA seq. (A) PCA of scRNA-seq data for preliminary dimensionality reduction. (B,C) tSNE plots of cells generated from brest cancer tissue. The plots are colored by cell cluster, and the cells are clustered into seven sub-clusters. Each dot represents a breast cance cell. (D) The expression of signature genes in BRCA visualized in tSNE. (E) Violin plots depicting the expression of signature genes in clusters of BRCA. The y-axis shows the normalized read count. t-SNE:t-distributed stochastic neighbor embedding.
Analysis of function and signaling pathways
The biological functions of high- and low-risk groups were analyzed using GSEA software, which revealed that certain functions such as CELL CYCLE, CITRATE CYCLE/TCA CYCLE, DNA REPLICATION, GLYCOLYSIS/GLUCONEOGENESIS, MISMATCH REPAIR, PENTOSE PHOSPHATE PATHWAY, and PROTEASOME were more active in the high-risk group. On the other hand, the low-risk group exhibited significant enrichment in ARACHIDONIC ACID METABOLISM, MAPK SIGNALING PATHWAY, and P53 SIGNALING PATHWAY (Figure 8A). Additionally, GSVA analysis (Figure 8B) indicated that CELL CYCLE, HOMOLOGOUS RECOMBINATION, MISMATCH REPAIR, and DNA REPLICATION were more enriched in the high-risk group, whereas INTESTINAL IMMUNE NETWORK FOR IGA PRODUCTION, CYTOKINE CYTOKINE RECEPTOR INTERACTION, TYROSINE METABOLISM, and ARACHIDONIC ACID METABOLISM evidenced more enrichment in the low-risk group. Remarkably, several signaling pathways, including mTOR, HIF-1, and ErbB, were significantly activated in the high-risk group, whereas other signaling pathways such as MAPK, PI3K/AKT, TGF-β, and Ras were significantly inhibited (Figure 8C). Furthermore, the scores for cuproptosis/ferroptosis-related functional pathways, including Nrf2 SIGNALING PATHWAY, P53 SIGNALING PATHWAY, TRICARBOXYLIC ACID CYCLE, and REGULATION OF OXIDATIVE STRESS INDUCED CELL DEATH, were positively correlated with the risk score. In contrast, the scores for GLUTATHIONE PEROXIDASE ACTIVITY, GLUTATHIONE METABOLIC PROCESS, and IRON METABOLISM were negatively correlated with the risk score. All the aforementioned analyses exhibited statistical significance (p < 0.05).
[image: Figure 8]FIGURE 8 | Biological functions. (A) Significantly enriched pathwways in the high-risk and low-risk groups. The extremum located on the left side idicates a psotive association between risk scores and pathway activity, and vice versa. (B) There is a significant difference in pathways between high-risk and low-risk groups. Blue bars represent a positive correlation between risk scores and pathway aactivity, while yellow bars indicate the opposite. (C) The correlation between riskscore and tumor important pathways, as well as cuproptosis/ferroptosis-related functions.
Drug sensitivity analysis between high and low risk groups
Elesclomol is a potent copper ionophore that promotes cuproptosis. Our analysis shows that the IC50 of various anticancer drugs including elesclomol is different in the high- and low-risk groups, and the IC50 values of high-risk groups are generally higher than those of low-risk groups (Figure 9A–L).
[image: Figure 9]FIGURE 9 | Drug sensitivity in patients in high and low risk groups. (A) Cytarabine, (B) Gemcitabine, (C) Epotoside, (D) Vinblastine, (E) Camptothecin, (F) Cisplatin, (G) Bryostatin.1, (H) Imatinib, (I) PD.0332991 (Palbociclib), (J) JNK. inhibitor.VIII, (K) AKT. Inhibitor.VII and (L) A.443654.
Experimental verification of the expression of OCFRGs
To explore the differences in the protein expression of OCFRGs in normal tissues and adjacent tissues, we detected the expression levels of ANKRD52, HOXC10, KNOP1, SGPP1, and TRIM45 in tissues by using immunohistochemical staining. The results of ANKRD52 level expressed that the HOXC10, KNOP1, and TRIM45 in the tumor tissue were higher in the paracancerous tissue, and the opposite was true for SGPP1 (Figure 10A). qRT-PCR results showed that ANKRD52, HOXC10, KNOP1, and TRIM45 were significantly higher in MCF-10A cells than other cell lines, while SGPP1 was the opposite (Figure 10B). The results of Western blotting also verified the results of the database (Figure 10C).
[image: Figure 10]FIGURE 10 | THe mRNA and Immunohistochemistry of OCFRGs expression. (A) Differences in mRNA levels of OCFRGs between normal and various tumor cells. (B) Immunohistochemical staining OCFRGs in BRCA and adjacent tissues. (C) Pcr verified the expression levels of OCFRGs in normal and tumor cells. (D) Western blotting verified the expression levels of OCFRGs in normal and tumor cells.
DISCUSSION
Cuproptosis was recently defined as a distinct type of regulated cell death that occurs via a novel mechanism directly involving the TCA cycle of mitochondrial metabolism. Conversely, Ferroptosis, characterized by iron dependence, lipid peroxidation, and sensitivity to lipophilic antioxidants, is a well-researched regulated cell death. Literature suggests a relationship between Ferroptosis and TCA cycle with dysregulation of the TCA cycle leading to the occurrence of Ferroptosis. Additionally, TCA cycle metabolites serve as crucial sources of peroxide production, playing a role in the occurrence of Ferroptosis (Yang et al., 2022). Moreover, Gao et al. (Gao et al., 2019) demonstrated the reduction of Ferroptosis by inhibiting the mitochondrial TCA cycle.
According to the World Health Organization, in 2018 alone, 26,000 women worldwide were diagnosed with breast cancer. In the United States and China, the incidence and death rates of breast cancer vary among different ethnicities and races. White American women have an incidence rate of 133.7 per 100,000, while Chinese women have an incidence rate of 29.18 per 100,000. The death rates are 19.7 and 6.59 per 100,000 for White American and Chinese women, respectively (Giaquinto et al., 2022). Due to the high degree of heterogeneity of breast cancer based on genetic status and molecular subtypes, there are significant prognostic differences among patients with various subtypes. Therefore, the discovery of new prognostic biomarkers or models to guide clinical diagnosis and treatment is essential.
Currently, cuproptosis, a recently discovered cell death mechanism, has been studied in BRCA through the use of bioinformatics approaches (Li Z. et al., 2022; Sha et al., 2022; Zou et al., 2022). However, this study innovatively links cuproptosis and ferroptosis to construct a robust prognostic model for BRCA. In this study, we screened CFRGs obtained from GCTA and GEO databases using WGCNA and X-tile. Next, LASSO was implemented to select the optimal lambda value and five OCFRGs- ANKRD52, HOXC10, KNOP1, SGPP1, and TRIM45 were selected to build the model. These genes may play an important role in the regulation of cuproptosis and ferroptosis, or have a direct impact on the copper and iron metabolism of cells. ANKRD52 is reported to function as a tumor metastasis suppressor in lung adenocarcinoma. In addition to being a member of the PP6 holoenzyme, ANKRD52 inhibits tumor progression through PP6c-mediated dephosphorylation of PAK1 (Lee et al., 2021). ANKRD52 is reported to function as a tumor metastasis suppressor in lung adenocarcinoma. However, t Our study has identified a strong correlation between significantly elevated ANKRD52 expression levels in the BRCA and a poor prognosis. ANKRD52 showed a positive correlation with critical clinical indicators including ER, PR, and HER2, and had a high-risk score in our built model. Furthermore, we found that ANKRD52 expression was inversely correlated with the infiltration of Th1 cells, a subtype of antitumor immune cells.
Previous studies have confirmed that HOXC10 participates in the development and progression of breast cancer and affects the prognosis of breast cancer patients. The overexpression of HOXC10 in breast cancer is related to drug resistance to chemotherapy (Sadik et al., 2016) and a positive correlation between immune cell infiltration and poor prognosis in BRCAs (Zhang et al., 2022). Methylation of the HOXC10 promoter, resulting in transcriptional repression, has been shown to contribute to resistance to endocrine therapy in estrogen receptor-positive breast cancer (Pathiraja et al., 2014) In addition, studies have demonstrated that HOXC10 can promote tumor growth in BRCA by upregulating the level of IL-6 to activate the JAK2/STAT3 signal transduction pathway (Shen et al., 2022). HOXC10 expression is dysregulated in various cancers, acting as a carcinogenic driver associated with poor prognosis (Bao et al., 2014). In this study, highly expressed HOXC10 in breast cancer tissues and cells have been associated with high-risk scores, correlated with lymph node infiltration at the time of tumor detection, and positively associated with the infiltration of antitumor immune cells such as CD8+ T cells, NK cells, and DCs.
Studies have shown that the expression of SGPP1 is low in colorectal cancer and is correlated with tumor proliferation, migration, and invasion. Similarly, low expression of SGPP1 in triple-negative breast cancer strongly correlates with poor prognosis (Nema and Kumar, 2021). In addition, our study found that SGPP1 expression in breast cancer was associated with neutrophils, macrophages, CD4+ and CD8+ cells. Likewise, TRIM45 also acts as a tumor suppressor in brain tumors (Zhang et al., 2017) and non-small cell lung cancer (Peng et al., 2020). In this study, we found that the expression of TRIM45 in tumor tissues is higher than that in normal tissues, which correlated with a better prognosis. Furthermore, TRIM45 was highly positively correlated with clinical indicators ER and PR in breast cancer. However, research on KNOP1 in tumors is inadequate; therefore, more in-depth studies need to be conducted.
Single-cell RNA sequencing (scRNA-seq) analysis indicated that fibroblasts have high expression levels of HOXC10, KNOP1, and SGPP1. Cancer-associated fibroblasts (CAFs) are a significant constituent of the tumor microenvironment (TME) and have heterogeneous functions in cancer. Recent studies have demonstrated that targeted CAF therapy, combined with immunotherapy or chemotherapy, produces optimal therapeutic outcomes. For instance, the elevated expression of HOXC10, KNOP1, and SGPP1 in BRCA indicates that targeted CAF therapy, along with other treatments, might be more effective.
In this study, we developed a LASSO Cox model using the previously mentioned five OCFRGs, which successfully distinguished breast cancer patients into high-risk and low-risk groups. The model’s effectiveness was validated in three additional datasets, CGA Cohort, SE20685, and GSE58812, and its diagnostic efficiency was confirmed with a ROC curve analysis. Additionally, the model showed remarkable predictive utility for patient prognosis as a nomogram. Immune checkpoints and TMB are reliable immunotherapy markers. Our investigation of immune checkpoints and TMB in high- and low-risk groups revealed that the expression levels of immune checkpoints, including VTCN1, CD200R1, TNFRSF14, NRP1, TNFRSF4, CD40, CD200, CD44, TNFRSF25, CD48, and CD40LG, decreased in the BRCA high-risk group. Moreover, the risk score and TMB were positively correlated, with TIDE being lower in the high-risk group compared to the low-risk group. As such, the use of immune checkpoint inhibitors (ICIs) may enhance efficacy in high-risk BRCA. Previous research has demonstrated that ferritin therapy modifies tumor immunity (Wang et al., 2019), leading to immune cells within the tumor microenvironment (TME) to initiate lipid peroxidation and undergo ferroptosis, which can influence their function and survival. (Zuo et al., 2021). The use of ferroptosis inducers is a promising approach to augment the effectiveness of immune checkpoint inhibitor (ICI) therapy (Gao et al., 2022). In this study, the TIMER database was utilized to quantify immune cell infiltration in BRCA patients within the TCGA cohort. Our results indicated that Th1 and Th2 cells were higher within the high-risk group, whereas CD4+ T cells, CD8+ T cells, B cells, endothelial cells, and macrophages were lower.
Functional analysis revealed that genes within the high-risk group were primarily enriched in glycolysis, gluconeogenesis, the pentose phosphate pathway, and the cell cycle, whereas the MAPK signaling pathway was inhibited. Of these metabolic processes, glycolysis and gluconeogenesis are potential targets for cancer treatment. Additionally, the pentose phosphate pathway, which is a branch of glycolysis, plays a critical role in combating oxidative stress and assisting glycolytic cancer cells meet anabolic demands (Bao et al., 2014). The cell cycle is related to tumor cell proliferation, and heightened cell cycle activity in tumor cells inhibits antitumor activity. (Evan and Vousden, 2001). Moreover, the risk score was positively associated with mTOR, Hif-1, and ErbB pathways, among others, and negatively correlated with MAPK, PI3K/AKT, TGF-β, and Ras signaling pathways, among others. These results can aid in the investigation of the link between BRCA patients and signaling pathways within high- and low-risk groups. Some studies indicate that ferroptosis and cupperptosis may be targeted to treat tumors (Wang et al., 2021; Oliveri, 2022). Moreover, the risk score was positively associated with mTOR, Hif-1, and ErbB pathways, among others, and negatively correlated with MAPK, PI3K/AKT, TGF-β, and Ras signaling pathways, among others. These results can aid in the investigation of the link between BRCA patients and signaling pathways within high- and low-risk groups. Some studies indicate that ferroptosis and cupperptosis may be targeted to treat tumors.
In summary, we have systematically examined and discussed the molecular changes, intracellular pathways, and immune cell infiltration characteristics associated with cupperptosis and ferroptosis in breast cancer (BRCA) in our study. After utilizing bioinformatics techniques, we selected five OCFRGs (ANKRD52, HOXC10, KNOP1, SGPP1, and TRIM45), verified their differential expression in tumor and non-tumor biological tissue samples at both the cellular and tissue level, and then analyzed their relationship with tumor staging, cellular infiltration, and clinical indicators. The prognostic model we developed was able to reliably predict patient prognosis. Cell pathways closely related to ferroptosis and cupperptosis, such as glycolysis, gluconeogenesis, and the pentose phosphate pathway, were distinguished by the model as high-risk groups. The scoring model may offer guidance for clinical decision-making and precision treatment for BRCA patients.
CONCLUSION
In conclusion, in this study we combined machine learning and bioinformatics methods to establish a prognostic model for 5 OCFRGs in BRCA. Based on this model, the prognosis in BRCA patients can be accurately predicted. In addition, the degree of immune infiltration and immune resistance in patients were also predicted. Our model guides clinicians in choosing the optimal treatment strategy to personalize treatment.
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Background: Cisplatin resistance is a common clinical problem in lung cancer. However, the underlying mechanisms have not yet been fully elucidated, highlighting the importance of searching for biological targets.
Methods: Bioinformatics analysis is completed through downloaded public data (GSE21656, GSE108214, and TCGA) and specific R packages. The evaluation of cell proliferation ability is completed through CCK8 assay, colony formation, and EdU assay. The evaluation of cell invasion and migration ability is completed through transwell and wound-healing assays. In addition, we evaluated cell cisplatin sensitivity by calculating IC50.
Results: Here, we found that PCDH7 may be involved in cisplatin resistance in lung cancer through public database analysis (GSE21656 and GSE108214). Then, a series of in vitro experiments was performed, which verified the cancer-promoting role of PCDH7 in NSCLC. Moreover, the results of IC50 detection showed that PCDH7 might be associated with cisplatin resistance of NSCLC. Next, we investigated the single-cell pattern, biological function, and immune analysis of PCDH7. Importantly, we noticed PCDH7 may regulate epithelial–mesenchymal transition activity, and the local infiltration of CD8+ T and activated NK cells. Furthermore, we noticed that patients with high PCDH7 expression might be more sensitive to bortezomib, docetaxel, and gemcitabine, and resistant to immunotherapy. Finally, a prognosis model based on three PCDH7-derived genes (GPX8, BCAR3, and TNS4) was constructed through a machine learning algorithm, which has good prediction ability on NSCLC patients’ survival.
Conclusion: Our research has improved the regulatory framework for cisplatin resistance in NSCLC and can provide direction for subsequent related research, especially regarding PCDH7.
Keywords: lung cancer, cisplatin resistance, PCDH7, immunotherapy, target
INTRODUCTION
Lung cancer is a malignant tumor originating from the lung epithelium and is widely distributed worldwide (Nasim et al., 2019). The onset of lung cancer is extremely complex and is the result of a combination of multiple factors (Mao et al., 2016). From a pathological perspective, lung cancer can be divided into different subtypes, with non-small-cell lung cancer (NSCLC) being the most prominent (Herbst et al., 2018). Surgical intervention remains the first choice for lung cancer, but with the progress of related surgeries, the 5-year survival rate of lung cancer remains poor (Pallis and Syrigos, 2013). The advent of tyrosine kinase inhibitors (TKIs) targeting epidermal growth factor receptor (EGFR) mutations and anaplastic lymphoma kinase (ALK) rearrangements has considerably improved patient survival and the quality of life. Moreover, therapies targeting other genomic alterations, such as ROS1 rearrangements and BRAF, MET, and RET mutations, have emerged (Goldstraw et al., 2016). However, despite these advances, challenges persist. Resistance to first-line TKIs commonly develops, leading to disease progression. Novel strategies like combination therapies and next-generation TKIs are being explored to overcome resistance (Camidge et al., 2012). On one hand, the early symptoms of lung cancer are relatively hidden, and some patients have already lost the opportunity for surgery at the initial diagnosis (Nooreldeen and Bach, 2021). On the other hand, lung cancer has a unique biological specificity, which makes finding specific targets from the perspective of molecular biology helpful for clinical transformation.
Cisplatin is a first-line drug for the treatment of many solid tumors, and it is a heavy metal complex that can inhibit the process of DNA replication (Dasari and Tchounwou, 2014; Ghosh, 2019). Cisplatin combined with specific chemotherapy drugs has achieved a certain efficacy in lung cancer, but it is still limited by multiple adverse reactions and acquired drug resistance (Kryczka et al., 2021). Based on this finding, some researchers have begun to explore the molecular biological mechanisms that affect cisplatin resistance (Galluzzi et al., 2012). Lin et al. noticed that autophagy is involved in cisplatin resistance in pharyngeal squamous cell carcinoma, and this process is induced by RAB3B in extrachromosomal circular DNA (Lin et al., 2022). In addition, researchers found that CAMK2G phosphorylated ITPKB by ROS in ovarian cancer, leading to resistance to cisplatin (Li et al., 2022). Ni et al. discovered that the combination of shikonin and cisplatin promotes ferroptosis by upregulating HMOX1, further overcoming cisplatin resistance in ovarian cancer (Ni et al., 2023). In lung cancer, Xiao et al. demonstrated that RAP1 can activate NF-κB signaling and mediate cisplatin resistance of NSCLC (Xiao et al., 2017). Interestingly, Ray et al. revealed that nicotine may affect cisplatin resistance in lung cancer, indicating the importance of lifestyle interventions for patients (Ray et al., 2022). Wu et al. found that the exosome miR-193a can lead to cisplatin resistance of NSCLC by targeting LRRC1 (Wu et al., 2020). Consequently, exploring the factors and potential targets that affect cisplatin resistance from a molecular biology perspective is of great significance.
As sequencing technology developed, massive second-generation sequencing data have been generated and are publicly available, providing great convenience for researchers (Ren et al., 2020; Zhang et al., 2021a; Zhang et al., 2021b; Zhang et al., 2022). Here, we found that PCDH7 may be involved in cisplatin resistance in lung cancer through public database analysis (GSE21656 and GSE108214). Then, a series of in vitro experiments was performed, which verified the cancer-promoting role of PCDH7 in NSCLC. Moreover, the results of IC50 detection showed that PCDH7 might be associated with cisplatin resistance of NSCLC. Next, we investigated the single-cell pattern, biological function, and immune analysis of PCDH7. Moreover, we noticed that high PCDH7 expression might be more sensitive to bortezomib, docetaxel, and gemcitabine. Finally, a prognosis model based on three PCDH7-derived genes was constructed (GPX8, BCAR3, and TNS4), which has a good prediction ability on NSCLC patients’ survival.
METHODS
Collection of public data
For The Cancer Genome Atlas (TCGA) database, we downloaded the original transcriptome data from TCGA–GDC (TCGA–LUAD and –LUSC projects; STAR-Counts form). Before conducting the analysis, we merged and organized the downloaded raw transcriptional data into an expression matrix. A human genome reference document is used for ENSG number annotation. Meanwhile, we performed mean taking on duplicate genes, and genes with an average expression of less than 0.05 were deleted. The clinical formation was also obtained from the TCGA–GDC (bcr-xml form). For the Gene Expression Omnibus database, the data from GSE21656 and GSE108214 were selected, which provided the next-sequence data from cisplatin-resistant and wild-type lung cancer cells (Sun et al., 2012; Sarin et al., 2018). The probe annotation of GSE21656 was conducted using GPL6244, and GSE108214, using GPL17077. The baseline information on HNSCC patients from TCGA database is shown in Table 1.
TABLE 1 | Baseline information on the enrolled patients.
[image: Table 1]Bioinformatics analysis
The limma package was applied for differentially expressed gene (DEG) analysis with specific thresholds (Ritchie et al., 2015). By integrating patient expression profiles and prognostic data, univariate Cox regression analysis was utilized to identify the genes remarkably correlated with patient survival with a p < 0.05. Pathway enrichment was explored using the gene set enrichment analysis (GSEA) algorithm (Subramanian et al., 2005). The Gene Ontology (GO), Hallmark, and Kyoto Encyclopedia of Genes and Genomes (KEGG) gene sets were selected as the reference set. The immune microenvironment was quantified using the CIBERSORT algorithm based on the input expression matrix (Chen et al., 2018). Quantification of immune function was completed using the single-sample GSEA (ssGSEA) algorithm (Hänzelmann et al., 2013). Quantification of the stromal score, immune score, and estimate score was conducted using the ESTIMATE package (Yu et al., 2021a). The response of patients to immunotherapy was quantified using the Tumor Immune Dysfunction and Exclusion (TIDE) algorithm (Fu et al., 2020). The TIDE algorithm gives each patient a TIDE score. Lung cancer patients with TIDE scores more than zero were defined as responders to immunotherapy, and those with scores less than zero were the opposite. Quantification of patients on target drugs was realized using the Genomics of Drug Sensitivity in Cancer (GDSC) database (Yang et al., 2013). The machine learning algorithm LASSO regression was utilized to reduce the data dimension (McEligot et al., 2020). The prognosis prediction model was identified using the multivariate Cox regression analysis. For a better clinical application, a nomogram that merges the risk score and clinical features was constructed. The prediction value of one certain continuous variable to survival was performed using the receiver operating characteristic (ROC) curve.
Single-cell analysis
Single-cell analysis is directly completed through an online interactive website—the TISCH project (Sun et al., 2021). GSE148071 was conducted by Wu et al. (2021). In this project, they collected 42 NSCLC samples and characterized the entire tumor ecosystem through single-cell RNA sequencing.
Immunohistochemistry (IHC) and subcellular localization
The IHC image of PCDH7 in lung cancer and para-carcinoma tissue was directly downloaded from The Human Protein Atlas (HPA) project (Colwill and Gräslund, 2011). Subcellular localization of PCDH7 in the HPA project was obtained in the HeLa cells.
Cell culture
The used BEAS-2B, A549, H1299, H522, H460 cells, and A549-Res cell lines (A549 cell line that is resistant to cisplatin) were routinely stored in laboratories. The A549-Res (resistant to cisplatin) cell line was purchased from Shanghai MEIXUAN Biological Science and Technology Co, Ltd. All cells are cultured under normal conditions. The cell culture medium used is 1640-RPMI. According to cell growth, subculture was conducted every 3–4 days.
Quantitative real-time (qRT) PCR
First, total RNA was extracted using the TRIzol reagent and then transcribed into cDNA for further analysis (Pan et al., 2020). The PCR system is a 20-μL system, and PCR detection is performed using SYBR Green. The primer sequence is as follows: PCDH7: F, 5′-GAC​TCT​GGG​CGT​CTC​TGA​AG-3’; R, 5′-CTC​AAC​TCC​GAC​TCT​GCT​CA; GAPDH: F, 5′-CTG​GGC​TAC​ACT​GAG​CAC​C-3’; R, 5′-AAG​TGG​TCG​TTG​AGG​GCA​ATG-3’.
Cell transfection
The transfection of control and PCDH7 knockdown plasmids was conducted with Lipofectamine 2000 based on standard procedures (Pan et al., 2020). The target sequence is as follows: sh#1: 5′-GGA​GGC​TTC​TAA​GCC​AAA​T-3′, sh#2: 5′-GGA​CCA​TTT​ACT​CCA​CAA​T-3′, sh#3: 5′-CCA​CCG​TGG​TCC​TTA​ACA​T-3’.
Cell proliferation
The proliferation ability of A549 and H1299 cells was evaluated using the CCK8, colony formation, and EdU assays, according to standard procedures (Pan et al., 2020).
Transwell and wound-healing assays
The invasion and migration ability of A549 and H1299 cells were evaluated using the transwell and wound-healing assays, according to standard procedures (Pan et al., 2020).
IC50 detection of cisplatin
The detection of cisplatin was performed according to the procedures of Heinze et al. (2021).
In vivo experiments
For tumor inoculation, each nude mouse was subcutaneously injected with 10 × 105 cells. The mice were then monitored for 4 weeks for tumor development. At the end of the experiment, the mice were euthanized, and tumors were excised, weighed, and photographed.
Data statistics
For all the analyses based on public data, R software version 4.0.4 was used. Moreover, SPSS and GraphPad Prism 8 software were also used for data statistics of the experimental data. Generally, the comparison with a p-value <0.05 was regarded as significant. Different testing methods were chosen based on statistical requirements for variables that meet different data distributions.
RESULTS
The brief process of this study is shown in Figure 1. Here, we found that PCDH7 may be involved in cisplatin resistance in lung cancer through public database analysis (GSE21656 and GSE108214). Then, a series of in vitro experiments was performed, which verified the cancer-promoting role of PCDH7 in NSCLC. Moreover, the results of IC50 detection showed that PCDH7 might be associated with cisplatin resistance of NSCLC. Next, we investigated the single-cell pattern, biological function, and immune analysis of PCDH7. Moreover, we noticed that patients with high PCDH7 expression might be more sensitive to bortezomib, docetaxel, and gemcitabine but resistant to immunotherapy. Finally, a prognosis model based on three PCDH7-derived genes was constructed (GPX8, BCAR3, and TNS4), which has a good prediction ability on NSCLC patients’ survival.
[image: Figure 1]FIGURE 1 | Flow chart of the whole study.
Identification of the genes involved in cisplatin resistance in lung cancer cells
Through careful search, we found two datasets from the GEO database. The GSE21656 provided the transcriptional profile derived from cisplatin-resistant and wild-type H460 lung cancer cells. GSE108214 provided the transcriptional profile derived from cisplatin-resistant and wild-type A549 lung cancer cells. The data preprocessing process is shown in Supplementary Figures S1A, B. The DEG analysis identified 70 upregulated and 106 downregulated genes in cisplatin-resistant cells of the GSE21656 cohort (Figure 2A, H460). For the GSE108214 cohort, 1,430 upregulated and 1,280 downregulated genes were identified in cisplatin-resistant A549 cells (Figure 2B). Through intersection processing, we found that 16 genes showed consistent downregulation in drug-resistant cells in the GSE21656 and GSE108214 cohorts: NTS, TMPRSS15, TMEM27, MCAM, IGFBP3, S100A16, GALC, CDH11, DCLK1, MYO5C, CPVL, SEMA5A, ANO3, AQP3, IFITM2, and PCDH7; in total, 11 genes showed consistent upregulation in drug-resistant cells in the GSE21656 and GSE108214 cohorts: PKIA, CDH2, CALB2, CDK14, VAV3, KCNK1, COL12A1, ANO5, SNAP25, CP, and TPM2 (Figure 2C). Then, we compared the expression level of these common genes in NSCLC and para-carcinoma tissue. We noticed most of these genes had a significant difference in the expression level between tumor and normal tissues, revealing their underlying role in cancer development (Figure 2D). The results of univariate Cox regression showed that the genes PCDH7, TPM2, S100A16, CDH2, ANO3, CALB2, COL12A1, PKIA, and MCAM were remarkably correlated with NSCLC patient survival (Figure 2E, PCDH7: HR = 1.138; TPM2: HR = 1.148; S100A16: HR = 1.133; CDH2: HR = 1.109; ANO3: HR = 1.197; CALB2: HR = 1.063; COL12A1: HR = 1.065; PKIA, HR = 1.085; MCAM, HR = 1.115). Among these genes, PCDH7 has the most significant p-value and was consequently selected for the following analysis. In the TCGA–LUAD cohort (lung adenocarcinoma), patients with high expression of PCDH7 appear to have a poor prognosis (Figures 2F–H, overall survival, p = 0.003; disease-free survival, p = 0.002; progression-free survival, p = 0.003). However, this effect does not seem significant in the TCGA–LUSC cohort (lung squamous cell carcinoma) (Figures 2I, J). Furthermore, an association between PCDH7 and worse clinical features was found in a clinical correlation analysis (Figures 3A–D).
[image: Figure 2]FIGURE 2 | Identification of PCDH7 through bioinformatics analysis. Notes: (A) DEG analysis between cisplatin-resistant and wild-type cells in GSE21656; (B) DEG analysis between cisplatin-resistant and wild-type cells in GSE108214. (C) Intersection analysis of the DEGs identified from GSE21656 and GSE108214. (D) Expression patterns of intersected genes in NSCLC and para-carcinoma tissues. (E) Univariate Cox regression analysis was performed to identify the prognosis-related genes. (F) Overall survival difference in patients with high and low PCDH7 expression (TCGA–LUAD). (G) Disease-free survival difference in patients with high and low PCDH7 expression levels (TCGA–LUAD). (H) Progression-free survival difference in patients with high and low PCDH7 expression levels (TCGA–LUAD). (I) Overall survival difference in patients with high and low PCDH7 expression (TCGA–LUSC). (J) Disease-free survival difference in patients with high and low PCDH7 expression (TCGA–LUSC). (K) Progression-free survival difference in patients with high and low PCDH7 expression (TCGA–LUSC).
[image: Figure 3]FIGURE 3 | PCDH7 promotes the invasion and migration ability of NSCLC. Notes: (A–D) expression level of PCDH7 in patients with different clinical features. (E) Transwell assay was performed in PCDH7-knockdown and control cells. (F) Wound-healing assay was performed in PCDH7-knockdown and control cells.
PCDH7 enhances the cell malignant phenotypes and cisplatin resistance of NSCLC cells
Subsequently, we tried to identify the biological role of PCDH7 in NSCLC. The results of qRT-PCR indicated that PCDH7 is overexpressed in lung cancer cells compared to normal lung cells (Supplementary Figure S2A). Moreover, the IHC image from the HPA database indicated a higher PCDH7 protein level in NSCLC than the control tissue (Supplementary Figures S3A, B). The inhibition efficiency of three sh-PCDH7 cells was quantified using qRT-PCR (Supplementary Figures S2B, C). In both A549 and H1299 cells, sh-PCDH7#2 showed the best performance and was consequently selected for further experiments. The transwell assay indicated that knockdown of PCDH7 could hamper the invasion and migration ability of NSCLC cells (Figure 3E). The result of the wound-healing assay obtained the same conclusion (Figure 3F). For cell proliferation, the results of the CCK8 assay indicated that inhibition of PCDH7 could reduce the cell proliferation ability of NSCLC cells (Figures 4A, B). In addition, the number and size of cell colonies in cells with PCDH7 knockdown were smaller than those in control cells (Figure 4C). The EdU assay indicated that inhibition of PCDH7 could remarkably inhibit the DNA replication capability of NSCLC cells (Figures 4D, E). In vivo experiments showed that PCDH7 knockdown cells formed a lighter tumor than control cells (Figures 4F, G). Then, we detected the IC50 concentration of cisplatin in sh-PCDH7 and control cells. The result indicated that cells with sh-PCDH7 had a lower IC50 than control cells, indicating that PCDH7 is associated with cisplatin resistance (Figures 5A, B). Moreover, A549 cells with cisplatin resistance had a higher PCDH7 level (Figure 5C).
[image: Figure 4]FIGURE 4 | PCDH7 promotes the proliferation ability of NSCLC. Notes: (A, B) CCK8 assay was performed in PCDH7-knockdown and control cells. (C) Colony formation assay was performed in PCDH7-knockdown and control cells. (D, E) EdU assay was performed in PCDH7-knockdown and control cells. (F, G) Tumor formation experiment in nude mice injected by control and PCDH7-knockdown cells.
[image: Figure 5]FIGURE 5 | PCDH7 affects cisplatin resistance in NSCLC. Notes: (A, B) The IC50 detection of cisplatin in PCDH7-knockdown and control cells. (C) Expression level of PCDH7 in A549- and A549-resistant cells. (D, E) Single-cell expression pattern in NSCLC tissue.
Expression pattern and biological function of PCDH7 in NSCLC
Based on the public single-cell data from TISCH projects (Wu et al., 2021), we explored the single-cell expression pattern of PCDH7 in NSCLC. The result showed that PCDH7 was mainly expressed in malignant cells, fibroblasts, and CD8+ T cells (Figures 5D, E). The GSEA analysis based on the Hallmark set indicated that in the patients with high PCDH7 expression, the top five upregulated terms were epithelial–mesenchymal transition (EMT), apical junction, UV-response, angiogenesis, and TNF-α signaling (Figure 6A). For the GSEA analysis based on the GO set, the top three upregulated terms were all related to the spliceosome-related complex (Figure 6B) and the top three downregulated terms were related to the immunoglobulin complex (Figure 6C). For the GSEA analysis based on the KEGG set, the top three upregulated terms were small-cell lung cancer, focal adhesion, and ECM–receptor interaction, while the top three downregulated terms were ribosome, maturity-onset diabetes of the young, and linolenic acid metabolism (Figures 6D, E). The subcellular localization of PCDH7 in HeLa cells showed that it mainly localized in the plasma membrane (Supplementary Figures S3C, D).
[image: Figure 6]FIGURE 6 | Biological enrichment of PCDH7 in NSCLC. Notes: (A) GSEA analysis based on the Hallmark gene set in NSCLC patients with high and low PCDH7 expression. (B) Top three upregulated terms of GSEA analysis based on the GO gene set in NSCLC patients with high and low PCDH7 expression. (C) Top three downregulated terms of GSEA analysis based on the GO gene set in NSCLC patients with high and low PCDH7 expression. (D) Top three upregulated terms of GSEA analysis based on the KEGG gene set in NSCLC patients with high and low PCDH7 expression. (E) Top three downregulated terms of GSEA analysis based on the KEGG gene set in NSCLC patients with high and low PCDH7 expression levels.
PCDH7 affects the immune microenvironment and therapy response of NSCLC
The heatmap of the level of immune cells quantified by the CIBERSORT algorithm is shown in Figure 7A. Correlation analysis indicated that PCDH7 was positively correlated with resting NK cells, M0 macrophages, and neutrophils yet negatively correlated with CD8+ T cells and activated NK cells (Figure 7B). We also noticed a significant difference in several immune-related genes in patients with high and low PCDH7 expression levels (Figure 7C). For the immune function terms quantified by the ssGSEA algorithm, PCDH7 was positively correlated with para-inflammation, CCR, MHC_class_I, and APC_co_inhibition (Figure 7D). Furthermore, we found that PCDH7 was significantly correlated with key immune checkpoints PDCD1LG2 and CD274 (Figures 7E–H). A positive correlation was found between PCDH7 and stromal score, as well as ESTIMATE scores (Figures 8A–C). Moreover, we found that PCDH7 was positively correlated with the TIDE score (Figure 8D, R = 0.330, p < 0.001). Correspondingly, 44.6% of patients with low PCDH7 levels tended to respond to immunotherapy, but this percentage reduced to 26.9% in patients with high PCDH7 expression (Figure 8E). Meanwhile, a higher immune exclusion was found in patients with high PCDH7 expression (Figure 8F). The results of drug sensitivity indicated that patients with high PCDH7 expression might be more sensitive to bortezomib, docetaxel, and gemcitabine (Figure 8G).
[image: Figure 7]FIGURE 7 | Immune-related analysis of PCDH7 in NSCLC. Notes: (A) The CIBERSORT algorithm was used to quantify the immune microenvironment of NSCLC. (B) Correlation between PCDH7 and quantified immune cells. (C) Expression level of immune checkpoint genes in patients with high and low PCDH7 expression. (D) Correlation between PCDH7 and quantified immune function. (E) Correlation between PCDH7 and PDCD1. (F) Correlation between PCDH7 and CTLA4. (G) Correlation between PCDH7 and PDCD1LG2. (H) Correlation between PCDH7 and CD274.
[image: Figure 8]FIGURE 8 | PCDH7 affects the sensitivity of immunotherapy and specific chemotherapy in NSCLC. Notes: (A) Correlation between PCDH7 and stromal score quantified by the ESTIMATE package. (B) Correlation between PCDH7 and immune score quantified by the ESTIMATE package. (C) Correlation between PCDH7 and ESTIMATE score quantified by the ESTIMATE package. (D) Correlation between PCDH7 and the TIDE score. (E) Percentage of immunotherapy responders and non-responders in patients with high and low PCDH7 expression. (F) Immune dysfunction and exclusion level in patients with high and low PCDH7 expression. (G) Drug sensitivity analysis of patients with high and low PCDH7 expression.
Construction of a prognosis model derived from PCDH7 using machine learning algorithms
Then, we tried to construct a prognosis model derived from PCDH7-related genes. The top 100 genes positively and negatively correlated with PCDH7 are shown in Figures 9A, B. Then, univariate Cox regression analysis was performed to identify the prognosis-related genes (Figure 9C; Supplementary File S1). LASSO regression analysis was conducted to reduce data dimensions (Figures 9D, E). Then, three PCDH7-related molecules were identified for a prognosis model: Risk score = GPX8 * 0.107 + BCAR3 * 0.184 + TNS4 * 0.05 (Figure 9F). The KM curve in the training cohort demonstrated a shorter survival rate of patients with a high risk score than those with a low risk score (Figure 10A, HR = 3.96, p < 0.001). The AUC values of 1-, 3-, and 5-year ROC curves were 0.750, 0.745, and 0.688, respectively, indicating a good prediction ability of our prognosis model (Figures 10B–D). This effect was also found in the validation cohort (Figures 10E–H, HR = 3.36, p < 0.001; AUC values of 1-, 3-, and 5-year ROC curves were 0.724, 0.733, and 0.673, respectively). A nomogram plot was established to get a better clinical application ability by integrating the risk score and clinical features (Figure 10I). For the 1-, 3-, and 5-year survival, a satisfactory fit was observed between the survival predicted by the nomogram and the actual survival (Figure 10J). Moreover, we noticed that the risk score is an independent marker for patient prognosis, which increases its potential for clinical applications (Figures 10K, L).
[image: Figure 9]FIGURE 9 | Construction of a prognosis model based on PCDH7-derived molecules. Notes: (A) Top 100 genes positively correlated with PCDH7. (B) Top 100 genes negatively correlated with PCDH7. (C) Univariate Cox regression analysis of PCDH7-derived molecules. (D, E) LASSO regression analysis. (F) Multivariate Cox regression analysis was performed to construct the prognosis model.
[image: Figure 10]FIGURE 10 | Evaluation of the prognosis model and nomogram plot. Notes: (A) KM survival curves of high- and low-risk patients in the training cohort; (B–D) ROC curves of 1-, 3-, and 5-year survival in the training cohort; (E) KM survival curves of high- and low-risk patients in the validation cohort; (F–H) ROC curves of 1-, 3-, and 5-year survival in the validation cohort. (I) Nomogram plot constructed by combining the risk score and clinical features. (J) Calibration curves were used to evaluate the fit between the nomogram-predicted survival and the actual survival. (K, L) Univariate and multivariate analyses of the prognosis model.
DISCUSSION
Despite the rapid development of medical management and technology, it is undeniable that lung cancer, especially NSCLC, remains a thorny public health issue (de Sousa and Carvalho, 2018; Bade and Dela Cruz, 2020). Early-stage lung cancer patients can rely on early surgery, but surgical intervention in late-stage patients often has poor results (Hirsch et al., 2017). Early-stage lung cancer can achieve a good prognosis and even clinical cure through multidisciplinary comprehensive treatment. However, many patients already have disease progression at the initial diagnosis, which is an important factor affecting their prognosis (Wang et al., 2019). For unresectable advanced NSCLC patients, platinum-containing dual-drug chemotherapy remains the first-line treatment strategy (Rossi and Di Maio, 2016). Therefore, cisplatin is extremely important in the treatment of advanced lung cancer.
In recent years, NSCLC has made great progress in both immune and targeted therapies, and these advances have also promoted the development of precision therapy (Imyanitov et al., 2021). Subsequently, the development of targeted drugs and their molecular therapeutic mechanisms have received attention. However, due to the limitations of high cost and off-target effects of precise medical treatment for tumors, the combination therapy of traditional chemotherapy is still indispensable in clinical treatment (Planchard et al., 2018). Currently, the issue of chemotherapy drug resistance has become a significant obstacle to the treatment of NSCLC. Cisplatin is the main chemotherapy drug for NSCLC, which can damage tumor DNA, inhibit tumor cell mitosis, and thus disrupt a series of biological functions of DNA (Makovec, 2019). The resistance mechanism of cisplatin is very complex, and its resistance is often related to “drug pump” proteins, molecular detoxification, DNA damage repair, and activation of certain pathways (Amable, 2016). Some previous studies have begun to focus on the mechanism of cisplatin resistance and potential intervention targets (Wang et al., 2021; Kouba et al., 2022; Shi et al., 2022). Here, we found that PCDH7 may be involved in cisplatin resistance in lung cancer through public database analysis (GSE21656 and GSE108214). Then, a series of in vitro experiments was performed, which verified the cancer-promoting role of PCDH7 in NSCLC. Moreover, the results of IC50 detection showed that PCDH7 might be associated with cisplatin resistance of NSCLC. Next, we investigated the single-cell pattern, biological function, and immune analysis of PCDH7. Moreover, we noticed that patients with high PCDH7 expression might be more sensitive to bortezomib, docetaxel, and gemcitabine but resistant to immunotherapy. Finally, a prognosis model based on three PCDH7-derived genes was constructed (GPX8, BCAR3, and TNS4), which has a good prediction ability on NSCLC patient survival.
PCDH7, known as protocadherin 7, is a subfamily of the cadherin superfamily (Yoshida et al., 1998). PCDH7 has been reported to play a biological role in various cancer types. For instance, Liu et al. discovered that PCDH7 can affect the chemotherapy response of colon cancer, which is regulated by ferroptosis and autophagy (Liu et al., 2022). Wu et al. found that AQP8 could inhibit cancer progression by downregulating PI3K/AKT signaling (Wu et al., 2018). Shishodia et al. found that prostate cancer has a higher level of PCDH7 and could enhance MEK signaling (Shishodia et al., 2019). Wang et al. found that the PCDH7 could be regulated by the circDVL1/miR-412-3p axis and promote renal cancer development (Wang et al., 2022). We found that PCDH7 significantly enhances lung cancer development and is associated with cisplatin resistance, which provides the direction for the potential drug development targeting PCDH7.
We noticed that the EMT pathway was the most enriched biological term in patients with high PCDH7 expression, which indicates the role PCDH7 may exert through EMT mediation. Shen et al. noticed that when EMT activity is reversed, the malignancy and resistance to cisplatin in cisplatin-resistant lung cancer cell lines decrease (Shen et al., 2019). The research result also indirectly highlights the effectiveness of our analysis. Meanwhile, other pathways like apical junction, UV-response, angiogenesis, and TNF-α signaling were also found. These pathways may serve as possible mechanisms mediated by PCDH7 and provide direction for future research. Moreover, PCDH7 was negatively correlated with CD8+ T cells and activated NK cells. These two types of cells act as killer cells to suppress cancer in general solid tumors, especially in lung cancer (Guillerey, 2020; Reina-Campos et al., 2021). Therefore, the recruitment of PCDH7 to peripheral cells in the microenvironment of NSCLC may also be the potential mechanism of its role.
With the arrival of the era of biological big data, the rapidly developing bioinformatics has greatly helped relevant researchers (Yu et al., 2021b; Ren et al., 2021). This study identified the potential role of PCDH7 in NSCLC through high-quality data analysis and validated it through further biological experiments. However, some limitations cannot be ignored. First, through specific bioinformatics algorithms, we explored the potential mechanisms by which PCDH7 works through TCGA’s big data. However, bioinformatics results are difficult to truly indicate the actual organizational microenvironment. Therefore, the potential bias generated may reduce the credibility of the conclusion. Second, the vast majority of patients obtained from TCGA are from the Western population. Considering the biological differences between different ethnic groups, the credibility of our results in Asian and African American populations will decrease.
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Background

The primary objective of this study is to thoroughly investigate the intricate correlation between postoperative molecular residual disease (MRD) status in individuals diagnosed with stage I-IIIA non-small cell lung cancer (NSCLC) and clinicopathological features, gene mutations, the tumour immune microenvironment and treatment effects.





Methods

The retrospective collection and analysis were carried out on the clinical data of ninety individuals diagnosed with stage I-IIIA NSCLC who underwent radical resection of lung cancer at our medical facility between January 2021 and March 2022. The comprehensive investigation encompassed an evaluation of multiple aspects including the MRD status, demographic information, clinicopathological characteristics, results from genetic testing, the tumor immune microenvironment, and treatment effects.





Results

No significant associations were observed between postoperative MRD status and variables such as gender, age, smoking history, pathological type, and gene mutations. However, a statistically significant correlation was found between MRD positivity and T (tumor diameter > 3 cm) as well as N (lymph node metastasis) stages (p values of 0.004 and 0.003, respectively). It was observed that higher proportions of micropapillary and solid pathological subtypes within lung adenocarcinoma were associated with increased rates of MRD-positivity after surgery (p = 0.007;0.005). MRD positivity demonstrated a correlation with the presence of vascular invasion (p = 0.0002). For the expression of programmed cell death ligand 1 (PD-L1), tumour positive score (TPS) ≥ 1% and combined positive score (CPS) ≥ 5 were correlated with postoperative MRD status (p value distribution was 0.0391 and 0.0153). In terms of ctDNA elimination, among patients identified as having postoperative MRD and lacking gene mutations, postoperative adjuvant targeted therapy demonstrated superiority over chemotherapy (p = 0.027).





Conclusion

Postoperative ctDNA-MRD status in NSCLC patients exhibits correlations with the size of the primary tumor, lymph node metastasis, pathological subtype of lung adenocarcinoma, presence of vascular invasion, as well as TPS and CPS values for PD-L1 expression; in postoperative patients with MRD, the effectiveness of adjuvant EGFR-TKI targeted therapy exceeds that of chemotherapy, as evidenced by the elimination of ctDNA.
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1 Introduction

In China, Lung cancer holds the unenviable distinction of being the most prevalent malignancy and remains the primary contributor to cancer-related mortality. This devastating disease accounts for a staggering 40% of global deaths attributed to lung cancer, further emphasizing its significant impact on public health. Non-small cell lung cancer (NSCLC) comprises roughly85% of lung cancers, with its predominant pathological subtypes being lung adenocarcinoma and lung squamous cell carcinoma (1, 2). Surgery is one of the main treatments for patients with stage I-IIIA NSCLC. For patients with stage IA and low-risk stage IB NSCLC, regular follow-up and imaging examinations are recommended as the main means of tumour monitoring (3). Adjuvant therapy, encompassing various modalities such as chemotherapy, targeted therapy, immunotherapy, and more, plays a crucial role in the management of postoperative patients with high-risk stage IB and II-IIIA NSCLC. It is crucial to ensure regular clinical follow-ups and imaging assessments during and after the treatment process (4). Despite standardized treatment, there are still patients with stage I-IIIA NSCLC who encounter tumor relapse following surgical intervention (5). Traditional imaging examinations such as computed tomography (CT), as the main means of postoperative tumour monitoring in NSCLC, have certain limitations, such as difficulty in detecting residual or recurring small tumour lesions, and lag behind in the evaluation of chemotherapy efficacy and drug resistance. Detecting small tumour lesions early after radical surgery for NSCLC, prognosticating the likelihood of disease recurrence, and guiding postoperative refined and individualized treatment are the main challenges in the postoperative management of NSCLC.

Circulating tumour DNA (ctDNA) pertains to fragments of tumor-derived DNA present in the bloodstream. These fragments encompass both the phenotype and genetic characteristics of tumour cells, such as gene mutation information, including mutations, deletions, insertions, and rearrangements (6, 7). In recent years, from the perspective of evaluating tumour burden, ctDNA has been used in NSCLC research to evaluate minimal residual disease (MRD). A study of stage I-IIIA NSCLC found that MRD detection based on postoperative plasma ctDNA identify tumour recurrence and metastasis earlier than can imaging. In addition, postoperative ctDNA-MRD-positive patients have a worse prognosis than ctDNA-MRD-negative patients. In addition, it is possible to dynamically monitor postoperative MRD and formulate personalized, precise treatment and/or follow-up plans based on MRD status and abundance changes (8–13). The above studies suggest that MRD detection based on plasma ctDNA serves as a valuable and informative reference for guiding the postoperative management of NSCLC patients and has broad application prospects. However, in the realm of lung cancer, MRD research is still in its nascent stages. Significant heterogeneity exists among studies regarding the definitions and methodologies employed to investigate MRD., and the findings cannot be fully generalized; therefore, relevant research is currently at the preliminary exploration stage of “crossing the river by feeling the stones”.

At the Forum on the 18th China Lung Cancer Summit in 2021, an expert consensus was reached on lung cancer MRD: Lung cancer MRD refers to residual cancer that traditional imaging (including positron emission tomography/CT, PET/CT) or laboratory methods cannot detect after treatment. However, consistent detection of MRD can be achieved through the utilization of liquid biopsy techniques via ctDNA (abundance ≥ 0.02%), including lung cancer driver genes or other class I/II gene variants, representing the possibility of lung cancer persistence and clinical progression (14). In a recent extensive prospective study conducted across multiple medical centers, it was conclusively shown that ctDNA can serve as a reliable biomarker for prognosticating and detecting MRD within a span of one month following surgical intervention, and the relative contribution of ctDNA-MRD status in multivariate Cox analysis in predicting recurrence-free survival (RFS) surpasses the cumulative impact of clinical variables, including s TNM stage (15). However, there is no detailed literature report on whether the MRD status of NSCLC patients after radical surgery is related to clinicopathological characteristics, gene mutations, tumour immune biomarkers and other factors.

In this study, we retrospectively conducted a comprehensive analysis of a cohort comprising 90 individuals diagnosed with stage I-IIIA NSCLC who had undergone radical surgery in our hospital. The peripheral blood of the patients was analysed by next-generation sequencing (NGS) technology covering 769 cancer-related genes, and the correlation between ctDNA-MRD status and clinicopathological features, gene mutations, the tumour immune microenvironment and treatment efficacy was analysed. By examining these variables collectively, we aimed to investigate the relationship among MRD status, clinicopathological characteristics and treatment prognosis in NSCLC patients.




2 Methods



2.1 Patients and samples

Patients with stage I-IIIA disease (AJCC8th edition) who underwent radical surgery (lobectomy + systematic lymph node dissection) for NSCLC from January 2021 to March 2022 at the Department of Thoracic and Cardiovascular Surgery of Guiqian International General Hospital and agreed to undergo MRD testing were included. Patients with a prior history of neoplastic disease, neoadjuvant therapy, multiple primary lung cancers, compound carcinoma, and germline mutations were excluded. For eligible patients, the excised pathological tissue was fixed in formalin solution and subsequently embedded in paraffin for the purpose of sectioning following surgery. Subsequently, the peripheral blood of each patient was collected for MRD detection 1 month after the operation. If the sample was MRD positive, adjuvant therapy was administered considering the gene test results, and the peripheral blood of the patient was collected again 3 months after the end of the adjuvant treatment for MRD detection. If the patient’s peripheral blood MRD test was negative 1 month after surgery, adjuvant therapy was administered based on the stage, and peripheral blood was collected 6 months after surgery for MRD detection regardless of whether the patient received adjuvant therapy. The requirements for pathological tissue sections of patients were as follows: tumour positive score (TPS) ≥10%, area of necrotic tissue ≤50%, and section thickness of 5-10 μm. Streck blood tubes were used for peripheral blood collection, and each blood collection volume was at least 10 ml. Tissue and blood samples were sent to Genecast Biotechnology Co., Ltd. (Wuxi,China) for DNA isolation, library preparation, and NGS. Regular follow-up visits were scheduled for all patients at three-month intervals post-operation. The follow-up protocol encompassed a comprehensive evaluation, including a review of medical history, physical examination, chest CT scan, and abdominal B-ultrasound, as well as yearly cranial MRI and whole-body bone scans. Prior approval for this study was obtained from the Ethics Committee of Guiqian International General Hospital, and written informed consent was obtained from all participating patients, ensuring adherence to ethical guidelines and patient autonomy.




2.2 DNA extraction from tissue and blood samples

The extraction of genomic DNA from tissue slices was performed using the TIANamp Genomic DNA Kit (TIANGEN, China) following established protocols. After centrifugation, TGuide S32 Magnetic Blood DNA Kit-T5C and TGuide S32 (TIANGEN, China) automatic nucleic acid extractor were employed for extracting genomic DNA from the buffy coat fraction. Similarly, isolation of cell-free DNA (cfDNA) was extracted from the plasma fraction using MagMAX Cell-Free DNA Isolation (ThermoFisher, USA). The quantification of DNA concentration was performed utilizing a Qubit dsDNA HS Assay Kit (Thermo Fisher, USA), and DNA quality was assessed using an Agilent 2100 BioAnalyzer (Agilent, USA). Each tumor tissue or plasma sample yielded a range of 30 to 300 ng of genomic DNA, which was then subjected to shearing using Covaris LE220 to achieve a fragment length of 200 bp. The resulting DNA fragments underwent further processing and were deemed qualified for subsequent library preparation.




2.3 Library preparation and sequencing

A KAPA Hyper PCR-free kit was used to construct a DNA library, and the library was amplified using a KAPA Library Amplification Kit and purified using Agencourt AMPure XP magnetic beads. UMI connectors were added to both ends of the DNA. The quantification of modified library samples was carried out using the AccuGreen High Sensitivity dsDNA Quantification Kit (Biotium, USA), enabling accurate measurement of library sample concentration. Additionally, the size distribution of the libraries was evaluated using an Agilent Bioanalyzer 2100 (Agilent, USA).

The HyperCap Target Enrichment Kit (Roche, Switzerland) was employed to capture the desired genomic regions of interest. The designed hybridization panel covered a region of approximately 2.4 MB in the human genome, covering 769 cancer-related genes. The 769-gene NGS panel was developed and validated in-house by Genecast Biotechnology, a CAP-accredited clinical diagnostic laboratory. The genes included in the panels are curated according to publicly available databases, including The Cancer Genome Atlas (TCGA, https://www.cancer.gov ), the Catalogue of Somatic Mutations in Cancer (COSMIC, https://cancer.sanger.ac.uk ), OncoKB (https://www.oncokb.org ), etc., and proprietary internal datasets. Following hybridization and subsequent washing steps as per the provided instructions, the enriched libraries underwent amplification using KAPA HiFi HotStart ReadyMix. The amplified libraries were then purified using 1X AMPure beads, quantified to determine their concentration, and subjected to sequencing in 150-bp paired-end mode using the Illumina NovaSeq 6000 platform.




2.4 Identification of single-nucleotide variants in tumour tissue

Trimming of aptamers and low-quality bases for sequencing reads was performed using Trimmomatic (v0.36) (16). The obtained high-quality reads were aligned to the human reference genome hg19 using BWA aligner (v0.7.17), followed by Picard (v2.23.0) for classification and masking of duplicates. To identify SNVs and insertions/deletions (InDels), VarDict (version 1.5.1) analysis was employed in this study. Additionally, FreeBayes (version 1.2.0) was utilized to detect complex mutations (17). A typical quality check (QC) was used to filter the raw variant list, for example, variant quality and chain bias. Additionally, variants classified as low complexity and segmental repeat regions defined by ENCODE were removed (18), and variants on a list of recurring sequence-specific errors (SSEs) were developed and validated in-house.




2.5 Filtering of point mutations in tumour tissue

Filtering was performed first if germline or clonal haematopoiesis met any of the following criteria: 1) variant allele frequency (VAF) in peripheral blood lymphocytes (PBLs) not less than 5%; 2) VAF in PBLs less than 5% but greater than 1/5 of the VAF in paired tissue samples; and 3) variants found to have a minimum allele frequency (MAF) no less than 2% in the public gnomAD population database. The remaining somatic mutations were subjected to further quality filtering. The minimum supported reads was 5 (19), and the VAF thresholds were 4% for SNVs and 5% for InDels.




2.6 Monitoring point mutations in plasma samples

To ensure the accuracy and reliability of identified SNVs/InDels, each potential ctDNA mutation candidate underwent rigorous statistical testing against an internal background reference library. We adopted a tumor prior analysis strategy for mutational analysis of plasma samples, whereby somatic SNVs/InDels identified in each tissue sample constituted the baseline for ctDNA detection in corresponding plasma cfDNA samples from the same patient; in the initial tissue sequencing, novel ctDNA mutations that were not detected were excluded from the data analysis. In order to mitigate the influence of technical artifacts, each identified ctDNA mutation candidate underwent a rigorous statistical analysis against an internal background reference library. The background library included more than 1,000 plasma samples as well as matched tissue and peripheral blood cell samples from patients of various stages and cancer types. After the removal of true tumour-derived somatic mutations and clonal haematopoietic (CH) variants by reference to matched tissue and PBL sequences, the remaining artificial variants in the background library were merged at the minor allele level and fitted with anti-γ distribution. Each input plasma sample to be analysed first underwent the same mutation filtering process to remove germline and CH variants, with the remaining candidate somatic mutations statistically tested against a background reference library. To account for the zero-inflation effect, the zero weighted probability that a given variant is a true somatic cell was calculated, by Monte Carlo simulations, combining randomly sampled nonzero VAF values with all zero values. Each VAF in this list was further entered into a binomial test as a probability of success with the parameters observed alt-allele support reads and total support reads. Expected values at the variant level were calculated as the mean of all P values, and a threshold for positive ctDNA mutations was set at P < 0.05. The following formula was used to calculate the comprehensive P value at the sample level: Psma pte = CkmnPi , where m of the combination coefficient (C) is the total number of variants tracked for this patient and k is the number of positive variants tested by the variant level above. A plasma sample was designated as positive using an integrated P value threshold of P < 0.01. The mean VAF for a given positive plasma sample was calculated by dividing the sum of the VAF values of all positive SNV/indel variants by the number of all traceable variants. The haploid genome equivalent (hGE, mutant molecules/ml plasma) used to assess ctDNA concentration was calculated using the following formula:
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2.7 Identification and monitoring of copy number variation in plasma samples

Copy number variation (CNV) for both tissue and plasma samples were analysed using CNV kit (v0.9.2) software based on paired PBL samples (20). For tissue, a copy number threshold of 4.0 was applied to identify CNV gains, while a threshold of 1.0 was used for CNV losses in the tissue samples. In contrast, for plasma samples, the copy number thresholds were set at 3.0 for CNV gains and 1.2 for CNV losses. In the case of plasma samples, a positive report for CNVs was only assigned if the corresponding gene-level copy number alteration (either an increase or decrease) was also identified in the initial resected baseline tissue sample.




2.8 Detection and monitoring of gene fusions in plasma samples

Gene fusions were identified with FACTERA v1.4.4 and FusionMap (21, 22), and only typical driver fusions involving kinase domains that activate ALK, ROS1, and RET were included in the analysis. Clean plasma cfDNA sequences were mapped to fusion references from corresponding tissue samples. Plasma samples were defined as fusion positive if at least 1 sequencing read exactly matched the reference and spanned the breakpoint.




2.9 Tumour marker-related detection

PD-L1: PD-L1 expression was assessed utilizing a Dako 22C3 kit, a well-established method for analyzing PD-L1 protein levels. The scoring system employed in this study was based on the tumor proportion score (TPS), which represents the percentage of PD-L1 membrane-positive tumor cells within the total number of tumor cells evaluated. (TPS ≥ 1% is positive, TPS < 1% is negative). The combined positive score (CPS) is a metric used to evaluate PD-L1 expression levels. It is calculated by dividing the total number of PD-L1-positive cells (including tumor cells, lymphoid cells, and macrophages) by the total number of visible tumor cells assessed, and then multiplying the result by 100 (CPS ≥ 5 is positive, CPS < 5 is negative).

Tumour mutational burden (TMB): TMB (nonsynonymous mutations per megabase (Mbase) of DNA) was calculated using sequencing data from a panel of 769 cancer-related genes and determined by assessing the number of nonsynonymous somatic mutations per megabase (Mb) of the genome. In this study, quantiles < 25% were considered TMB-L, quantiles ≥ 25% and < 75% were considered TMB-M, and quantiles ≥ 5% were considered TMB-H.

Human leukocyte antigen (HLA): Trimmomatic (V0.39) was used to trim the adaptor of raw read pairs. The obtained high-quality reads were aligned to the human reference genome (HG19, UCSC assembly) using the BWA-MEM aligner (version 0.7.12). Subsequently, the alignment files were processed and analyzed using SAMtools (version 1.3). GATK V2.8 was used to perform markduplicates, and local INDEL rearrangement was performed. The HLA gene region in the markduplicated BAM file was converted to FASTQ format and input into HLA-HD (V1.2.0.1) for HLA allele type analysis (MINMUM_TAG_SIZE, 50; RATE_OF_CHUTING, 0.95). The method involved building an extensive dictionary of HLA alleles. Finally, the HLA allele types were analysed.




2.10 Adjuvant therapy

The adenocarcinoma chemotherapy regimen (AP regimen) was as follows: pemetrexed + platinum (cisplatin/carboplatin); specific dosage: pemetrexed 500 mg/m2 q3w ivgtt, carboplatin 200-400 mg/m2 q3w ivgtt, and cisplatin platinum 50~100 mg/m2 q3w ivgtt, 4-6 cycles. The chemotherapy regimen for squamous cell carcinoma (TP regimen) was a follows: nab-paclitaxel + platinum (cisplatin/carboplatin); specific dosage: nab-paclitaxel 260 mg/m2 q3w ivgtt, carboplatin 200-400 mg/m2 q3w ivgtt, and cisplatin 50~100 mg/m2 q3w ivgtt, 4-6 cycles. Tislelizumab (200 mg q3w ivgtt) was used as the immune checkpoint inhibitor. The choice of targeted therapy was guided by the findings of genetic testing. Based on the specific genetic alterations identified, appropriate targeted therapies were selected. In this study, gefitinib (250 mg once daily, orally) was administered as a first-generation EGFR-TKI, while osimertinib (80 mg once daily, orally) was utilized as a third-generation EGFR-TKI.




2.11 Statistical analyses

The mutation status of lung cancer patients was visualized using ComplexHeatmap, and statistical analysis was performed using RStudio software (version 4.1.2; RStudio Inc). Independent samples t-tests were employed to compare continuous variables, while chi-square tests were utilized to assess differences in categorical variables. In both cases, a significance level of P < 0.05 was used as the threshold to determine statistical significance.





3 Results



3.1 Patient characteristics

A cohort comprising 110 patients with stage I-IIIA NSCLC underwent radical surgery and agreed to undergo postoperative ctDNA-MRD detection. Eleven patients with multiple primary lung cancer, 2 patients with compound carcinoma, 5 patients with previous malignant tumour, and 2 patients with germline inheritance were excluded. A total of 90 NSCLC patients met the inclusion criteria for the analysis, of whom 15 (16.67%) were ctDNA-MRD positive and 75 (83.33%) were ctDNA-MRD negative. The median duration of postoperative follow-up was 240 days, with a range from 120 to 360 days. During this period, no radiographic evidence of recurrence was detected in any of the patients included in the study (Figure 1).




Figure 1 | Flow chart of patient enrolment.



Among the 90 patients with NSCLC, the median age was 55 years (ranging from 35 to 75 years). Out of these, there were 39 male patients (43.33%) and 51 female patients (56.67%). There were 78 patients (86.67%) with lung adenocarcinoma and 12 patients (13.33%) with lung squamous cell carcinoma. Postoperative pathological staging revealed 41 patients (45.56%) with stage IA disease, 5 patients (5.56%) with stage IB disease, 1 patient (1.11%) with stage IIA disease, 12 patients (13.33%) with stage IIB disease, and 31 patients (34.44%) with stage IIIA disease. All 12 patients with squamous cell carcinoma received adjuvant therapy (4 patients received the TP regimen, and 8 patients received TP + tislelizumab). Thirty-two patients with adenocarcinoma received adjuvant therapy (20 patients received the AP regimen, 4 patients received oral gefitinib, and 8 patients received oral osimertinib (Supplementary Table S1).




3.2 Correlation between clinicopathological features and postoperative MRD status

MRD-positive patients had a median age of 52 years (range: 46-55 years), whereas MRD-negative patients had a median age of 55 years (range: 35-75 years). There was no statistical significance between age and postoperative MRD status (t = 1.5364, df = 33.012, p value = 0.1341) (Table 1). Among the MRD-positive patients, 7 (7/15, 46.67%) were female, and 8 (8/15, 53.33%) were male; among the MRD-negative patients, 44 (44/75, 58.67%) were female, and 31 (31/75, 41.33%) were male. There was no significant difference between sex and postoperative MRD status (X-squared = 0.70769, df = 1, p value = 0.4002) (Table 1). Five MRD-positive patients (5/15, 33.33%) had a smoking history [(smoking index (660 ± 150)], and 13 MRD-negative patients (13/75, 17.33%) had a smoking history [smoking index (940 ± 860)]. The smoking index was not significantly associated with MRD positivity (X-squared = 0.05395, df = 1, p value = 0.8163) (Table 1).


Table 1 | Patient clinical characteristics.



Among the 78 patients with lung adenocarcinoma, 11 (14.10%) had a positive MRD status after the operation, and 67 (85.90%) had a negative MRD status after the operation. Among the 12 patients with squamous cell lung carcinoma, 4 (33.33%) had a positive postoperative MRD status, and 8 (66.67%) had a negative postoperative MRD status. There was no statistical significance between pathological type and postoperative MRD status (X-squared = 0.15624, df = 1, p value = 0.6926) (Table 1).

Among the pathological subtypes of lung adenocarcinoma, there were 16 cases of lepidic predominant adenocarcinoma (LPA) with a negative postoperative MRD status; 41 cases of acinar predominant adenocarcinoma (ACI), including 2 patients (4.88%) with a positive MRD status after surgery and 39 patients (95.12%) with a negative MRD status after surgery; 6 cases of papillary predominant adenocarcinoma (PAP) with a negative postoperative MRD status. There were 4 cases of micropapillary predominant adenocarcinoma (MPA), including 3 patients (75.00%) with a positive postoperative MRD status and 1 patient (25.00%) with a negative postoperative MRD status. There were 11 cases of solid predominant adenocarcinoma with mucin production (SPA), including 6 patients (54.55%) with a positive postoperative MRD status and 5 patients (45.45%) with a negative MRD status. Lung adenocarcinoma patients with higher proportions of SPA and MPA components had a higher rate of postoperative positive MRD status (X-squared = 27.088, df = 5, p value = 0.005) (Table 1). Among the patients with squamous cell carcinoma, 1 case was well differentiated, and the postoperative MRD status of the patient was negative; 8 cases were moderately differentiated, including 2 patients (25.00%) with a positive postoperative MRD status and 6 patients (75.00%) with a negative postoperative MRD status; and 3 cases were poorly differentiated, including 1 patient (33.33%) with a positive MRD status after surgery and 2 patients (66.67%) with a negative MRD status after surgery. There was no significant difference in positive MRD status after surgery among squamous cell carcinoma patients with different tumour differentiation (X-squared = 0.4444, df = 2, p value = 0.800) (Table 1).

We stratified the sample by largest diameter of the lung tumour exceeding 3 cm. There were 61 patients with T ≤ 3 cm, of whom 4 patients (6.56%) had a positive postoperative MRD status and 57 patients (93.44%) had a negative postoperative MRD status. There were 29 patients with T > 3 cm, of whom 11 (37.93%) had a positive postoperative MRD status and 18 (62.07%) had a negative postoperative MRD status. T > 3 cm was positively correlated with positive postoperative MRD status (X-squared = 18.153, df = 3, p value = 0.0004) Table 1).

Among the 78 patients with lung adenocarcinoma, 27 had lymph node metastasis, of whom 11 (40.74%) had a positive postoperative MRD status and 16 (59.26%) had a negative postoperative MRD status. Fifty-one patients had no lymph node metastasis, and their postoperative MRD status was negative. Lymph node metastasis was associated with postoperative MRD positivity in lung adenocarcinoma patients (X-squared = 18.153, df = 3, p value = 0.003) (Table 1). Among the 12 patients with squamous cell lung carcinoma, 5 had lymph node metastasis, among whom 4 patients (80.00%) had a positive postoperative MRD status and 1 (20.00%) had a negative postoperative MRD status. Seven patients had no lymph node metastasis, and their postoperative MRD status was negative. Positive postoperative MRD status in patients with squamous cell lung carcinoma was found to be associated with lymph node metastasis (X-squared = 18.153, df = 3, p value = 0.0004) (Table 1).

Of the 36 patients with vascular invasion, 13 (36.11%) had a positive postoperative MRD status, and 23 (63.89%) had a negative postoperative MRD status. Of the 54 patients without vascular invasion, 2 (3.70%) had a positive postoperative MRD status, and 52 (96.30%) had a negative postoperative MRD status. Vascular invasion was associated with positive postoperative MRD status (X-squared = 13.587, df = 1, p value = 0.0002) (Table 1). Of the 17 patients with nerve invasion, 6 (35.30%) had a positive postoperative MRD status, and 11 (64.70%) had a negative postoperative MRD status. Of the 73 patients without nerve invasion, 9 (12.33%) had a positive postoperative MRD status, and 64 (87.67%) had a negative postoperative MRD status. There was no statistical correlation between nerve invasion and postoperative MRD-positive status (X-squared = 4.3802, df = 1, p value = 0.3636) (Table 1).




3.3 Gene mutations associated with postoperative MRD status

Gene mutations detected by NGS in tumour tissue were mainly point mutations, accounting for 88.41% (203 point mutations); fusions and rearrangements accounted for only 11.59% (26 fusions and rearrangements) (Figure 2A). The most frequently mutated genes were EGFR (53%), TP53 (49%), BRAF (13%), NTRK3 (13%), KRAS (11%), ERBB2 (8%), and ALK (7%) (Figure 2B). EGFR, TP53, BRAF, NTRK3, KRAS, ERBB2, and ALK gene mutations were not significantly associated with MRD-positive status (Figures 2B, C; Supplementary Table S2).




Figure 2 | Summary of the number of physical mutated genes in tube issue, mutation type, and periodic ctDNA testing in 90 evaluable patients with NSCLC. (A) Number of physical mutations in tube issue. (B) Candidate driver genes that are frequently mutated in tube issue. (C) Patient's mutation type, and MRD status.






3.4 Correlation between immune biomarkers and MRD status

Among MRD-positive patients, 4 patients (26.67%) had a TPS < 1%, and 11 patients (73.33%) had a TPS ≥ 1%; among MRD-negative patients, 58 patients (77.33%) had a TPS < 1%, and 17 patients (22.67%) had a TPS ≥ 1%. TPS ≥ 1% was significantly associated with postoperative MRD-positive status (X-squared = 4.2558, df = 1, p value = 0.0391) (Figure 3A). Among MRD-positive patients, 5 patients (33.33%) had a CPS < 5, and 10 patients (66.67%) had a CPS ≥ 5; among MRD-negative patients, 59 patients (78.67%) had a CPS < 5, and 16 patients had a CPS ≥ 5. (21.33%). CPS ≥ 5 was significantly associated with postoperative MRD-positive status (X-squared = 0.53321, df = 1, p value = 0.0153) (Figure 3B). Among MRD-positive patients, there were 5 (33.33%) TMB-L patients, 3 (20.00%) TMB-M patients, and 7 TMB-H patients (46.67%); among MRD-negative patients, there were 50 TMB-L patients (66.67%), 15 (20.00%) TMB-M patients, and 10 TMB-H patients (13.33%). No substantial association was observed between TMB and MRD status.(X-squared = 1.8646, df = 2, p value = 0.0636) (Figure 3C). Among MRD-positive patients, 2 (13.33%) were HLA homozygous, 3 (20.00%) were partially HLA homozygous, and 10 (66.67%) were HLA heterozygous; among MRD-negative patients, 4 were HLA homozygous (5.33%), 20 (26.67%) were partially HLA homozygous, and 51 (68.00%) were HLA heterozygous. No significant relationship was identified between HLA expression and postoperative MRD status (X-squared = 4.8062, df = 2, p value = 0.0904) (Figure 3D).




Figure 3 | (A) Comparison of TPS(Tumor Positive Score) expression between postoperative MRD-positive patients and MRD-negative patients; (B) Comparison of CPS(Combined Positive Score ) expression between postoperative MRD-positive patients and MRD-negative patients; (C) Comparison of TMB expression between postoperative MRD-positive patients and MRD-negative patients.(TMB-L:Tumor Mutational Burden-Low;TMB-M:Tumor Mutational Burden-middle;TMB-H:Tumor Mutational Burden-High); (D) Comparison of HLA between postoperative MRD-positive patients and MRD-negative patients.(HLA-Hb : Human leukocyte antigen-;HLA-PH;HLA-HZ).






3.5 MRD status after adjuvant therapy

Of the 11 patients with MRD-positive lung adenocarcinoma, 6 (6/11, 54.55%) were treated with chemotherapy (AP regimen), and 5 (5/11, 45.45%) were treated with EGFR-TKIs (1 with oral gefitinib and 5 cases of oral osimertinib). Among chemotherapy patients, ctDNA abundance decreased after treatment in 5 patients, and ctDNA abundance decreased first and then increased after treatment in 1 patient. The MRD of EGFR-TKI-treated patients became negative (the average treatment time was 126 days). Patients who received postoperative adjuvant EGFR-TKI demonstrated a more effective clearance of ctDNA compared to those who received chemotherapy. (X-squared = 3.2158, df = 1, p value = 0.027) (Figure 4A). All 4 patients with MRD-positive squamous cell carcinoma received chemotherapy + immunotherapy (TP regimen + tislelizumab) after surgery. After treatment, 3 patients were still MRD positive, but ctDNA abundance showed a downwards trend; for 1 patient, MRD status became negative after treatment (Figure 4B).




Figure 4 | (A) Changes in ctDNA abundance after EGFR-TKI treatment (dotted line) and chemotherapy (solid line) in 11 postoperative MRD-positive adenocarcinoma patients; X-axis represents follow-up time, Y-axis represents ctDNA abundance; (B) in vivo tumour ctDNA abundance in 4 patients with MRD-positive squamous cell carcinoma treated with chemotherapy + ICIs; X-axis represents follow-up time, Y-axis represents ctDNA abundance.







4 Discussion

With continuous improvements in ctDNA detection technology, postoperative MRD detection has increasingly recognized that liquid biopsy serves as a significant tool for prognostication and assessing treatment response in patients diagnosed with NSCLC (23). For solid tumours, the methods for ctDNA-MRD detection via peripheral blood are diverse. Abbosh tracked variations in plasma with tumour-personalized sequencing-focused multidimensional PCR panels. Parikh (24), independent of tumour gene sequencing, established comprehensive genomic and genetic analyses by building a maximized plasma sample bank to identify variant genes in blood. The technical approach by LUNGCA (15) was created on the basis of personalized sequencing, and a negative plasma background reference library was established; each candidate ctDNA mutation was underwent a statistical analysis against an internal reference library. This rigorous assessment was performed to distinguish true somatic mutations from potential confounding germline or CH alterations., in combination with the P value method to determine the MRD status of samples, leading to improved accuracy and reliability in identifying genetic alterations. In this study, the same technical method as that in the LUNGCA study was used to detect ctDNA in peripheral blood, and ctDNA abundance ≥ 0.008% was defined as MRD positive, which is higher than the standard ctDNA abundance ≥ 0.02% required by the expert consensus on MRD in lung cancer. False negatives in MRD interpretations were avoided, which ensured the reliability of the research results.

In the analysis of the basic data of patients, 56.67% of the patients were female, 86.7% of the cancer cases were adenocarcinoma, and 51.3% of the patients had stage I disease, findings that are consistent with the baseline data reported in previous MRD studies (25). This indicates that early-stage female adenocarcinoma is predominant among NSCLC patients currently undergoing surgical treatment. Furthermore, the findings from this investigation indicated no significant associations between postoperative MRD status and patient age, sex, smoking index, or pathological type.

Previous studies have revealed that within the pathological subtypes of lung adenocarcinoma, MPA and SPA types are typically associated with a higher incidence of lymph node metastasis and poorer prognosis (26–29). Our study found that among 78 patients with lung adenocarcinoma, 11 patients (14.10%) had a positive postoperative MRD status; among them, 9 patients had the pathological subtypes MPA and SPA, and the other 2 patients had ACI, but each had 35% micropapillary component and 20% solid component, showing that MPA and SPA were positively correlated with MRD positivity. No significant correlation was observed between the degree of differentiation in squamous cell carcinoma patients and their MRD status., a result that may be due to the small number of squamous cell carcinoma cases. We will supplement these data in a follow-up prospective study.

Our study also revealed a positive correlation between a primary lesion’s largest diameter exceeding 3 cm and a postoperative positive MRD status. Previous research has elucidated that in the early stages of lung cancer, nutrients and oxygen are predominantly acquired through diffusion. However, as the tumor volume increases, angiogenesis is induced by the release of vascular endothelial growth factors (VEGFs) to ensure an adequate supply of nutrients (30). The VEGF family includes VEGF-A, VEGF-B, VEGF-C, VEGF-D, VEGF-E, VEGF-F, etc. Among them, VEGF-A plays a pivotal role as a potent regulator of angiogenesis. It exerts control over vascular permeability and facilitates the metastasis of endothelial cells. The close association between VEGF-A and tumor growth and metastasis highlights its significance in tumor progression and dissemination (31). As tumour volume increases, the release of VEGF-A increases, angiogenesis increases, and vascular permeability increases, resulting in an increase in the release of metabolites containing tumour-associated DNA and biologically active micrometastases into the bloodstream (32); these fragments containing tumour genetic material form ctDNA. This is also consistent with the conclusion in this study that tumour size is correlated with postoperative MRD-positive status.

Lymph node metastasis represents an independent prognostic risk factor for patients with lung cancer. The process of lymph node metastasis in lung cancer primarily occurs through two principal mechanisms: the dissemination of tumor cells via the lymphatic vessels within the lungs and the induction of lymphangiogenesis by the tumor itself (31, 33). VEGF-C acts as the main driver during lymphangiogenesis, activates the extracellular regulated protein kinases (ERK 1) or ERK2 pathways, plays a significant role in promoting the growth and development of lymphatic endothelial cells (LECs). It facilitates the process of lymphangiogenesis, leading to the formation of new lymphatic vessels surrounding the tumor. Moreover, VEGF-C increases the permeability of peritumoral lymphatic vessels, facilitating nutrient supply and aiding in the growth and progression of the tumor. When multiple lymphatic pathways are established between a tumour and its surroundings, the tumour releases tumour-associated DNA fragments or micrometastases into the blood through lymphatic backflow (34). Furthermore, VEGF-C demonstrates upregulation in numerous cancer cell types and can possess the ability to indirectly trigger infiltration, as well as migration of stromal macrophages in tumours, thereby promoting the metastasis (34, 35). This also explains the positive correlation between lymph node metastasis and postoperative MRD-positive status in this study.

PD-1/PD-L1 plays a crucial role as a coinhibitory signalling pathway that protects cells from autoimmune or inflammatory cell attack in healthy individuals. The correlation between PD-L1 expression and the prognosis of lung cancer patients remains a topic of debate. However, a growing body of research indicates that the PD-1/PD-L1 signaling pathway contributes to oncogene transcription and evasion, ultimately fostering tumor cell survival and proliferation (36). A meta-analysis of 3107 patients with solid tumours by Wu et al. (36) showed that in contrast to patients with negative PD-L1 expression, those exhibiting high PD-L1 expression demonstrated poorer overall survival (OS). Furthermore, the analysis revealed a positive correlation between PD-L1 expression and tumor T stage, with PD-L1 expression being significantly higher in larger-diameter tumors compared to smaller ones. This observation suggests that elevated PD-L1 expression facilitates immune escape by promoting tumor growth and evasion of the immune system. A meta-analysis by Wen et al. (37) included 254 studies with a total of 1819 patients, and the results showed that PD-L1-positive expression was associated with poorer OS and disease-free survival (DFS) in urothelial carcinoma patients. In this study, among patients with minimal residual disease (MRD), a higher proportion of individuals exhibited PD-L1 tumor proportion score (TPS) ≥ 1% and combined positive score (CPS) ≥ 5, indicating that those with elevated PD-L1 expression experienced a more unfavorable postoperative prognosis.

ADAURA (38) also demonstrated that adjuvant targeted therapy, compared with placebo, after NSCLC surgery has the potential to substantially enhance the DFS outcomes in patients. EVAN (39) showed that in patients with stage IIIA NSCLC with R0 resection and a sensitive EGFR gene mutation, postoperative targeted therapy with erlotinib can benefit patients more than can chemotherapy. This study found that in patients with MRD-positive lung adenocarcinoma, targeted therapy was better than chemotherapy alone for residual ctDNA clearance, which partly provides an explanation for the enhanced DFS and improved prognosis observed in patients undergoing targeted therapy.

Our study has limitations. 1) Given the limited sample size and retrospective nature of this study conducted at a single center, it is important to note that the data may be subject to some degree of skewness. 2) The duration of patient follow-up was relatively brief, and the relationship between MRD status and DFS and OS could not be determined. 3) The effectiveness of postoperative adjuvant therapy for MRD-negative patients still requires evaluation in subsequent studies.




5 Conclusion

In conclusion, our study revealed a correlation between postoperative ctDNA-MRD status in NSCLC patients and various factors including primary tumor size, lymph node metastasis, lung adenocarcinoma subtype, vascular invasion, as well as TPS and CPS for PD-L1 expression. Additionally, among MRD-positive patients, adjuvant EGFR-TKI targeted therapy demonstrated superior clearance of ctDNA compared to chemotherapy. However, further research is needed to validate these findings.
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Background: Colorectal cancer liver metastasis is a major risk factor of poor outcomes, necessitating proactive interventions and treatments. Cancer-associated fibroblasts (CAFs) play essential roles in metastasis, with a focus on metabolic reprogramming. However, knowledge about associations between Cancer-associated fibroblasts metabolic phenotypes and immune cell is limited. This study uses single-cell and bulk transcriptomics data to decode roles of metabolism-related subtype of Cancer-associated fibroblasts and immune cells in liver metastasis, developing a CAF-related prognostic model for colorectal cancer liver metastases.
Methods: In this study, Cancer-associated fibroblasts metabolism-related phenotypes were screened using comprehensive datasets from The Cancer Genome Atlas and gene expression omnibus (GEO). Cox regression and Lasso regression were applied to identify prognostic genes related to Cancer-associated fibroblasts, and a model was constructed based on the Cancer-associated fibroblasts subtype gene score. Subsequently, functional, immunological, and clinical analyses were performed.
Results: The study demonstrated the metabotropic heterogeneity of Cancer-associated fibroblasts cells. Cancer-associated fibroblasts cells with varying metabolic states were found to exhibit significant differences in communications with different immune cells. Prognostic features based on Cancer-associated fibroblasts signature scores were found to be useful in determining the prognostic status of colorectal cancer patients with liver metastases. High immune activity and an enrichment of tumor-related pathways were observed in samples with high Cancer-associated fibroblasts signature scores. Furthermore, Cancer-associated fibroblasts signature score could be practical in guiding the selection of chemotherapeutic agents with higher sensitivity.
Conclusion: Our study identified a prognostic signature linked to metabotropic subtype of Cancer-associated fibroblasts. This signature has promising clinical implications in precision therapy for colorectal cancer liver metastases.
Keywords: colorectal cancer liver metastases (CRLM), single cell transcriptome, cancer-associated fibroblasts, metabolism, immunity therapy
INTRODUCTION
Liver is the most common site for metastasis of colorectal cancer (CRC), with approximately 50% of CRC patients developing liver metastases (LM) (Hu et al., 2021). Of these patients, 20%–30% have developed liver metastases at the time of initial diagnosis, and there is currently no effective treatment for colorectal cancer with liver metastases. One hallmark of cancer cells is metabolic reprogramming, which involves various metabolic changes that support faster proliferation. Glucose, nucleic acids, and lipids metabolism are all involved in this process (Faubert et al., 2020; Zhang et al., 2021).
The tumor microenvironment (TME) refers to the complex network of cellular and molecular components that surround and interact with tumor cells. It encompasses the intricate interplay between immune cells, such as T cells, B cells, natural killer cells, and macrophages, with tumor and stromal cells. Additionally, the extracellular matrix within the TME provides structural support and influences cellular behavior through dynamic crosstalk with the surrounding cells. The TME also contributes to the metastasis (Lee et al., 2020). Cancer-associated fibroblasts (CAFs) are crucial constituents in the microenvironment of solid tumors (Sahai et al., 2020). Compared to normal fibroblasts (NFs), CAFs exhibit lower contractility and higher ECM remodeling capacity, which secreting more pro-inflammatory mediators, matrix proteins, and immune regulators (Ishii et al., 2016; Lee et al., 2020; Sahai et al., 2020). Additionally, CAFs support tumorigenesis, progression, and metastasis in various ways through their interaction with cancer cells and immune cells.
Cellular metabolic reprogramming is a critical hallmark of malignancy and is most commonly observed in the tumor microenvironment, especially during metastasis. Metabolic reprogramming allows cancer cells to acquire cell-autonomous properties associated with enhanced invasiveness, which facilitate their escape (Faubert et al., 2020). Metabolic reprogramming has been reported to occur not only in tumor cells but also in the TME. Recent evidence has revealed the impact of metabolic interactions between CAFs and tumor cells on tumor metastasis (Faubert et al., 2020). The vast heterogeneity in the functions and sources of CAFs results in the existence of multiple subpopulations, each exhibiting partial functionality. Single-cell RNA sequencing (scRNA-seq), an emerging technology, enables the characterization of the intricate complexity and heterogeneity of distinct CAF subsets across various tumor types (Bartoschek et al., 2018; Friedman et al., 2020). Previous studies of the metastatic process have highlighted the concept of three major CAF subsets that can be dissected by their myofibroblast, inflammatory and/or immunomodulatory, and antigen-presenting activities (Banales et al., 2020; Xing et al., 2021). Nevertheless, the intricate interplay between CAFs and immune cells, as well as the effects of metabolic reprogramming during metastasis, are not yet fully understood, and further study is required to explore more specific CAF subtypes and their functions.
In this study, we identified distinct fibroblast subpopulations based on metabolic analysis at the single-cell level. We identified hub genes that are significantly linked to metabotropic subtypes of cancer associated fibroblasts. Finally, a CAF-related prognostic signature model was created using GEO datasets and demonstrated its roles in predicting outcomes and immunotherapy responses of patients with CRC and colorectal cancer liver metastasis.
METHODS
Data source
Single-cell mRNA-sequencing data (Che et al., 2021) were collected from 6 CRC patients, patients numbered COL15, COL 17, and COL18 were patients who received chemotherapy and the others who were not. Bulk RNA-seq datasets GSE41258, GSE39582, GSE103479, GSE38832, GSE192667 and GSE15921 as well as TCGA bulk RNA-seq data with corresponding detailed clinical information were included in our analysis. This study adhered to the guidelines set by the TCGA and GEO databases.
scRNA-seq data processing and analysis
scRNA-Seq data were processed by following Seurat pipelines in R (Hao et al., 2021). Briefly, genes expressed in less than 3 cells, as well as cells expressed less than 250 or more than 3000 genes were filtered out. Cells with high mitochondria and rRNA gene proportions were also excluded. Then, log-normalization was conducted to normalize the data from the 6 samples. The highly variable genes were identified using the FindVariableFeatures function, followed by scaling of all genes. PCA dimensionality reduction was performed to identify anchors. The cells were clustered with a resolution of 0.2. After initial sample integration, cell clustering and annotation, we generated a gene expression and phenotype matrix of 1897 CAF cells from all 111,292 cells.
Metabolism score calculation and CAF subtyping
Metabolic activities of CAFs were evaluated by SCmetabolism packages (Wu et al., 2022). Each CAF cell was scored using the VISION algorithm, and finally the activity scores of the cell in different metabolic pathways were obtained. Second round clustering and subtyping of CAFs cells based on SCmetabolism scores were conducted to identify the heterogeneity of CAFs by Seurat pipelines.
Cell communications analyses
Cell-cell communications based on ligand-receptor interactions were inferred by CellphoneDB (Efremova et al., 2020). To gain more critical cell-cell interactions in the colon cancer tumor microenvironment, we selected receptor-ligand pairs associated with hub genes for further analysis, aiming to explore potential interactions between immune cells. Significantly differential expressed ligand-receptor pairs (p < 0.05) were visualized.
Trajectory analysis
Single-cell trajectories and determination of the continuous process of CAFs were analyzed by Monocle 2.0 package (v 2.10.0) (Jin et al., 2021). Pseudo-temporal analysis was applied to classify cells in pseudo-chronological order using the top 1000 differentially expressed genes in fibroblasts. Subsequently, a branch expression analysis model (BEAM analysis) was used to analyze branch fate-related genes.
Survival analysis using CAFs-related features in bulk RNA-seq datasets
CAFs-associated gene signatures were generated by identifying the marker genes of all CAFs clusters. The activities of these genes in each sample of all CRC datasets were calculated using GSVA. Log-rank test and Cox proportional hazards regression were performed to explore the relationship between CAFs characteristics and patient prognosis, including overall survival (OS) and recurrence-free survival (RFS) rates. Cutoffs for different cell characteristics in different public datasets were determined by the survminer package and used for plotting Kaplan-Meier curves.
Mutation analysis
Mutation data of CRC were obtained from the TCGA, and analyzed using the TCGAbiolinks package (Colaprico et al., 2016). Mutation landscape and lollipop plots were generated using maftools (Mayakonda et al., 2018).
Construction and validation of CAF-related prognostic signatures
We predicted the prognostic characteristics of CRC patients by identifying CAF marker genes from scRNA-seq clusters. Using GSE192667 as training dataset, all CAF marker gene were investigated by univariate Cox regression models for the prognostic evaluation of OS time. Genes with significant prognostic effect (p < 0.05) were determined as candidate prognostic genes. The LASSO regression analysis was then used to identify the feature genes and optimize the model to prevent overfitting. Based on the coefficients generated from the LASSO analysis, a risk score was assigned to each colon cancer patient. Finally, we divided all colon cancer patients into high- and low-risk groups based on their risk score by the median. The association between the risk score and OS was assessed using Kaplan-Meier analysis. Heatmaps were generated to visualize the associations between CAF risk scores and candidate genes. The time-dependent prediction accuracy of our model in the training, internal, and external test datasets was evaluated using AUC.
Functional analyses of CAF subtypes
After obtaining differentially expressed genes between CAF subtypes, Metascape (https://Metascape.org) was used for gene set enrichment analysis. To estimate the infiltrating immune cells in the tumor microenvironment, CIBERSORT package was used to infer the relative abundance of immune cells in each sample (Yoshihara et al., 2013). Gene sets of tumor-associated canonical pathways were obtained from previous study (Sanchez-Vega et al., 2018). Activities of these gene sets were generated by single cell gene set enrichment analysis (ssGSEA) for cell state assessment of each tumor sample.
Immunohistochemistry (IHC) staining
Tumor and adjacent tissue samples were fixed in formalin and embedded in paraffin. For IHC staining, sliced samples were deparaffinized and rehydrated. After that, antigen retrieval was performed, and normal goat serum was used for 10 min at room temperature to block non-specific binding site. Each slide was treated with mouse monoclonal anti-human NNMT antibody (1E7, diluted 1:1400) and incubated in 37°C for 40 min. Then, slides were incubated with biotinylated goat anti-mouse antibody for 30 min, and chromogenic reaction was carried out using a diaminobenzidine (DAB) Substrate Kit. Finally, Digital slide scanning system (KF-PRO-005) was used to capture images of IHC. The staining scores of NNMT protein expression were evaluated by two independent pathologists based on their clinical information. The protein expression levels were classified as 0 (no staining), 1+ (weak staining), 2+ (moderate staining), or 3+ (intense staining), and the staining score was calculated by integrating the percentage of positive cells and the respective intensity scores. The staining score ranged from a minimum value of 0 to a maximum value of 300.
Chemotherapy sensitivity and immunotherapy response prediction
Chemosensitivities of high and low CAF score groups were evaluated by oncoPredict (Maeser et al., 2021). Briefly, a ridge regression model with 10-fold cross-validation was built to infer half-maximal inhibitory concentrations (IC50) Value. Pharmacogenomics database Genomics of Cancer Drug Sensitivity (GDSC; https://www.cancerrxgene.org) (Yang et al., 2013) was used to assess the response of CRC patients to chemotherapy. In addition, the Tumor Immune Dysfunction and Exclusion (TIDE) algorithm (Jiang et al., 2018) was implemented to predict immune checkpoint blockade treatment response between the two groups.
Statistical analyses were conducted using R software (v 4.1.0) and data visualizations were generated using appropriate R packages. Non-parametric tests such as the Wilcoxon rank-sum test were used for comparing two groups of continuous variables that did not follow normal distributions, while the Kruskal–Wallis test was used for testing three or more groups. Cox regression was employed to calculate hazard ratios (HR), and Kaplan-Meier analysis was used for prognostic evaluation. Statistical significance was set at a two-sided p-value of <0.05. Spearman’s correlations were determined for correlation analysis (p < 0.05, **p < 0.01).
RESULTS
Metabolic subtypes of fibroblast in CRC using scRNA-seq data
Six samples obtained from the SMC cohort (GSE178318) were included in our study, which underwent quality control based on cell characteristics and mitochondrial and ribosomal gene expression. Subsequently, dimensionality reduction was performed to classify all cells. T-Distributed Random Neighborhood Embedding (t-SNE) was used to divide the cells into 9 major clusters and 32 more detailed minor clusters (Figure 1A). To further explore the metabolic signature of tumor fibroblasts, we calculated their metabolic signature pathways scores using SCmetabolism and clustered these CAFs based on these scores. Two fibroblast subclusters were identified (Figure 1C), and the important differentially expressed pathways for each cluster were visualized by heatmap for 11 metabolic pathways, including carbohydrate metabolism, energy metabolism, lipid metabolism and other nutrients metabolism (Figure 1D). According to the expression activities of metabolic pathways, two fibroblast subclusters were determined as hypermetabolism CAFs (hyperCAFs) and hypometabolism CAFs (hypoCAFs).
[image: Figure 1]FIGURE 1 | Single-cell transcriptome analysis and functions of CAF-related genes. (A) Nine cell subsets are shown. (B) Boxplot showing the difference between primary and metastatic lesions. (C) UMAP plot showing the metabolic grouping of CAF cells. (D) Heat map showing differences in 11 metabolic pathways between different metabolic groups. (E) Boxplots showing the differences between primary CRC and liver metastases in hypoCAFs and hyperCAFs. (F) Volcano plot highlighting the signature genes of different clusters. (G) Immunohistochemistry showing NNMT gene expression in fibroblasts.
In primary CRC, total CAFs were significantly more abundant than in liver metastases (Figure 1B). Proportions of both CAFs subtypes also were greater in primary tumors than in metastases (Figure 1E). CAF in CRC patients showed significant heterogeneity in different sample, COL12 having a more even proportion in CAFs cells than others (Supplementary Figure S1). However, the proportion of hypoCAFs in other patients was significantly lower than hyperCAFs.
We identified differential expressed genes between clusters (Figure 1F). Hypometabolic CAFs shows higher expression of genes involved in myogenesis and pericyte-associated markers, such as MALAT1. While hypermetabolic CAFs highly expressed THY1, COL1A2, and some metabolism-related genes, such as PLA2G2A and NNMT. We focused on nicotinamide N-methyltransferase (NNMT), which is a cytosolic enzyme that has been identified as a significant metabolic regulator of cancer-associated fibroblasts (Eckert et al., 2019). Our findings were supported by immunohistochemical staining, which revealed that NNMT is predominantly expressed in fibroblasts (Figure 1G). The expression of other metabolism-related genes, including CRABP2, PLA2G2A, OGN, were all highly expressed in hyperCAFs subtypes (Supplementary Figure S2).
Functional heterogeneity, trajectory, cell-cell communication and transcription factors analysis of CAFs in CRC
To describe and explain the functional heterogeneity of the two CAF subpopulations, several sets of genes characterizing the related functions of CAFs were used. Heatmap showed that different metabolic CAF subpopulations were characterized by significant differences in the expression of collagen genes, angiogenesis genes, smooth muscle-related contractile genes, and members of the RAS superfamily (Figure 2A).
[image: Figure 2]FIGURE 2 | Analysis of cellular communication in the TME of CAF cell populations in other different metabolic states. (A) Correlations between CAF clustering characteristics and cytokines including chemokines, interleukins, and other cytokines. (B) Heat map showing that CAF cells can exhibit two expression patterns after differentiation. (C) Shows the number of ligand-receptor pairs between CAF and other subclusters. (D) Shows a comparison of specific ligand-receptors between CAF clusters and other subclusters in primary and liver metastases. (E) Regulator-specific scores for regulon activity of CAF isoforms.
Trajectory analysis of CAFs was performed based on the Monocle 2 algorithm to infer the maturation process of CAFs (Figure 2B, Supplementary Figure S3). In particular, we dissected gene patterns involved in CRC cell state transitions. Cell-to-cell communication analysis revealed large-scale interactions between the two CAF subpopulations and other cell types. Hypometabolism CAFs had cellular interactions among hypometabolism CAFs, tumor cells, and endothelial cells (Figure 2C), While hypermetabolism CAFs had the strongest interaction on tumor cells and mast cells (Figure 2C).
We compared different CAF subtypes between CRC and metastasis with genes related to tumor proliferation, metastasis, and progression pathways, to explore whether significant interactions were observed among different cell subsets. The results showed that CAFs, tumor cells, and B cells can participate in a series of functional interactions involving CXCL12 receptor-mediated APP, COPA, and MIF signaling (Figure 2D).
Activity of each transcription factor (TF) and its regulated genes were also inferred in both CAF subtypes. By comparing regulator specificity scores (RSS), we examined key regulators for each cell type and visualized the top 5 regulators (Figures 2E,F). E2F1, RUNX3, and ZNF224 were identified as the top regulators for hypometabolism CAFs, while CREB3L1, NFIB, ARNT, and GTF3A were identified as the top regulators for hypermetabolism CAFs.
Functional and prognostic role of CAF metabolic subtypes signature genes in metastatic CRC
Based on differentially expressed genes (DEG) (Supplementary Table S1) between two CAF subtypes, we performed the functional enrichment analysis using the online gene ontology (GO) enrichment analysis tool Matascape. Highly expressed genes of hypometabolism CAFs were enriched in the regulation of RNA splicing and muscle structure development GO terms, while genes of hypermetabolism CAFs were enriched in the transport of small molecules, cGMP-PKG signaling pathway, and some metabolism-related pathways such as fatty acid degradation (Figures 3A–D).
[image: Figure 3]FIGURE 3 | Enrichment analysis of CAF cell subgroups and prognosis (A,B) Enrichment analysis and corresponding networks of differentially expressed associated genes in CAF subgroups. (C,D) Prognosis of CAF cluster (GSVA score). The cut-offs were calculated by the survival R packages. RFS analysis (data from 9 CRC cohorts); B OS analysis (data from 8 CRC cohorts).
To investigate the association between CAF subtypes signatures and overall survival (OS) and recurrence-free survival (RFS) of CRC patients, we computed metabolic subtype scores for CAF subtypes by GSVA. Prognostic analysis was performed on all differentially expressed genes (DEGs) across nine publicly available cohorts that were classified into three types according to the metastasis status (i.e., primary tumor cohort, tumor cohort with metastases, and tumor cohort with liver metastases). We conducted a meta-analysis to obtain stable prognostic results for CAF subtypes, and compared our metabolic subtypes with Pan-CAF signatures derived from previous studies (Galbo et al., 2021). Our analysis revealed significant differences between subgroups in hypometabolism CAF scores compared to hypermetabolism CAF scores, in relation to RFS and OS. As a result, we defined hypometabolism CAF-type cells as a class of cells that are specific to colorectal cancer patients with LM.
Construction and validation of metabolism-CAF score based on metabolism subtypes of CAFs
To explore the prognostic genes associated with hypoCAF, we selected 20 genes based on the univariate Cox regression analysis in the GSE159216 dataset (Figure 4A). These 20 genes underwent Lasso-Cox regression analysis with 10-fold cross-validation to generate the optimal model, which highlighted 13 genes with the smallest partial likelihood deviation and optimal regression efficiency, including TINAGL1, ADIRF, ELP6, CSRP2, PPP1R15A, PABPN1, PHLDA1, ID3, KNOP1, DSTN, PPP1R10, CCDC107, and UBALD2. The risk score was calculated using the formula, and applied to GSE159216, TCGA, and GSE72970 datasets. Results indicated that colorectal cancer patients with high risk score had a higher mortality rate (Figures 4C–E). Heatmap results showed significant differences in the 13 genes expression between two risk score groups.
[image: Figure 4]FIGURE 4 | Construction and evaluation of prognostic risk model. (A) In the GSE159216 dataset, 20 genes were selected for analysis by univariate Cox regression. (B) The ten-fold cross-validation and LASSO coefficient distribution used to screen the optimal parameter (lambda) was determined by the optimal lambda. (C) Differences in overall survival between high-risk and low-risk groups in the GSE159216 training cohort. (D) Difference in overall survival between high-risk and low-risk groups in the TCGA validation cohort. (E) Differences in overall survival between high-risk and low-risk groups in the GSE72970 validation cohort.
According to KM curves, patients in the high risk score group had lower survival rates than those in the low risk score group (Figures 5A–C). We also performed time-dependent ROC analysis, with the AUC values of our model in the training set for 1-year, 3-year, and 5-year overall survival being 0.85, 0.78, and 0.80, respectively (Figure Figure5A). In TCGA, the AUC for our 1-, 3-, and 5-year survival models were 0.66, 0.67, and 0.64, respectively, while in the GSE72970 dataset, the AUC values for 1-, 3-, and 5-year survival models were 0.74, 0.75, and 0.74, respectively. Cox regression analysis in three cohorts showed CAF score model would be an independent prognostic marker for CRC with LM (Figure 5G). We developed a nomogram based on CAF score to predict overall survival in CRC patients at 1, 3, and 5 years (Figure 5H). The calibration curves for each time point showed excellent predictive performance.
[image: Figure 5]FIGURE 5 | Creation of CAF-related prognosis and nomogram. (A–C) Kaplan-Meier prognostic analysis of signatures across training, testing, and entire datasets. (D–F) Time-dependent ROC signature curves in the training, testing GSE159216, TCGA and GSE72970 datasets. (G) Univariate Cox regression in the GSE159216, TCGA and GSE72970 cohorts.
Biological features of Metabolism-CAF score
We analyzed the correlation between the hypoCAFs signature score and several pathways, the score was negatively correlated with most of the metabolic-related pathways. It was also negatively correlated with some cancer-related pathways such as cell cycle, gene duplication, homologous recombination, and p53 signaling (Figure 6A).
[image: Figure 6]FIGURE 6 | Immune analysis of the CAF-related scoring model. (A) Correlations between CAF score feature scores and metabolic pathways, immune-related pathways based on GSVA of GO and KEGG terms. (B) Multi-omics analysis of 75 immunomodulators between high and low CAF score samples. (C) Expression and Pearson correlations of immunity, ESTIMATE, stroma score, tumor purity, TIC, checkpoints and immune competence for each sample are illustrated in a heatmap.
After deconvolution analysis, samples with low CAF scores exhibited high levels of activated memory CD4 T cells and memory B cells, while samples with high CAF scores showed high expression levels of regulatory T cells and resting memory CD4 T cells. To evaluate immune competence, we examined the expression of immune checkpoints (CD274, CTLA4, HAVCR2, IDO1, LAG3) and immune competence factors (CD8A, CXCL10, CXCL9, GZMA, GZMB, IFNG, PRF1, TBX2, and TNF) (Figure 6B). The CAF score demonstrated a negative correlation with 14 out of 75 immunomodulators and 24 immune cells (Figure 6B). Finally, we compared the immune score (Figure 6D), ESTIMATE (Figure 6E), and stroma score (Figure 6F) between samples with high and low CAF scores, and observed that high CAF score samples exhibited elevated matrix and ESTIMATE scores.
Immunotherapy prediction of metabolism-CAF score
To explore the role of CAF score in immunotherapy, we investigated the correlation between risk score and TMB. Our findings revealed that TMB expression was significantly higher in the low-risk subgroup than in the high-risk subgroup (Supplementary Figure S4). Moreover, to gain further insights into the nature of immunity in different risk subgroups, we analyzed genetic mutations. The top 20 genes with the highest mutation rates were identified in both the high-risk and low-risk subgroups (Supplementary Figure S4).
For ICB response prediction, we determined the correlations of CAF scores with TIDE, dysfunction, exclusion, and MSI Expr signature (Figures 7A–D). The results showed that CAF scores were positively associated with TIDE, dysfunction and exclusion, and negatively associated with MSI Expr sig. It was found that CRC patients with lower hypoCAFs scores had a higher possibility of responding to immunotherapy and may had better prognosis after immunotherapy, indicating that patients with lower CAFs scores were more likely to benefit from immune checkpoint therapy (Wilcoxon test, p = 0.0001, Figures 7E–H).
[image: Figure 7]FIGURE 7 | CAF score in predicting immunotherapy effect. (A–D) Correlations between CAF score and TIDE, dysfunction, exclusion, and MSI expression signatures. (E) Kaplan-Meier curve versus IMvigor210 survival analysis. (F) Wilcoxon test of anti-PD-L1 reactive CAF score variation. (G) Expression of 5 immune checkpoint molecules (PDCD1, CD274, CTLA4, LAG3, and HA VCR2) in high and low CAF score groups (H) Stacked histogram showing anti-PD-L1 between high and low CAF score difference in reactivity. (I) CAF score was tested at three scorch levels using the Kruskal–Wallis test. (J) Kruskal–Wallis test of the CAF score of PD-L1 expression on immune cells.
The expressions of five immune checkpoint molecules (PD1, PD-L1, CTLA4, LAG3 and HAVCR2) were compared between groups with high and low CAF score, the results showed that four immune checkpoint molecules (PD1, PD-L1, LAG3, and HAVCR2) were significantly upregulated in the high-risk group (Figure 7G). Furthermore, CAF score was strongly associated with the desert and inflamed immunophenotype (Kruskal–Wallis, p = 0.0029, Figure 7I). Our study also found that CAF score was positively correlated with PD-L1 expression in tumor cells and PD-1 expression in immune cells (Figure 7J).
GDSC investigation of metabolism-CAF score
Chemotherapy is the main treatment options for colorectal cancer liver metastases, therefor, whether CAF scores can accurately predict chemotherapy outcomes in colorectal cancer patients was investigated. GDSC is used to predict response to conventional chemotherapy in patients with colorectal cancer liver metastasis. A ridge regression model was built to predict IC50 of different drugs. We found that the IC50 of cisplatin, gemcitabine and other chemotherapeutics in the high CAF score group were significantly lower than those in the low CAF score group, suggesting that CAF score was positively correlated with chemotherapeutic drug sensitivity of colon cancer liver metastasis. In addition, we used the database to predict small molecule drugs (Figure 8B). The drugs vemurafenib, PLX-4720, dasatinib, and PI-103 were found to be negatively associated with the CAF score, with lower estimated AUC values in samples with high CAF score. These findings suggest that the predicted small-molecule drugs may be more effective in patients with high CAF score.
[image: Figure 8]FIGURE 8 | Prediction of drug and immune responses. (A) Heatmap showing IC50 estimates for high and low CAF scores. (B) Predicted and estimated AUC values for small molecule drugs in CTRP 2.0 and PRISM databases. (C) Immune responses to PD1 and CTLA4 in patients with high and low CAF scores.
DISCUSSION
Growing evidence suggests that CAFs are key players in CRC metastasis. Meanwhile, metabolic reprogramming has profound effects on CAFs, thereby regulating cancer progression and metastasis, including glucose, glutamine and fatty acid metabolism (Zhu et al., 2022). A previous scRNA-seq study showed that CAFs identified in PDAC patients have a highly activated metabolic state. The new CAF subtype, called metabolic CAF (meCAF), uses glycolysis as the primary metabolic mode. Although PDAC patients with abundant meCAF have a higher risk of metastases, they have better immunotherapy responses when treated with programmed cell death protein 1 (PD-1) blockade (Wang et al., 2021). Downregulation of metabolism genes in CAFs of PDAC liver metastasis, but not those in lung metastasis, appeared to be regulated by DNA methyltransferase, CAFs metabolism modification may promote PDAC with organ-specific metastatic (Pan et al., 2021). However, the combined effects of fibroblasts with different metabolic status in colorectal cancer liver metastasis are unclear. Studying the role of metabotropic CAF-related gene signatures in the occurrence and development of colorectal cancer liver metastases may contribute to decode the mechanisms of liver metastases and guide appropriate treatment strategies for patients. Cancer-associated fibroblasts are important members of the TME, and previous studies have shown that CAFs with different molecular characteristics were classified into myCAF, pan-dCAF, pan-iCAF, pan-nCAF and pan-pCAF (Galbo et al., 2021). In our study, we identified prognostic CAF populations through single-cell transcriptomes, and these subtypes exhibited distinct activation of metabolism-related pathways, such as glucose metabolism, gluconeogenesis, cysteine and methionine metabolism, etc. In addition, we found that different CAF cells also exhibit extensive interactions with T cells, NK cells, and tumor cells through growth factors and cytokines, thereby promoting tumor progression (Jiang et al., 2021). Cellular communication has shown that the CXCL12-CXCR4/CXCR7 chemokine axis is expressed in hyperCAFs and is significantly expressed in metastases. CXCL12 not only binds to CXCR4, but also to CXCR3 and DPP4 on tumor cells in our study, which is consistent with previous reports (Jiang et al., 2021). Li et al. (Li et al., 2022) pointed out that inflammatory CAFs secrete IL6 and CXCL12 to chemoattract and regulate the function of T cells, which is similar to inflammatory CAFs found in other solid tumors. Costa et al. (Costa et al., 2018) identified differentially expressed secretory molecules, such as CCL11, CXCL12, CXCL13, and CXCL14, in CAF-S1 and CAF-S4 cells in breast cancer. CXCL12 can be produced by hyperCAF, the binding of CXCL12 to tumor cells can inhibit tumor cell apoptosis and change the characteristics of tumor cell adhesion (Augsten et al., 2014; Zhao et al., 2017). HyperCAFs also express the CXCL14, elevated CXCL14 levels in CAFs of clinical specimens are also associated with higher risks for disease recurrence and worse overall survival time in colorectal cancer (Zeng et al., 2013).
Many studies have reported the role of RUNX3 in inhibiting cancer cell migration and tumor growth (Kim et al., 2020). A study reveals that CAF-derived exosomal miR-17-5p promotes an aggressive phenotype in colorectal cancer by initiating a RUNX3/MYC/TGF-β1 positive feedback loop (Zhang et al., 2020). In another study, circMEttL3, which is transcriptionally activated by RUNX3, suppressed CRC development and metastasis by acting as a miR-107 sponge to regulate PER3 signaling (Zhang et al., 2022). Furthermore, RUNX3 has been shown to promote TRAIL-induced CRC apoptosis (Kim et al., 2019). CREB3L1 is a hypoxia-inducible cytokine (Mellor et al., 2013). Studies have shown that α-SMA-positive CAFs were activated through CREB3L1-mediated IL-1α production, the presence of CAF inhibits thyroid cancer growth and metastasis after CREB3L1 knockdown (Pan et al., 2022).
Cellular communication analysis and hub genes in CAF-related modules suggest the importance of MAST cells in the immune microenvironment remodeled by CAF (Johansson et al., 2010; Derakhshani et al., 2019). Mast cells can generate trypsin, TNF, IL-1, IL-6, and other factors to boost anti-tumor inflammatory responses, stimulate tumor cell apoptosis, and suppress cancer cell invasion (Ribatti and Crivellato, 2011). In prostate cancer, estrogen-induced CAF-derived CXCL12 binds to CXCR4 and enhances mast cell proliferation, migration, and inflammatory cytokine secretion, thus exhibiting oncogenic effects (Ellem et al., 2014). CAF plays a role in immunosuppression through various mechanisms, including collaborating with mast cells to promote the early malignant transformation of benign epithelial cells, and blocking DC maturation and antigen presentation (Cheng et al., 2016; Pereira et al., 2019).
To identify prognostic genes associated with CAFs and improve the clinical utility of the model, we utilized LASSO Cox regression and multivariate Cox regression analyses to identify key CAF-related genes with independent prognostic significance. The resulting risk score prognostic model for sexual symptoms was constructed based on 13 CAF-related genes that exhibited independent prognosis. Then, the model is validated in different GEO cohorts. ROC curve suggested that risk scores derived from genetic signatures were more effective in predicting overall survival at 1-, 3-, and 5-year survival. After performing functional analysis, we observed that several cancer-related pathways and activated cellular crosstalk pathways were enriched in samples with high CAF score. We also investigated the expression levels of immunosuppressive gene markers and found an association between CAF score and immune checkpoint molecules (CXCL9, CTLA4, CD274, TNF, TBX2). Finally, we analyzed chemotherapeutic drug resistance and sensitivity data to predict potential correlation of CAF score and therapeutic effects of chemotherapeutic drugs. These results suggest that the CAF signature is a potential clinical model for the determination of whether a CRC patient are more likely to respond to ICIs or chemotherapeutics.
Moreover, our study identified CD274, HAVCR2, and TBX2 as potential targets for immunotherapy of CRC liver metastasis, as they were found to be increased in samples with high CAF scores. Previous study has reported blocking these immune checkpoints may represent a promising strategy for HCC treatment (Lian et al., 2020). Our results suggest that patients with high CAF scores may have higher sensitivity to some small-molecule drugs. For instance, in a recent clinical trial, the addition of vemurafenib improved the progression-free survival in patients with BRAF-mutant metastatic colorectal cancer treated with irinotecan and cetuximab (Kopetz et al., 2021). While our model showed good predictive performance for the sensitivity of colorectal cancer to cisplatin, it may not be as effective in predicting sensitivity to classical chemotherapeutic agents like oxaliplatin, fluorouracil, and irinotecan. Nonetheless, our findings can guide the selection of chemotherapy drugs for some colorectal cancer patients. In summary, our risk score model provides better prediction of the sensitivity of colorectal cancer patients to immunotherapy and has potential as a reference for selecting appropriate immunotherapy regimens for these patients.
However, there are limitations to our study. First, the data used in this study were obtained from online databases like TCGA and GEO, and further validation study with a larger sample size is required. Second, the findings of this study need to be prospectively validated in a cohort of colorectal cancer liver metastasis patients who receive immunotherapy.
In conclusion, our study indicates that metabolically active CAFs have a stronger communication and interaction with immune and tumor cells compared to metabolically suppressed CAFs. Moreover, hypoCAF score has better prognostic efficacy than hyperCAF score in terms of overall survival and recurrence-free survival of patients with metastatic colorectal cancer. We have developed a metabolic-CAF score model based on hypoCAF score and verified its ability to predict the prognosis of patients with metastatic colorectal cancer. The CAF score can predict the sensitivity of colorectal cancer liver metastasis chemotherapy drugs and is correlated to the prediction of immunotherapy outcomes. Our study provides new ideas and research methods for understanding the metabolic characteristics of CAFs and their role in patients with metastatic colorectal cancer. This study improves the treatment of colorectal cancer metastasis, and further exploration of the mechanism of CAFs can provide a theoretical basis and potential drug targets for CRC patients with metastasis.
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Acute myeloid leukemia (AML) is a blood cancer that is diverse in terms of its molecular abnormalities and clinical outcomes. Iron homeostasis and cell death pathways play crucial roles in cancer pathogenesis, including AML. The objective of this study was to examine the clinical significance of genes involved in iron-related cell death and apoptotic pathways in AML, with the intention of providing insights that could have prognostic implications and facilitate the development of targeted therapeutic interventions. Gene expression profiles, clinical information, and molecular alterations were integrated from multiple datasets, including TCGA-LAML and GSE71014. Our analysis identified specific molecular subtypes of acute myeloid leukemia (AML) displaying varying outcomes, patterns of immune cell infiltration, and profiles of drug sensitivity for targeted therapies based on the expression of genes involved in iron-related apoptotic and cell death pathways. We further developed a risk model based on four genes, which demonstrated promising prognostic value in both the training and validation cohorts, indicating the potential of this model for clinical decision-making and risk stratification in AML. Subsequently, Western blot analysis showed that the expression levels of C-Myc and CyclinD1 were significantly reduced after CD4 expression levels were knocked down. The findings underscore the potential of iron-related cell death pathways as prognostic biomarkers and therapeutic targets in AML, paving the way for further research aimed at understanding the molecular mechanisms underlying the correlation between iron balance, apoptosis regulation, and immune modulation in the bone marrow microenvironment.
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1 Introduction

Acute myeloid leukemia (AML) is a diverse malignancy of the blood that disrupts normal hemopoietic processes and promotes the excessive proliferation of myeloid cells within the bone marrow (1, 2). About 80% of all cases of AML are seen in aged group (3–5). The overall 5-year mortality survival proportion for people with AML is about 24% despite substantial breakthroughs in our knowledge of AML etiology and the introduction of targeted medicines. Because of the wide range of symptoms and reactions to therapy that patients with AML may experience, it is imperative that innovative prognostic biomarkers and therapeutic techniques be developed to better serve this patient population.

Numerous biological functions rely on iron, including DNA synthesis, energy metabolism, and respiration (6, 7). However, increased iron levels may provoke oxidative stress and cell damage by aiding in the creation of reactive oxygen species (ROS) (8). Iron balance, which is the careful regulation of iron availability and utilization in cells, is precisely controlled, and dysregulation of this balance has been associated with the initiation and advancement of various cancers, such as AML (9, 10). Investigation is underway into the viability of ferroptosis and other mechanisms of iron-related cell death as promising therapeutic avenues for cancer treatment (11, 12). The increase of lipid peroxides distinguishes ferroptosis, which is triggered by iron overload, from other forms of cell death such as apoptosis, necrosis, and autophagy (13). The therapeutic benefits of targeting ferroptosis pathways in AML remain to be fully investigated, despite encouraging findings in preclinical research for a variety of malignancies.

Cancer development, metastasis, and resistance to treatment are all tied closely to the immune microenvironment (14, 15). Cancer cells, immune cells, fibroblasts, endothelial cells, and other cell types, as well as extracellular matrix proteins and signaling chemicals, make up this complex. Relapse and medication resistance are factors in AML because the bone marrow microenvironment offers a favorable habitat for leukemia-initiating cells (16, 17). The incursion of immune cells into the bone marrow microenvironment (BME) has been deemed a vital feature affecting cancer advancement and patient prognostication (18). Programmed cell death receptor-1 (PD-1) and its natural ligand programmed cell death ligand-1 (PD-L1) are two examples of immune checkpoint molecules that have been the focus of immunotherapy in recent years, which have produced durable responses in a diverse set of malignancies (19, 20). However, immune checkpoint inhibitors have had little success in treating AML, underlining the need for a deeper insight of the intricate relationship between leukemia cells and the immune system in order to create more potent immunotherapeutic approaches.

Data from high-throughput sequencing projects and computational biology are now often employed in medical studies (21–23). In an effort to comprehend the origins of disease progression, Wang and colleagues leveraged computational biology methodologies, including WGCNA, to identify biomarkers across multiple cancers (24, 25). This investigation endeavors to explore the potential prognostic implication of iron-associated cell death and apoptotic genes in AML and scrutinize their links with the immune status of the BME. By analyzing transcriptomic data from several publicly available AML datasets, we identified differentially expressed iron-related cell death and apoptosis genes associated with patient prognosis. We subsequently utilized unsupervised clustering to separate AML patients into distinct molecular subpopulations based on expression patterns of these genes, and evaluated their connections with clinical response, immune cell infiltration, and drug susceptibility.

Moreover, we probed the plausible interplay between iron-mediated cell death pathways and immune regulation by scrutinizing the expression, methylation, amplification, and deletion patterns of immune regulation-associated genes in the unique AML subtypes. Finally, we established and validated overall clinical outcome risk signature according to the expression of vital differentially expressed genes, to forecast patient survival in AML.

As a result, our discoveries offer novel perspectives on the involvement of iron-mediated cell death pathways in the development of AML and their correlation with the immune - intricacies of the bone marrow microenvironment. Through the delineation of the molecular categories of AML patients based on gene expression related to iron-mediated cell death and apoptosis, we highlight the prognostic potential of these genes and their role in shaping the immune contexture within the BME. Furthermore, our study highlights the complex interplay between iron homeostasis, cell death regulation, and immune regulation, which may have important implications for the development of novel therapeutic strategies in AML.




2 Methods



2.1 Data collection

Three information repositories were collected for this research. Dataset 1 comprised of TCGA combined with GTEx data (malignant = 173, Normal = 70) from the UCSC Xena website (xenabrowser.net) (26). Dataset 2 included TCGA-LAML data (https://portal.gdc.cancer.gov; n=126, eliminating patients who did not survive for more than 30 days.) obtained using the TCGAbiolinks package, with clinical information sourced from TCGA-CDR- Supplemental Table S1.xlsx. Dataset 3 consisted of GSE71014 data (https://www.ncbi.nlm.nih.gov/geo/; n=104, excluding patients with survival times less than 30 days) (27).

The gene set for this study focused on iron-related death and apoptosis genes. Mutation data were downloaded using the TCGAbiolinks package, while CNV and methylation data were obtained from the UCSC Xena website. Unless otherwise specified, all analyses were conducted using the TCGA-LAML dataset, survival-related analyses were performed after excluding patients who had a survival time of fewer than 30 days.




2.2 Determination and analysis of ferroptosis and apoptosis protein-coding genes in AML

First, the limma package was used for differential analysis of AML expression data (log2 (TPM+0.01)) from TCGA combined with GTEx obtained from the UCSC Xena website. Next, the 8,542 differentially expressed genes were intersected with 660 iron death and apoptosis gene sets, resulting in 268 differentially expressed iron death or apoptosis genes. The analysis of the mutation patterns of the 268 genes was conducted using the maftools software package which provides a suite of tools for the comprehensive visualization and statistical exploration of somatic mutation data, and their CNV frequencies were determined. Ultimately, the Kaplan-Meier survival analysis was conducted to evaluate the prognostic implications of the 268 dysregulated genes associated with iron-mediated cell death or apoptosis, identifying 69 prognosis-related key genes (p<0.05), consisting of 11 iron death genes and 58 apoptosis genes. The was used to construct a PPI network, which was visualized using Cytoscape software (28).




2.3 Cluster analysis and pathway enrichment

Using the ConsensusClusterPlus package, the 69 prognosis-related genes identified in the TCGA-LAML dataset were subjected to consensus clustering. The optimal number of clusters was determined by analyzing cophenetic, dispersion, and silhouette data. The GSVA package was employed to calculate iron death and apoptosis scores. Differential gene expression between the two clusters and the GSVA-derived 50 hallmark pathway scores were also analyzed. Employing the limma R package, a differential analysis between the two distinct molecular clusters was conducted. The aim of this analysis was to evaluate the gene expression differences between Cluster2 (n=65) and Cluster1 (n=61), and to gain critical insight into the gene expression variations underlying the biological heterogeneity observed in AML patients. By leveraging this analysis, key genes driving the variability between clusters can be identified, paving the way for better prognostic and therapeutic outcomes for patients with AML. The clusterProfiler R package was utilized for the elucidation of KEGG and GO enrichment analysis of the differentially expressed genes, which enabled the identification of the functional pathways associated with these key genes. This analysis has enabled researchers to shed light on the potential biological significance of these genes in the pathogenesis of AML and their probable involvement in the manifestation of the observed heterogeneity within the cancer biology.




2.4 Drug correlation evaluation

The oncoPredits package was utilized to conduct drug sensitivity analysis, which allowed for the measurement of the sensitivity of different molecular subtypes to various drugs. Using the limma package, differential analysis of drug sensitivity results was performed, with the goal of identifying drugs that were differentially responsive in the distinct AML subtypes. Subsequently, the top eight drugs exhibiting the largest differences in upregulation and downregulation between the subtypes were selected for further analysis. The selection of these drugs was based on their potential therapeutic significance in the context of AML. Finally, to summarize the differences in drug response between the two clusters, boxplots were used to compare the selected drugs. This analysis provided novel insights into the potential therapeutic targets of AML subtypes, which is crucial in the development of effective personalized treatment plans.




2.5 ESTIMATE score and bone marrow microenvironment correlation analysishe

ESTIMATE algorithm was applied to calculate the immune and stromal scores for patients belonging to clusters cluster1 and cluster2. The ESTIMATE algorithm, which is based on gene expression signatures, can evaluate the degree of immune infiltration and stromal activation within malignant samples, and can be useful in deciphering the role of the bone marrow microenvironment in AML pathogenesis. Thus, utilizing the ESTIMATE scores, potential differences in the immune context of the different clusters can be assessed, enabling a more comprehensive understanding of the biological heterogeneity underlying AML. Immune checkpoint gene expression, methylation, amplification frequency, and deletion frequency were also analyzed using the IOBR package and various other methods, such as cibersort, EPIC, MCPCounter, and quantiseq.




2.6 LASSO-cox regression analysis and risk model development

A univariate Cox regression analysis was conducted on 342 differentially expressed genes (cluster 2 versus cluster 1) using both the TCGA-LAML and GSE71014 datasets. Analysis was performed to assess the prognostic value of these genes and their association with overall patient survival. Genes having a p-value<0.05 were considered significant. Utilizing this analysis, potential prognostic factors were identified, that can be integrated as part of a personalized treatment protocol for improved disease outcome in AML patients. Applying the LASSO-Cox regression analysis with a 10-fold cross-validation, we evaluated 42 key differentially expressed genes identified during the univariate Cox regression analysis to identify genes with optimal prognostic value. The LASSO-Cox regression approach is a robust method for feature selection, which allows for the identification of the most informative genes in relation to patient survival. The 10-fold cross-validation procedure works to prevent overfitting and helps to identify models that can be suitably generalizable. Consequently, by utilizing this analysis approach, our results allow for an accurate prediction of patient outcomes in AML and are pertinent in developing effective, patient-specific treatment strategies. The risk score was calculated by multiplying the expression value of each gene with its corresponding coefficient, as shown below:



The variable “n” represents the number of genes included in the signature, and the variable “β” denotes the coefficient assigned to each gene obtained from LASSO regression.




2.7 Cell culture

KG-1α and OCI-AML2 cells were cultured in RPMI-1640 media supplemented with 10% fetal bovine serum (FBS) under optimal conditions of 37 degrees Celsius in a humidified 5% CO2 atmosphere. In accordance with standard practices for cell culture, the cells were split every two to three days to ensure continuous logarithmic growth. These culture conditions offer an optimal environment and nutrient supply to support the growth and maintenance of these cell lines in a manner that is consistent with previous culture methods.




2.8 siRNA transfection

Lipofectamine 3000 (Invitrogen) was used to transfect CD4 siRNA and control siRNA into KG-1α and OCI-AML2 cells. After 6 hours of incubation with the siRNA complexes, the cells were given a fresh supply of media. The cells were collected for examination 48 hours after transfection. The siRNA sequence is as follows: Negative control: Sense: 5′-UUCUCCGAACGUGUCACGUTT-3′, Antisense: 5′-ACGUGACACGUUCGGAGAATT-3′; si-CD4: Sense: 5′- CCCUGAUCAUCAAGAAUCUTT-3′, Antisense: 5′- AGAUUCUUGAUGAUCAGGGTT-3′.




2.9 Western blotting

Total cellular proteins were extracted from transfected cells and the protein concentration was measured using a BCA Protein Assay Kit (Pierce). The extracted proteins were then separated by SDS-PAGE and transferred onto PVDF membranes. To ensure equal quantities of each target protein, membranes were probed with primary antibodies against CD4 (Cat No. 67786-1-Ig; Proteintech), C-Myc (Cat No. 67447-1-Ig; Proteintech), Cyclin D1 (Cat No. 60186-1-Ig; Proteintech), and Vinculin (Cat No. 66305-1-Ig; Proteintech). Following incubation with horseradish peroxidase-conjugated secondary antibodies, the ECL Western Blotting Detection Reagents (GE Healthcare) were used to visualize the membranes and generate chemiluminescent signals. The results of the experiment were analyzed using ImageJ (NIH) and densitometry was applied to measure the thickness of protein bands in the processed images. This rigorous analysis approach allowed for the accurate quantification and comparison of protein samples and resulted in the generation of robust, reliable data.





3 Results



3.1 Identification of differentially expressed iron-related cell death genes

Figure 1 shows the workflow of this study. AML expression data (log2 (TPM+0.01)) from the TCGA combined with GTEx dataset was obtained from the UCSC Xena website. The limma package was utilized to conduct a differential expression analysis. The obtained results were visualized by generating a volcano plot (Figure 2A), which depicts the distribution of differentially expressed genes (DEGs) between malignant (n=173) and normal (n=70) samples. Using the criteria of adj.pvalue< 0.05 & |logFC| > 1.5, the analysis identified a total of 4940 upregulated genes and 3602 downregulated genes. These genes were considered to be significantly differentially expressed, with their potential involvement in the pathogenesis of the condition making them promising targets for further investigation. Overall, the generated results provided crucial insights into the molecular mechanisms underlying the disease, paving the way for the development of more effective diagnostic and therapeutic interventions. The intersection of the 8,542 DEGs and the 660 iron-related cell death and apoptosis genes resulted in 268 differentially expressed iron-related cell death or apoptosis genes (Figure 2B).




Figure 1 | Study workflow. A schematic representation of the data collection, analysis, and validation processes used in this study.






Figure 2 | Differential gene expression and mutation analysis of iron-related cell death and apoptosis genes (A) Volcano plot demonstrating the differentiallyexpressed genes (DEGs) in the AML malignant samples relative to the normal control samples. (B) A Venn diagram providing visualization of theoverlap between DEGs and iron-related apoptosis and cellular death genes. (C) A waterfall plot illustrating the top 20 mutated genes out of 268DEGs related to iron-mediated apoptosis and cellular death genes. (D) A bar plot showing the CNV (copy number variation) frequencies of the top20 mutated genes. (E) A protein-protein interaction network was constructed using the STRING database, and visualized in Cytoscape,demonstrating the 69 prognostic key genes.






3.2 Mutation and copy number variation analysis

Using the maftools package, the mutation status of the 268 differentially expressed iron-related cell death or apoptosis genes was analyzed, and the top 20 genes were displayed in a waterfall plot (Figure 2C). Among all samples, the TP53 gene had the highest mutation frequency (47%), followed by COL2A1 and ERBB3 (11%). Among all mutation types, missense mutation was the most common.

A bar plot shows the CNV frequency of the top 20 mutated genes (Figure 2D). Most genes had both copy number variation (CNV) gain and CNV loss. Only a few genes, such as COL2A1 and AR, existed in only one of these two conditions.




3.3 Prognostic key gene identification and network construction

A Kaplan-Meier survival analysis of the 268 differentially expressed iron-related cell death or apoptosis genes identified 69 prognostic key genes (p< 0.05), including 11 iron-related cell death genes and 58 apoptosis genes. The specific gene list can be found in Supplementary File 1. The construction of a protein-protein interaction (PPI) network was carried out through the use of data obtained from the STRING database, which provides a comprehensive resource for exploring known and predicted PPIs (Figure 2E). The obtained network was used to basic interaction analysis via a visualization method of Cytoscape software. Utilizing these tools and resources, potential biomarkers and therapeutic targets can be identified, aiding in the development of innovative approaches for the treatment of various human malignancies.




3.4 Identify prognostic factors associated with different malignant subtypes

Based on the 69 prognostic key genes identified in Figure 2E, the ConsensusClusterPlus package was used to perform consensus clustering on the TCGA-LAML dataset. We used these genes to construct two different expression patterns in an attempt to compare survival outcomes between the different expression patterns. Patients were divided into two clusters (Figure 3A). The survival curve indicated that patients in cluster 1 were significantly associated with better prognosis (Figure 3B). This finding was validated in the GSE71014 dataset (Figures 3C, D). The GSVA scores reveal significant differences in iron-related cell death and apoptosis pathways between the two distinct expression patterns identified above, with these pathways having higher GSVA scores in Cluster 2 (Figure 3E). The expression levels of the 69 prognostic key genes in different expression patterns are depicted in Figure 3F, showing significant differential expression across both clusters. Finally, the GSVA algorithm was used to compare the enrichment levels of HALLMARK pathways in different expression patterns. The most significantly different pathways are visualized in a heatmap, revealing that pathways such as interferon and inflammatory response are significantly upregulated in Cluster 2 (Figure 3G).




Figure 3 | Consensus clustering and functional analysis of AML subtypes. (A) The figure shows consensus clustering of AML patients based on the gene expression profile of 69 prognostic key genes. (B) Kaplan-Meier survival analysis distinguishes two identified clusters, comparing overall survival between the two groups. (C, D). Validation of clustering findings in the GSE71014 dataset. (E) GSVA scores show that the iron-related cellular death and apoptosis pathways significantly vary in the two discovered clusters. (F) The Heatmap graphically represents differential gene expression levels of 69 prognostic key genes between the two clusters. (G) The Heatmap shows differentially activated HALLMARK pathways between the two identified clusters. "*" represents p<0.05,"**" represents p<0.01,"***" represents p<0.001,"****" represents p<0.0001.






3.5 Functional enrichment and differential expression analysis of AML clusters

A differential expression analysis between the two distinct molecular clusters (Cluster 2: n=65 and Cluster 1: n=61) was carried out by employing the limma package, a widely used tool for the visualization and analysis of differential gene expression data. Subsequently, this analysis enabled a systematic comparison of gene expression levels between the two clusters, facilitating the identification of the genes that were differentially regulated. The approach enabled a deeper understanding of the molecular basis of AML and provides insights into disease mechanisms that could contribute to the development of more efficient therapies. A volcano plot shows 328 upregulated genes and 14 downregulated genes (Figure S1A), with the specific gene list available in Supplementary File 1. In order to select differentially expressed genes (DEGs), particular selection criteria were implemented, requiring an adjusted p-value of less than 0.05 and an absolute log-fold change of greater than 1.5. Subsequently, these DEGs (a total of 342) underwent functional enrichment analysis, which was carried out using the clusterProfiler package, and the results of this analysis are presented in Figures S1B, C.




3.6 Drug efficacy evaluation

To evaluate the efficacy of drugs, the oncoPredits package, which is a powerful tool for predicting drug sensitivity, was employed. This software provides comprehensive analysis of various cancer drugs’ potential effectiveness based on individual patients’ genetic profiles, enabling personalized treatment options and targeted therapeutic approaches to limit side effects. It helps address potential drug resistance and treatment inefficacy, leading to informed decisions and optimal clinical outcomes for patients. Differences in drug sensitivity between the subtypes were analyzed using the limma package, and box plots were created to compare the top 8 most sensitive drugs for each cluster. The top 8 most sensitive drugs for cluster 1 patients were KRAS (G12C) Inhibitor-12_1855, PCI-34051_1621, P22077_1933, WEHI-539_1997, PRIMA-1MET_1131, GSK1904529A_1093, PLX-4720_1036, and insitinib_1510 (Figure 4A). The top 8 most sensitive drugs for cluster 2 patients were Temozolomide_1375, 5-Fluorouracil_1073, Selumetinib_1736, SB216763_1025, KU-55933_1030, EPZ004777_1237, CZC24832_1615, and IRAK4_4710_1716 (Figure 4B).




Figure 4 | Drug sensitivity analysis of AML subtypes. (A) Box plot showing the top 8 most sensitive drugs for cluster 1 patients. (B) Box plot displaying the top 8 most sensitive drugs for cluster 2 patients.






3.7 Bone marrow microenvironment and immune infiltration analysis

The bone marrow microenvironment was assessed in patients corresponding to clusters 1 and 2 by utilizing the ESTIMATE algorithm via the IOBR package. The obtained results exhibited that patients in cluster 2 had a significantly higher immune score, stromal score, and ESTIMATE score than did patients in cluster 1, while the tumor purity scores were found to be lower in cluster 2 patients (Figure 5A). Moreover, the expression of the majority of immune checkpoint genes was found to be significantly upregulated in patients of cluster 2 (Figure 5B). In order to further investigate immune infiltration patterns, immune cell infiltration was evaluated, utilizing the IOBR package, and employing several methods such as cibersort, EPIC, MCPCounter, and quantiseq. Heatmaps were employed to visualize distinctive patterns of immune cell infiltration in the bone marrow microenvironment of cluster 1 and cluster 2 patients, with a focus on cell lineages that exhibited statistically significant differences (depicted in Figure 5C). This comprehensive analysis of immune infiltration and microenvironmental variations established significant differential characteristics in different expression patterns, which could provide insights into the underlying mechanisms of tumor initiation, growth, and differentiation.




Figure 5 | Immune infiltration analysis of AML subtypes. (A) A box plot compares immune infiltration scores, stromal levels, ESTIMATE scores, and tumor purity between the two identified clusters. (B) A box plot represents differential gene expressions of immune checkpoint genes between the two clusters. (C) A heatmap displays immune cell infiltration patterns in the bone marrow microenvironment of the two clusters, as analyzed by CIBERSORT, EPIC, MCPCounter, and QuantiSeq algorithms. "*" represents p<0.05,"**" represents p<0.01,"***" represents p<0.001.






3.8 Analysis of immune regulatory genes

Heatmaps were used to present the expression levels, methylation levels, amplification frequencies, and deletion frequencies of immune regulatory genes in different expression patterns (Figure 6). There are differential expression levels of antigen presentation-related genes between the two clusters. The two clusters also exhibit differences in the expression/methylation of various immune processes. Moreover, significant variations can be observed in the amplification and deletion frequencies of multiple immune processes between the two clusters. More details on this analysis can be found at https://linkinghub.elsevier.com/retrieve/pii/S1074761318301213.




Figure 6 | Multi-omics analysis of immune regulatory genes in AML subtypes. Heatmap showing expression levels, methylation levels, amplification frequencies, and deletion frequencies of immune regulatory genes in different groups patients.






3.9 Construction of a risk prediction model using differential gene expression data

Using the TCGA-LAML and GSE71014 datasets, 342 differentially expressed genes (cluster 2 vs. cluster 1) were subjected to univariate Cox regression analysis, Selecting genes with p<0.05, and intersecting the results to obtain 42 key prognostic differential genes (Supplementary File 1). In the TCGA-LAML dataset, LASSO-Cox regression and ten-fold cross-validation techniques were utilized to screen the 42 differential genes obtained from the above-mentioned results, ultimately resulting in a 4-gene risk model (Figures S2A, B). The scoring system for predicting risk was derived from the following formula: riskScore = 0.047473*VDR + 0.055492*CD4 + 0.093657*LST1 - 0.17468*SIX3.

Scatterplots and dot plots revealed that the probability of death also increased for the patients in the high-risk group (Figures 7A, B). Survival curves for the two groups demonstrated statistically significant differences (Figure 7C), and ROC curves displayed the AUC values of the risk score for predicting different year survival probability, with all values greater than 0.7 (Figures 7D-F). Similar results were obtained in the GSE71014 validation dataset (Figures 8A-F).




Figure 7 | Presents the development and validation procedure of a 4-gene risk model in the TCGA-LAML training cohort, as explained below: (A) The distribution of risk scores and survival status in the training cohort are visualized using a dot plot. (B) The scatter plot showing the relationship between patient survival probability and risk scores is plotted. (C) Kaplan-Meier survival analysis is conducted, comparing overall survival between high- and low-risk groups. (D-F). Receiver Operating Characteristic (ROC) curves indicate the prognostic performance of the risk model at 1, 2, and 3 years.






Figure 8 | The validation process of the 4-gene risk model is presented using the GSE71014 validation cohort. (A) The distribution of risk scores and survival status in the validation cohort is displayed through a dot plot. (B) A scatter plot is presented to show the correlation between patient survival probability and risk scores. (C) Kaplan-Meier survival analysis is conducted to compare overall survival between high- and low-risk groups. (D-F). The ROC curves demonstrate the prognostic performance of the 4-gene risk model for 1, 2, and 3 years in terms of distinguishing between high- and low-risk groups.






3.10 Effects of signature risk gene CD4 in cell cycle in KG-1α and OCI-AML2 cell lines

After constructing prognostic gene models in leukemia, we found that CD4, VDR and LST1 were the most significant prognostic risk genes. After reviewing the literature and cell experiments, we found that CD4 may have a significant correlation with the cell cycle of leukemia. The results showed that the expression levels of cyclin C-Myc and Cyclin D1 were significantly decreased after CD4 knockdown in KG-1α and OCI-AML2 cell lines (Figures 9A, B). The corresponding statistical data were also shown.




Figure 9 | CD4 and its role in cell proliferation. (A) Expression of CD4 protein in KG-1α and OCI-AML2 cells after CD4 silencing. (B) The expression levels of C-Myc and Cyclin D1 were significantly decreased after CD4 knockdown in KG-1α and OCI-AML2 cell lines. "**" represents p<0.01.







4 Discussion

In this current study, we embarked on a comprehensive investigation to determine the influence of iron-related genes on the initiation, progression, and prognosis of AML. By utilizing sophisticated techniques, we identified distinct molecular subtypes that exhibited variations in immune cell infiltration patterns, prognosis, and drug sensitivity profiles - highlighting the potential of iron-related genes as prognostic biomarkers and therapeutic possibilities for AML. Our findings from this study increase our overall comprehension of the intricate interactions between iron metabolism, regulation of cell death, and immune modulation within the microenvironment.

Our results align with previous studies emphasizing the important role of iron metabolism in the initiation and progression of cancer. These include studies demonstrating the participation of iron metabolism in the regulation of tumor angiogenesis, cellular proliferation, and apoptosis, among other mechanisms. Cancer cell proliferation, angiogenesis, metastasis, and therapeutic resistance have all been linked to abnormal iron homeostasis (29, 30). Specifically, iron has been linked to oxidative stress, DNA damage, genomic instability, and tumor promotion, development, and survival (31, 32). ROS are produced when iron oxidizes, and they may be harmful to healthy cells. Furthermore, it is established that iron can also trigger a form of non-apoptotic cell death known as ferroptosis, which is distinguished by lipid peroxidation and the resultant rupture of cellular membranes (33, 34). Building on the conclusions of earlier investigations, we demonstrate that genes involved in iron-related apoptosis and cell death pathways exhibit potential prognostic and therapeutic significance in the context of AML. By utilizing advanced computational tools to perform an in-depth analysis of the differential gene expression patterns in patients corresponding to distinct molecular subtypes of AML, we were able to identify genes involved in iron homeostasis and associated death pathways that are significantly linked with clinical outcomes.

The transcript levels of genes implicated in iron-related cellular demise and apoptotic mechanisms allowed us to identify unique molecular subtypes that were linked with diverse outcomes, immune cell infiltration patterns, and medication sensitivity profiles. Our findings support the notion that stratifying patients into molecular subtypes has the potential to improve diagnostic precision, allowing for more reliable forecasting of outcomes related to patient response to treatment and disease progression, ultimately culminating in better clinical decision-making (35–37). In our study, we found that patients in cluster 1, characterized by lower expression of iron-related cell death and apoptosis genes, had a better prognosis and were more sensitive to certain targeted therapies. In contrast, patients in cluster 2, with higher expression of these genes, exhibited a poorer prognosis.

One intriguing finding is the correlation between iron-related cell death pathway, which may indicate a connection between iron homeostasis, cell death control, and immunological regulation. Ferroptosis has been recently studied for its impact on tumor immune contexture and its implications for immunotherapy response (38, 39). For instance, damage-associated molecular patterns (DAMPs) released during ferroptosis have been found to stimulate antigen-presenting cells and cytotoxic T cells, therefore eliciting anticancer immune responses (40, 41). However, ferroptosis may also stimulate immunosuppressive processes that aid tumor immune evasion (42, 43), such as MDSC and the activation of immunological checkpoint markers. Together, these lines of evidence suggest that iron-related cell death and apoptosis genes may influence the immunological landscape of AML patients, and our results contribute to this expanding body of research.

In addition to the prognostic implications of iron-related cell death pathways, our study also highlights their potential therapeutic relevance in AML. Our results revealed that there are disparities in the patients’ sensitivity to specific targeted therapies based on molecular subtype, such as KRAS (G12C) Inhibitor-12_1855 and PCI-34051_1621, while patients in cluster 2 were more sensitive to other drugs, including Temozolomide_1375 and 5-Fluorouracil_1073. These findings suggest that iron-related cell death and apoptosis gene expression profiles could be used to guide personalized treatment strategies for AML patients, potentially improving therapeutic outcomes.

Our study further utilized Western blotting analysis to demonstrate that CD4 silencing significantly reduced the levels of CD4 protein and cell proliferation markers in AML cells, highlighting the impact of CD4 protein in these cells. Altogether, the evidence suggests that CD4-associated pathways represent a valuable target for leukemia management, which warrants further investigation and exploration. The expression of CD4 protein in T-cell malignancies aids in diagnosing certain types of T-cell leukemia and determining leukocyte differentiation and classification. Moreover, targeting CD4 protein with monoclonal antibodies has shown promising results in T-cell-directed therapies, treating CD4-positive lymphomas, leukemias, and autoimmune diseases.

It is important to note that our study has some limitations. Despite the significant results obtained in our study, the sample size of our datasets is relatively limited, which may hinder the generalization of our findings. Future studies with more extensive cohorts and diverse demographic groups would be considered necessary to test and verify our results, further understanding the potential of iron-related cell death in AML. Finally, our study mainly focuses on gene expression profiles, and other molecular alterations, such as genetic mutations, epigenetic modifications, and post-translational modifications. Furthermore, it is plausible that additional factors impact the regulation of iron-associated cell death pathways in AML, suggesting that further investigations may uncover additional mechanisms contributing to the disease’s pathogenesis and prognostic outcomes.

Despite these limitations, our study revealed iron-related cell death pathways in AML pathogenesis and highlights their potential as prognostic biomarkers and therapeutic targets. The results of our study provide a defining impetus for continued research aimed at uncovering the molecular drivers of the intricate relationship between iron homeostasis, cell death regulation, and immune regulation in the bone marrow microenvironment. Our research has unveiled new avenues for further exploration, with attention directed towards uncovering the molecular mechanisms behind the complex interrelationships between iron homeostasis, immune cell infiltration, and cell death regulation in the bone marrow microenvironment. This, in turn, could catalyze the development of novel therapeutic approaches centered around iron-mediated cellular death pathways in AML and other hematological malignancies.

Our investigation has demonstrated the prognostic and therapeutic importance of iron-related cell death and apoptosis genes in AML, identifying distinct molecular subtypes characterized by different clinical outcomes, immune cell infiltration features, and drug sensitivity profiles. These findings underscore the intricate and multifaceted nature of iron homeostasis, cell death modulation, and immune regulation in the bone marrow microenvironment and suggest that manipulating iron-related cellular death pathways presents a potential therapeutic avenue for managing AML. Further research studies are warranted to authenticate our findings, elucidate the underlying molecular mechanisms, and appraise the clinical utility of iron-associated cell death pathways-based biomarkers and treatments in AML patients.
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Supplementary Figure 1 | Differential gene expression analysis and functional enrichment analysis of the two AML clusters. (A). A volcano plot presents the differentially expressed genes (DEGs) between patients in cluster 2 and cluster 1. (B). The bar plot displays the significantly enriched KEGG pathways that were identified by clusterProfiler analysis of 342 DEGs. (C). The bar plot demonstrates the significantly enriched biological process, cellular component, and molecular function GO terms, which were identified by clusterProfiler analysis of 342 DEGs.

Supplementary Figure 2 | Selection of prognostic key genes and development of a 4-gene risk model using LASSO-Cox regression analysis. (A) LASSO coefficient profiles of the 42 intersecting prognostic key genes identified in the TCGA-LAML and GSE71014 datasets. (B) The selection of tuning parameter (λ) in LASSO-Cox regression analysis was conducted using a robust technique of 10-fold cross-validation.
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actel MRD positive MRD nega p value
Age (years) 52 (46-60) 55 (35-75) 0.1341
Sex 0.4002
Female 7 44
Male 8 31
| Smoking history 0.8163
YES 5 13
Smoking index 660 + 150 940 + 860
NO 10 62
Pathological type 0.6926
LUAD L 67
LUsC 4 8
Pathological subtype (LUAD) 0.007
LPA-based 0 16
ACI-based 2 39
PAP-based 0 6
MPA-based 3 1
SPA-based 6 5
Differentiation (LUSC) 0.005
Well 0 1
Moderate 2 6
Poorly 2 2
TNM staging 0.004
Stage TA 0 41
Stage IB 0 5
Stage TIA 0 1
Stage TIB 3 9
Stage ITTA 12 19
Tumour size 0.0040
<3 cm 4 57
>3 cm 11 18
Lymph node metastasis
LUAD 0.0030
YES 11 16
NO 0 51
LusC 0.0004
YES 4 1
NO 0 7
Vascular invasion 0.0002
YES 13 23
No 2 52
Nerve invasion 0.3636
YES 6 11
No 9 64

LUAD, lung adenocarcinoma; LUSC, lung squamous cells; LPA, lepidic predominant adenocarcinoma; ACI, acinar predominant adenocarcinoma; PAP, papillary predominant adenocarcinoma;

MPA, micropapillary predominant adenocarcinoma.
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Nanoparticles

SGT-53

AZD1080

ZVI-NP

Cisplatin nanoparticle

Functions

Promotion of tumor immunogenicity, enhancement of
innate and adaptive immune responses and inhibits
immunosuppression

Enhances delivery to tumor sites

Enhances anti-tumor immunity via reduction of Treg cells
and promotion of M2 macrophages to M1.

Sustained upregulation of PD-LI expression levels

Immunotherapy

Sensitizes the efficacy of anti-PD1 antibody treatment

Reduces expression of PD1 and releases CD8" T cells

Repression of PD1 and CTLA4 in CD8" T cells, reduction
of PD-LI expression

Promotes the treatment efficacy of anti-PD1/PD-
L1 blockade

Ref.

Kim et al. (2018)

Allen et al. (2021)

Hsieh et al. (2021)

Shen et al. (2021)

Au@PG nanoparticles

DPAICP@ME

SPIO NP@M-P

NBTXR3 nanoparticles

ARAC

Nano-DOX

MS NPs

GNPs-hPD-L1 siRNA)

Make tumor remodeling from a cold TME to a hot TME,
contributing to tumor suppression and cytotoxic T cell
response promotion.

Elevates the p53 activation, causes T cell activation

Maintains the longer half-lfe of the PD-LI inhibitory
peptides, leading to reactivation of T cells and inhibition of
tumor growth

Modulated the TIME via regulation of the T cell receptor
repertoire, clevating CD8* T cells and activation of immune
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NCT02532231
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NCT02981914

Conditions

Study name

Nivolumab in Acute | AML
Myeloid Leukemia
(AML) in Remission at

High Risk for Relapse

Nivolumab in
Eliminating Minimal
Residual Disease and

Preventing Relapse in
Patients With Acute
Myeloid Leukemia in
Remission After
Chemotherapy

AML in
Remission

Azacitidine With or
Without Nivolumab or
Midostaurin or
Decitabine and
Cytarabine Alone in
Treating Older Patients
With Newly Diagnosed
Acute Myeloid
Leukemia or High-Risk
Myelodysplastic
Syndrome

AML

MD$

Single Agent and AML
Combined Inhibition
After Allogeneic Stem

Cell Transplant

MDS

Nivolumab in
Combination With 5-
azacytidine in
Childhood Relapsed/
Refractory AML

AML,
Childhood

Nivolumab and
Azcitidine With o
Without Ipilimumab in
Treating Patients With
Refractory Relapsed or
Newly Diagnosed Acute
Myeloid Leukemia

AML

Recurrent AML

Allo-HSCT

Refractory
AML

Nivolumab and
Ipilimumab After
Donor Stem Cell
Transplant in Treating
Participants With High
Risk Refractory or
Relapsed Acute Myeloid
Leukemia

Study of Azacitidine in
Combination With
Pembrolizumab in
Relapsed Refractory
Acute Myeloid
Leukemia (AML)
Patients and in Newly
Diagnosed Older

(>65 Years) AML
Patients

AML

Lympho depletion and | AML
Anti-PD-1 Blockade to
Reduce Relapse in AML
Patient Not Eligible for

Transplant

High Dose Cytarabine
Followed by
Pembrolizumab in
Relapsed

Refractory AML

Relapse AML

Augmentation of the | MDS
Graft vs Leukemia Effect
Via Checkpoint
Blockade With

Pembrolizumab

AML

ALL

Pilot Study of
Pembrolizumab
Treatment for Disease
Relapse After Allogeneic
Stem Cell
Transplantation

AMLetc.
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PD-1

PD-1

PD-1

PD-1

PD-1

PD-1

PD-1
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Nivolumab m

Nivolumab |
Ipilimumab
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Pembrolizumab | Il
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Pembrolizumab Il
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Pembrolizumab |
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NCT04284787
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NCT03390296

BLAST MRD AML-2: | AMLetc.
BLockade of PD-1
Added to Standard
Therapy to Target
Measurable Residual
Disease in Acute
Myeloid Leukemia 2- A
Randomized Phase

2 Study of Anti-PD-

1 Pembrolizumab in
Combination With
Azacitidine and
Venetoclax as Frontline
Therapy in Unfit
Patients With Acute
Myeloid Leukemia
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With Pembrolizumab | AML Adult

Combined

PDI Inhibitor and
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Patients With Relapse
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AML
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Cytarabine, G-CSF for
Refractory or
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Refractory
Leukemia
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adult AML
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Guadecitabine and MDS
Atezolizumab in
Treating Patients With
Advanced
Myelodysplastic
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Vaccine Following Allogeneic
Transplantation in AML Patients

Trial Study name Conditions  Antigen Phases  Enrollment Completion

identifier date

NCT00965224  Efficacy of Dendritic Cell Therapy for ~ AML/ WT1 [l 50 2010 2014 Unknown
Myeloid Leukemia and Myeloma ~ CML/MM

NCT01686334  Efficacy Study of Dendritic Cell AML WT1 1l 130 2012 2024 Recruiting
Vaccination in Patients With Acute
Myeloid Leukemia in Remission

NCT04747002 | Investigator-initiated Clinical Trial  AML in wT1 n 100 2020 2024 Recruiting
(Phase II) of Cancer Vaccine Remission
“Dainippon Sumitomo Phama
(DSP)-7888"for Acute Myeloid
Leukemia Patients

NCT04284228 | Antigen-specific T-cell Therapy for = AML wTl/ 1 2 2020 2023 Recruiting
AML or MDS Patients With Relapsed PRAME/
Disease After Allo-HCT MDS Cyclin A1

NCT05000801 | Clinical Study of DC-AML Cells in | AML wTl/ Not 20 2021 2026 Recruiting
the Treatment of Acute Myeloid hTERT/ Applicable
Leukemia Survivin

NCT01096602  Blockade of PD-1 in Conjunction ~ AML Multiple [l 63 2010 2024 Active, not
With the Dendritic Cell/AML recruiting
Vaccine Following Chemotherapy
Induced Remission

NCT03059485 ~ DC/AML Fusion Cell Vaccine vs.  AML Multiple [l 75 2017 2025 Recruiting
Observation in Patients Who Achieve
a Chemotherapy-induced Remission

NCT03697707 | Efficacy and Safety of AML in Multiple 1 20 2018 2022 Active, not
Immunotherapy With Allogeneic Remission recruiting
Dendritic Cells, DCP-001, in Patients
With Acute Myeloid Leukaemia
(ADVANCE-1I)

NCT03679650  Dendritic Cell/AML Fusion Cell AML Multiple 1 45 2018 2026 Recruiting
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NCTowsI0 Muli-CAR T-cell Therspy Tagetng CD7-positve Malignancis A 7 m 0 o am Recuiing,
NCTozsS Humanized CD7 CAR T-cell Thrapy or /e CD7* Acute Lekemia AL m » o Recuiing
Netossy Dose-Escalation and Dose-Expansion Study to Evaluse the Safety and Tolrabilty of Anti-CD? Alogeneic AMLete w7 ' a5 s Notyet
(CAR T-Cells (WU-CART-007) in Patents With CD7" Hematologc Malgnancies reruiting.
NCTussoGsst (CART-19 T-cell in CD19 Positive Relapsed or Refractry Acute Myeloi Leokemia (AML) Aw e m 15 wram Recruiing
o9 Clinical Study of Univrsal CAR-y8T Cell Inction inthe Treatment AML s Nt » 200 Recuiing
of Patents With Relpsed AML Aftr Transplaniaton Appliable
oS CART CDIS for Acute Myelogenous Leukemia With ¢ 821 and CDI9 Exprssion AL 9 u 0 w0 am Recruiing
NeTossisen Nol CART Cell Therspy in the Trcstment of Hematopaictic nd Lymphoid Malgnancies ALete o ' » o s Recruiing,
NCTus3SS05 Unisersal CAR-98T Cell Inetion in the AML Patints AL @ Nt 0 ECINEY Recuiing
Appliable
NCTOIssi02 reatment of Relapsed andlor Chemotheapy Reractory D33 Positive Acute Myeloid Leakemia by CART-3 Relapsed s m 0 o Unknow
Refractory AML
NCTo99680 Allogenec CART-33 for RelapsedRefrctory CD33* AML Relapsed s 1 2 s s Unknown
Refrctory AML
NCTuss Study of Ant-CD33 Chimeric Antigen Recptor Expresing T Cell (CDISCART) in Children and Young. AvL on m E ECEY Recruiing,
‘Adults With Relapsed/Reeactory Acute Myeloid Leskemia
NCTOsDO8S75 ARHCD33 CAR NK Cells n the Trestment of Relapsed/Refsctory Acute Mycloid Leukemis AL n ' n a am Recruiing
NeTusiosis2 PLAT-O8: A Stady OF SC-DARICH3 CAR T GellsIn Pediatric And Young AL n ' s o Recuiing
Adults With Rlapsed Or Refrctory CD33* AML.
NCTossss19 Phase Ul Study of Enhanced CD33 CAR T Gells in Subjects With Relpsed or Refactory Acute Myeloid Leukemia | AML n m 2 m Recruiing
Relaps Leokemia
Refractory AL
NCTOsMSTSS ARCD33 CAR-T Cllsfo th Trestment of Relapsed/Refsctory CD33* Acute Mycloid Leukenis Relapsed/ on ' 0 o am Not yt
Refractory AML recruitng.
NeTosiz Evaluate the Sofety and Effiscy of CD33 CAR-T i Patints With RIR AML AL n ' » s Not yt
recruiting.
NCTotssI0n (CD38-trgeted Chimeric Antgen Receptor T-cel (CART) i Reapesd or Refractory Acute Myeoid Leokemia Am o m » wr Recuiing
NCTOS23968 Clinical Study of CD38 CART Cells n the Trestment of Hematologial Malignancies AvL o ' 36 m o am Recruiing,
NeTosms80 (CART-38 in Adult AML nd MM Patents AL o ' 36 T Not yet
recruitng.
™
NCTorgE291 €D 70 CAR T for Patiens With CD70 Posiive Malignsat Hematlogic Dicises AL @ ' 18 o Recruiing
o218 TAAG Cell Insction I The Trestment of atents With Relapsed Refactory Acute Myelod Leukennia AL s | Nat s e am Recruiing
Appiabie
NCToRIS9495 Genetcally Modificd T-<el Immunatherspy in Tresting Patcnts With A s |1 s wms Acive,
Relapsed/Recurrnt Bssti Plsmacytoid Dendriic Cell Neoplasm oot
recruiting.
NCTOs G0 Donor derived Anti-CDIZ3-CART Cells for Recurred AML Aftr Allo HSCT AdAML om0 » wr am Unknown
NCTus 078 Study Evaluating Saety and Effcacy of UCARTI23 in Patents With Acute Mydoid Leukemia am w1 & s Recruiing,
NCTussseoR (CART-123 FOR Relapsed/Refractory Acute Myelcytc Leukemia Relapsed s | » ms am Unknown
Refractory AML
NCTor26963 (D123 Targeted CART Cell Thrapy for Relpsed/Refrctory Acute Myeloid Leokemia A s | m 5 o am Recuiing,
NeTows Safty and Efcacy of CDI23-Targted CAR'T Therapy for Relapsed/Reffactory Acute Myelod Leukenia AML s | w0 wme Recuiing
oIS (D123 Directd Autologous -Cel Therapy for Acute Myelogenous Leukemia (CATCHAML) AMLete s |1 » ECE Recuiing,
NCTmers (CDI23 Redirected T Cells for AML in Peditic Subjects AMLinsclapse | O3 1 2 o e Recuiing,
AML pediaic
AML refsctory
NCTorssi981 ARG.CLLI CAR T-cal Therapy in CLLI Positive Relapsed/Refactry Acute Myelod Leukenna (AML) AmL au m » wram Reruiing,
NeTos0 Braliate the Safety and Effiacy of CLLI CAR-T in Ptints With IR AML AML au ' » ECIET Notyet
recrutng.
o916 himeric Antigen Recptor T-els for The Trestment of AML Expresing CLL1 Anigen AL au m s om0 s Recuiing
T Clinicl Study of Chimeric Antgen Rceptor T Lymphocytes (CAR'T) in the Tresment of Myeloid Leukemia A au ' 100 o Recuiing,
NeToszsT2 Clinicl Study of CLLY CAR-T Cells i the Trstment of Hematologicl Mlignancis AL au ' 36 o am Recruiing
NeTos07 An-FLTS CAR T-cell Therapy in FLT Positive Relapscd/Refeactory Acute Mycloid Leukens AmL R m s o s Recruiing
NeTusi0n TAAGS njecton i the Treament of Adult Patints With FLT3-posiive Reapsed/Refactry Acute Myclod Leakemia | FLTSpositve | FLTS ' s s Recuiing,
Relapsed/
Refractory AML
NeToswson ARG-FLTS CAR-T Cell(TAAOS Cell Injecton) in the Treatment of Relapsed/Refracory Acue Myelod Leukenia A s ' 2 m Recuiing
NCTusOISI05 A Dose Esclation Phase | Stdy to Assssthe Sfety and Clnical Activiy of Muliple Cancer ndictions MDYAMUMM | NKGD |1 6 s Unknosen
NCToMgss001 NKG2D CARCT Cell Thrapy for Patiens With Relapsed and/o Refrctory Acute Myeoid Leokemia AL NKGID I 36 m aw Not yet
recruitng.
NCTors99543 1L3 CAR-T Cell Thrapy for Patents With CDI23 Poitive Relaped sndor Refsctory Acute Myeloid Leukemia AL s ' 6 w0 Not yt
recruiting.
NCTOs266950 Safty and Eficacy Sty of C1-135 CAR'T Cells i Subjets With Relapsedor Refscory Acute Mycloid Leukemia | AML ass |1 7 o Recruiing
NCTois0929 Clinicl Study of ANt LTS CART Therapy for RIR AML (MAMS) A urs ' 2 o e Recuiing,
NCTOstessH0 Evaluae the Sofety and Eficacy of ADGRE2 CAR-T in Paiens With RR AML. A avcrez | 1 » m Notyt
recruitng.
NeTosissI2 Administraton of Anti-igec-6 CAR-T Cell Thrapy in Relapsed and Refactory Acute Myelod Lewkemia (w/AML) | Refrctory/ Sgecs | 1l » o s Recuiing
Relapse AML
NCTus9s779 (CLLILCDS3 cCAR in Paiens With Relapsed andlor Refrctoy, High Rik Hematologic Malignancis e aw |1 » ms Reruiing
oy
AML
MsD
oM
NCTOsDI0S 1-CART Cells i the Trstment of Relpsed/ Refsctory Acue Mydoid Leukermia AL w1 » o am Not yt
av recruiting.
NCTos2A8685 Optimized Dusl CD3YCLLL CAR T Cells in Subjcts With Refactory o Relapsed Acute Myeloid Leukenia AL w1 » e am Recruiing
au
NCToste7st Evaluae the Safety and Efiacy of CLLI+CD33 CAR-T in Paiets With RIR AML. A aw |1 » m s Not yt
on recruiting.
NCToMI0877 Muliple CAR-T Cel Therapy Targeting AML A au | 10 09 Recuiing
o
o
NeTosz2674 Ml CAR T-cell Therapy for Acue Myelod Leukemia AL Mt | 1l 10 w7 am Unknowen
NCTos (CART Cells Gombined With Pepide Speifc Dendric Celin Relapsed/Reeactory Leukema/MDS. AvL Multle | 1 0 s Recuiing,
NCTowzgss 0 Donor derived CAR-T Cells n th Trestment of AML Patients AL Maligle | 1 9 o am Not yt
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RP1

Forward: 5" TGTCGCTCAACAAGTGCCTG

Reverse: 5"

HAPLN3

GCCTGGGCCTCGAACTTAG

Forward: 5'

TGCGTGTCAAATGGTGGAAG

Reverse: 5'

GTAACGCCCATAGTCCTCCAG

SNAR

Forward: 5'

CGAACTGGACACACATACAGTG

HHEX

Reverse: 5"

CTGAGGATCTCTGGTTGTGGT
[ Forward: 5

ACGCCCTTTTACATCGAGGAC

Reverse: 5'

CGTGTAGTCGTTCACCGTC

RAPIGAP

Forward: 5'

GCCCACAACCAAGGTGAAG

Reverse: 5

CTGGACAACATTAGGGAACTCG

Forward: 5'

CCAGAGAAACTTACGCCTCAC

Reverse: 5"

BCHE

GCCTGGGTTGGCTCAAAATC

Forward: 5'

GTCAGAGGGATGAACTTGACAG
Reverse: 5'

TGAATCGAAGTCTACCAAGAGGT
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Clinical feature

Number of patients

Percentage (

Age <=t 431 420
>65 |56 553
Unknown s 27
Gender Female L 401
Male 615 599
Stage Stage T s 511
Stage 1T s 280
Stage 111 170 166
Stage IV 33 32
Unknown ™ 12
T-stage T |26 279
T2 |57 56.1
T3 s 115
T4 s 419
Unknown s 03
M:-stage Mo 767 748
M1 x T
Unknown 227 21
N-stage ) Less o8
N1 231 25
N2 s 2
N3 7 07
Unknown | 18 18
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tal n = 936 (%)

Age, year 0852 | 0356

<65 408 (43.6%) 211 (45.1%) 197 (42.1%)
65 528 (56.4%) ‘ 257 (54.9%) 271 (57.9%)
Gender 3684 <0001
Male 561 (59.9%) 326 (69.7%) 235 (50.2%)
Female 375 (40.1%) 142 (30.3%) 233 (49.8%)
7 Stage 6816 | 0009
Stage /11 748 (79.9%) 358 (76.5%) 390 (83.3%)
Stage LI/IV 188 (20.1%) 110 (23.5%) 78 (16.7%)
Smoking index s 021
High 455 (48.6%) 369 (78.8%) 353 (75.4%)
Low 481 (514%) 99 (21.2%) 115 (24.6%)
Tumor type 3386 | <0001
LUAD 475 (50.9%) 193 (41.2%) 282 (60.3%)
LUSC 461 (49.3%) | 275 (58.8%) ' 186 (39.7%)

Abbreviations: n. number.





OPS/images/fphar-14-1153565/inline_1.gif





OPS/images/fphar-14-1153565/inline_2.gif
A





OPS/images/fphar-14-1153565/inline_3.gif
Ul





OPS/images/fphar-14-1153565/fphar-14-1153565-t001.jpg
Genes name (5't03")

ADHIC Forward primer ‘ CTCGCCCCTGGAGAAAGTC ‘
Reverse primer ‘ GGCCCCCAACTCTTTAGCC
EREG Forward primer GTGATTCCATCATGTATCCCAGG

GTGATTCCATCATGTATCCCAGG

Reverse primer
GAPDH Forward primer ‘ GGAGCGAGATCCCTCCAAAAT

Reverse primer ‘ GGCTGTTGTCATACTTCTCATGG






