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Editorial on the Research Topic 


Targeting key cellular signaling network for cancer chemotherapy and immunotherapy


In the dynamic field of oncology, the strategic targeting of cellular signaling networks marks a transformative approach in cancer treatment, specifically through chemotherapy and immunotherapy. This focus is based on the premise that understanding and manipulating the intricate signaling pathways that regulate cell growth, proliferation, and death can lead to more effective and less toxic treatment modalities (1, 2). This Research Topic focuses on the research progress of key signal networks in tumor chemotherapy and immunotherapy, with the aim of comprehensively and deeply elucidating the functions and regulatory mechanisms of key signal networks in the process of tumor cell proliferation, metastasis and drug resistance, and contributing to the development of new chemotherapy drugs and targeted therapies.

Cellular signaling networks encompass various pathways that regulate essential cellular activities such as growth, apoptosis, and differentiation. In cancer, these pathways often become aberrant, leading to uncontrolled cell division and tumor progression. Key pathways such as the PI3K/AKT/mTOR, RAS/RAF/MEK/ERK, and JAK/STAT pathways are frequently disrupted in cancerous cells (3). By specifically targeting these pathways, treatments can directly hinder the growth of cancer cells and potentially lead to more successful outcomes. Zhang et al. analyzed the complex molecular terrain of thymic epithelial tumors and important key genes and signaling pathways in tumorigenesis in order to highlight the significant influence of tumor microenvironment on tumor behavior and treatment response.

The traditional approach of chemotherapy, which indiscriminately targets rapidly dividing cells, is being supplemented and sometimes replaced by targeted therapies and immunotherapies. Targeted therapies focus on specific components within signaling pathways, thereby minimizing damage to normal cells and reducing side effects. Immunotherapy, on the other hand, leverages the body’s immune system to fight cancer, utilizing methods like immune checkpoint inhibitors and CAR T-cell therapy (4). These methods have transformed treatment paradigms, particularly for cancers that were previously deemed untreatable with conventional approaches. Huang et al. integrated the literature about neoadjuvant chemotherapy of bladder cancer from 1999 to 2022 published on Web of Science Core Collection (WoSCC). A growing trend in annual publications and citations related to bladder cancer NAC was confirmed in 1836 publications between 1999 and 2022, suggesting that the integration of immunochemotherapy is expected to experience substantial growth in future studies. Fan et al. showed that natural killer cells can secrete IFN-γ and TNF-α or participate in Fas/FasL and TRAIL/TRAILR pathways, mediating ovarian cancer cell death and greatly improving the efficacy of cellular immunotherapy for ovarian cancer. Additionally, Song et al. identified significantly elevated levels of TBC1 Domain Family Member 1 in tumor tissue from glioma patients, which ultimately affecting the effectiveness of anti-tumor immunotherapy and leading to treatment resistance. In addition, targeting TBC1D1 combined with immune checkpoint blockade treatment may enhance the efficacy of anti-tumor immunotherapy, may inhibit tumor progression and improve the survival rate of patients.

The integration of chemotherapy and immunotherapy represents a forefront of current research, aiming to harness the benefits of both approaches. This integration seeks to exploit chemotherapy’s ability to reduce tumor masses and alter the tumor microenvironment in a way that enhances the effectiveness of immunotherapeutic agents. The findings of Alejandro Martin Garcia-Sancho et al. suggest that patients with peripheral blood T-cell lymphoma may benefit from autologous stem cell transplantation, especially those who have progressed to advanced stages of the disease may benefit more than others.

The focus on cellular signaling networks in cancer therapy, particularly through chemotherapy and immunotherapy, reflects a significant shift towards more precise and personalized treatment options. With continuous research and technological advancements, this field is rapidly evolving, offering hope for more effective and less toxic treatment strategies. The growing understanding of cellular signaling and immune dynamics in cancer is paving the way for innovative treatments that promise to reshape the future of cancer care, making it more targeted, effective, and sustainable. This convergence of technology, science, and medicine marks a promising horizon in the ongoing battle against cancer.
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Editorial on the Research Topic 


Targeting key cellular signaling network for cancer chemotherapy and immunotherapy




1 Introduction

Cancer pathology is diversely complex, with the key lying in the deep understanding and strategic manipulation of cellular signaling networks (1). In this Research Topic of the journal on “Targeting Key Cellular Signaling Networks for Cancer Chemotherapy and Immunotherapy,” 16 cutting edge articles have been accommodated. Most of these articles not only bring forth the enormous therapeutic potential of precisely targeting these pathways but also provide a deeper understanding of the various signaling networks and emphasize upon highly innovative strategies of combining chemotherapy with immunotherapy. Some of these strategies promise not only to enhance therapeutic efficacy but also to reduce cancer’s resistance to current treatments. We are at the cusp of a new dawn in the understanding of oncology, a time at which precision medicine is just about to come of age (2, 3). The articles presented in this Research Topic contain pathbreaking perspectives and futuristic approaches that might change the course of future cancer treatment. The presented research ranges from fundamental biochemical insights to translational and clinical applications, pushing us to challenge the disease with more precision and fewer side effects.

This editorial aims to shed light on this theme by summarizing and discussing some of the key articles in this Research Topic. These articles delve into various aspects including the interaction between TME and immunotherapy, the interaction between immune cell dynamics and immunotherapy, new chemotherapy and therapeutic strategies, and molecular and cellular level mechanisms.




2 Interactions between the tumor microenvironment and immunotherapy

Recent studies on crosstalk between the tumor microenvironment (TME) and immunotherapy mainly focus on strategies that potentiate the effect of immunotherapies by decoding complex signaling networks within TME (4). The tumor microenvironment presents itself as a more sophisticated system involving tumor cells, immune cells, fibroblasts, vascular cells, and the extracellular matrix. All these parts interact through cytokines, growth factors, and chemokines, promoting tumor growth, invasion, and metastasis (4). Yang et al. explained how M2 macrophages interfered with the anti-tumor effects of lenvatinib in intrahepatic cholangiocarcinoma. M2 macrophages promote tumor angiogenesis and progress by modulating immune responses and secreting factors that support tumor growth, reducing lenvatinib-induced apoptosis in cholangiocarcinoma cells, while M1 macrophages enhance apoptosis. Zhang et al. provided a thorough study into the molecular landscape complexity of thymic epithelial tumors and discussed the importance of understanding this network to enhance the accuracy of diagnosis and refinement of prognosis evaluation and targeted therapy development. He et al. constructed a disulfide apoptosis-based personalized prognostic assessment in lung adenocarcinoma by integrating single-cell technologies with large-scale RNA sequencing. Ding et al. showed that the ceramide-associated genes have a prognostic potential in melanoma through single-cell sequencing analysis and also highlighted its guiding effect on immunotherapy. Lin et al. combined single-cell RNA sequencing and large-scale RNA sequencing to profile subpopulations of cells within cervical tumors and provide insights into the development of new targetable treatment strategies. The work of Wang et al. pointed out Notch signaling as the key player in the central hub of tumor immunity, hence suggesting a potential target for cancer therapy. Finally, Zhou et al. explored the subpopulations and dynamics of myofibroblasts in clear cell renal cell carcinoma, providing new insights into the interactions between tumor cells and highlighting the potential therapeutic targets. These studies demonstrate how the tumor microenvironment influences disease progression and treatment responses through its complex molecular and cellular dynamics, offering valuable insights for developing more effective treatment strategies.




3 Interactions between immune cell dynamics and immunotherapy

Another important field of contemporary study is the dynamics of interactions between immune cells and immunotherapy in cancer treatment (5). It delves into the dynamics of how immune cells regulate and take part in immune responses occurring within the body, and enhancing the activity of those immune cells increases the effect of immunotherapies. It is manifested through direct cytotoxic actions, cytokine production, and interactions with other immune cells playing a critical pivot role in the fight against cancer (6). Effective activation or modulation of these functions of cells can bring out a marked improvement in the efficacy of immunotherapies but also brings numerous challenges like immune escape and resistance to therapy. Fan et al. presented in their paper a discussion about the NK cell-based immunotherapy and its place among the modern methods of ovarian cancer treatment. In this review, the authors summarized the mechanisms by which NK cells can execute antitumor effects and reviewed the challenges and potential of various immunotherapeutic strategies to augment NK cell activity. Song et al. revealed the association between the novel biomarker TBC1D1 and immunotherapy resistance in gliomas, particularly noting that elevated expression of TBC1D1 in macrophages correlates with weakened T-cell function, impaired immune responses, and poor prognosis. These findings suggest that inhibiting TBC1D1 could enhance the effectiveness of immunotherapies, offering a potential new strategy for treating gliomas resistant to current immunotherapies. Collectively, these papers shed light on the importance of immune cell dynamics in effective cancer treatment and open doors for the possible optimization of therapeutic regimens based on targeting specific molecules and cell types.




4 New chemotherapy and treatment strategies

The field of cancer treatment is continually developing and optimizing new strategies aimed at enhancing efficacy, reducing side effects, and improving patient survival through precision medicine. With a deeper understanding of cancer biology and advances in technology, researchers design personalized treatment plans based on the specific molecular characteristics of tumors and individual patient differences. These strategies range from traditional chemotherapy to the latest immune and cell therapies. For example, Zhang et al. developed a scoring system of aging risk (SRRS) using aging-related genes for colorectal cancer. As expected, this new tool not only helps predict treatment outcomes but also proves imperative in a series of personalized strategies for immunotherapy. Similarly, in the treatment of hepatocellular carcinoma, Su et al. compared the effects of external beam radiation therapy (EBRT) and transarterial chemoembolization (TACE), providing empirical evidence for choosing the appropriate local treatment method. Furthermore, bibliometric analysis by Huang et al. for neoadjuvant chemotherapy on bladder cancer revealed trends and existing research hotspots in the field, underlining the importance of integrated immunotherapy strategies. In the treatment of peripheral T-cell lymphoma, Fulati et al. assessed the effectiveness of autologous stem cell transplantation (ASCT) as a consolidation therapy, particularly noting significant improvements in efficacy following the use of pegylated liposomal doxorubicin. These case studies reflect how a deep exploration and utilization of molecular and cellular mechanisms in cancer can effectively drive the innovation and optimization of treatment strategies. This not only enhances our understanding of the complexities of tumor therapy but also provides new directions for future treatments.




5 Molecular and cellular level mechanisms

In the field of tumor biology, a deep understanding of molecular and cellular mechanisms is crucial for developing effective cancer treatment strategies (7). These mechanisms are not only key to tumor growth and spread but also significantly influence the immune system’s response and the success of therapeutic approaches. With advances in technology, researchers are now able to explore these complex signaling networks in greater detail, thereby advancing personalized medicine. Wang et al. recently carried out an extensive review of the multiple roles of CD24 going beyond that in cancer. They defined important functions of CD24 in different biological processes and diseases, with special emphasis on its role in immune regulation, the cancer immune microenvironment, and targeting it as a therapeutic candidate in autoimmune diseases. Chen et al. focused on the role of the tyrosine phosphatase PTPN11/SHP2 in solid tumors, highlighting its potential as a therapeutic target. Considering its dual role as both a tumor promoter and, in less common instances, a tumor suppressor, targeting SHP2 opens new directions for cancer therapy. In addition, Rong et al. conducted an analysis of the relationship of the prognostic markers associated with oxidative stress and the immune landscape, drug response, and prognosis in the case of skin cutaneous melanoma (SKCM), once again confirming the relevance of oxidative stress in the regulation of the tumor microenvironment and effects of treatment. These studies collectively demonstrate how precise dissection of cancer’s molecular and cellular mechanisms can provide a scientific basis for developing new treatment methods, while also emphasizing the necessity of continued research to advance cancer treatment.




6 Conclusion and outlook

Overall, the research featured in this Research Topic highlights the central role of signaling networks in cancer treatment, particularly in the application of chemotherapy and immunotherapy. By delving into the key signaling pathways involved in tumor development, immune regulation networks, and the interactions within the tumor microenvironment, these studies provide critical insights for developing customized treatment strategies tailored to individual patients. It is important to note that clinical and biological validation of these research findings is crucial for their successful translation into practical treatment strategies. Therefore, future work should include further validation studies to confirm the actual efficacy and application potential of these findings.
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Background and objectives

The relationship between the tumor microenvironment and the network of key signaling pathways in cancer plays a key role in the occurrence and development of tumors. Tumor-associated macrophages (TAMs) are important inflammatory cells in the tumor microenvironment and play an important role in tumorigenesis and progression. Macrophages in malignant tumors, mainly the M2 subtype, promote tumor progression by producing cytokines and down-regulating anti-inflammatory immune responses. Several articles have investigated the effect of macrophages on the sensitivity of cancer chemotherapeutic agents, but few such articles have been reported in cholangiocarcinoma, so we investigated the effect of M2 macrophage on the sensitivity of cholangiocarcinoma cells to Lenvatinib compared to M1.





Methods

THP-1 monocytes were polarized to M0 macrophage by phorbol 12-myristate 13-acetate (PMA) and then induced to differentiate into M1 and M2 macrophages by LPS, IFN-γ and IL-4 and IL-13, respectively. Macrophages and cholangiocarcinoma cells were co-cultured prior to 24 hours of Lenvatinib administration, cancer cell apoptosis was detected by western-blot, FACS analysis of Annexin V and PI staining. Furthermore, we use xCELLigence RTCA SP Instrument (ACEA Bio-sciences) to monitor cell viability of Lenvatinib administration in co-culture of cholangiocarcinoma cells and macrophages. After tumorigenesis in immunodeficient mice, Lenvatinib was administered, and the effects of M2 on biological characteristics of cholangiocarcinoma cells were investigated by immuno-histochemistry.





Results

mRNA and protein expression of M1 and M2 markers confirmed the polarization of THP-1 derived macrophages, which provided a successful and efficient model of monocyte polarization to TAMs. Lenvatinib-induced apoptosis of cholangiocarcinoma cells was significantly reduced when co-cultured with M2 macrophage, whereas apoptosis of cholangiocarcinoma cells co-cultured with M1 macrophage was increased. In the CDX model, Lenvatinib-induced cancer cell apoptosis was markedly reduced, and proliferative cells increased in the presence of M2 macrophages. Angiogenesis related factors was significantly increased in cholangiocarcinoma cells co-cultured with M2.





Conclusion

Compared with M1, M2 macrophages can inhibit the anti-tumor effect of Lenvatinib on cholangiocarcinoma through immune regulation, which may be related to the tumor angiogenesis factor effect of M2 macrophage.
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1 Introduction

Intrahepatic cholangiocarcinoma (ICC) is originally a relatively rare primary liver cancer originating from intrahepatic bile duct epithelial cells. In the past 10 to 20 years, ICC has become a growing concern due to its increasing incidence and mortality worldwide (1). The 1-year and 5-year overall survival rates of ICC patients have been estimated to be approximately 30% and 18%, respectively (2). Several studies have shown that ICC is more likely to metastasize through the lymphatic route and is more aggressive than Hepatocellular carcinoma (HCC) (3). Therefore, although radical resection can be performed at the early stage of ICC, the high postoperative recurrence rate makes the treatment of ICC a great challenge. In recent years, with the emergence of new targeted drugs and immune checkpoint inhibitors, patients with recurrent and unresectable ICC can get more effective treatment.

As a multi-target tyrosine kinase inhibitor, Lenvatinib can control the growth and angiogenesis of malignant tumors by inhibiting many receptors such as vascular endothelial growth factor receptor (VEGFR), fibroblast growth factor receptor (FGFR) and platelet-derived growth factor receptor (PDGFR) (4). At present, Lenvatinib is approved for the first-line treatment of advanced HCC (5). Some scholars believe that because ICC and HCC live in similar environments (both in the liver) and originate from the same organ, they are highly homologous, and they respond similarly to antitumor drugs, it can be predicted that Lenvatinib is equally effective against ICC. Xia Yan et al. confirmed that Lenvatinib has a good anti-tumor effect on ICC by cell experiment and PDX model (6). Recent clinical studies have also shown that patients can benefit from the treatment of cholangiocarcinoma with Lenvatinib. At the same time, with the advent of immune checkpoint inhibitors, the combination of Lenvatinib and immunotherapy has become a new research hotspot for the treatment of ICC (7–9). Although some studies have confirmed the effectiveness of Lenvatinib in some ICC tumors, the efficiency of its monotherapy remains low and the reasons for resistance are unclear.

TAM, one of the most important immune cells in tumor microenvironment (TME), plays an important role in tumor proliferation, invasion, metastasis, and angiogenesis (10). The macrophages recruited to tumor tissue are usually divided into two types, one is M1 macrophage, which activates immune response, phagocytizes and kills cancer cells, and acts as inhibitor of cancer cell activity. The other kind of M2 macrophage can promote tissue repair and tumor angiogenesis, which plays a role in promoting tumor activity. M1 and M2 macrophages continue to transform under the influence of tumor microenvironment, which is called “macrophage polarization”. Mantovani et al. described these two macrophage phenotypes as two extremes of different functions in the process of transformation (11).

Lipopolysaccharide (LPS) and Interferon-γ (IFN-γ) induce M0 macrophage into M1 macrophage in vitro, while IL-4 and IL-13 induce M0 macrophage into M2 macrophage (12). M1 macrophage can recognize tumor cells differently from normal tissues by cell surface antigens and produce tumor cell killing factors such as nitric oxide and reactive oxygen species. M2 macrophage can secrete cytokines such as IL-10, TGF- β, PGE2, VEGF and MMPs, which play a key role in tumor angiogenesis and metastasis (13). In most tumors, TAM is generally considered to be closer to M2 macrophage (14).

The effect of M1 and M2 macrophages on the treatment of ICC is not clear, so in order to study the effect of two phenotypic macrophages on the sensitivity of lenvatinib to the treatment of intrahepatic cholangiocarcinoma, we co-cultured two kinds of macrophages with intrahepatic cholangiocarcinoma cells (RBE) and used severe immunodeficient mice (NSG) to establish a tumor-bearing model combined with RBE and macrophages to observe TAM. In particular, the effects of M2 macrophage on the proliferation, apoptosis and angiogenesis of establishing a TAM-PDX model using NSG mice in order to provide new therapeutic targets and clinical strategies for the treatment of ICC.




2 Materials and methods



2.1 Cell culture

In this study, the human monocytic cell line THP-1(National Experimental Cell Resource Sharing Platform, 1101HUM-PUMC000057) and the human intrahepatic cholangiocarcinoma cell line RBE (National Experimental Cell Resource Sharing Platform, 1101HUM-PUMC000675)were selected, and the medium used was RPMI-1640 medium (Gibco) (containing 10% fetal bovine serum(FBS, Sigma)).




2.2 Macrophage polarization

When 150ng/ml phorbol ester(PMA)(Sigma) was added to THP-1 cells for 48 hours, most of the cells adhered to the wall, the size of the cells increased and antennae grew, which was considered to polarize to M0 macrophage. On the basis of M0 macrophage, 1 μg/ml LPS(R&D Systems) and 10 ng/ml IFN-γ(Sigma)were used to induce them to polarize into M1 macrophage. After 48 hours of incubation, the supernatants were collected and the levels of IL-6 and IL-1β were detected by ELISA kit(R&D Systems). On the basis of M0 macrophage, 20ng/ml IL-4(R&D Systems) and 5ng/ml IL-13(R&D Systems)were used to induce them to polarize into M2 macrophage.




2.3 ELISA

The M1 macrophage solution was diluted 100 times. The concentrated wash solution was then diluted with double distilled water and the assay kit should be equilibrated at room temperature prior to the experiment. 5ul standard and 5ul diluted fetal bovine serum were added sequentially to the pore of the reaction plate and mixed for 10 seconds. We added 200ul Biotin antihuman IL-6 or IL-1 β to each well and mixed for 30s. Incubated at 37°C for 30 minutes. After cleaning the reaction plate with detergent, we added 200ulHRP to each well, mixed gently for 10sm and incubated at 37°C for 30 minutes. After repeatedly cleaning the reaction plate 5 times, 100ul TMB chromogenic solution was added to each well, mixed for 10s and then placed in a dark place to react for 20 minutes. The terminating solution of 100ul was added to each well and mixed for 30s before OD value was read at the 450nm wavelength within 15 minutes. According to the OD value, the corresponding concentration can be found on the standard curve.




2.4 M2 macrophage immunofluorescence staining

M2 macrophage were fixed with 4% paraformaldehyde solution at 4°C for 30 minutes and washed with PBS solution. After dripping goat serum on the climbing tablet, it was sealed at room temperature for 1 hour, and then washed again with PBS solution. It was incubated with CD163(Abcam)and CD206(Abcam)overnight at 4°C with the primary antibody 1:100 diluted. Cells were washed three times with PBS and then incubated for 2h with the secondary antibody(Abcam)at 1:1000 dilution at room temperature. Cells were then washed three times with PBS, and DAPI was added and incubated for 5 minutes protected from light. Finally, the images were observed and collected under fluorescence microscope.




2.5 RT-qPCR

The RNA of M0, M1 and M2 macrophages obtained by TRIzol method was isolated with trichloromethane, precipitated with isopropanol, washed with 75% ethanol and dissolved in DEPC water to obtain purified RNA. RNA was reverse transcribed into cDNA by reverse transcription reagent (Roche). Amplification reaction assays contained SYBRGreen PCR Master Mix (Applied Biosystem) and primers (IDT).The reaction conditions were set as follows: 95°C, pre-denaturation for 10 minutes, denaturation for 15s, annealing extension for 1min at 58°C, 40 cycles, and data collection was performed at the end of annealing extension. After the amplification, the specificity of the product was analyzed by melting curve reaction. The results were analyzed by 2-CT method, and GAPDH was used as an internal reference.




2.6 Transwell cell co -culture

THP-1 cells were induced into M0, M1 and M2 macrophages in Transwell nested membranes (membrane pore size 0.4 μm) (corning) according to the above steps. Then removed the upper layer of membranes and place them on the other Transwell nested membranes where 1.5ml of 3×105 RBE cells were placed in the lower layer and co-cultured for 48 hours (Figure 1).




Figure 1 | Schematic of Transwell co-culture of RBE cells with three different subtypes of macrophages.






2.7 RTCA screening for effective drug concentrations

50 μl of medium was added to each well of the 96-well U base plate with low adsorption, and the baseline was assayed by xCELLigence RTCA eSight Instrument. 100 μl of RBE cells at a density of 5×104 cells/ml were added to each well of a 96-well U-backed plate with low adsorption. The wells were placed in a biosafety cabinet at room temperature for 30 minutes and then moved into a real-time label-free dynamic cell analyzer. The cell index was recorded, the cell proliferation curve was drawn, and pictures were taken every hour. After a 1.5-fold expansion of the cells, 100 μl/well of different concentrations of Lenvatinib (0nM, 100nM, 0.3uM, 1uM, 3uM, 10uM, 30uM, 90uM) were added, and eight compound wells were used. The cell proliferation curve was plotted by the instrument software, and pictures were taken every hour to observe the effects of different concentrations of drugs on the growth and proliferation of RBE cells.




2.8 Experimental group

Through the above-mentioned experiments, we selected the most suitable concentration of Lenvatinib for RBE cells, and then established five groups, namely, RBE group, RBE and M0 co-culture group, RBE and M1 co-culture group, RBE and M2 co-culture group, respectively, and set up a simple RBE group without drug as control.




2.9 Western blot

After 48 hours of incubation, it was washed with PBS solution, and then added to the cleavage buffer containing protein phosphatase inhibitor complex and protease inhibitor. The pyrolysis products were clarified by centrifugation and quantified by Bradford method. The pyrolysis product was then boiled for 5min and sampled onto a 10% polyacrylamide gel and transferred to a PVDF membrane. Antibodies to Caspase3, Bax, Bcl2, Bcl-xl and Tubulin(1:1000) (all purchased from Abcam)were blocked with 5% skim milk and incubated overnight at 4°C. After washing with TBS-T, the Strips were incubated at room temperature with anti-rabbit polyclonal antibody (1:5000) or anti-mouse antibody (1:5000) polyclonal antibodies for 2 hours. Immobilon Western chemiluminescence solution was added, and the fluorescence intensity was detected by ultra-sensitive chemiluminescence imager and performing quantitative testing using Image J.




2.10 Analysis of apoptosis in each group by flow cytometry

Each group of cells was digested with EDTA-free trypsin, centrifuged and washed twice with PBS solution, then resuscitated with 500 μl Binding buffer, then mixed sequentially with 5 μl Annexin V-EGFP and 5 μl Pi stain, incubated for 10min at room temperature, and then immediately detected by flow cytometry. Annexin V-FITC Cell Apoptosis Detection Kit was purchased from Signalway Antibody.




2.11 RTCA observation of the effect of Lenvatinib on cell proliferation in each group

The 1640 culture medium of the three co-culture groups was replaced with the corresponding macrophage culture medium and placed into the low adsorption 96-well U base plate, respectively. The backplane was placed in a real-time dynamic cell analyzer according to the RTCA operation steps mentioned above. To start step 3, cell indices were recorded and photographed hourly to observe the effect of drugs on the proliferation of tumor cells in each group. Record the number of cells in each visual field after 36 hours, and draw a column diagram after repeating the experiment three times.




2.12 Establishment of CDX model with NSG mice

In this study, male NOD-SSCID-IL2rg-/- (NSG) mice from 4 to 6 weeks of age were selected to establish an RBE+M2 macrophage xenograft mode. The animal experiment was divided into RBE group, RBE and M2 co-culture group, RBE+ Lenvatinib group, RBE and M2 co-culture + Lenvatinib group, with 5 mice in each group. All the mice were raised in the SPF animal room of the Biotechnology Center of Tianjin Pharmaceutical Research Institute. The temperature was about (25 ± 3)°C, the humidity was 40% or 60%, light was maintained for 12 hours per day, free feeding, dressing was changed regularly, and the animal room was kept clean. In RBE group, 0.1ml of 3×107 cells/ml RBE cell suspension was inoculated into the left and right axilla of mice, and in RBE and M2 co-culture group, 0.1ml of 3×107 cells/ml RBE cell suspension and 0.1ml of 1.5×107 cells/ml M2 macrophage suspension were mixed and inoculated into the axilla of mice. The mice in the two groups began to develop subcutaneous tumors at about 1 week, then intragastric administration of Lenvatinib to Lenvatinib group mice, and the mice were killed by cervical dislocation 3 weeks later. The longest diameter (A) and shortest diameter (B) of the transplanted tumor were measured by Peira TM900. According to the formula, the tumor volume was calculated as (A×B2)/2(mm3).




2.13 Drug sensitivity test in vivo

The tumor formation began about 1 week after subcutaneous inoculation of the cell suspension, and 1.4 mg/kg Lenvatinib was given daily to the stomach for 3 weeks. Mice were executed after 4 weeks, and the transplanted tumor tissue was excised for examination. There was no mice death in the process of tumor formation and administration.




2.14 Immunohistochemical staining of transplanted tumor tissues

The fresh transplanted tumor tissue was fixed in a 10% formalin fixed solution for 24 hours, dehydrated in gradient alcohol, and then the tissue blocks were placed transparently in xylene. The transparent tissue blocks were embedded in liquid paraffin, sliced after solidification, and baked on glass slides. Prior to staining, dehydration was performed with xylene and gradient alcohol dewaxing, and distilled water washing followed by inactivation of endogenous peroxidase with 3% hydrogen peroxide solution and antigen repair with sodium citrate buffer. After serum sealing, first antibody (caspase3, caspase8, Bcl-2, VEGF, VEGFR-1, PCNA, Ki-67, CD163, CD206, Fas, Survivin) (1:200)(all purchased from Abcam)was added to incubate overnight at 4°C and rinsed 3 times with PBS. Then we added second antibody: anti-rabbit polyclonal antibody (1:5000) or anti-mouse antibody (1:5000) polyclonal antibodies, incubated at 37°C for 30 minutes and rinsed 3 times. We dropped the chromogenic solution, hematoxylin dye re-dyeing, dehydration, transparent with xylene, and gum sealed microscopic examination.




2.15 Statistical analysis

T-test was used for unpaired continuous variable data w that conformed to a normal distribution. One-way Analysis of Variance (ANOVA) was used for data comparison between multiple groups (more than two groups). All statistical analyses were carried out using SPSS 23.0 software. The statistical analysis data were considered to be statistically significant (P<0.05).





3 Results



3.1 Polarization of M0 macrophage detected by qRT-PCR

After induction of THP-1 cells with PMA for 48 hours, the volume of cells gradually increased, and the morphology changed from suspension-like round cells to adherent and irregular polygonal cells (Figure 2). qRT-PCR after RNA reverse transcription showed a significant increase in the expression of CD68, CD71 and CD36 in M0, while the monocyte marker CD14 was significantly decreased. The difference was statistically significant, indicating that THP-1 monocytes successfully differentiated into M0 (Figure 3A).




Figure 2 | After induction with PMA for 48 hours, Morphology of human monocytes THP-1 is polarized to M0 macrophage. (A) THP-1 monocytes (200×). (B) M0 macrophage (200×).






Figure 3 | (A) After induction with PMA for 48 hours, THP-1 is polarized to M0 macrophage. RT-PCR detected the expression of THP-1 and induced M0 macrophage CD68, CD71, CD36, and CD14. (B) After induction with LPS and IFN-γ for 24 hours, M0 macrophage is polarized to M1 macrophage and after induction with IL-4 and IL-13 for 24 hours, M0 macrophage is polarized to M2 macrophage. RT-PCR detected the expression of M1 specific markers IL6, IL1β, TNFα, and CXCL10 in three types of macrophages. (C) RT-PCR detected the expression of M2 specific markers CD163, CD206, IL10, and ARG1 in three types of macrophages(* P<0.05, ** P<0.01, *** P<0.001).






3.2 M0 polarization into M1 and M2 macrophages

We exposed M0 macrophage to the medium containing 1μg/ml LPS and 10ng/ml IFN- γ for 24 hours to induce their differentiation into M1 macrophage, while the other group was exposed to the medium containing 20ng/ml IL-4 and 5ng/ml IL-13 to induce them to differentiate into M2 macrophage. Three types of macrophages were collected. qRT-PCR after RNA reverse transcription showed a significant increase in specific markers such as IL6, IL1β, TNFα and CXCL10 in M1 macrophage in the LPS+IFN-γ group (P<0.05) (Figure 3B). However, the special markers CD163, CD206, IL10 and ARG1 in IL-4+IL-13 group were significantly higher than those in control group (P<0.05) (Figure 3C).

In addition, we collected supernatants of three macrophage cultures and analyzed the levels of IL-6 and IL-1β secreted by M1 by ELISA. It was found that the expression of IL-6 and IL-1 β in M1 was higher than that in M0 (P<0.05) (Figure 4A). The results indicate that we successfully polarized M0 into M1.




Figure 4 | (A) ELISA analyzed the expression levels of IL-6 and IL-1β in three macrophages. (100×) (*** P<0.001). (B) Immunofluorescence analysis of expression of CD163 and CD206 in M0 and M2 macrophages.



After differentiating M0 macrophage into M2 macrophage, we used immunofluorescence to compare the expression of CD163 and CD206, specific markers of M2, between the two kinds of cells. The expression levels of M2 were found to be significantly higher than those of M0 (Figure 4B). The results showed that M0 were successfully polarized into M2.




3.3 Screening of lenvatinib concentration by RTCA eSight

RBE cells were cultured 66 hours in 96-well U-backed plate with low adsorption, different concentrations of Lenvatinib (0nM, 100nM, 0.3uM, 1μM, 3μM, 10μM, 30μM, 90μM) were added to observe the proliferation curve of RBE cells. Immediately after drug administration, the cell proliferation curve decreased, and RBE cells with different drug concentrations exhibited different proliferation rates as time progressed (Figure 5). As shown in Figure 6, the cell proliferation rate was the fastest in the 100nM group, while in the 30 μM group and 90 μM group, almost all of the cells died and did not proliferate due to the high drug concentration. Finally, according to the proliferation curve, we selected 10umol/L with a cell inhibition rate of about 40% as the concentration for the subsequent drug sensitivity test of Lenvatinib.




Figure 5 | 100 μl of RBE cells at a density of 5×104 cells/ml were added to each well of a 96-well U-backed plate with low adsorption. RBE cells were cultured for 66 hours, then different concentrations of Lenvatinib (0nM, 100nM, 0.3uM, 1μM, 3μM, 10μM, 30μM, 90μM) were added to observe the proliferation curve of RBE cells. (Arrow: administration time).






Figure 6 | RBE cells were co-cultured with three kinds of polarized macrophages in a 0.4 μm Transwell chamber after administration of Lenvatinib for 48 hours. (Ctrl: control group) (A) Western Blot detects the expression of apoptotic-related proteins (caspase-3 and Bax) and anti-apoptosis related proteins (Bcl-2 and Bcl-xl) in each group of cells(*P<0.05, ** P<0.01, *** P<0.001). (B) Flow cytometry detects apoptosis of RBE cells in each group and plotted the histogram by replicating the experiment three times.(* P<0.05,** P<0.01).






3.4 Apoptosis and expression of apoptosis-related proteins

RBE cells were co-cultured with three kinds of polarized macrophages in a 0.4 μm Transwell chamber. After 48 hours of treatment, the expression of apoptosis-related proteins caspase-3 and Bax in M1+RBE cells was significantly increased, whereas it was significantly decreased in M2+ RBE cells. The expression of anti-apoptosis related proteins Bcl-2 and Bcl-xl was significantly decreased in RBE cells treated with M1 and increased in RBE cells treated with M2 (Figure 6A). The results showed that M1 might promote the apoptosis of RBE cells induced by Lenvatinib, while M2 could inhibit its apoptotic effect. In addition, we detected the apoptosis of RBE cells in five groups by flow cytometry and plotted the histogram by replicating the experiment three times. (Figure 6B). Apoptosis was most significant in the M1+RBE group of RBE cells, while the number of apoptosis in the M2+RBE group was significantly lower than that in the control group, which was consistent with the results of western blot detection.




3.5 RTCA eSight observation of cell viability in each group

The culture media of three kinds of macrophages were centrifuged, and the supernatant was added to the low adsorption 96-well U floor with RBE cells and put into an RTCA eSight incubator. 3μmol/L Lenvatinib was added to each group. Pictures were taken every hour and observed continuously for 36 hours. The results of RTCA eSight showed that compared with the control group, the proliferation of RBE cells was significantly inhibited in Lenvatinib. The proliferation rate of RBE cells co-cultured with M1 macrophage was significantly reduced, while the proliferation rate of RBE cells treated with M2 was significantly increased (Figure 7A) and counting the cells within each set of fields of view (Figure 7B). This suggests that M1 can further inhibit the proliferation of RBE cells, while M2 can promote the proliferation of RBE cells.




Figure 7 | The supernatant of three kinds of macrophages was added to the low adsorption 96-well U floor with RBE cells and put into an RTCA eSight incubator. 3 μmol/L Lenvatinib was added to each group and pictures were taken every hour and observed continuously for 36 hours. (Ctrl: control group) (A) RTCA eSight dynamically observed the proliferation status of 5 groups of RBE cells in real time. (B) Counting the cells within each set of fields of view and plotted the histogram by replicating the experiment three times. (* P<0.05,** P<0.01).






3.6 Immune regulatory effect of M2 macrophage on the growth of RBE transplanted tumor in CDX model

By measuring the volume of transplanted tumors in NSG mice, it was found that among the four groups of transplanted tumors the RBE+M2 combined transplantation group (untreated) had the largest transplanted tumor volume and the RBE group had the smallest. Comparing the transplanted tumor volume, it was found that the transplanted tumor volume of RBE+M2 co-transplantation group was significantly larger than that of RBE group (P<0.05), indicating that M2 could impair the inhibitory effect of Lenvatinib on cholangiocarcinoma tumor growth (Figure 8).




Figure 8 | In RBE group, Subcutaneous injection 0.1ml of 3×107 cells/ml RBE cell suspension, and in RBE and M2 co-culture group, Subcutaneous injection 0.1ml of 3×107cells/ml RBE cell suspension and 0.1ml of 1.5×107cells/ml M2 macrophage suspension. The mice in the four groups began to develop subcutaneous tumors at about 1 week, then intragastric administration of Lenvatinib to Lenvatinib group mice for 3 weeks, and the mice were killed by cervical dislocation and removed the transplanted tumor. (A) Picture for volume comparison of graft tumors in various groups of CDX models (n=5 per group). (B) Measuring tumor volume and plotted the histogram by replicating the experiment three times. (* P<0.05,** P<0.01).






3.7 Expression of human macrophage markers in combined M2-RBE transplanted tumors

We detected two biomarkers, CD163 and CD206, which were specifically expressed in human M2 macrophage by immunohistochemical staining. Expression of CD163 (-) and CD206 (+-) was almost absent in the subcutaneous tumor tissue of NSG mice implanted with RBE cells (Figure 9). The strong positive staining of CD163 (++) and CD206 (+) could be seen in the tumor tissue of RBE+M2 co-implantation group. This indicates that our induced human M2 successfully survived in NSG mice and became part of the transplanted tumor microenvironment.




Figure 9 | In RBE group, Subcutaneous injection 0.1ml of 3×107 cells/ml RBE cell suspension, and in RBE and M2 co-culture group, Subcutaneous injection 0.1ml of 3×107cells/ml RBE cell suspension and 0.1ml of 1.5×107cells/ml M2 macrophage suspension. The mice in the two groups began to develop subcutaneous tumors at about 1 week, and the mice were killed by cervical dislocation 4 weeks later and remove the transplanted tumor for immunohistochemical staining. Picture for expression of CD163 and CD206 in transplanted tumor tissues in the RBE and RBE+M2 combination transplantation group.






3.8 Proliferation levels of transplanted tumor cells and expression of tumor angiogenic factors

As shown in Figure 10, the expression of Ki-67 and PCNA in the transplanted tumor tissues of the four groups were compared by immunohistochemical staining, and it was found that Ki-67 and PCNA were strongly positive in the transplanted tumors of both the RBE and RBE+M2 groups, with no significant difference between them, indicating that the proliferation of RBE cells was high and active in the tumor tissues formed by subcutaneous inoculation of RBE cells. However, their expression was reduced to varying degrees after treatment with Lenvatinib. After treatment with Lenvatinib, the positive expression rate of Ki-67 and PCNA in RBE+M2 group was significantly higher than that in RBE group, which may be related to the role of M2 in promoting tumor cell proliferation.




Figure 10 | Expression of proliferative factors (Ki-67, PCNA) and angiogenic factors (VEGF, VEGFR-1) in various groups of transplant tumor cells.



In addition, we detected VEGF and its receptor VEGFR-1 by immunohistochemistry to compare the tumor angiogenic ability of the four groups of transplanted tumors (Figure 10). VEGF and VEGFR-1 were strongly positive in RBE group and RBE+M2 group, but the staining was deeper in RBE+M2 group. After treatment with Lenvatinib, the expression of both of them decreased. After treatment, the staining intensity of VEGF and VEGFR-1 in RBE+M2 group was still significantly higher than that in RBE group, indicating that Lenvatinib could act on the VEGFR target of cholangiocarcinoma and inhibit its kinase activity, thus blocking tumor angiogenesis. On the other hand, M2 can resist the ability of Lenvatinib to inhibit angiogenesis.




3.9 Expression of apoptosis-related factors in transplanted tumors

We selected five apoptosis-related factors (3 pro-apoptotic factors and 2 anti-apoptotic factors) for immunohistochemical staining. The pro-apoptotic factors (Caspase-3, Caspase-8, Fas) were darker and more positive in the Lenvatinib group than in the untreated group, while the anti-apoptotic factor Bcl-2 was more positively expressed in the two untreated groups (Figure 11). This shows that Lenvatinib can promote the apoptosis of tumor cells. After administration, the expression of pro-apoptotic factors was less intense in the RBE+M2 group than in the RBE group, while the expression of Bcl-2 was stronger than in the RBE group, which indicated that M2 might inhibit the apoptosis-promoting effect of Lenvatinib. However, survivin, an inhibitor of apoptosis, was not significantly positive in RBE transplanted tumors.




Figure 11 | Expression of apoptosis-related factors in each group of transplant tumor cells.







4 Discussion

ICC is characterized by high malignancy, rapid growth rate, easy recurrence and metastasis, leading to a poor prognosis. For advanced unresectable ICC patients, systematic therapy based on gemcitabine or fluorouracil combined with chemotherapy, radiotherapy, and immune checkpoint inhibitor immunotherapy is often used (15, 16). Tyrosine kinase inhibitor is a kind of molecularly targeted drug commonly used in the treatment of ICC. It can exert its antitumor effect not only by inhibiting tumor neovascularization, but also by modulating the tumor immune microenvironment in combination with immune checkpoint inhibitors. As a classic tyrosine kinase inhibitor, Lenvatinib has been approved by FDA for first-line treatment of advanced hepatocellular carcinoma. Many studies have shown that it is effective for intrahepatic cholangiocarcinoma (17). Ueno M et al. demonstrated Lenvatinib as monotherapy for advanced ICC, and the ORR was 11.5% (18). The study shows that Lenvatinib monotherapy has a low response rate to ICC, and the cause of drug resistance is not clear, but it is certain that tumor immune microenvironment plays an important role.

Tumor-associated macrophages are an important part of tumor immune microenvironment (19), which are usually divided into two types, one is M1 macrophages, which are involved in inflammation and can kill cancer cells, and the other is M2 macrophage, which can promote tumor progression. Many studies have shown that, on the one hand, the abundance of macrophages in tumors is negatively correlated with the prognosis and survival of patients, and on the other hand, it is positively correlated with tumor drug resistance (20, 21). It has been previously reported that in the early stage of tumor development, macrophages in TME are mainly M1 phenotype (22). M1 macrophages are cytotoxic to cancer cells, recognizing cancer cells different from normal tissue by cell surface antigens, and then producing factors such as nitric oxide and reactive oxygen species that kill cancer cells (23). However, in the middle and later stages of malignant tumor development, in order to reduce the damage of inflammatory reaction to human normal tissue, TAM will gradually transform into M2-like phenotype (24) and promote the growth of tumor cells by secreting epidermal growth factor, fibroblast growth factor, transforming growth factor and vascular endothelial growth factor (11). M2 infiltrates and secretes a variety of cytokines in tumor tissues and plays an important role in various biological processes of tumors. Studies have shown that ICC-induced M2 can promote tumor growth and aggressiveness (25).

In addition to promoting tumor growth, M2 also has the effect of inducing tumor resistance, and some studies have confirmed that M2 can lead to drug resistance in hepatocellular carcinoma (26). Hao chen Wang et al. found that M2 can promote resistance of hepatocellular carcinoma cells against sorafenib by activating CXCR2 signaling (27). Another research has already reported that inhibiting CCR2 to block the recruitment of TAM could enhance the effect of sorafenib (28). Moreover, the hypoxia induced by target drug can elevate the level of GSF1, HIF, and CCR4 to effect M2 lead to tumor progress (29, 30). However, there are few experimental studies on TAM to ICC resistance, and in particular, there is a lack of reports of M2 effect to Lenvatinib.

In this study, we used some inducible factors to successfully induce M1 and M2 macrophages from human THP-1 monocytes. In order to study the effect of M1 and M2 macrophages on cholangiocarcinoma cells, we used Transwell chamber to culture these two kinds of macrophages without direct contact with RBE cells. THP-1 cells were implanted on the upper membrane of Transwell, which only allows the passage of soluble small molecules, and the cells cannot penetrate the membrane for migration, thus simulating the effect of macrophages on cholangiocarcinoma cells in vivo. According to the grouping setting, we incubated RBE cells with 3μ mol/L Lenvatinib for 24 hours after the beginning of co-culture. The protein was extracted to detect the apoptosis of RBE cells and the effect of TAM on apoptosis through paracrine factors. Through Western blot and flow cytometry analysis, we found that Lenvatinib had a significant apoptosis-promoting effect on RBE cells, while polarized M1 and M2 macrophages participated in and regulated the apoptosis-promoting effect of Lenvatinib on cholangiocarcinoma cells. M1 macrophages have cytotoxic effects and can increase the apoptosis induced by Lenvatinib. On the contrary, M2 macrophages were protective of RBE cells and inhibited their pro-apoptotic effects.

In order to further verify the effect of M2 macrophages on intrahepatic cholangiocarcinoma, we successfully constructed the cell line derived tumor xenograft model (CDX) of RBE cells in NSG mice. NSG mice is a new type of severe immunodeficiency mouse bred in recent years. It is a double knockout mouse with Rag2 and IL-2rg genes on the basis of NOD/scid mice. Its own T hand B cells and NK cells are absent, and the function of dendritic cells and macrophages is also defective (31). Significantly higher survival of human immune cells and tumor cells transplanted in NSG mice could be required for the reconstruction of a human immune system model. We observed that the transplanted tumor grew more rapidly in mice transplanted with RBE cells and polarized M2 macrophages. Immunohistochemical staining showed strong positivity for CD163 and CD206, specific markers of human M2 macrophages. It suggested that M2 macrophages successfully survived in NSG mice and were widely present in the microenvironment of transplanted tumors.

By comparing the volume of transplanted tumors in each group, we found that Lenvatinib could significantly inhibit the growth of intrahepatic cholangiocarcinoma xenografts, while the addition of M2 macrophages could weaken this antitumor effect. Then we observed that the positive rates of Ki-67 and PCNA in RBE+M2 group were significantly higher than those in RBE group by immunohistochemical staining, which may be related to the role of M2 macrophages in promoting tumor cell proliferation. In addition, we detected the expression of five known apoptosis-related factors in transplanted tumor and found that the expression intensity of pro-apoptotic factors (Caspa-se-3, Caspase-8, Fas) in RBE+M2 group was lower than that in RBE group, while the expression of anti-apoptotic factor Bcl-2 was stronger than that in RBE group. This indicated that M2 macrophages could inhibit the pro-apoptotic effect of Lenvatinib, and the in vivo results were consistent with those of cell experiments. Previous studies have reported that TAM may attenuate the apoptosis-inducing effect of sorafenib in hepatoma cells by increasing autophagy (32), which is similar to our findings. In the future, we can further explore the mechanism of M2 macrophages inhibiting ICC apoptosis by designing gene knockdown mice, so as to provide new targets and clinical strategies for the treatment of ICC.

In the previous study, through the establishment of a PDX library of primary liver cancer, we found that the tumor formation rate of liver cancer tissue transplanted into nude mice was low, especially since the tumor formation of hepatocellular carcinoma was so unstable, making it difficult to achieve clinical translation of PDX as a drug screening model. According to the results of this study, we can hypothesize that if we construct the PDX model using NSG mice and add human M2 macrophages during the modeling process, it will inevitably increase the tumor formation rate, decrease the tumor formation time, and save the cost of sub generational modeling. However, drug screening experiments are still needed to verify the consistency of this model with the traditional PDX model.
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Background

The optimal local treatment for HCC with tumor diameter ≥ 5 cm is not well established. This research evaluated the effectiveness of external beam radiation therapy (EBRT) versus transcatheter arterial chemoembolization (TACE) for HCC with tumor diameter ≥ 5 cm.





Methods

A total of 1210 HCC patients were enrolled in this study, including 302 and 908 patients that received EBRT and TACE, respectively. Propensity score matching (PSM) was used to identify patient pairs with similar baseline characteristics. Overall survival (OS) was the primary study endpoint.





Results

We identified 428 patients using 1:1 PSM for survival comparison. Compared with the TACE group, the EBRT group had a significantly longer median OS (mOS) before (14.9 vs. 12.3 months, p = 0.0085) and after (16.8 vs. 11.4 months, p = 0.0026) matching. In the subgroup analysis, compared with the TACE group, the EBRT group had a significantly longer mOS for HCC with tumor diameters of 5-7 cm (34.1 vs. 14.3 months, p = 0.04) and 7-10 cm (34.4 vs. 10 months, p = 0.00065), whereas for HCC with tumor diameters ≥ 10 cm, no significant difference in mOS was observed (11.2 vs. 11.2 months, p = 0.83). In addition, the multivariable Cox analysis showed that Child-A, alkaline phosphatase < 125 U/L, and EBRT were independent prognostic indicators for longer survival.





Conclusion

EBRT is more effective than TACE as the primary local treatment for HCC with tumor diameter ≥ 5 cm, especially for HCC with tumor diameter of 5-10 cm.





Keywords: external beam radiation therapy, transcatheter arterial chemoembolization, hepatocellular carcinoma, PD-1 inhibitors, targeted drugs




1 Introduction

Hepatocellular carcinoma (HCC) is a relatively common malignancy with a high mortality rate (1). Currently, despite advances in early diagnostic techniques for HCC, most patients are still diagnosed in the advanced stage, which results in poor diagnosis. The median overall survival (mOS) for patients without active treatment is only 4 months (2). Fortunately, various therapies, such as immunotherapy, targeted therapy, radiofrequency ablation (RFA), radiotherapy, and transcatheter arterial chemoembolization (TACE), have been recently developed and proven to prolong the survival of HCC (3–6).

Currently, programmed death 1 (PD-1) inhibitors are showing great promise in the treatment of cancer (7–9). Atezolizumab + bevacizumab has become the primary recommendation for advanced HCC, but their efficacy remains poor and other potential treatment modalities still need to be explored to further improve the survival of HCC patients (10). Most studies have shown that RFA for HCC less than 5 cm can achieve similar outcomes as surgery (11, 12). However, due to the limitations of RFA, it is not applicable to HCC larger than 5 cm. Radiotherapy and TACE are recommended as potential local treatment modalities for HCC larger than 5 cm. Nevertheless, the optimal local treatment modality for this tumor size remains controversial (13).

With the advancement of treatment techniques, external beam radiation therapy (EBRT) modalities have been developed and applied to locally advanced HCC with good results, including intensity-modulated radiotherapy (IMRT), stereotactic body radiotherapy (SBRT), and gamma knife radiosurgery (GKR) (14–16). EBRT has been shown to reduce the risk of liver failure by preserving the surrounding normal tissue while maintaining a high radiation dose (17, 18). A retrospective study by Li et al. found no difference in 1- and 5-year median progression-free survival (mPFS) (53.9, 7.5% vs. 54.5, 9.6%, p = 0.744) and mOS (73.5, 7.6% vs. 72.4, 13.2%, p = 0.151) between IMRT and SBRT for advanced HCC (15). In addition, in a meta-analysis, Chen et al. demonstrated that EBRT combined with sorafenib for inoperable HCC prolonged mPFS and mOS to 8.2 months and 19.2 months in HCC, respectively (15). Furthermore, a previous study also found a mOS of 20.1 months for advanced HCC patients treated with IMRT in combination with PD-1 inhibitors and anti-angiogenic therapy (3). TACE has also shown great promise as a treatment option for HCC. Numerous studies have confirmed that TACE is a safe and effective treatment option for HCC as long as the tumor’s donor artery can be isolated (19, 20). The latest study showed that advanced HCC patients undergoing TACE + lenvatinib had an mPFS of 10.6 months and an mOS of 17.8 months (21). A retrospective study of unresectable HCC also showed that TACE + pembrolizumab + lenvatinib could improve mOS to 18.1 months (22). Therefore, both EBRT and TACE have shown great promise in the treatment of HCC.

Although non-diffuse HCC with tumor diameter ≥ 5 cm is an indication for both EBRT and TACE (13), there is currently a lack of head-to-head studies comparing the efficacy of these two regimens to provide evidence for informed clinical decisions. Therefore, we conducted this multicenter research to compare the outcomes of EBRT and TACE for non-diffuse HCC with tumor diameter ≥ 5 cm.




2 Materials and methods



2.1 Patients

We retrospectively and consecutively searched the medical record systems of five Chinese tertiary hospitals to identify all HCC patients from May 11, 2012 to November 5, 2022. Subsequently, 1210 HCC patients who met the inclusion and exclusion criteria were included in our study.

The enrollment criteria for this study were as follows: 1) clinically or pathologically confirmed HCC; 2) Child-Pugh A/B; 3) tumor diameter ≥ 5 cm; 4) tumor number ≤ 5; 5) Eastern Cooperative Oncology Group score 0-2; 6) EBRT or TACE as the primary local treatment modality. The exclusion criteria were as follows: 1) diffuse HCC; 2) incomplete clinical data; 3) concurrent combination of other malignancies; 4) patients received local treatment other than EBRT and TACE; 5) hepatic encephalopathy or refractory ascites.

Patients were divided into EBRT group (n = 302) and TACE group (n = 908) according to the interpretation by clinicians for all patients who met the treatment criteria. The final choice of treatment option for patients was made after consideration of cost, patient preference, and medical evidence. In addition, we performed subgroup analysis for different tumor diameters (5-7 cm, 7-10 cm, and ≥ 10 cm).

This retrospective study was approved by the Ethics Committees of the Affiliated Hospital of Southwest Medical University and complied with the standards of the Declaration of Helsinki. The ethics committee abandoned the informed consent form because it was a retrospective study.




2.2 Treatment protocol



2.2.1 EBRT

EBRT has been described in detail in previous studies (3, 16). Briefly, radiologists depicted tumor lesions under the guidance of computed tomography (CT) scans using a radiation planning system. The gross target volume primarily included the primary tumor lesion, whereas the clinical target volume (CTV) included the tumor lesion and subclinical lesions and the extent of possible infiltration. The planning target volume (PTV) was defined as a 5-10 mm outward from the CTV margin. The median radiation doses for GKR, IMRT, and SBRT were 42Gy (range 39-42 Gy), 45Gy (range 15-66 Gy), and 48Gy (range 30-61 Gy), respectively. A minimum of 95% of the PTVs was exposed to the prescribed doses, with 45 Gy, 30 Gy, 54 Gy, and 55 Gy, as the dose limits for the spinal cord, normal liver, stomach and duodenum, and colon, respectively.




2.2.2 TACE

TACE has been described in detail in a previous study (16). Briefly, TACE was performed under a digital subtraction angiography machine. The Seldinger technique was employed to access the celiac trunk and superior mesenteric artery for catheter angiography to define the tumor size and blood supplying arteries. A microcatheter was then inserted into the tumor-supplying aorta and perfused with one or more chemotherapeutic agents (raltitrexed, cisplatin, mitomycin, and fluorouracil) and embolic agents (iodinated oil emulsion and gelatin sponge). The catheter and sheath were removed after embolization was confirmed to be successful by angiography, and pressure bandages were applied to puncture site to stop the bleeding.





2.3 PD-1 inhibitors and targeted drugs

Clinicians recommended PD-1 inhibitors (pembrolizumab, camrelizumab, and sintilimab, etc.) and targeted agents (sorafenib, lenvatinib, and bevacizumab, etc.) to the patients and made the final treatment decision with the patient’s consent. The dose of the drug was determined based on the height and weight of the patient.




2.4 Follow-up

After the procedure, patients were followed up with laboratory tests and Magnetic Resonance Imaging (MRI)/CT every 2-3 months. Laboratory tests included blood cell analysis, liver function [alanine aminotransferase (ALT), alkaline phosphatase (ALP), albumin, and aspartate aminotransferase (AST)], alpha fetoprotein (AFP), and pro-thrombin time. OS was defined as the time interval between the start of treatment and the date of patient death or final follow-up as the primary endpoint of the study.




2.5 Statistical analysis

χ2 and McNemar test were used to analyze categorical variables. One-to-one propensity score matching (PSM) was used to identify two groups (EBRT and TACE groups) with similar baseline characteristics. Matching variables included extrahepatic metastasis, sex, tumor number, Child-Pugh score, tumor size, age, leukocyte, ALT, AFP, platelet, ALP, portal vein tumor thrombus (PVTT), drinking history, HCV, HBV, lymph node metastasis, Barcelona Clinic Liver Cancer (BCLC) stage, targeted therapy, and PD-1 inhibitors. Survival curves for both groups were created using the Kaplan-Meier and compared using log-rank tests. Cox analysis was performed to detect indicators that influenced patient survival. All data in this study were analyzed using SPSS for Windows (version 26.0), and two tailed p < 0.05 was considered statistically significant.





3 Results



3.1 Patient characteristics

This study enrolled a total of 1210 HCC patients (EBRT group, 302; TACE group, 908) with tumor diameter ≥ 5 cm. In the EBRT group, 179, 101, and 22 HCC patients received GKR, IMRT, and SBRT, respectively. We followed the Cheng’s type of PVTT (16). Before matching, there were significant differences in tumor diameter, BCLC stage, PVTT, combined targeted drugs, and combined PD-1 inhibitors between the two patient groups (all p < 0.05). In total, 428 patients were identified using 1:1 PSM. After matching, we observed no difference in baseline characteristics between the two groups (Table 1).


Table 1 | Baseline characteristics of the patients before and after PSM.






3.2 OS

Before matching, 175 (57.9%) patients and 604 (66.5%) patients died in the EBRT and TACE groups, respectively. Compared with the TACE group, the EBRT group had a longer mOS [14.9 (95%CI 12.5-17.3) vs. 12.3 (95%CI 10.6-14.0) months]. Furthermore, the 1-, 3- and 5-year survival rates (59.4%, 30.3%, 14.5% vs. 50.2%, 23.2%, 14.0%; p = 0.0085) in the EBRT group were better compared with the TACE group (Figure 1A).




Figure 1 | Overall survival in the EBRT and TACE groups before (A) and after (B) propensity score matching. EBRT, External beam radiation therapy; TACE, transcatheter arterial chemoembolization.



After matching, compared with the TACE group, the mOS in the EBRT group months was longer [16.8 (95%CI 12.5-21.1) vs. 11.4 (95%CI 8.7-14.1) months]. In addition, the 1-, 3- and 5-year survival rates (60.5%, 34.7%, 16.5% vs. 47.2%, 21.9%, 13.5%; p = 0.0026) observed in the EBRT group remained superior compared with the TACE group (Figure 1B).




3.3 Factors associated with OS

We performed Cox analysis after matching to determine the mortality risk factors for patients. Univariate analysis revealed that Child-B, tumor number ≥ 2, tumor diameter ≥ 10 cm, AFP ≥ 400 ng/ml, ALP ≥ 125 U/L, platelet ≥ 100000/μL, ALT ≥ 40 U/L, worse BCLC stage, PVTT, and TACE were significant risk factors for death in this patient population. The multivariable analysis showed that Child-A, ALP < 125 U/L, and EBRT were independent prognostic indicators for longer survival (Table 2).


Table 2 | Univariate and multivariate Cox regression analysis of overall survival after PSM.






3.4 Subgroup analysis

Subsequently, we performed subgroup analysis for different tumor diameters (5-7 cm, 7-10 cm, and ≥ 10 cm). The results showed that compared with the TACE group, the EBRT group had a better mOS for HCC with tumor diameter of 5-7 cm (34.1 vs. 14.3 months, p = 0.04; Figure 2A) and 7-10 cm (34.4 vs. 10 months, p = 0.00065; Figure 2B), but was not significantly different between the two groups for HCC with tumor diameters ≥ 10 cm (11.2 vs. 11.2 months, p = 0.83; Figure 2C).




Figure 2 | Overall survival based on different tumor diameters: ≥ 5, < 7 cm (A); ≥ 7, < 10 cm (B); ≥ 10 cm (C). Overall survival for different radiotherapy modalities (D). EBRT, External beam radiation therapy; TACE, transcatheter arterial chemoembolization; IMRT, intensity-modulated radiotherapy; SBRT, stereotactic body radiotherapy; GKR, gamma knife radiosurgery.



Subgroup analysis based on different radiotherapy modalities (GKR, n = 179; IMRT, n = 101; SBRT, n = 22) revealed no differences in mOS among these three groups (16.1 vs. 12.4 vs. 19.4 months, p = 0.16; Figure 2D).

In addition, patients with PVTT and tumor number < 2 in the EBRT group exhibited longer OS than the TACE group (13.3 vs. 9 months, p = 0.0071, Figure 3A; 22.0 vs. 17.1 months, p = 0.048, Figure 3B; respectively). However, the mOS of the two groups was similar for patients with tumor number ≥ 2 (12.7 vs. 11.5 months, p = 0.11; Figure 3C).




Figure 3 | Overall survival curves for the patients with portal vein tumor thrombus (A), tumor number < 2 (B), and tumor number ≥ 2 (C). EBRT, External beam radiation therapy; TACE, transcatheter arterial chemoembolization.







4 Discussion

“A+T” regimen (atezolizumab+ bevacizumab) shows a great promise for HCC but its objective response rate (ORR) of 27.3% is still poor (10, 23). Therefore, it is of great clinical value to explore other local treatments with better efficacy in HCC. TACE and EBRT are both recommended treatment options in the National Comprehensive Cancer Network (NCCN) guidelines for non-diffuse HCC with tumor diameter ≥ 5 cm (13). However, despite these recommendations, there is currently a lack of a head-to-head study comparing the effectiveness of these treatments. Consequently, it is unclear which local treatment option is more appropriate for non-diffuse HCC with tumor diameter ≥ 5 cm.

In this study, both the pre- and post-matched EBRT groups had significantly longer mOS (14.9 vs. 12.3, p = 0.0085; 16.8 vs. 11.4, p = 0.0026, respectively) compared with the TACE group. In our further analysis, EBRT was more effective than TACE for HCC with tumor diameters of 5-7 cm and 7-10 cm. However, there was no difference in mOS for HCC with tumor diameter ≥ 10 cm between the two groups.

These results may be attributed to differences in the nature of TACE and EBRT treatments. Radiotherapy can reduce the risk of liver failure by preserving the surrounding normal tissue while maintaining a high radiation dose (17, 18). It not only maintains high local control but also stimulates immunogenic death, improves the tumor microenvironment, and promotes the expansion of anti-tumor T cells (24–26). However, advanced HCC is often associated with high tumor burden and complex blood supply. Tumors are prone to incomplete necrosis after embolization, which induces vascular endothelial growth factor expression and tumor revascularization and eventually leads to recurrence (20, 21). These factors may have contributed to the similarity in mOS of the two groups for HCC with tumor diameter ≥ 10 cm.

Currently, treatment options for HCC are still undergoing clinical trials. Finn and his colleagues (27) conducted a phase Ib study and found that lenvatinib + pembrolizumab improved the outcome of inoperable HCC (mPFS = 9.3 months, mOS = 22 months). Furthermore, in the ORIENT-32 study of inoperable HCC, mPFS (4.6 vs. 2.8 months, p < 0.001) and mOS (not reached vs. 10.4 months, p < 0.001) were observed to be longer with sintilimab-bevacizumab compared with sorafenib (7). In addition, Li et al. (15) found no difference in mOS (10 vs. 8 months, p = 0.165) between HCC patients with PVTT receiving SBRT and those receiving IMRT. Furthermore, a 12.1-month mOS was observed with selective internal radiotherapy + sorafenib in the treatment of advanced HCC (28). The LAUNCH research illustrated that lenvatinib + TACE had longer mPFS (10.6 vs. 6.4 months, p < 0.001) and mOS (17.8 vs. 11.5 months, p < 0.001) compared with lenvatinib for advanced HCC (21). In our study, EBRT exhibited superior efficacy compared with TACE in the treatment of non-diffuse HCC with tumor diameter ≥ 5 cm.

In our subgroup analysis, similar efficacy was found in the GKR group, the IMRT group, and the SBRT group. This result might be due to the smaller sample sizes in the three groups, which influenced the interpretation of the outcomes. Sure, SBRT and IMRT were also demonstrated to have similar efficacy in the treatment of HCC by Li et al. (15). However, there is a lack of head-to-head studies comparing GKR with other radiotherapy modalities. This is the first study to confirm that GKR has comparable outcomes for HCC to IMRT and SBRT.

In the Cox analysis, EBRT was identified as an independent predictor of OS. Moreover, Child-B and ALP ≥ 125 U/L predicted worse OS in patients. These indicators have also been previously reported to be correlated with poorer prognosis (29, 30).

The limitations of this study are equally significant. First, all potential confounders could not be completely eradicated, even after performing PSM. Second, the SBRT group had fewer patients, which could have affected the representation of our results. In addition, patients received different targeted and PD-1 inhibitors, which might have affected our interpretation of the results. Prospective studies are needed in the future to provide further evidence of the efficacy of EBRT.





Conclusion

In conclusion, EBRT is more effective than TACE as the primary local treatment for HCC with tumor diameter ≥ 5 cm, especially for HCC with a tumor diameter of 5-10 cm. This finding lays the foundation for future studies on radiotherapy for HCC.
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Colorectal cancer (CRC) remains a primary cause of cancer mortality globally, necessitating precise prognostic indicators for effective clinical management. Our study introduces the Senescence Risk Score (SRRS), based on several senescence-related genes (SRGs), a potent prognostic tool designed to measure cellular senescence in CRC. The higher SRRS predicts a poorer prognosis, providing a novel and efficient approach to patient stratification. Notably, we found that SRRS correlates with methylation and mutation variations, and increased immune infiltration in the tumor microenvironment, thus revealing potential therapeutic targets. We also discovered an inverse relationship between SRRS and cell stemness, which could have significant implications for cancer treatment strategies. Utilizing bioinformatics resources and machine learning, we identified LIMK1 and WRN as key genes associated with SRRS, further enhancing its prognostic value. Importantly, the modulation of these genes significantly impacts cellular senescence, proliferation, and stemness in CRC cells. In summary, our development of SRRS offers a powerful tool for CRC prognosis and paves the way for novel therapeutic strategies, underscoring its potential in transforming CRC patient management.
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1 Introduction

Globally, colorectal cancer (CRC) ranks as the third major cause of freshly diagnosed cancer and the second major cause of cancer-related deaths according to GLOBOCAN 2020 estimates (1). Its insidious onset often results in a late-stage diagnosis, during which time the disease has typically progressed significantly. Despite significant advancements in targeted therapy and immunotherapy, the prognosis for CRC remains gloomy, mainly due to the inability to precisely stratify patients and limited treatment options (2, 3). Hence, it is imperative to prioritize the identification and characterization of molecular subtypes of CRC in order to facilitate more accurate and targeted interventions.

A growing body of research has shed light on the dichotomous role of cellular senescence in CRC tumorigenesis and development (4–9). Cellular senescence is thought to prevent tumorigenesis at early stages (5, 10). However, persist standing senescent cells tend to be important contributors of the pro-tumorigenic effects, mainly through the senescence associated secretory phenotype (SASP), as they evolve over time (11). Thus, senescence is beneficial for tumor clearance in a short term, but may cause long-term disadvantages and ultimately lead to tumor progression, which holds the potential to be leveraged therapeutically if its adverse effects can be well addressed. Despite all this, quantifying levels of cellular senescence is challenging due to the lack of universal and specific markers (12). As a result, there is an urgent need to develop reliable methods to evaluate cellular senescence levels.

Recently, there has been a surge of interest in identifying senescence characteristics by combining with multiple transcriptional profiles of senescent cells (13–15). Accurately characterizing the level of cellular senescence in cancer patients is a complex task. Additionally, given the inconsistent manifestation of cellular senescence in different stages of disease progression, translating senescence-related mechanisms into clinical outcomes presents a challenge (16, 17). Therefore, identifying the level of cellular senescence with clinical relevance may provide potential biomarkers for prognosis prediction and therapy guidance. In this study, we propose a Senescence Risk Score (SRRS) based on several senescence-related genes (SRGs). This SRRS allows us to stratify CRC patients and assess the effect on prognosis. In addition, we evaluate the potential of SRRS in predicting immune treatment response and cell stemness in CRC patients. Upon defining the SRRS, we identify potential chemotherapeutic drugs and, through employing machine learning, delineate two pivotal genes within the SRRS model and validate their reliability. These findings unveil the intricate interplay of cellular senescence in CRC and present novel avenues for the development of therapeutic strategies targeting cellular senescence (18).




2 Materials and methods



2.1 Data and resources

Somatic mutation data (mutation annotation format), RNA-seq data (transcripts per million), and associated clinical data for CRC (589 samples) were downloaded from the TCGA (The Cancer Genome Atlas) database using the R package TCGAbiolinks (19) (v. 2.25.3). Persistent mutations and additional mutation data were collected from previously published literatures (20) (Supplemental Table 1). Expression profiles of immunotherapy cohorts were retrieved through accession numbers (2016_Ascierto, 2017_Ascierto, 2017_Riaz, 2017_Snyder, 2018_Auslander, 2020_Cho). Information from two CRC validation cohorts was downloaded from GSE39084 (Gene Expression Omnibus (GEO) database, https://www.ncbi.nlm.nih.gov/geo/) and GSE38832. Single-cell RNA-seq data were collected from GSE188711. The 279 senescence-related genes were collected from the CellAge database (http://genomics.senescence.info/cells) (14). We collected previously curated gene sets associated with senescence (Supplemental Table 2) and stemness (Supplemental Table 3) from the published literature (14, 21–23).




2.2 SRRS score calculation

By performing Cox analysis to screen for prognosis-related genes in TCGA-CRC(CRC sample with expression data from TCGA) (P < 0.05), we identified 14 beneficial genes (bene-SRGs) and 16 detrimental genes (detri-SRGs). The bene-SRGs include BRCA1, CHEK1, CSNK1A1, CXCL1, ETS2, GLB1, MAD2L1, NEK4, PBRM1, PDPK1, PTTG1, SIK1, SRSF1, and WRN. The detri-SRGs include BCL6, CDKN2A, FASTK, IGFBP3, IRF7, LIMK1, MAPK12, MECP2, NOTCH3, NOX4, PCGF2, SIN3B, SIX1, SNAI1, UBTD1, and YPEL3. Using the gene expression data of these genes, we established the SRRS model to indicate the level of senescence risk in CRC. Single-sample gene set enrichment analysis (ssGSEA) from the ‘GSVA’ (v.1.46.0) R package (24) was utilized to calculate the enrichment scores of bene-SRGs and detri-SRGs. The SRRS for tissue samples, cancer cell lines, and single cells was calculated as the difference between the ssGSEA scores of detri-SRGs and bene-SRGs.




2.3 PCA and t-SNE analysis

Principal Component Analysis (25) (PCA) and t-Distributed Stochastic Neighbor Embedding (26) (t-SNE) were utilized for dimensionality reduction analysis, enabling the visualization of the segregation patterns of detri-SRGS and bene-SRGs in TCGA-CRC.




2.4 Survival analysis

The survival differences between the two groups were assessed through Kaplan-Meier survival curves. The log-rank test was employed to determine significant differences, with a p-value < 0.05 considered statistically significant. The survival analyses were conducted using the R packages ‘survival’ (v.3.4-0) and ‘survminer’ (v.0.4.9).




2.5 Construction of predictive nomogram

To identify independent prognostic indicators for CRC patients, univariate and multivariate Cox proportional hazards regression models were conducted using the ‘survival’ R package. A clinical characteristic with a p-value less than 0.05 was considered significantly associated with the survival of CRC patients. The hazard ratio (HR) with a 95% confidence interval (CI) and corresponding p-values were visualized using the ‘ggforest’ function. Clinical stage, age, and SRRS were utilized to construct a predictive nomogram, which allowed for a quantitative assessment of the prognostic risk for CRC patients. Calibration curves at 1, 3 and 5 years were drawn to evaluate the predictive capability of the nomogram. Additionally, the decision curve analysis (DCA) for 1,3 and 5 years was employed to assess the net clinical benefits of using SRRS and the predictive nomogram.




2.6 Identification of DNA methylation-driven genes

The ‘minfi’ (v.1.44.0) R package (27) was utilized for reading and normalizing DNA methylation data. The ‘limma’ (v.3.54.0) R package (28) was applied for the analysis to identify differentially methylated sites. Furthermore, the differentially methylated sites were mapped to genes using the Wannovar website (http://wannovar.wglab.org/).




2.7 Enrichment analysis and immune landscape of SRRS subtypes

The differential analysis between two SRRS subtypes was conducted using the ‘limma’ R package. We used the ‘clusterProfiler’ (v.4.6.0) R package (29) to implement the Gene Set Enrichment Analysis (GSEA), using all genes and their log2 FC (fold changes) as a basis. For the enrichment analysis, gene sets of ‘c2.cp.kegg.v7.2.symbols’ were downloaded from the Molecular Signatures Database (MSigDB) and processed through the GSEA. Additionally, Gene Ontology (30) (GO) and Kyoto Encyclopedia of Genes and Genomes (31) (KEGG) enrichment analyses were performed, with a False Discovery Rate (FDR) of <0.05 indicating significant enrichment. Furthermore, FDR <0.05 was set to denote significant differences within the KEGG and GO analyses.To assess the extent of immune cell infiltration, the ‘Xcell’ (32) (v.1.1.0) and ‘MCPcounter’ (33) (v.1.2.0) algorithms were employed to quantify immune cell signatures across TCGA-CRC. The ‘estimate’ (34) (v.1.0.13) R package was used to compute the IMMUNE and ESTIMATE scores of CRC patients.To better understand the immune characteristics of the SRRS groups, we compared the gene expression of major histocompatibility complexes and T-cell stimulators across different clusters. We also utilized gene expression data and corresponding response information from six immune therapy datasets to evaluate the predictive potential of SRRS for immune therapy responses in CRC patients.The area under the curve (AUC) values for each cohort were calculated using the ‘ROCR’ (35) (v.1.0-11) R package. AUC values were visualized using the ‘pROC’ (36) (v.1.18.0) R package, aiding in the visual interpretation of the model’s performance.




2.8 Single-cell data analysis

The count matrix of CRC single-cell data (GSE188711) was imported into the ‘Seurat’ (37) (v.4.2.3) R package. Low-quality cells were identified and excluded based on the following criteria (1): nCount_RNA <1000 or nCount_RNA >20000, and (2) percent.mt > 5. A total of 19,382 high-quality cells were selected for subsequent analyses. Following the Seurat tutorial, we carried out data normalization, cluster identification, and visualization. We manually annotated cell clusters based on previously reported markers. The SRRS values were calculated using the algorithm mentioned above. The t-SNE of single-cell RNA-seq profiles illustrated the annotated cell types and SRRS expression. To identify different pathways in CAFs (Cancer-Associated Fibroblasts) between the high-SRRS and low-SRRS groups, we used the ‘msigdbr’ R package (v.7.5.1) to get human-related pathways. We refined each gene set to have only unique genes and removed genes linked to multiple pathways. Most gene sets kept over 70% of their genes. Then, using the ‘GSVA’ package (v.1.46.0), we determined the pathway activity for each cell. With this data, we analyzed the differences between the two groups using the ‘limma’ R package. To evaluate cell-to-cell communication within the stromal clusters, we conducted the analysis using the ‘CellChat’ (38) R package (version 1.6.1). This provided insight into the incoming communication patterns of the target cells and outgoing communication patterns of the secreting cells.




2.9 Messenger RNA expression-based stemness index calculation

The transcriptional mRNAsi of each CRC sample (ranges from zero to one) was computed following the method of Malta et al. using one-class logistic regression machine-learning algorithm (OCLR) based on pluripotent stem cell samples, which strongly correlated with stem cell features and could be applied for cell stemness predictions (39).




2.10 Identification of specific chemotherapeutic drugs associated with SRRS

To identify chemotherapeutic drugs uniquely associated with SRRS, following the exclusion of ineffective drugs, we commenced by extracting a dataset comprising 179 distinct drugs from the Genomics of Drug Sensitivity in Cancer (40) (GDSC) database. These drugs were primed for utilization in predicting chemotherapeutic drug sensitivity. We proceeded by employing ‘OncoPredict’ (41) (v.0.2), a specialized R package, to extrapolate each patient’s sensitivity towards the selected drugs, using a ridge regression model operating on a gene expression matrix. This enabled us to draw a comparison of the forecasted drug sensitivities between high-SRRS and low-SRRS groups and pinpoint drugs with a statistically significant variance (|log2FC|>0.4, p<0.05) in sensitivity in each groups.Supplementing this, we ventured into computational drug discovery via the Connectivity Map (CMap) database (42). Guided by the principle of “signature reversal”, our aim was to detect drugs that could induce a reversal in gene expression patterns intricately linked to SRRS. We selected the top 100 genes that showcased significant differential expression between the high-SRRS and low-SRRS groups, subjecting them to CMap analysis. The resultant CMap scores, with lower scores denoting a stronger disruptive potential, permitted us to identify a selection of compounds that antagonize the gene expression patterns peculiar to SRRS.




2.11 Cell culture and siRNA transfection

The CRC cell line HCT116 was purchased from the American Type Culture Collection (ATCC, Rockville, MD, USA). HCT116 cells were cultured in McCoy’s 5A Medium. All cells were supplemented with 10% fetal bovine serum and 1% penicillin-streptomycin and cultured in a 5% CO2 incubator at 37°C. Small interfering RNA (siRNA) against WRN (si-WRN) and LIMK1 (si-LIMK1), as well as the corresponding negative control (NC), were synthesized by RiboBio (Guangzhou, China), and the transfection of siRNA into CRC cells was performed according to the manufacturer’s protocol. After transfection for 72 hours, the gene knockdown effect was validated using qRT-PCR. The sequences of siRNAs were as follows: si-WRN (sense 5’–3’: GTAGAAGTTTCTCGGTATA; si-LIMK1 (sense 5’–3’): TGGCAAGCGTGGACTTTCA.




2.12 RNA extraction and quantitative real-time RT-PCR

Total RNA was extracted from HCT116 cell line using TRIzol reagent (Invitrogen, Carlsbad, CA). cDNA was reverse-transcribed from 1 µg of RNA using an SYBR® Prime ScriptTM RT-PCR kit (Takara Biochemicals, Tokyo, Japan), and quantitative PCR was performed using SYBR Select Master Mix (Roche, Switzerland) and gene-specific primers on an ABI PRISM® 7500HT Real-Time PCR System. The thermal cycling conditions were as follows: an initial step at 95°C for 15 s followed by 40 cycles of 95°C for 5 s and 60°C for 30 s. Each experiment was performed in a 20-µl reaction volume containing 10 µl of SYBR® Prime Ex TaqTM II (2×), 1 µl of forward primer and reverse primer (10 µM each), 2 µl of cDNA, and 7 µl of H2O. β-Actin was used as an internal control. The quantification of the mRNA was calculated using the comparative Ct (the threshold cycle) method according to the following formula: Ratio = 2−ΔΔCT = 2−[ΔCt(sample)-ΔCt(calibrator)], where ΔCt is equal to the Ct of the target gene minus the Ct of the endogenous control gene (β-actin). The primers were as follows: WRN(F:5’-CACAGCAGCGGAAATGTCCT-3’;R:3’-GAGCAATCACTAGCATCGTAACT-5’);LIMK1(F:5’-CAAGGGACTGGTTATGGTGGC-3’;R:3’-CCCCGTCACCGATAAAGGTC-5’).




2.13 SA β-gal staining

Senescence-associated β-galactosidase (SA β-gal) activity was measured using a β-gal staining kit (Biolab, Beijing) at pH 6.0, following the manufacturer’s instructions. Briefly, the cells were washed with phosphate-buffered saline (PBS), fixed with 1 ml of fixative solution for 10-15 minutes at room temperature, and then incubated overnight at 37°C with the staining solution mix. The cells were observed under a microscope to assess the level of cellular senescence based on the presence of green coloration.




2.14 Colony formation assay

Transfected CRC cells were seeded into 6-well plates at a density of 100–200 cells per well and incubated for 2 weeks. The cells were fixed and stained in a dye solution containing 0.1% crystal violet and 100% methanol. The number of colonies was subsequently counted and analyzed.




2.15 Cell proliferation

The RTCA xCELLigence system (ACEA Biosciences Inc., The Netherlands) was used to measure cell proliferation in real-time. CRC cells were placed at a density of 4000–8000/well, and E-plates were then transferred to the RTCA instrument for automated real-time monitoring under standard incubator conditions. Cell proliferation was monitored every 30 min. After 72 h, the measurement was stopped, and the results were analyzed using RTCA software and the results were analyzed after an additional 24 h.




2.16 Tumorsphere formation assay

HCT116 cells (1 × 103 cells/well) were seeded into an ultralow-attachment 96-well plate with 200ul of sphere-culturing medium containing serum-free DMEM/F12 medium supplemented with human re- combinant EGF (20 ng/ml), human recombinant basic fibroblast growth factor (10 ng/ml), insulin (4 ug/ml), the optimized serum- free supplement B27, penicillin (500 U/ml), and streptomycin (500ug/ml). Tumorspheres were observed and photographed under microscope after 3–5 days of culture.




2.17 Statistical analysis

R software (version 4.2.3) was adopted for statistical analysis. Prior to any parametric statistical tests, the normality of data distribution for each group was assessed using the Shapiro-Wilk test, complemented by visual inspections of histograms. Before conducting ANOVA, the assumption of homogeneity of variances across groups was verified using Levene’s test. For comparisons between two groups, unpaired two-tailed t-tests were applied when data met the assumptions of normality and homogeneity of variances; otherwise, the Wilcoxon rank-sum test was employed as a non-parametric alternative. One-way analysis of variance (ANOVA) with Tukey’s multiple comparisons tests were used for multiple group comparisons. The relationships between variables were estimated with Pearson’s or Spearman’s test. Statistical significance was set at p < 0.05 (*p < 0.05, **p < 0.01, and ***p < 0.001).





3 Results



3.1 Construct the SRRS model and estimate the senescence status

Cellular senescence exhibits a dichotomous nature in colorectal cancer. We identified 279 SRGs (Supplemental Table 4) from the CellAge database, employing univariate Cox proportional hazards regression for CRC prognosis prediction, ultimately pinpointing 14 bene-SRGs and 16 detri-SRGS (Figure 1A). Expression patterns of these 30 SRGs were thoroughly investigated, and we calculated the pairwise correlation of their expression levels in colorectal cancer, thereby identifying two clusters of SRG correlations: bene-SRGs showed a strong positive correlation with other bene-SRGs and a negative correlation with detri-SRGs, and vice versa (Figure 1B). Utilizing PCA and tSNE analyses, we discerned that bene-SRGs and detri-SRGS occupied distinct regions within the CRC landscape (Figures 1D, E), suggesting potential functional differences or independence. Accordingly, we employed the ssGSEA to compute the enrichment scores (ES) for bene-SRGs and detri-SRGS, defining these as indicative of the positive and negative components of CRC cell senescence. We further developed SRRS, defined as SRRS = ssGSEA_Score (detri-SRGs) - ssGSEA_Score (bene-SRGs). By performing ssGSEA on three known cellular senescence gene sets, we observed a strong correlation between their ssGSEA scores and SRRS, suggesting the potential of SRRS as a biomarker for assessing the level of cellular senescence in CRC patients (Figure 1C). By applying a Consensus Clustering algorithm (43), we classified 589 TCGA-CRC samples into two clusters based on the expression profiles of the 30 SRGs, resulting in an optimal k value of 2. Of these, 303 CRC patients were categorized as Cluster 1, and the remaining 286 as Cluster 2 (Figure 1F). In prognostic analyses, patients in Cluster 1 displayed a survival advantage over those in Cluster 2 (Figure 1H; P=0.0017). Furthermore, Cluster 1 exhibited a favorable prognosis with a significantly lower SRRS compared to Cluster 2 (Figure 1G; p=3.4e-09), suggesting SRRS as a promising prognostic marker reflective of cellular senescence levels in CRC.




Figure 1 | Depicting the prognostic implications of 30 SRGs in TCGA-CRC through survival analysis, correlation mapping, and clustering. (A) Univariate Cox regression analysis of overall survival based on gene expression for 30 prognostic-related SRGs in TCGA-CRC cohort. (B) Heatmap shows a positive (yellow) and negative (blue) correlation among 30 prognostic-related SRGs in TCGA-CRC cohort. *P < 0.05, **P < 0.01, and ***P < 0.001, as determined by the Spearman correlation analysis. (C) Pearson correlation analysis of SRRS and ssGSEA scores for three cellular senescence gene sets. PCA analysis (D) and t-SNE analysis (E) were performed on the bene-SRGs and detri-SRGS. (F) TCGA-CRC samples were divided into two clusters using Consensus clustering based on 30 prognostic-related SRGs. (G) Differences in the SRRS between Cluster1 (yellow) and Cluster2 (blue). (H) Kaplan-Meier curves compare overall survival between two clusters, Cluster1 (yellow) and Cluster2 (blue), in the TCGA-CRC cohort.






3.2 SRRS has a good predictive performance in the prognosis of CRC

CRC patients were divided into low-SRRS and high-SRRS groups based on the median SRRS. Kaplan-Meier survival curves showed that CRC patients in the low-SRRS group had better clinical outcomes than those in the high-SRRS group: training set TCGA (p<0.0001), test set GSE39084 (p=0.03), GSE38832 (p=0.0035), GSE17536 (p=0.047) and GSE17538 (p=0.0026) (Figure 2A; Supplemental Figure 1B). Additionally, the receiver operating characteristic (ROC) curves demonstrated a high degree of accuracy of SRRS in predicting overall survival (OS) in the training and test sets (Figure 2B; Supplemental Figure 1C). Furthermore, we have identified three cellular senescence-related signatures for CRC as proposed by Dai et al., Lv et al., and Yue et al (44–46). Using the TCGA-CRC database, we compared the time-dependent AUC values of SRRS with these signatures, and found our signature to exhibit remarkable performance (Supplemental Figure 1F). SRRS and life status scatter plots are also presented in the TCGA-CRC dataset (Figure 2C). Following adjustment for clinical and pathological parameters (Exclude CRC patients with missing values in the clinical data.) such as age, gender, clinical stage, T staging, N staging, and M staging (Supplemental Figure 1A), multivariable Cox regression analysis was conducted using TCGA data to further ascertain whether SRRS accurately predicted the prognosis of CRC patients. The results showed that SRRS, age, and clinical stage were independent prognostic factors for OS in the training data set (Figure 2D). To construct a practical clinical assessment tool to enhance the prediction accuracy of individual CRC OS, we developed a nomogram incorporating clinical stage, age and SRRS to predict the 1-year, 3-year, and 5-year OS probabilities in the TCGA-CRC dataset (Figure 2E). As demonstrated by the calibration plot, the nomogram performed better in predicting 1-year, 3-year and 5-year OS than using SRRS alone (Figure 2F; Supplemental Figure 1D). In the decision curve analysis (47) (DCA) for the corresponding 1-year, 3-year, and 5-year OS, the nomogram exhibited improved net benefits and a broader range of threshold probabilities (Figure 2G and Supplemental Figure 1E).




Figure 2 | Survival analysis and prediction based on SRRS across different CRC datasets. (A) Kaplan-Meier curves compare overall survival between two groups, low-SRRS group (yellow) and high-SRRS group (blue), in 3 CRC datasets, training set TCGA-CRC (p<0.0001), test set GSE39084 (p=0.03), and test set GSE38832 (p=0.0035). (B) ROC curve of 1-, 3-, and 5-year survival were also shown in each cohort. (C) The distribution of survival status and SRRS in TCGA-CRC. The patients were ordered according to the SRRS, shown in the up panel, and the survival status of each patient with a different SRRS was shown in the middle panel. The SRRS model gene expression value has presented in the lower panel. (D) Multivariate Cox regression analysis shows clinicopathological parameters associated with OS among CRC subjects in the TCGA-CRC dataset. (E) Nomogram with age, clinical stage, SRRS for predicting 1-year, 3-year, and 5-year OS among CRC patients. (F) Calibration curves for the 5-year time points. (G) Decision curve analysis shows predicted 5-year OS among TCGA-CRC patients on the basis of the nomogram, SRRS. ***, p < 0.001.






3.3 High SRRS associated with increased multi-site mutations and differential methylation patterns in CRC

To further explore the potential mechanisms through which SRRS influences the prognosis of CRC patients, we delved into the epigenetic and genetic differences between the high-SRRS and low-SRRS groups. We first analyzed the global methylation data available for the TCGA-CRC cohort (using Illumina 450k chip data) and identified 146 differentially methylated positions among the patients. These differentially methylated positions were mapped to 14 genes (Supplemental Table 5) and were found to be predominantly enriched in pathways related to beta-1,3-galactosyltransferase (Figure 3A), a classical pathway in cellular senescence. This provides methylation-level evidence for the reliability of SRRS in characterizing cellular senescence. Next, we performed a mutation analysis using the R ‘maftools’ (v.2.14.0) package. We found no significant differences in the top 20 gene mutations between the high-SRRS group and the low-SRRS group (Figure 3B). However, we noticed that the 30 genes that constitute the SRRS model manifested more multi-mutations in the high-SRRS group (Figure 3D). Upon further investigation of the mutation data, we found that both the Multi-Copy Mutation Count and the Multi-Copy Mutation Fraction were higher in the high-SRRS group than in the low-SRRS group (Figure 3C). Furthermore, we investigated the differences in various types of mutations between the high-SRRS and low-SRRS groups, including Microsatellite Instability (MSI), Assessed Mutations, Persistent Mutations, Tumor Mutational Burden (TMB), and Clonal Mutations. Our findings revealed that only Persistent Mutations exhibited a significant difference between the two groups (p=0.0054) (Figure 3E; Supplemental Figure 2A). Based on the median number of Persistent Mutations, we divided the CRC patients into two groups and found that Persistent Mutations had a significant impact on prognosis (p=0.049) (Figure 3F), which might be an important factor influencing the prognostic prediction capability of SRRS. This data provides an in-depth understanding of the genetic and epigenetic differences associated with SRRS and their potential roles in determining CRC prognosis.




Figure 3 | Epigenetic and genetic differences between the high-SRRS and low-SRRS groups. (A) Enrichment analysis of gene ontology (GO) terms for Genes mapped to DMPs. Heatmap showing the top 20 mutation events (B) and SRRS model gene (D) for individual TCGA-CRC patients in the high-SRRS and low-SRRS groups, respectively. Bar plots in the top panel represent the TMB of individual patients. Statistical graph of mutation events for each gene is shown in the left panel. Colors are variant classifications. (C) Differences in single mutations and multiple mutations between the high-SRRS and low-SRRS groups. (E) Differences in the persistent mutations between the high-SRRS group and low-SRRS group. (F) Kaplan-Meier curves compare overall survival between the high and low persistent mutation groups in the TCGA-CRC cohort.






3.4 SRRS is related to tumor immune infiltration and can predict immunotherapy response

Given that persistent mutations have been reported to sensitize cancer cells to immunotherapies and continuously drive anti-tumor immune responses (20), we suspected differences in immune infiltration between high-SRRS and low-SRRS groups, particularly in light of the observed differences in Persistent Mutations. To investigate this further, we used the R package ‘clusterProfiler’ for GO enrichment analysis and found that most of the enriched pathways were related to the cell matrix and cytoskeleton, potentially reflecting morphological changes in senescence cells (Figure 4A). We then conducted GSEA to identify differentially enriched hallmark gene sets between the high-SRRS and low-SRRS groups. We discovered that genes overexpressed in the high-SRRS group were enriched in the NF-kappa B signaling pathway and TGF-beta signaling pathway, consistent with the observed increase in inflammation during senescence. Overexpressed genes in the low-SRRS group were primarily enriched in the Cell cycle and some repair and metabolic pathways, aligning with cell cycle arrest observed during cellular senescence (Figure 4D). Moreover, the high-SRRS group was enriched in many pathways related to cell adhesion and proliferation, such as Cell adhesion molecules, ECM-receptor interaction, Focal adhesion, Osteoclast differentiation, Vascular smooth muscle contraction, etc., which might be related to cancer cell proliferation and metastasis. In line with our hypothesis, the high-SRRS group showed significant enrichment in immune gene sets, such as Th17 cell differentiation, Th1 and Th2 cell differentiation, Natural killer cell-mediated cytotoxicity, Antigen processing and presentation etc. (Supplemental Figure 3C), suggesting a connection between high SRRS and immune infiltration. Utilizing the ‘estimate’ algorithm based on TCGA-CRC transcriptome data, we calculated Stromal scores, Immune scores, and ESTIMATE scores within malignant tumor tissues. As displayed, both the Stromal and Immune scores were higher in the high-SRRS group compared to the low-SRRS group (Figure 4B). Analysis with ‘MCPcount’ and ‘Xcell’ revealed higher levels of most immune cells in the high-SRRS group, except for Th2 cells and mast cells (Figure 4C). We speculated that SRRS could predict responses to immunotherapy. After gathering data from six immunotherapy cohorts, we evaluated the predictive capacity of SRRS using the AUC. The AUC scores were 0.610, 0.916, 0.625, 0.637, 0.697, and 0.687, reflecting a robust predictive capacity and validating the potential of SRRS to predict immunotherapy responses (Figure 4F; Supplemental Tables 6–11). Following this, we explored the relationship between high-SRRS and low-SRRS groups with immune checkpoints. We found that the expression levels of various immune checkpoint genes were higher in the high-SRRS group (Figure 4E), possibly suggesting immune cells in the high-SRRS group are likely to exhaust. Correlation analysis of SRRS with the expression levels of various immune checkpoint genes indicated that LAYN(R=0.418) is the most probable potential immune checkpoint (Figure 4G). Moreover, we examined the relationships between high-SRRS and low-SRRS groups and major histocompatibility complexes (MHC) as well as T-cell stimulants (Supplemental Figures 3A, B). We found that the expression levels of MHC and T-cell stimulants were higher in the high-SRRS group, This may indicate a heightened immune response or increased immune activity in high-SRRS group.




Figure 4 | Immune landscape differences between the high-SRRS and low-SRRS groups. (A) Enrichment analysis of gene ontology (GO) terms for differential genes between high-SRRS and low-SRRS groups. (B) Stromal score, Immune score and ESTIMATE score between high-SRRS and low-SRRS groups. (C) The landscape of immune cell infiltration between high-SRRS and low-SRRS groups. (D) Enrichment analysis of Kyoto Encyclopedia of Genes and Genomes (KEGG) terms for differential genes between high-SRRS and low-SRRS groups. (E) Differences in the expression levels of immune checkpoint genes between high-SRRS and low-SRRS groups. (F) Receiver operating characteristic (ROC) curves of the SRRS in distinguishing responders and nonresponders to immunotherapy in six different cohorts. AUCs were calculated by ROC analysis and are labeled in the bottom right. (G) Radar plot showing the correlation between SRRS and the expression levels of immune checkpoint genes.






3.5 Single-cell analysis reveals stromal cell dominance and potential prognostic factors in high-SRRS CRC

To further explore the relationship between SRRS and immunity at the single-cell level, we obtained single-cell sequencing data for colorectal cancer from GSE188711. Following initial cell clustering, we classified cells into immune cells, stromal cells, and malignant cells. Our findings indicated that stromal cells scored higher than immune cells and malignant cells scored lowest (Figure 5A). Additional cell clustering (Figures 5B, C) revealed that except for Mast cells, Neutrophils, Immature B cells, and Macrophages, other immune cells generally had high SRRS scores, consistent with our previous analyses (Figure 5D). Interestingly, we found that cells with the highest SRRS were CAFs (Cancer-Associated Fibroblasts). We employed the ‘GSVA’ R package in conjunction with human gene sets extracted from the ‘msigdbr’ R package to assign pathway activity scores to each CAFs. Subsequently, we analyzed the differential pathways between the low-SRRS and high-SRRS groups using the ‘limma’ R package. The most significant differential pathways between the high-SRRS and low-SRRS groups are MYOGENESIS, PROTEIN_SECRETION, and EPITHELIAL_MESENCHYMAL_TRANSITION (Figure 5E). Notably, while the majority of CAFs are derived from resident fibroblasts (48), evidence suggests that other cell types, including tumor cells, can undergo the EMT (epithelial-mesenchymal transition) process and subsequently transform into CAFs (49). The identification of the EMT pathway in our results underscores the possibility of such transformations, especially given that fibroblasts inherently do not undergo EMT. Considering the established role of CAFs in promoting tumor proliferation and the potential of tumor cells that have undergone EMT to facilitate tumor migration (50, 51), we posit that these pathways may be intricately linked to tumor cell proliferation and metastasis. Cell communication analysis revealed that cells in the high-SRRS group had more instances of communication than those in the low-SRRS group, and CAFs were the most frequently communicating with other cells (Figure 5F; Supplemental Figures 4A, B). This suggests that the potential reason for the poor prognosis in patients in the high-SRRS group could be the proliferation and EMT of CAFs.




Figure 5 | Single-cell transcriptomic profiles in the high-SRRS and low-SRRS groups. (A) t-SNE representation of single cells color-coded by major cell type: Malignant, Stromal, and Immune. Bar plot shows SRRS differences. p-values determined by two-sided Wilcoxon test. (B) DotPlot for marker genes of each subtype in single cell transcriptomic profiles. (C) t-SNE representation of single cells. (D) t-SNE plot shows SRRS of whole tissue cells. (E) Differences in pathway activities scored per cell by GSVA between the high-SRRS and low-SRRS stromal cell. (F) The difference in intercellular communication intensity between the high-SRRS and low-SRRS cells.






3.6 Strong negative correlation between SRRS and cell stemness in CRC

Prevailing evidence suggests an inverse correlation between immune infiltration and cell stemness (52, 53). Harnessing the one-class logistic regression machine-learning algorithm (OCLR) on TCGA-CRC, we computed the mRNAsi for each sample as a surrogate marker of cell stemness. In evaluating mRNAsi across a gradient from low (left) to high (right), a noteworthy aggregation of high-SRRS predominantly within regions of low mRNAsi was observed (Figure 6A). Furthermore, a notable inverse correlation(R=-0.440) emerged between mRNAsi and ImmuneScore derived from estimate analysis (Figure 6B). Probing deeper into the relationships between mRNAsi and various immune components—calculated with the ‘MCPcounter’ R package—we discovered strong negative correlations with endothelial cells(R=-0.66, p<0.05), and fibroblasts(R=-0.73, p<0.05) (Figure 6C). Given our preceding observations, highlighting elevated SRRS in stromal cells and intensified immune infiltration in the high-SRRS cohort, we hypothesized a potential association between SRRS and CRC cell stemness. A subsequent correlation analysis between SRRS and mRNAsi indeed unveiled a robust negative correlation (Figure 6D), intimating SRRS’s capability to predict CRC cell stemness. To further validate this, we compiled 20 stemness-associated gene sets from prior research, conducting ssGSEA for each within the TCGA-CRC context, and followed with a correlation analysis of the ssGSEA scores and SRRS. A consistent and predominantly strong negative correlation(R=-0.655) was discerned (Figure 6E), solidifying SRRS’s predictive ability regarding CRC cell stemness. Importantly, Kaplan-Meier survival analyses revealed that CRC patients with high mRNAsi demonstrated superior OS compared to their low mRNAsi counterparts (Figure 6F).




Figure 6 | Correlation of SRRS with mRNAsi, immune scores, and overall survival. (A) The overview of correlation between mRNAsi and clinical features as well as SRRS. (B) Pearson correlation analysis of mRNAsi score and immuneScore. (C) Pearson correlation analysis between the abundance of various immune cell components in MCPcounter analysis and the SRRS. (D) Pearson correlation analysis between the SRRS and mRNAsi. (E) Pearson correlation analysis between ssGSEA scores of the stemness-associated gene sets. (F) Kaplan-Meier curves compare overall survival between the high-SRRS group and low-SRRS group.






3.7 Identification of specific chemotherapeutic drugs associated with SRRS

Following the exclusion of ineffective drugs (those presenting NA values in more than 20% of the samples), we obtained a collection of 179 chemotherapeutic agents from the GDSC2 drug genomic database for drug sensitivity prediction. Using the ‘OncoPredict’ R package, we employed a ridge regression model premised on gene expression matrices to predict drug sensitivity for each patient. We then explored the differences in predicted drug sensitivity between the high-SRRS and low-SRRS groups. This analytical approach identified 11 drugs that were statistically significant (|log2FC|>0.4, p<0.05). Among them, the low-SRRS group presented seven drugs, including MK−1775, Pevonedistat, Telomerase Inhibitor IX, Dihydrorotenone, AZD8055, Cytarabine and PD0325901, while the high-SRRS group identified four drugs, such as CDK9_5576, Gemcitabine, Sabutoclax and Podophyllotoxin bromide (Figure 7A). Guided by the principle of “signature reversal,” we employed CMap data for computational drug discovery, intending to pinpoint drugs capable of reversing SRRS-associated gene expression patterns. We selected the top 100 differentially expressed genes between the high-SRRS and low-SRRS groups for CMap analysis, and chose the top five lowest drugs as potential drugs capable of reversing the SRRS-related gene expression pattern. The results showed that the compounds iloprost, tacrolimus, TTNPB, arachidonyltrifluoromethane, and imatinib are potential drugs that can reverse the SRRS-related gene expression pattern (Figure 7B). It is noteworthy that both the GDSC2-predicted drug MK-1775 and the Cmap-predicted drug imatinib are tyrosine kinase inhibitors (TKIs). Tyrosine kinases play a pivotal role in DNA damage response (54). Inhibiting these kinases can make cancer cells more susceptible to being killed during treatment, especially when used in combination with other anticancer drugs. The fact that both methods pointed towards TKIs underscores the potential relevance of these drugs in the context of CRC (55).




Figure 7 | Potential drug candidates for different SRRS groups. (A) Drug candidates with potential therapeutic effect for the low-SRRS group or the high-SRRS group. (B) Candidate drugs with potential therapeutic effect to reverse SRRS-associated gene expression patterns.






3.8 Unveiling the functional influence of key SRRS genes, LIMK1 and WRN, on CRC cell phenotypes

A significant challenge for the clinical application of the SRRS model resides in its extensive genetic composition. To enhance the feasibility of SRRS gene signatures in prognostic evaluations, we leveraged four machine learning algorithms to distill key features from the comprehensive gene cohort of the SRRS model. We deployed the least absolute shrinkage and selection operator (LASSO), support vector machine-recursive feature elimination (SVM-RFE), random forest and boruta (RFB), and extreme gradient boosting (XGBoost) methodologies, identifying 17, 10, 18, and 10 pertinent genes (Supplemental Table 12), respectively (Figure 8A). Commonality emerged in two genes, WRN from bene-SRGs and LIMK1 from detri-SRGs, which we thus deemed as the hub genes of the SRRS model. We hypothesized that the differential expression of LIMK1 and WRN could symbolize the SRRS. Our correlation analysis substantiated this, revealing a robust positive correlation (R=0.655) between LIMK1-WRN and SRRS (Figure 8B). In pursuit of understanding the functions of these two vital SRRS genes within CRC cells, we established si-LIMK1 and si-WRN CRC cell lines through siRNA transfection against LIMK1 and WRN, respectively. Intriguingly, β-galactosidase staining demonstrated that si-LIMK1 cells showed a lighter staining compared to the negative control (NC), whereas si-WRN cells were deeply stained (Figure 8C), indicating that LIMK1 suppression could curtail cellular senescence, while WRN reduction could instigate it. Cell proliferation (Figure 8D) and colony formation (Figures 8F, G) assays yielded further insights: compared to NC, si-LIMK1 cells manifested a deceleration in proliferation, whereas si-WRN CRC cells proliferated more swiftly. This insinuates that LIMK1 knockdown could curtail tumor cell proliferation, while WRN knockdown could stimulate it. Finally, we gauged the stemness phenotype of the LIMK1 and WRN knockdown cells via sphere formation assays. The results unveiled a significant amplification in both sphere number and size in si-LIMK1 cells compared to NC, with a concurrent diminution observed in si-WRN cells (Figures 8E, H). In summary, our functional experiments demonstrated that inhibiting LIMK1 reduces cellular senescence and inhibits tumor cell proliferation, while reducing WRN has the opposite effect, indicating their potential as therapeutic targets.




Figure 8 | Strategies for key gene selection in SRRS signature, gene knockdown effects on cell proliferation and formation (A) Overview of the strategies employed for selecting key genes in the SRRS signature to predict Overall Survival (OS) of CRC patients in the TCGA cohort. (B) Pearson correlation analysis illustrating the relationships between SRRS and the expression levels of WRN and LIMK1, and the difference between these expressions. (C) β-Galactosidase staining of HCT-116 cells following knockdown of LIMK1 and WRN genes, compared with negative control cells. Scale Bar: 100μm. (D) Proliferation analysis of HCT-116 cells within the LIMK1 and WRN gene knockdown cell lines, along with the negative control line. (F, G) Examination of colony formation capabilities in LIMK1 and WRN gene knockdown cells, in contrast to negative control cells. (E) Representative images and (H) counts of cell spheres for LIMK1 and WRN gene knockdown cells, in comparison with negative control cells. *, p < 0.05; **, p < 0.01; ***, p < 0.001 ****, p < 0.0001; "ns" for "not significant".







4 Discussion

The study offers comprehensive insight into the relevance of the SRRS in CRC, unraveling details of its impacts on cellular senescence, stemness, immune infiltration, stromal cell activity and drug sensitivity. Strong associations have been identified between higher SRRS and worse prognosis in CRC patients, bolstering the credibility of SRRS as a potent predictor of patient survival rates.

Our results clarify the possible pathways through which SRRS can affect prognosis in CRC patients, such as its link to increased multi-site mutations and distinctive methylation patterns. These genetic and epigenetic modifications are pivotal determinants of cancer cell biology, manipulating cell proliferation, invasion, and metastasis of the cancer (56–59). Interestingly, the high-SRRS group exhibits a higher number of persistent mutations, substantially affecting patient prognosis. The ongoing nature of these mutations can stimulate anti-tumor immune responses and increase cancer cells’ sensitivity to the immunotherapy. A hypothesis is formed suggesting that SRRS can forecast immunotherapy responses which has been later confirmed through further investigation.

Connections are also observed between high SRRS and amplified immune cell infiltration, consistent with the high stromal scores and immune scores identified in the high-SRRS group. Elements such as immune cell infiltration and stromal cell activity are vital components of the tumor microenvironment, exerting significant influences on tumor progression and patient prognosis (60–63). Additionally, this study pinpoints LAYN as a potential immune checkpoint showing the most significant correlation with SRRS, sparking further inquiry into the function of LAYN in CRC and its potential as a therapeutic target (64). Notably, single-cell RNA analysis shows a preponderance of CAFs in the high-SRRS group. A surge in CAFs in tumors can drive cancer progression and metastasis, implying that proliferation and EMT of CAFs may contribute to the adverse prognosis for patients in the high-SRRS group.

In view of the stemness of tumor cells tending toward forming “cold” tumor (65, 66), a strong inverse correlation between SRRS and cell stemness is also identified from this study, suggesting a role for SRRS in forecasting CRC cell stemness. Understanding this correlation can shed light on the behaviors of cancer cells and possibly guide the identification of novel therapeutic targets for CRC. Notably, specific chemotherapeutic drugs associated with SRRS have been pinpointed in this study. Additionally, exploration was undertaken into the functional influence of two significant SRRS genes, LIMK1 and WRN, on CRC cell phenotypes, potentially assisting in the development of personalized treatment plans for CRC patients based on their SRRS.

In summary, this research contributes to a broader understanding of the role and clinical significance of SRRS in CRC, revealing potential prognostic indicators and therapeutic targets. However, further in-vitro and in-vivo studies are warranted to validate these findings and to decipher the mechanistic interactions of SRRS in CRC.
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Thymic epithelial tumors (TETs) are a rare and diverse group of neoplasms characterized by distinct molecular signatures. This review delves into the complex molecular networks of TETs, highlighting key aspects such as chromosomal abnormalities, molecular subtypes, aberrant gene mutations and expressions, structural gene rearrangements, and epigenetic changes. Additionally, the influence of the dynamic tumor microenvironment on TET behavior and therapeutic responses is examined. A thorough understanding of these facets elucidates TET pathogenesis, offering avenues for enhancing diagnostic accuracy, refining prognostic assessments, and tailoring targeted therapeutic strategies. Our review underscores the importance of deciphering TETs’ unique molecular signatures to advance personalized treatment paradigms and improve patient outcomes. We also discuss future research directions and anticipated challenges in this intriguing field.
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Introduction

Thymic epithelial tumors (TETs) are an uncommon group of neoplasms located primarily in the anterior mediastinum, representing only a fraction of approximately 0.2-1.5% of all malignant tumors, with an annual incidence ranging from 1.3 to 3.2 cases per million (1, 2). TETs exhibit a remarkable histological heterogeneity, as classified by the World Health Organization in 2021, including thymomas (types A, AB, B1, B2, B3) and thymic carcinomas (type C) (3). Thymomas are generally characterized as low or intermediate-grade malignancies, boasting a favorable 5-year overall survival (OS) rate exceeding 80% (4). In contrast, thymic carcinomas exhibit increased invasiveness, metastatic potential and a higher propensity for recurrence, resulting in a worse 5-year overall survival rate of approximately 36% (5). Radical surgical resection remains the gold standard treatment strategy for early-stage TETs, while advanced or metastatic cases necessitate a multimodal approach integrating surgery with radiochemotherapy (6). Nevertheless, it is worth noting that only a small minority of patients with unresectable thymic epithelial tumors demonstrate any response to radiochemotherapy (7), and the implementation of targeted therapies and immunotherapies remains a major challenge in the clinical management of these malignancies. Due to the rarity of TETs, their clinical and biological heterogeneity, alterations in histopathological classification, and the dearth of well-established cell lines and animal models, the molecular investigation of TETs is fraught with significant challenges.

Nevertheless, recent advancements in molecular biology techniques have propelled the discovery of extensive molecular alterations and perturbations in signal transduction pathways within TETs. These insights have significantly enriched our comprehension of the molecular mechanisms driving tumorigenesis and accelerated progress in the development of systemic treatments for TETs. The exploration of the molecular landscape of TETs is of paramount importance for various reasons. Primarily, it offers a conduit to uncover the intricate mechanisms of tumorigenesis, thereby refining our understanding of the pathophysiology of these uncommon tumors. Further, it holds promise in enhancing diagnostic and prognostic evaluations, thereby serving as a foundation for personalized patient care. Importantly, deciphering the complex molecular architecture of TETs could steer the development of precision therapeutic strategies, possessing the potential to improve treatment outcomes and patient prognosis.

In this comprehensive review, we navigate through the complex molecular terrain of TETs (Figure 1). We begin by analyzing chromosomal abnormalities and their role in disrupting key genes and signaling pathways integral to tumorigenesis. Subsequently, we explore the molecular subtypes of TETs, discussing their implications for tailoring therapeutic approaches. The focus then shifts to the implications of gene mutations and aberrant gene expressions on disease progression. We also examine the influence of structural gene rearrangements and epigenetic deviations in shaping TET pathogenesis. Finally, we underscore the significant impact of the tumor microenvironment on tumor behavior and response to therapy. Our goal is to provide an in-depth understanding of the molecular networks within TETs, illuminating potential pathways for enhancing diagnostic precision, improving prognostic accuracy, and advancing therapeutic strategies.




Figure 1 | Main molecular pathways involved in the pathogenesis of thymic epithelial tumors.







Chromosome abnormalities

In the landscape of TETs, a vast majority of chromosomal alterations continue to hold uncertain biological implications. Observations indicate that arm-level copy number losses are most frequently identified on chromosome 6, with a prevalence of 26% at 6p and 29% at 6q. These chromosomal losses are followed in frequency by those on 3p (22%) and 13q (18%). Simultaneously, the most recurrent arm-level copy number gains are found to affect chromosomes 1q (55%), 7p (20%), 7q (15%), and 20p (17%) (8). The biological consequences of these alterations, however, require further exploration. It’s noteworthy that chromosomal copy number aberrations appear with increased frequency in histological subtypes typified by heightened invasiveness. Reports suggest that type A thymomas exhibit a comparatively lower spectrum of copy number aberrations. This stands in stark contrast to the recurrent observation of arm-level copy number increase on 1q and decrease on chromosome 6 in type B2/B3 thymomas. Type B3 thymomas and thymic carcinomas display a copy number aberration profile that echoes that of type B2/B3 thymomas. However, they deviate in terms of the copy number losses on chromosomes 13q, 16q, and 17p, which are conspicuously absent in type B2/B3 thymomas (9). The precise biological significance of these alterations in TETs remains largely elusive, with much yet to be determined in the vast majority of cases.

However, it is noteworthy that TETs exhibiting copy number gains in B-cell lymphoma-2 (BCL2) and loss of cyclin-dependent kinase inhibitor 2A/B (CDKN2A/B) are consistently associated with an unfavorable prognosis. BCL2, known for its involvement in apoptosis regulation, has been extensively demonstrated to contribute to tumorigenesis, as gene amplification disrupts apoptosis and promotes tumor cell accumulation. Notably, the oncogenic role of BCL2 is well-established in follicular lymphomas, where the juxtaposition of IgH-BCL2 is implicated in lymphomagenesis, perturbing normal B lymphocyte apoptosis (10). Beyond their established role in apoptosis regulation, members of the BCL2 family are also implicated in the control of autophagy and necroptosis pathways. Amplification of the BCL2 gene locus has been identified in around 10% of TET cases. Furthermore, copy number gains of MCL1, another member of the BCL2 family gene, have been observed in 51% of TETs, predominantly in aggressive histological subtypes (83% in type B2/B3 thymomas, 70% in type B3 thymomas and 57% in thymic carcinomas). It is worth noting that these MCL1 copy number gains are mostly attributed to the broad gain of 1q, rather than focal MCL1 amplification (9). The concurrent expression of MCL1 and BCL2 is frequently observed in aggressive TETs, thereby suggesting their potential role as prognostic indicators (11). In vitro studies provide compelling evidence that the suppression of BCL2 family proteins, including MCL1 and BCL-XL, precipitates apoptosis in TET cell lines. These findings hint at the possibility that therapeutic strategies aimed at the dysregulated anti-apoptotic BCL2 family proteins could provide a viable avenue for TET treatment (12). Loss of chromosome 6q25.2–25.3 is observed across all subtypes of thymomas, with the exception of type B1 thymomas. This genetic alteration has been associated with a decrease in the expression of the FOXC1 protein, which is encoded by the tumor suppressor gene FOXC1 situated within the 6p23 locus. Notably, individuals presenting with a FOXC1 deficiency display an expedited rate of tumor progression, as well as a markedly abbreviated disease-related survival span (13). In vitro findings lend credence to the potential tumor suppressor activity of FOXC1, particularly in its impact on cell proliferation (14).





Molecular subtypes

In recent years, the Cancer Genome Atlas (TGCA) has conducted extensive research on TET using multi-platform next-generation sequencing (NGS). This research has yielded a more comprehensive understanding of the molecular landscape of TET and has identified four distinct molecular subtypes. Among these, Subtype 1 is predominantly associated with type B thymoma and has a notable prevalence of tumors associated with myasthenia gravis. Subtype 2, on the other hand, is primarily associated with thymic carcinoma and exhibits a higher tumor mutation burden (TMB), upregulation of oncogenes, downregulation of tumor suppressor genes, and deletion of chromosome 16q. Subtype 3 is characterized by type AB thymoma and is distinguished by a high prevalence of GTF2I mutations and abundant lymphocytic infiltration. Finally, Subtype 4 includes both type A and type AB thymomas and displays a relatively higher incidence of somatic mutations in GTF2I and HRAS. These subtypes exhibit distinct molecular features and are highly consistent with the histological classification by the World Health Organization (WHO), thereby confirming the non-continuous nature of TET in terms of its biological entities (15). Another investigation, leveraging the rich dataset of TCGA, has compellingly demonstrated the feasibility of classifying TET into four distinct groups: the GTF2I mutation group, the T-cell signaling (TS) group, the chromosomally stable (CS) group, and the chromosomally instability (CIN) group. The molecular taxonomy correlates with the clinical and histological characteristics. For instance, The GTF2I subtype aligns with a more favorable WHO histology, earlier Masaoka-Koga staging, and absence of myasthenia gravis (MG), while the CIN subtype exhibits less advantageous WHO histology, advanced Masaoka-Koga staging, and the presence of MG. The prognostic potential of this molecular classification system is elucidated by its capacity to reconcile the heterogeneity in clinical outcomes within identically classified patient cohorts. Moreover, this molecular classification system serves as a robust tool for discerning therapeutic responsiveness. Tumors within the TS group, enriched with genes implicated in co-stimulatory and co-inhibitory T cell signaling pathways, such as PD1, may exhibit heightened responsiveness to immune checkpoint inhibitor (ICI) treatments. The CIN molecular subtype is characterized by the activation of EGF or SRC-FAK signaling pathways, while the CS group tumors exhibit an abundance of genes associated with epithelial-mesenchymal transition (EMT) pathways and Toll-like receptor signaling (16). Current investigations have corroborated the therapeutic potential of drugs targeting these specific molecular points within TETs (17–20). Indeed, the management of highly heterogeneous tumors, such as advanced hepatocellular carcinoma and TETs, poses a formidable challenge in the quest for universally effective therapies. However, the establishment of molecular classifications has significantly enhanced our understanding of these malignancies, paving the way for prospective clinical investigations centered around these distinct subtypes. Such pursuits hold paramount importance as they hold the potential to unlock personalized treatment strategies, tailored to the unique characteristics of individual patients, thus optimizing the efficacy of targeted therapeutic interventions (15, 16, 21, 22).





Gene mutation abnormalities

The scientific community has recently gained advanced insights into the dynamics of gene alterations within thymic epithelial tumors (TETs). This progress parallels advancements in other tumor entities and is largely attributable to the innovative strides made in next-generation sequencing technologies. A defining characteristic of TET genomes is the concentration of C > T mutations in CpG islands, a mutation signature intrinsically linked with aging and congruent with the median age of disease onset. Insights gleaned from extensive genomic analyses within TCGA initiative indicate that distinct molecular modifications are a hallmark of various histological TET subtypes (15). Generally, the molecular aberration patterns of thymomas and thymic carcinomas are markedly different, with only a select few genes demonstrating significant and periodic mutations. A point mutation p. (Leu404His) in the general transcription factor II-i (GTF2I) gene, which has thus far remained elusive in other tumor types, has been identified with notable frequency within thymomas. On the other hand, thymic carcinomas bear a higher load of recurrent mutations within recognized cancer-associated genes, including but not limited to TP53, Cylindromatosis (CYLD), CDKN2A, BRCA1 associated protein 1 (BAP1), and polybromide 1 (PBRM1) (8).

TMB serves as a quantitative measure of the genomic alterations occurring within tumor cells, representing a biological marker for the emergence of novel antigens. Elevated TMB amplifies the capacity of the tumor to provoke immune responses, thereby enhancing the likelihood of benefiting from immunotherapeutic interventions (23). Among human malignancies, TETs stand out as one of the neoplastic entities with the lowest TMB. Notably, TMB exhibits a substantial increase in thymic carcinoma samples (3.84 mutations/Mb) when compared to thymomas (1.92 mutations/Mb) (24). Significantly, TMB exhibits a robust correlation with advanced clinical staging, more advanced pathological types, and patient age progression (8).

GTF2I mutations emerge as dominant genetic abnormalities in the context of TETs, highlighting their importance within the complex landscape of tumorigenesis. Of note, these mutations exhibit a discernible predilection for type A (100%) and type AB (70%) thymomas, with a modest but observable incidence detected in thymic carcinomas (8%). Interestingly, the mutational events are primarily localized to the codon L424H, reflecting the characteristic signatures of oncogenic mutation. Remarkably, the specificity of GTF2I mutations becomes apparent when scrutinizing other malignancies, where their occurrence remains a rarity (<1%) and consistently arises at distinct genomic sites apart from L424H. Patients with tumors characterized by GTF2I mutations exhibited a significantly more favorable prognosis when compared to those harboring wild-type GTF2I, as evidenced by a remarkable disparity in 10-year overall survival (96% versus 70%). Mechanistically, GTF2I encodes the pivotal TF2I protein, whose orchestrated activation in the cellular nucleus imparts profound influence on the transcriptional machinery that controls key biological processes encompassing cell cycle progression, DNA repair, cell proliferation, and the intricate modulation of TSC/mTOR signaling cascades. Pertinently, the disruptive L424H missense mutation impairs the normal degradation kinetics of TF2I protein, culminating in its intracellular accumulation. Subsequently, this dysregulation sets in motion a cascade of molecular events leading to discernible alterations in the gene expression landscape. Notably, genes associated with cell morphogenesis, receptor tyrosine kinases, retinoic acid receptors, and WNT/SHH signaling pathways exhibit augmented expression levels, while those involved in cell cycle regulation, apoptosis, DNA damage response, hormone receptor signaling, RAS/MAPK, and mTOR pathways manifest dampened expression levels (8, 15).

To gain deeper insights into the realm of GTF2I-mutant thymomas, Y. He et al. successfully engineered a murine model recapitulating the intricacies of GTF2I mutations, thereby successfully instigating thymoma formation in aged mice. Impressively, the resultant mouse thymomas mirrored key cellular features reminiscent of human type B1 and B2 thymomas at the transcriptional level. Remarkably, a substantial fraction of thymoma lesions exhibited a conspicuous enrichment in gene signatures associated with cortical thymic epithelial cells (cTECs) and thymic epithelial progenitor cells (TEPCs), closely resembling the enrichment patterns observed in GTF2I-mutant human TETs. Furthermore, our investigation unveiled an elevated abundance of cTECs and TEPCs within the thymic tissues isolated from mouse thymic tissue, thereby suggesting a potential cellular origin of GTF2I-mutant thymomas from these distinct cell populations. Mechanistically, aberrant activation of cell cycle-associated pathways mediated by MYC and E2F signaling cascades likely serves as a crucial driving force behind the initiation and development of GTF2I-mutant thymomas (25). Impressively, an investigation into micronodular thymoma with lymphoid stroma revealed a consistent occurrence of the GTF2I p.L424H mutation across all twelve sampled thymoma specimens, establishing the GTF2I p.L424H mutation as an invariable genetic hallmark of micronodular thymomas with lymphoid stroma. These findings compellingly infer a profound correlation between micronodular thymomas with lymphoid stroma and their type A and AB counterparts (26).

Activation of the PI3K/AKT/mTOR signaling pathway plays a critical role in driving the proliferation of TETs. The PI3K/AKT/mTOR signaling pathway is a critical orchestrator of numerous cellular processes, encompassing proliferation, survival, metabolism, and angiogenesis. Its dysregulation is frequently observed in a myriad of cancer types (27). Genetic aberrations at various levels of this pathway, including PI3K, AKT, TSC, and mTOR, have been identified within the context of TET.A gene mutation affecting the regulatory subunit of PI3K has been identified in a thymic carcinoma cell line. Employing NGS analysis on a cohort comprising 54 TET samples, three distinct mutations have been elucidated across three samples, impacting either the catalytic or regulatory subunits of the PI3K gene. Notably, compelling evidence from in vitro investigations demonstrates the potent anti-tumor efficacy of PI3K inhibitors, particularly within cellular populations harboring mutations in the PI3K gene (28). An additional study delved into the expression patterns of Akt, mTOR, and P70S6K in type A, type B, and type AB thymomas, substantiating the perturbed Akt/mTOR pathway in these thymomas. Moreover, the anti-proliferative impact of the mTOR inhibitor rapamycin on thymic epithelial cells underscored the significance of the Akt/mTOR pathway as a pivotal mechanism in tumorigenesis, thereby presenting a promising target for pharmacological intervention (29). In vitro studies unveiled that the silencing of the anti-apoptotic molecule BCL2 via siRNA knockdowns led to diminished cellular proliferation, while in vivo administration of pan-BCL2 inhibitors elicited notable suppression of xenograft growth, with mechanistic implications involving the PI3K/AKT/mTOR pathway (9). In addition, the activation of PIK3 has been validated to be linked with the overexpression of microRNA clusters located on chr19q13.42 in type A and type AB thymomas (30). In a single-arm phase II trial, researchers evaluated the efficacy of Everolimus in 50 patients with TETs, previously treated with cisplatin-based regimens. A disease control rate (DCR) of 88% was recorded, with a median progression-free survival of 10 months (16.6 months for thymomas and 5.6 months for thymic carcinomas). Indeed, mirroring observations in other solid tumors, the benefits of Everolimus appeared predominantly tied to disease stabilization or minor tumor shrinkage. Only 10% of patients experienced partial remission, and a mere 2% reported complete remission. Safety remained a concern throughout the trial, as 14 patients experienced severe drug-related adverse events (AEs), with 3 thymoma patients succumbing to drug-related pneumonia (31). Likewise, a clinical trial using the pan-PI3K inhibitor buparlisib demonstrated modest activity in B2 and B3 thymomas but was marred by the necessity for early drug cessation in over half the patients due to skin and lung toxicity (32). This underscores the need for extreme caution when considering PI3K inhibitors for use in TETs.

TETs frequently harbor mutations within the RAS family, with thymic carcinoma exhibiting a markedly higher incidence (24.1%) than thymoma (12.1%) (33, 34). Notably, NRAS mutations predominantly manifest in thymic carcinoma, whereas HRAS mutations are more prevalent in thymoma cases. The vast majority of mutations in HRAS and NRAS were found to be localized at recognized gain-of-function codons. Notably, HRAS mutations were predominantly detected at codons 12, 13, and 117, while NRAS mutations were primarily observed at codon 61. GTF2I, HRAS, NRAS, and TP53 have emerged as plausible candidates for initiating mutations in tumorigenesis or early stages of tumor development (15).

TP53 stands as one of the most prevalent genes with mutations, found in approximately 25% of thymic carcinoma cases and 5% of thymoma cases (8). Patients harboring TP53 mutations experience worse prognoses and demonstrate lower overall survival rates (35, 36). The TP53 gene encodes the crucial tumor suppressor protein p53, which assumes a significant role in thymic physiology. Within normal thymic cells, p53 acts as a regulator, facilitating the expression of RANK (receptor activator of nuclear factor kappa-B) and orchestrating the differentiation of medullary epithelial cells. Notably, p53 exhibits remarkable specificity in transcriptional control, specifically targeting genes associated with the function of medullary epithelial cells. Disruption or loss of p53 function yields profound consequences for thymic ontogeny, perturbing the delicate equilibrium of T cell homeostasis and compromising immune tolerance (37).

The tumor suppressor gene CDKN2A undergoes a process of selective splicing, resulting in the production of two distinct protein isoforms, namely p16INK4A and p14ARF. The functional role of p16INK4A lies in its ability to impede the progression of the cell cycle through targeted inhibition of cyclin-dependent kinases CDK4 and CDK6. On the other hand, p14ARF functions as an activator of the tumor suppressor TP53. Perturbations in CDKN2A can potentially instigate the activation of cyclin-dependent kinases, thereby disrupting the finely tuned regulation of the cell cycle (38). The occurrence of CDKN2A mutations has been reported in approximately 11% of thymic carcinomas (33), demonstrating an association with diminished overall survival rates compared to wild-type counterparts. Notably, a strong correlation has been observed between homozygous deletion of CDKN2A and loss of p16 expression. This correlation is particularly pronounced among younger patients with the squamous cell carcinoma subtype and is linked to unfavorable prognostic outcomes. Encouragingly, CDK4/6 inhibitors represent a promising therapeutic approach for CDKN2A-mutated cancers, including thymic carcinoma (39). Within the context of a multicenter, single-arm phase II trial, an ensemble of 48 patients, all grappling with recurrent or metastatic advanced TETs unresponsive to platinum-based chemotherapy, were administered monotherapy with palbociclib, yielding results that were decidedly heartening. The median duration of the follow-up was 14.5 months, and the objective response rate (ORR) stood at 12.5% (four instances of partial response in thymomas and two in thymic carcinomas). The progression-free survival (PFS) at six months was noted at 60.2%, with a median PFS of 11.0 months. Furthermore, the median overall survival span was registered at 26.4 months (40).





Gene expression abnormalities

The expression of insulin-like growth factor receptor 1 (IGF-1R) is more frequently observed in histological subtypes characterized by a higher degree of invasiveness. Notably, a significant proportion (86%) of thymic carcinomas display moderate to high levels of IGF-1R expression, which is closely associated with epidermal growth factor receptor (EGFR) overexpression. Functionally, IGF-1R plays a pivotal role in processes such as tumorigenesis and resistance to EGFR inhibitors through the formation of heterodimers with EGFR, known as EGFR/IGF-1R heterodimers (41, 42). In a phase 2 clinical trial conducted to assess the therapeutic efficacy of cixutumumab, a monoclonal antibody targeting the IGF-1R, notable findings were obtained. Among the cohort of 37 patients diagnosed with thymomas, a partial response (PR) was observed in 14% of cases, while stable disease (SD) was achieved in 76% of cases. In contrast, within the subset of 12 patients with thymic carcinomas, no cases of partial response were observed, with only 5 cases demonstrating stable disease. Importantly, it is worth noting that approximately 24% of thymoma patients experienced the onset of autoimmune disorders during the treatment period. The therapeutic application of IGFR inhibitors is hindered by their pronounced toxicity profile, thus posing challenges in the management of diverse malignancies (43).

EGFR pathway mutations have emerged as independent prognostic factors significantly associated with reduced OS (34). Immunohistochemical analysis has revealed EGFR overexpression in 70% of thymomas and 53% of thymic carcinomas, with higher EGFR staining levels demonstrating a notable correlation with advanced stage III to IV tumors (44). Notably, EGFR mutations are exceedingly rare occurrences, and although EGFR amplification has been observed in B3-type thymomas, its association with EGFR expression remains elusive (45). The utilization of anti-EGFR agents, including cetuximab and erlotinib, has been documented in isolated cases (46, 47). However, the efficacy of combined treatment with erlotinib and bevacizumab in thymic carcinoma exhibits limited activity (48). The overexpression of the HER2 protein is frequently observed in thymic carcinomas, with HER2 expression detected in 58% of squamous cell thymic carcinomas. However, HER2 gene amplification is a rare occurrence, thus limiting the utility of HER2 as a viable therapeutic target in the context of thymic carcinomas (49, 50).

Aberrant neovascularization plays a pivotal role in the pathogenesis of TETs, exhibiting a compelling correlation with their invasive nature. Notably, thymic carcinoma outperforms thymoma in terms of promoting aggressive angiogenesis (51). A wealth of empirical evidence substantiates the conspicuous upregulation of vascular endothelial growth factor (VEGF), platelet-derived growth factor (PDGF), and other key angiogenic factors and receptors in TETs, showcasing notable associations with histologically distinct invasive phenotypes (52–54). Activin A, a valued member of the transforming growth factor Β (TGF-Β) superfamily, orchestrates cellular responses by downregulating the expression of p21 and VEGF, thereby eliciting a notable suppressive impact on endothelial cell proliferation. Conversely, Follistatin, acting as an antagonistic counterpart to activin A, effectively counteracts its growth-inhibitory and pro-apoptotic consequences. Moreover, Follistatin demonstrates a remarkable capacity to bind and activate angiogenic factors, thereby stimulating robust angiogenesis. Clinical studies have unveiled a conspicuous elevation in serum concentrations of activin A and Follistatin among TET patients, surpassing those observed in their healthy counterparts. Importantly, the serum concentration of Follistatin correlates significantly with tumor staging and microvessel density (MVD), reverting to physiologically balanced levels upon complete tumor resection (55). The anti-angiogenic multi-kinase inhibitor, sunitinib, has been substantiated for its efficacy in the treatment of refractory thymic carcinoma and thymoma as a first-line therapeutic option. Impressively, disease control, encompassing complete response, partial response, and stable disease, was achieved in 91% of thymic carcinoma cases and 86% of thymoma cases. Administration of sunitinib instigated an upregulation of CTLA-4 and PD-1, immune checkpoint molecules associated with improvements in overall survival (19). As a well-established anti-angiogenic agent, lenvatinib has demonstrated efficacy in various advanced cancers, including hepatocellular and thyroid carcinoma (56–58). The results from the phase 2 REMORA trial have provided the therapeutic effectiveness of lenvatinib in treating advanced thymic carcinoma patients. Among the 42 enrolled patients, 6 cases (38%) achieved a partial response, while 24 cases (57%) experienced stable disease. The median follow-up period was 15 months, resulting in an overall response rate of 38%. These findings underscore the potential of lenvatinib as a promising treatment option for advanced thymic carcinoma (59).

The proto-oncogene KIT encodes the type III receptor tyrosine kinase c-KIT, which plays a crucial role in several malignant neoplasms, including gastrointestinal stromal tumors (GISTs), chronic myeloid leukemia (CML), mastocytosis, melanoma, and germ cell tumors. KIT mutations and aberrant c-KIT expression are frequently observed in GISTs, with prevalent occurrences in exons 11, 9, 13, and 17. Noteworthy clinical observations indicate that patients harboring exon 11 mutations exhibit a heightened objective response rate to the tyrosine kinase inhibitor imatinib. Despite c-KIT expression being detected in a modest 0%-5% of thymomas and a substantial 50%-88% of thymic carcinomas, it does not consistently parallel the presence of KIT mutations. Remarkably, KIT mutations manifest in a mere 12.5% of cases and exclusively within those displaying positive c-KIT expression (60, 61). Thymic carcinomas harboring KIT mutations have been documented to display sensitivity to targeted therapeutics such as imatinib. Notably, mutations within exon 11, including V560del, V559G, Y553N, and L576P, exhibit discernible responsiveness to imatinib, while the H697Y mutation (in exon 14) demonstrates sensitivity to sunitinib. Likewise, the D820E mutation (in exon 17) and the K642E mutation (in exon 13) manifest sensitivity to sorafenib, whereas the 577-579del mutation (in exon 11) displays susceptibility to sorafenib treatment (62). Moreover, an intriguing observation emerges among approximately 70% of thymic squamous cell carcinomas, wherein all KIT-positive cases exhibit a distinctive tuft cell–like phenotype characterized by the robust expression of POU2F3, an event absent in thymomas. The remarkable correlation observed between POU2F3 and KIT expression implies the potential involvement of POU2F3 in the regulatory mechanisms governing KIT expression. The pronounced upregulation of POU2F3 represents a novel and enigmatic avenue within the carcinogenic repertoire (63).

CYLD, a ubiquitin-specific protease, serves as a key regulator involved in the intricate orchestration of the NF-ΚB signaling pathway. Notably, CYLD exerts its influence on cellular fate through modulating the ubiquitination state of receptor-interacting protein kinase 1 (RIPK1), thereby mediating programmed cell death. Pertinently, The loss of CYLD hinders the process of apoptosis by inducing the activation of NF-ΚB and facilitating the NF-ΚB-mediated transcriptional upregulation of prosurvival genes (64). Remarkably, CYLD assumes a pivotal role as a regulatory factor during T cell development, particularly during the transition from double-positive thymocytes to single-positive thymocytes. By eliciting proximal T cell receptor signaling, CYLD orchestrates the differentiation and maturation of thymic medullary epithelial cells, thus profoundly influencing the intricate process of negative selection within the thymus microenvironment (65). The prevalence of CYLD gene mutations in thymic carcinomas exceeds 10%. Investigations have unveiled that CYLD deficiency in TETs leads to an augmentation in programmed death-ligand 1 (PD-L1) expression, with a significant association between reduced CYLD expression and elevated PD-L1 levels. Notably, patients afflicted with advanced TETs exhibiting diminished CYLD expression fare worse in terms of prognosis compared to those with elevated expression. Considering the low tumor mutation burden characterizing TETs, heightened PD-L1 expression remains the most dependable biomarker for prognosticating the therapeutic efficacy of PD-1 antibodies in TETs. As such, PD-1/PD-L1 inhibitors hold potential as a therapeutic strategy for TETs patients displaying reduced CYLD expression (66).

The nucleocytoplasmic shuttling of proteins is a fundamental mechanism by which cells tightly regulate protein activity. Among the molecular players involved in this intricate process, exportin 1 (XPO1) serves as a pivotal mediator, facilitating the transport of numerous tumor suppressor proteins and oncoproteins from the nucleus to the cytoplasm. Aberrant expression of XPO1 disrupts the function of critical tumor suppressors, including p53, IΚB, p27, and FOXO3A. Notably, dysregulation of XPO1 has been reported in leukemia and various solid tumors. Insightfully, heightened XPO1 expression has been observed in aggressive and advanced-stage TETs, correlating with an unfavorable prognosis (67). Selinexor, a potent and selective inhibitor of XPO1, has been revealed to instigate its proteasomal degradation. This biochemical event facilitates the nuclear retention and subsequent activation of key tumor suppressor proteins, curtails the translation of oncoprotein mRNA, and promotes cell cycle arrest and apoptosis in a broad spectrum of hematological malignancies and solid tumors (68, 69). Specifically, within the context of TET cells, Selinexor governs the nuclear accumulation of the tumor suppressor proteins FOXO3a, p53, and p27. Furthermore, Selinexor mediates cell cycle arrest through the modulation of a multitude of proteins that orchestrate cell cycle progression and apoptosis by inducing the expression of pro-apoptotic proteins such as BIM and BAX. It is noteworthy that XPO1 also targets GTF2I. In a Phase I clinical trial aiming to assess the safety and efficacy of Selinexor, a cohort of 189 patients with advanced solid tumors was evaluated. Critically, within this cohort, we included four patients diagnosed with TETs. Outcomes included one patient achieving a partial response and three patients exhibiting stable disease. These data collectively implicate Selinexor as a promising candidate for the therapeutic armamentarium against TETs in the future (67, 70).





Genetic rearrangements

Metaplastic thymoma, a distinctive subtype of TETs, manifests unique molecular characteristics that set it apart from other types of thymomas. Notably, the recurrent YAP1-MAML2 fusion has emerged as a defining molecular alteration in metaplastic thymoma, playing a pivotal role in its pathogenesis. In cellular models encompassing ovarian cancer and glioblastoma, the YAP1-MAML2 fusion generates a chimeric protein that activates YAP1-related transcriptional programs through a TEAD1-dependent mechanism, thereby promoting tumor cell proliferation (71, 72). Additionally, KMT2A-MAML2 translocation has been observed in 6% of clinically invasive type B2 and B3 thymomas, as well as in one case of combined thymic carcinoma (type B3 thymoma with small thymic carcinoma component). Noteworthy for its potent oncogenic activity upon fusion with partner genes in sarcomas and leukemias, the KMT2A gene exhibits conspicuous carcinogenic potential in such rearrangements (73, 74). Furthermore, the CRTC1-MAML2 fusion has been identified in 56% of thymic mucoepidermoid carcinomas, exhibiting an association with lower clinical stages and improved overall survival rates (75). The detection of these diverse gene fusions underscores the potential utility of MAML2 gene rearrangements as prospective biomarkers for the morphological classification of thymomas. While the precise functional implications of these fusions in metaplastic thymoma remain elusive, they are postulated to function as pivotal oncogenic drivers, warranting further investigation.





Epigenetic modifications

Epigenetic modifications, such as DNA methylation changes, aberrant expression of non-coding RNAs, and post-translational modifications of histone tails, have emerged as pivotal drivers of genomic instability and chromosomal aberrations in cancer cells (Figure 2). These modifications intricately modulate the gene expression landscape, activating transposable elements, upregulating oncogenes, and silencing tumor suppressor genes, thereby fostering the onset and progression of tumorigenesis (76). Remarkably, a subset of epigenetic genes implicated in chromatin remodeling (e.g., SMARCA4), histone modifications (e.g., BAP1, SETD2, ASXL1), and DNA methylation (e.g., TET2, DNMT3A, WT1) exhibits recurrent somatic mutations. Notably, these mutations occur at varying frequencies between thymic carcinoma and thymoma subtypes. In thymic carcinoma, the prevalence of these mutations reaches 38%, surpassing the observed frequency of 10% in thymoma (36). This distinct pattern highlights the potential association between specific epigenetic alterations and the aggressive behavior of thymic carcinoma. Understanding the role of epigenetic modifications and their impact on tumor biology is crucial for elucidating the underlying mechanisms of thymic tumorigenesis. Further investigations are warranted to decipher the functional consequences of these somatic mutations in chromatin remodeling, histone modifications, and DNA methylation. Additionally, exploring the clinical implications of these epigenetic alterations may pave the way for the development of targeted therapeutic approaches and personalized treatment strategies in thymic tumors.




Figure 2 | The three mechanisms of epigenetic modifications: DNA methylation, post-translational modification of histone tails, and dysregulated expression of non-coding RNAs.



DNA methylation is involved in a series of cellular and biological processes, including cell differentiation, aging, tissue-specific gene expression, genomic stability, and genomic imprinting. Apart from its significance in normal developmental processes, DNA methylation also plays a role in pathology, such as carcinogenesis (77). The TCGA dataset analysis uncovered a comprehensive landscape of CpG site tgfmethylation alterations in TETs. Among the identified sites, 5155 exhibited heightened methylation while 6967 displayed diminished methylation. Notably, approximately 3600 of these sites were situated within gene promoters, indicating their regulatory significance. Hypermethylation within these pivotal regions resulted in the transcriptional repression of 134 genes, while 174 genes exhibited an increase in mRNA expression. Furthermore, the Cox regression analysis revealed a significant correlation between the methylation levels of 187 loci in TET patients and overall survival. Remarkably, specific independent prognostic factors, including cg05784862 (KSR1), cg07154254 (ELF3), cg02543462 (ILRN), and cg06288355 (RAG1), were identified (78). In addition, DNA hypermethylation-mediated gene silencing affected a diverse array of target genes, encompassing CDH1, CDKN2A, FHIT, MGMT, and MLH1 (79). Notably, the methylation pattern of the tumor suppressor gene MGMT exhibited a higher frequency in thymic carcinoma compared to thymoma, correlating with advanced disease stages and increased sensitivity to alkylating agents (80). Furthermore, the overexpression of METTL3 was observed in tumor tissue compared to its normal counterpart. Silencing METTL3 expression in thymic carcinoma cells led to decreased cell proliferation and reduced overall translation efficiency. Notably, METTL3 played a pivotal role in driving c-MYC expression in TET cells. Specifically, the upregulation of c-MYC protein was facilitated by the methylation-dependent delocalization of the long non-coding RNA MALAT1, a process orchestrated by METTL3 (81). These findings shed light on the complex interplay between DNA methylation, gene regulation, and tumorigenesis in thymic tumors, underscoring the potential therapeutic implications of targeting METTL3 in this context. In the context of Thymoma-associated myasthenia gravis (TAMG), an intriguing observation emerges regarding the methylation patterns of the MTHFR and DNMT3A promoters in tumor tissues. Notably, these genomic regions display significantly elevated levels of methylation within the tumor samples compared to blood samples. Furthermore, the methylation status of MTHFR within tumor tissues exhibits a remarkable increase when compared to healthy neighboring thymic epithelial cells (82). Moreover, a noteworthy study conducted by Yan et al. reveals an intriguing inverse correlation between MTHFR methylation and its corresponding expression levels in TETs. The authors speculate that the diminished activity of the MTHFR enzyme, influenced by the MTHFR C667T gene polymorphism, may contribute to significant DNA hypomethylation in TETs, thereby promoting the activation of crucial oncogenes (83).

Non-coding RNA alterations have emerged as pivotal determinants in the intricate landscape of TETs, playing a multifaceted role in their development and progression. MicroRNAs (miRNAs) and long non-coding RNAs (lncRNAs) stand at the forefront, orchestrating a complex interplay of molecular mechanisms as both oncogenes and tumor suppressors. Through amplification, deletion, aberrant epigenetic modifications, and transcriptional regulation, these non-coding RNA species wield their influence with precision. Notably, discernible disparities in miRNA expression profiles exist not only between TET and normal tissues but also across distinct histological subtypes of TET. A comprehensive understanding of these non-coding RNA alterations holds the promise of unraveling the underlying pathogenesis of TET, paving the way for targeted therapeutic interventions in the future.

In TETs, there is a notable upregulation of miRNA-21-5p and a downregulation of miRNA-145-5p. Of particular significance, miRNA-145-5p is recognized as a prominent tumor suppressor and exhibits a reciprocal relationship with the expression of EGFR. The expression of miRNA-145-5p is tightly controlled by epigenetic modifications. Intriguingly, investigations have demonstrated that the administration of epigenetic modulators can induce the expression of miRNA-145-5p in TET cells, resulting in the downregulation of its target genes and enhancing its anti-tumor properties (84). The dysregulation of specific miRNAs, such as miRNA-142-5p, miRNA-363-3p, and miRNA-16-2-3p, has emerged as a noteworthy phenomenon in thymic carcinoma, exerting potential regulatory roles in pivotal molecular pathways encompassing BIRC3, SCYA20, and MYC-associated pathways (85). Remarkably, a miRNA cluster located on chromosome 19q13.42 exhibits prominent overexpression in type A and AB thymomas, leading to the activation of the PI3K/AKT/mTOR signaling cascade. In a fascinating contrast, this miRNA cluster experiences transcriptional repression attributed to promoter methylation in thymic carcinoma (30). Conversely, a notable reduction in the expression of the miRNA cluster on chromosome 14q32 has been observed in thymic carcinoma compared to type A thymomas (33). Moreover, an extensive analysis has uncovered intriguing associations between specific miRNAs and overall survival in thymomas. Notably, miRNA-140, miRNA-450b, miRNA-542, miRNA-639, miRNA-3613, and miRNA-3913-1 exhibit a positive correlation with overall survival, suggesting their potential as prognostic indicators in thymomas. Conversely, miRNA-1976 displays a negative correlation with overall survival, underscoring its potential utility as a prognostic biomarker in this context (86).

The dysregulation of lncRNAs has emerged as a crucial factor in tumor progression. In the context of TETs, notable associations have been uncovered between specific lncRNAs and key molecular players. For instance, an upregulation of LOXL1-AS1 has been observed, which correlates positively with HSPA9 expression, while concomitantly exhibiting a concordant downregulation of miR-525-5p. Remarkably, miR-525-5p acts as a tumor suppressor by restraining cell growth and invasion through the targeted inhibition of HSPA9, consequently inducing apoptosis. Acting as a molecular sponge for miR-525-5p, LOXL1-AS1 amplifies HSPA9 expression, thereby facilitating the progression of thymic carcinoma (87). Similarly, LINC00174 serves as a molecular sponge for miR-145-5p, thereby promoting the expression of SYBU, FEM1B, and SCD5 genes. Among these genes, SCD5, one of the target genes of LINC00174, plays a role in lipid metabolism control and enhances the migration of thymic carcinoma cells (88). The differential expression of lncRNAs exerts regulatory control over diverse biological processes and molecular pathways, thereby positioning them as potential prognostic factors and therapeutic targets for patients (89). Moreover, in the context of TAMG, lncRNAs exhibit specific expression patterns. Notably, XLOC_003810 promotes the activation of CD4+ T cells and inflammatory factors, including IFN-γ, thereby regulating the delicate balance between Th17 and Treg cells (90, 91). Furthermore, immune-related lncRNAs, such as AC004943.1, FOXG1-AS1, and WT1-AS, display elevated expression levels in TAMG patients due to their hypomethylation status, implicating their involvement in the mechanisms underlying TAMG pathogenesis (92).

Post-translational modifications of histones play a pivotal role in the dynamic regulation of gene expression, exerting a profound influence on the interplay between DNA and histone proteins. These modifications, including acetylation, methylation, and ubiquitination, modulate chromatin structure and function, ultimately impacting transcriptional processes. Among these modifications, acetylation has been extensively studied for its role in enhancing gene expression by neutralizing the positive charge of histones and promoting a more relaxed chromatin state. On the other hand, methylation of histones can either activate or repress gene expression depending on the specific residues and context involved. Furthermore, ubiquitination serves as a versatile modification that regulates various cellular processes, including DNA repair, transcriptional activation, and protein degradation (93). One intriguing area of research in the field of histone modifications is the development of therapeutic strategies targeting these epigenetic marks. Notably, the histone deacetylase inhibitor belinostat has emerged as a promising candidate for cancer treatment. Belinostat has demonstrated remarkable efficacy, particularly when combined with the PAC chemotherapy regimen, in patients with thymoma and thymic carcinoma. The objective response rates observed in these cohorts highlight the potential of targeting histone deacetylases as a viable therapeutic approach for these malignancies. In addition to its direct impact on chromatin remodeling and gene expression, belinostat has also been found to possess immunomodulatory properties. Studies have revealed that belinostat treatment leads to a reduction in regulatory T cells and exhaustion of CD8(+) T cells in the peripheral blood of patients. This observation suggests a potential link between epigenetic modifications and the immune microenvironment in thymic epithelial tumors (94).

Epigenetic modifications play a crucial role in the development and progression of thymic tumors. Dysregulation of DNA methylation, non-coding RNAs, and histone modifications leads to aberrant gene expression patterns, contributing to genomic instability, tumor suppressor gene silencing, and oncogene activation. Understanding the functional consequences of these epigenetic alterations is essential for elucidating the underlying mechanisms of thymic tumorigenesis and identifying potential therapeutic targets. Furthermore, integrating epigenetic biomarkers into clinical practice may facilitate personalized treatment approaches for patients with thymic tumors.





The tumor microenvironment

In the field of oncology, there has been a growing interest in investigating the tumor microenvironment (TME) and its potential response to ICIs targeting the PD1/PD-L1 interaction. Similar to highly heterogeneous tumors such as hepatocellular carcinoma and melanoma, delving into the complexities of the TME plays a pivotal role in assessing prognostic outcomes and the efficacy of immunotherapeutic interventions (95, 96). The components of the TME exert diverse influences on tumor progression and anti-tumor immune responses. Within the TME, dominant cellular subpopulations encompass diverse leukocyte lineages, including myeloid and lymphoid origins. Certain immune cells exert tumor-suppressive functions, while others act in a permissive manner, thus facilitating the coexistence of pro-tumoral inflammation and anti-tumor immune responses, establishing a dynamic equilibrium within the TME. The abundance and activation status of different cell populations determine the direction of this delicate balance. Firstly, T lymphocytes exhibit distinct levels of maturity and functional states across various histological subtypes, establishing themselves as the most abundant cellular subset in the TET tumor microenvironment. Notably, in type A, AB, B1, and B2 thymomas, a higher prevalence of immature T lymphocytes displaying dual positivity for CD4 and CD8 immune markers is observed. Conversely, type B3 thymomas and thymic carcinomas showcase a substantial infiltration of late-stage differentiated T cells, predominantly featuring either CD4 or CD8 single positivity, with a notable polarization towards a CD8 cytotoxic phenotype (97). Notably, research has revealed a compelling finding in type B3 thymomas and thymic carcinomas with CD4 and CD8 single-positive T cell characteristics. The administration of anti-PD-1 antibodies has been shown to enhance T cell cytokine production and cytotoxicity in these tumors, suggesting that type B3 thymomas and thymic carcinomas represent promising targets for anti-tumor immune therapy (98). Additionally, B cells demonstrate a subtype-specific distribution pattern, exhibiting a prominent enrichment in micronodular thymic neoplasms with follicular lymphoid hyperplasia. Within this subset, B cell presence is observed in micronodular thymoma with lymphoid B cell hyperplasia, as well as in micronodular carcinoma with lymphoid hyperplasia where they assemble into lymphoid aggregates with germinal centers (97). Dendritic cells, as specialized antigen-presenting cells in the immune system, play a crucial role in orchestrating the effective priming of CD8 T cells and generating soluble paracrine factors to recruit T cells into TME, thereby enhancing local cytotoxicity (99). Tumor-associated macrophages (TAMs) assume a crucial role within the tumor microenvironment, exerting dual influence on immunosuppression and tumor progression. These macrophages release a diverse repertoire of factors, including epidermal growth factor (EGF) and TGF-Β1, orchestrating cellular proliferation, survival, and extracellular matrix degradation, thereby facilitating invasive potential (100).

Moreover, TGF-Β acts as a pivotal player in the intricate immunoregulatory network. Its overexpression in advanced thymic carcinoma patients indicates its potential role in the pathogenesis of this malignancy, exerting negative modulation on cytotoxic CD8+ cells and promoting the activation of CD4+ regulatory T cells, thereby fostering self-tolerance and facilitating tumorigenesis (101). Previous research has identified that TGF-Β released from platelets plays a role in inhibiting NK cell activity upon intravital injection, contributing to distant metastasis (102). Furthermore, TETs exhibit distinct expression profiles of heat shock proteins, such as HSP27 and HSP70, which play a pivotal role in driving tumor progression through their pro-inflammatory and anti-apoptotic functions. Notably, a progressive reduction in the immunohistochemical expression of these heat shock proteins is observed across the spectrum from type A thymomas to thymic carcinomas, diverging from the trends observed in other malignancies. Conversely, an inverse correlation is observed in the serum concentration levels of these proteins. These intriguing findings position heat shock proteins as potential serum biomarkers for disease monitoring and promising targets for future immunotherapeutic approaches, particularly in conjunction with other therapeutic regimens (103). In addition, immunohistochemical analysis has confirmed the elevated expression of fibronectin B-domain in the stromal cells of TME, with particularly abundant expression observed in type B3 thymomas. The induction of fibronectin by thymoma-associated stromal cells leads to its transformation into the ED-B isoform, which represents a crucial step in tumor progression and metastasis (104).

In the field of oncology, the TET microenvironment and its potential responses to ICIs targeting PD1/PD-L1 interactions have recently garnered widespread attention. Immunohistochemical investigations have revealed the widespread presence of PD-L1 in the majority of TETs. Padda et al. reported PD-L1 overexpression in 68% of 69 TET patients (105). Similarly, Katsuya et al. demonstrated high PD-L1 expression in 70% of thymic carcinomas and 23% of thymomas within their cohort of 141 TET specimens (106). Consistently, Yokoyama et al. observed an elevation in PD-L1 expression in 80% of thymic carcinoma samples (107). However, the prognostic implications of PD-L1 expression remain contentious (105–107). Notably, PD-L1 and TMB have emerged as pivotal predictive factors for the response to ICIs (15). Giaccone et al. reported a modest response rate of 22.5% for the ICI pembrolizumab in thymic carcinoma, albeit accompanied by significant autoimmune toxicity affecting 15% of patients (108). Similarly, Cho et al. investigated the therapeutic efficacy of pembrolizumab in a cohort of 33 TET patients (comprising 7 thymomas and 26 thymic carcinomas), with an overall response rate of 21.2% (109).

Nevertheless, the use of ICI therapy in TETs has been associated with the emergence of severe toxic reactions, notably myocarditis, myositis/myalgia, transaminitis, and myasthenia gravis. In the context of thymic carcinoma, the administration of ICIs as monotherapy has shown a substantial occurrence rate of severe immune-related adverse events (IRAEs), ranging from 15% to 20% (108, 109). However, when avelumab and axitinib are combined, a relatively more tolerable profile of AEs is observed, with 12% of patients experiencing severe IRAEs, including instances of pneumonia and polymyositis (110). For patients with thymoma, the utilization of ICIs has been linked to a higher incidence (ranging from 38% to 71.4%) of severe and occasionally fatal immune-mediated toxic reactions (109, 111). Importantly, compared to other solid tumors treated with ICIs, TETs exhibit a distinct propensity for multi-organ involvement and treatment-resistant IRAEs. Consequently, a judicious approach to immune-based therapies is warranted in this patient cohort, even in cases of thymic carcinoma.

Studies investigating the potential of ICIs in TETs have examined PD‐L1 expression and genomic alterations as putative biomarkers for treatment response. Elevated PD-L1 expression has shown a positive correlation with a more favorable response to pembrolizumab (108, 109). Conversely, in patients with B3 thymoma and thymic carcinoma, although PD-L1 expression correlates positively with higher tumor TMB, it does not significantly impact the response rate to avelumab and axitinib (110). Noteworthy differences have been observed between patients with high PD‐L1 expression and those with low or no PD-L1 expression, where the latter group is more likely to harbor TP53 mutations, while patients with CYLD mutations exhibit elevated PD-L1 expression (108). Peripheral blood mononuclear cell analysis revealed that patients responding to avelumab have higher absolute lymphocyte counts and lower frequencies of B cells, regulatory T cells, conventional dendritic cells, and natural killer cells (111). These findings highlight the significance of immune cell characteristics both in the tumor microenvironment and peripheral blood. It is imperative to develop biomarkers for predicting the risk of IRAEs to ensure the judicious use of ICIs in this high-risk patient population.

In addition to PD-L1, Arbour et al. identified other immune co-stimulatory and co-inhibitory markers, such as TIM-3, CTLA-4, GITR, ICOS, and CD137, exhibiting high expression within the TET tumor microenvironment. These findings provide potential avenues for targeted therapeutic interventions (112).

Myasthenia gravis (MG) is an autoimmune disorder characterized by the production of self-directed antibodies against diverse targets at the neuromuscular junction. Approximately 30-40% of thymomas occur in patients with a specific type of MG known as thymoma-associated MG (TAMG) (113). The pathogenesis of TAMG hinges crucially on alterations in the tumor immune microenvironment, which disrupt central tolerance mechanisms and impede immune regulation. In particular, defective expression of the autoimmune regulator (AIRE) and the forebrain-expressed zinc finger 2 (Fezf2) has been observed in the majority of thymomas, potentially contributing to compromised negative selection of self-reactive T cells, as well as defective positive selection of immunosuppressive central regulatory T cells, thereby offering a partial explanation for the link between autoimmune diseases and thymomas (114). Apart from the downregulation of AIRE and Fezf2, other pivotal mechanisms in central immune tolerance disruption and predisposition to autoimmunity include perturbation of the normal thymic architecture and loss of expression of major histocompatibility complex (MHC) class II molecules in thymoma cells. Immune dysregulation fosters an abundance of lymphocytes in an immature state, which may serve as a reservoir for self-reactive cells upon entry into the bloodstream (115). TAMG is characterized by a microenvironment that facilitates the generation of autoantibodies, encompassing the formation of ectopic germinal centers, the accumulation of T follicular helper cells, and the migration of type 2 conventional dendritic cells (116). Transcriptomic analysis within the tumor revealed the upregulation of genes encoding medium-sized neurofilament (NEFM) and ryanodine receptor type 3 (RYR3), which share sequence similarities with major antigenic targets implicated in myasthenia gravis, such as acetylcholine receptor (AChR), titin, and ryanodine receptor type 1 and 2 (RYR1, RYR2). These findings suggest a potential role of a “molecular mimicry” mechanism in the development of myasthenia gravis in TAMG. Furthermore, autoimmune syndromes in TAMG patients may be linked to specific genomic alterations, as evidenced by a higher rate of aneuploidy (15).

Gaining a comprehensive understanding of the composition and dynamics of the TME not only sheds light on the mechanisms driving tumor progression but also reveals potential targets for therapeutic interventions. Moreover, this knowledge paves the way for the development of personalized treatment strategies tailored to the unique characteristics of individual TET patients. Thus, investigating the TME in TETs represents a crucial avenue for advancing our comprehension of these tumors and ultimately improving patient outcomes.





Conclusion

In this comprehensive review, we delve into the intricate landscape of TETs, covering chromosome abnormalities, molecular subtypes, gene mutation abnormalities, gene expression dysregulation, genetic rearrangements, epigenetic abnormalities, and the tumor microenvironment. Our synthesis of current knowledge and research findings significantly contributes to the understanding of TETs and underscores their clinical significance. The study of TETs holds paramount importance due to their rarity and heterogeneous clinical behavior. By unraveling the underlying mechanisms and molecular characteristics, we can enhance diagnostic precision, prognostic stratification, and personalized treatment modalities for TET patients. This review serves as a pivotal resource, consolidating existing evidence and catering to the needs of researchers, clinicians, and oncologists immersed in this field.

While this review presents a comprehensive synthesis of the molecular characteristics of TETs, it is essential to acknowledge the limitations inherent in the field and this review. The rarity of TETs inherently restricts the sample sizes of the discussed studies, potentially impacting the generalizability of certain findings. Additionally, we have not delved into potential discrepancies and conflicting results present in the literature, which may stem from differences in study design, methodologies utilized, or the inherent heterogeneity of TETs themselves. It is pertinent to note that, while encompassing a broad spectrum of molecular features, from chromosomal abnormalities to epigenetic changes, further exploration is needed to understand the relative importance and interplay of these features. Moreover, the strength of evidence varies across topics, with certain areas, such as the role of non-coding RNAs, necessitating additional studies for confirmation. Lastly, while touching upon potential therapeutic implications, the translation of these molecular insights into clinical practice is a complex process. Identifying robust therapeutic targets and devising effective treatment strategies remain daunting tasks. Integrating knowledge of genetic abnormalities, gene expression dysregulation, and the intricate interplay with the tumor microenvironment will be pivotal for designing novel therapeutic approaches. Multidisciplinary collaborations, encompassing oncology, pathology, genomics, immunology, and bioinformatics, will be instrumental in surmounting these challenges. Looking ahead, future TET research should prioritize several key areas. Large-scale collaborative endeavors are imperative to establish comprehensive datasets and bolster the statistical power of studies. Additionally, integrating multi-omics approaches, including genomics, transcriptomics, and epigenomics, can provide a holistic comprehension of TET biology, facilitating the identification of potential therapeutic targets. Furthermore, developing preclinical models that faithfully recapitulate TET characteristics will expedite the evaluation of novel treatment strategies and bridge the translational gap. For example, nomograms play a crucial role in predicting clinical outcomes in cancer, aiding in the enhancement of survival prognosis, and subsequently generating rational treatment strategies and recommendations (117–119).

In summary, this review sheds light on the unique molecular landscape of TETs, emphasizing the significance of unraveling TETs for refined diagnostics, prognostication, and therapeutic interventions. By addressing current challenges and embracing future research directions, significant advancements can be achieved in the field of TETs, ultimately enhancing patient outcomes and quality of life.
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Background

Lung adenocarcinoma (LUAD), the predominant subtype of non-small cell lung cancer (NSCLC), remains a pervasive global public health concern. Disulfidoptosis, a nascent form of regulated cell death (RCD), presents an emerging field of inquiry. Currently, investigations into disulfidoptosis are in their initial stages. Our undertaking sought to integrate single-cell RNA sequencing (scRNA-seq) in conjunction with traditional bulk RNA sequencing (bulk RNA-seq) methodologies, with the objective of delineating genes associated with disulfidoptosis and subsequently prognosticating the clinical outcomes of LUAD patients.





Methods

Initially, we conducted an in-depth examination of the cellular composition disparities existing between LUAD and normal samples using scRNA-seq data sourced from GSE149655. Simultaneously, we scrutinized the expression patterns of disulfidoptosis-associated gene sets across diverse cell types. Subsequently, leveraging the bulk RNA-seq data, we formulated disulfidoptosis-related prognostic risk signatures (DRPS) employing LASSO-Cox regression. This was accomplished by focusing on genes implicated in disulfidoptosis that exhibited differential expression within endothelial cells (ECs). Sequentially, the robustness and precision of the DRPS model were rigorously verified through both internal and external validation datasets. In parallel, we executed single-cell trajectory analysis to delve into the differentiation dynamics of ECs. Concluding our study, we undertook a comprehensive investigation encompassing various facets. These included comparative assessments of enrichment pathways, clinicopathological parameters, immune cell abundance, immune response-associated genes, impacts of immunotherapy, and drug predictions among distinct risk cohorts.





Results

The scrutiny of scRNA-seq data underscored discernible disparities in cellular composition between LUAD and normal samples. Furthermore, disulfidoptosis-associated genes exhibited marked discrepancies within endothelial cells (ECs). Consequently, we formulated the Disulfidoptosis-Related Prognostic Signature (DRPS) to facilitate prognostic prediction. The prognostic nomogram based on the risk score effectively demonstrated DRPS’s robust capacity to prognosticate survival outcomes. This assertion was corroborated by rigorous assessments utilizing both internal and external validation sets, thus affirming the commendable predictive accuracy and enduring stability of DRPS. Functional enrichment analysis shed light on the significant correlation of DRPS with pathways intrinsic to the cell cycle. Subsequent analysis unveiled correlations between DRPS and gene mutations characteristic of LUAD, as well as indications of an immunosuppressive status. Through drug prediction, we explored potential therapeutic agents for low-risk patients. Concluding our investigation, qRT-PCR experiments confirmed the heightened expression levels of EPHX1, LDHA, SHC1, MYO6, and TLE1 in lung cancer cell lines.





Keywords: lung adenocarcinoma, single-cell analysis, endothelial cells, disulfidptosis, prognostic risk signature, immune infiltration, drug prediction




1 Introduction

Lung adenocarcinoma (LUAD), a distinct subset within the non-small cell lung cancer (NSCLC) classification, currently stands as the most prevalent manifestation of lung malignancy, exhibiting a gradual upward trajectory in its prevalence in recent years (1, 2). Contemporary therapeutic approaches for managing LUAD encompass an array of modalities such as surgical intervention, chemotherapy, immunotherapy, and targeted therapy, deployed either singularly or in tandem contingent upon tumor characteristics (3). Nevertheless, the inconspicuous onset characteristic of LUAD often leads to delayed detection, consequently missing the critical window for prompt diagnosis and intervention (4). The paucity of requisite biomarkers for early-stage detection remains a formidable hurdle in the clinical diagnosis and therapeutic regimen of LUAD. Furthermore, the marked aggressiveness, drug resistance, proclivity for relapse, and evolvement of immune resistance collectively underpin the challenging nature of LUAD. Notwithstanding the remarkable strides attained in the clinical application of innovative interventions such as immunotherapy and targeted therapy, a substantial majority of advanced-stage LUAD patients continue to face a dire prognosis, with survival spans rarely extending beyond the 5-year mark (5, 6). Consequently, the identification of novel, exquisitely responsive biomarkers or therapeutic targets emerges as an imperative. This pursuit holds the potential to foster tailored treatment strategies, thereby mitigating the adverse effects associated with treatment regimens and potentially enhancing clinical efficacy.

Disulfidoptosis represents a newly characterized variant of regulated cell death (RCD), incited by the aberrant intracellular buildup of disulfides. (7). From a mechanistic standpoint, when cells experience glucose deprivation, the elevated expression of solute carrier family 7 member 11 induces a reduction in cytoplasmic levels of nicotinamide adenine dinucleotide phosphate. Consequently, this depletion leads to the accumulation of irreducible intracellular disulfide compounds, which subsequently initiates the formation of disulfide bonds between actin cytoskeletal proteins. Ultimately, this process results in the collapse of the actin filament network and ultimately triggers disulfide ptosis. (8). The distinctive morphological characteristics exhibited by disulfiprosis, which induce cellular demise through the alteration of cytoskeletal protein conformation, facilitate its clear differentiation from alternative types of regulated cell death (RCD) such as ferroptosis and copper-induced cell death (9, 10). Disulfidoptosis not only establishes a linkage between cellular metabolism and cellular destiny but also demonstrates a conspicuous association with the immune response within the tumor microenvironment (11, 12). Currently, inducing disulfidptosis of tumor cells is considered a promising therapeutic strategy. The investigation into disulfidptosis is still in its early stages, particularly with limited research on disulfidptosis and LUAD. Despite the availability of solely conventional bulk RNA sequencing (bulk RNA-seq) data, there is an opportunity to investigate the potential prognostic indicators of LUAD. For example, Cui Qi et al. Developed a predictive risk model using bulk RNA-seq data to illustrate the possible correlation between genes associated with disulfidptosis and the progression of lung adenocarcinoma (11). Nevertheless, LUAD is an intricately intricate and diverse solid neoplasm consisting of various cellular populations. The exclusive reliance on bulk RNA-seq for analysis will mask the precise details of individual cells, particularly in cases of LUAD with intricate heterogeneity (13). This problem has been addressed by the advent of scRNA-seq, a technique for sequencing RNA at the single-cell level. The single-cell RNA sequencing has offered unexpected fresh perspectives on the associated investigations of cancer development, tumor diversity, and tumor surroundings (14).

To commence, we embarked on an examination of the compositional constitution of lung adenocarcinoma (LUAD) utilizing a scRNA-seq dataset (GSE149655) sourced from the gene expression omnibus (GEO). The aim was to elucidate the inherent advantages conferred by single-cell sequencing techniques. Additionally, we scrutinized the prevalence of disulfidoptosis-related genes across diverse cell types for enrichment rationale. Pronounced disparities emerged in the expression profiles of genes implicated in disulfidoptosis within endothelial cells (ECs), discernibly demarcating tumor tissues from their normal counterparts. In parallel, capitalizing on the bulk RNA-seq dataset (TCGA-LUAD) procured from the cancer genome atlas (TCGA), we effectively identified a collection of nine genes displaying differential expression (DEGs) via the employment of LASSO-Cox regression. Subsequent to this, we adeptly formulated a prognostic signature (DRPS) intimately linked to the disulfidoptosis phenomenon. Extensive scrutiny ensued to delineate the nexus between DRPS and a spectrum of clinicopathological attributes, alongside the overarching survival outcomes (OS) among LUAD patients. Additionally, we delved into the mutation status of the nine genes implicated in disulfidoptosis within the context of LUAD. Validation of the prognostic risk signature was systematically executed across both internal and external validation cohorts. Furthermore, an auxiliary exploration was conducted to unveil the interplay between DRPS and the responsiveness to immunotherapy interventions. Our comprehensive research endeavor furnishes an enriched comprehension of disulfidoptosis-associated genes as potential harbors of prognostic insights and therapeutic targets within the LUAD landscape. In this vein, our findings present novel dimensions to the evaluation and strategic management of LUAD.




2 Materials and methods



2.1 Dataset collection and preprocessing

The single-cell RNA sequencing dataset (GSE149655) was obtained from the Gene Expression Omnibus (GEO) repository. From the TCGA and GEO databases, we acquired a large RNA-seq dataset (TCGA-LUAD, GSE68465, GSE50081, GSE37745, GSE31210, and GSE3141) specifically for LUAD. Samples without T stage, N stage, M stage, and clinical stage information were removed, as well as samples marked with survival time = 0. Thus we acquired 500 samples from TCGA-LUAD, 442 samples from GSE68465, 127 samples from GSE50081, 226 samples from GSE37745, 106 samples from GSE31210, and 111 samples from GSE3141. To confirm the association between prognostic characteristics and response to immune checkpoint inhibitors (ICIs), the IMvigor210 datasets were employed as validation sets. Gene read count values were also normalized for these patients. Publicly available data includes TCGA, GEO, and IMvigor210 datasets.




2.2 Single-cell sequencing data processing

To analyze single-cell transcriptomics data, we utilized the Seurat R package (v4.1.0). The function of Seurat, “NormalizeData” were used to normalize the counts of single-cell transcriptomics. The filter conditions were set as: 500 ≤ nCount_RNA ≤ 4000, 400 ≤ nFeature_RNA ≤ 10000, percent.mt ≤ 15, percent. Ribo ≤ 20. Lognormalize method was used to normalize the data. The dimensionality was reduced and the main cell clusters were found using the methods ‘RunPCA’, ‘FindNeighbors’, and ‘FindClusters’. The clustering parameter was set as 1.2. Subsequently, UMAP, a method called Uniform Manifold Approximation and Projection, is utilized to reduce the dimensionality of datasets and represent them in a lower-dimensional space (typically two or three dimensions) for visualization purposes. The annotation of single-cell RNA sequencing data obtained from the Gene Expression Omnibus (GEO) database was utilized to annotate the clusters of cells in the dataset GSE149655. For each cluster, the FindAllMarkers function was utilized to detect (DEGs) with a logic. threshold of 0.25. Identification of cell types was conducted by utilizing the differentially expressed genes (DEGs) within each cluster and subsequently verified through manual examination, as outlined in a prior investigation.




2.3 Score according to the disulfidptosis-related gene set

We curated a collection of 32 disulfidoptosis-related genes, integral to cancer research, constituting the disulfidoptosis-related gene set. Leveraging the GSE149655 dataset, we harnessed algorithms including AUCell, Ucell, singscore, ssGSEA, and AddModuleScore (Add) to compute gene set scores for the disulfidoptosis-related gene sets (15, 16). Subsequently, the outcomes of these five gene set scores were amalgamated and standardized for the purpose of Scoring analysis. Differences pertaining to six distinct cell types across tumor and normal tissues were visually presented through the utilization of the ggplot2 R package (version 3.3.5).




2.4 Intercellular communication

To elucidate the intercellular interaction networks, we employed the CellChat tool (version 1.1.3). Specifically, we employed the ‘AggregateNet’ feature of CellChat, which integrates diverse cellular communication networks. These networks encompass various cell types, including epithelial cells, NK cells, T cells, macrophages, endothelial cells (ECs), and smooth muscle cells.To examine the signaling pathways within the intercellular communication network, we employed the “netVisual_aggregate” function provided by CellChat. This function allowed us to compute and visualize the inherent signaling pathways. Furthermore, to determine the significance of specific cell types within the tissue microenvironment, we used the “netAnalysis_computeCentrality” function in CellChat. This function enabled us to calculate centrality scores, providing insights into the predominant signaling roles of distinct cell types.




2.5 Creation and verification of a prognostic risk signature

The test set includes the TCGA-LUAD dataset. Internal validation sets encompass GSE68465, GSE5008, GSE3774, GSE31210, and GSE3141, while IMvigor210 serves as an external validation set. These datasets collectively underpin our model’s assessment. The investigation dataset aids in identifying disulfidoptosis-associated genes and crafting prognostic risk signatures. To prevent overfitting, we employ the LASSO penalized Cox proportional hazards regression technique via the glmnet R package. Our signature is determined using a penalty parameter (λ), assessed through ten-fold cross-validation against stringent criteria. We compute patient risk scores using gene expression levels and their corresponding coefficients. These scores are the sum of gene expression values multiplied by their coefficients (β). Patients are categorized into high- or low-risk groups based on median risk scores. We then conduct a Kaplan-Meier analysis to compare overall survival curves between these groups. Additionally, we employ time-dependent ROC analysis to illustrate survival rates at 1, 3, and 5 years. The Area Under the Curve (AUC) quantifies the signature’s predictive ability.




2.6 Univariate and multivariate Cox regression analysis

Cox regression analysis was performed to ascertain whether the risk score held standalone prognostic significance. Univariate Cox regression analysis encompassed variables including age, gender, tumor grade, TNM stage, and risk score. Significant factors thus identified were subsequently integrated into the multivariate Cox regression analysis, adjusting for potential confounders and covariates to assess the independent prognostic significance of each variable. To summarize the outcomes, we presented the results in a forest plot, which provides a concise overview of the impact of each variable on patient prognosis.




2.7 Analyses of clinical correlations

Clinical correlation analysis was undertaken across diverse patient cohorts to glean insights into the interplay between the risk score and clinical characteristics. For the assessment of attributes’ sensitivity and specificity, the survivalROC R package was harnessed to construct ROC curves and ascertain the associated AUC values. Capitalizing on both the risk score and clinical attributes, a nomogram for LUAD was meticulously formulated using the ‘rms’ script.




2.8 Correlation between DRPS and clinicopathological features

Clinical correlation analysis was conducted on various patient groups to enhance comprehension of the association between DRPS and clinical characteristics. Moreover, the integration of DRPS with other clinical parameters and biomarkers may be necessary for enhancing predictive accuracy and clinical applicability in the context of its implementation in clinical practice.




2.9 Functional enrichment analysis

Utilizing the limma R package, we extracted the differentially expressed genes (DEGs) within the TCGA-LUAD dataset by contrasting the high-risk and low-risk groups. To evaluate the functional enrichment of these DEGs, we carried out stepwise analyses involving both Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) databases. Furthermore, we subjected the enrichment outcomes of the nine prognostic genes to gene set variation analysis (GSVA). To this end, we accessed the h.all.v7.1.symbols Oncogenic Signature Pathway Gene Set, sourced from the MSigDB database.




2.10 Gene mutation and DNA damage repair

We utilized the maftools R package to examine nine genes associated with prognosis using TCGA’s somatic mutation data (PMC5982584). We explored the impact of these nine genes on oncogenic pathways, copy number variation (CNV) status, and associations between DNA damage measures and survival risk scores. In addition, we analyzed mutual co-occurrence or exclusive mutations among the top 19 mutated genes. atlas provides a comprehensive examination of DDR deficiencies in various types of cancer (17). We utilized this source to investigate various markers of genetic instability, such as the rate of mutations that cause changes in protein coding, count of genomic segments, proportion of altered genetic material, deficiencies in homologous recombination, and a score indicating abnormal chromosome numbers.




2.11 Immune status assessment and immune microenvironment analysis

The ESTIMATE algorithm was employed to evaluate the infiltration of stromal and immune microenvironment based on gene transcriptome information. Using the TCGA-LUAD dataset, we employed the CIBERSORT algorithm to examine the immune infiltration of tumors in the high- and low-risk groups. Additionally, we utilized the ESTIMATE algorithm to assess the proportion of immune stromal components in the high- and low-risk groups. We investigated the expression of inhibitory receptors and ligands of immune cells in high- and low-risk groups using the Spearmen’s correlation test. Using the TIDE algorithm, we evaluated the potential for tumor immune escape by analyzing the gene expression profiles of both high- and low-risk groups.




2.12 Immune response analysis

The IMvigor210 datasets were used as external validation sets for the correlation between prognostic features and treatment response to ICIs, including differences in efficacy and survival outcomes. The effectiveness of ICIs was assessed based on the Response Evaluation Criteria in Solid Tumors (RECIST) guidelines. Patients who showed complete response (CR) or partial response (PR) were referred to as responders, whereas patients with stable disease (SD) or progressive disease (PD) were classified as non-responders.




2.13 Single-cell trajectory analysis

We examined the trajectories of endothelial cells (ECs) within scRNA-seq data through the creation of pseudo-temporal developmental trajectories using Monocle2 (version 2.22.0) (13). The alterations in expression levels of prognostic genes along the pseudo-temporal developmental direction were visualized using heatmaps.




2.14 Drug prediction

In order to identify appropriate chemotherapy medications for low-risk patients, we conducted a thorough investigation utilizing the Cancer Genome Project (CGP) database. This database provided valuable information regarding various chemotherapy medications. We meticulously assessed the response to chemotherapy in both low-risk and high-risk patient groups. To further enhance our predictive capabilities, we leveraged the pRRophetic R package. Using this powerful computational tool, we accurately predicted the IC50 values of chemotherapeutic drugs for each individual patient. This gave us valuable insights into the potential efficacy of different chemotherapy treatments. Based on these comprehensive analyses, we recommended specific drugs or drug classes for low-risk patients.




2.15 Verification of DRPS

To confirm the levels of gene expression of DRPS in tumor and normal cells, we utilized quantitative real-time polymerase chain reaction (qRT-PCR). Procell (Wuhan Procell Life Science and Technology Co. Ltd., Wuhan, China) supplied two variants of non-small cell lung cancer cells (A549 and H1299) and one variant of normal lung epithelial cell (BEAS-2B). Every cell line was grown in its specific culture medium provided by Wuhan Procell Life Science and Technology Co. Ltd., located in Wuhan, China. The cells were grown in RPMI-1640 (Gibco-BRL) medium, which was enriched with 10% fetal bovine serum (Bioserum), 100 U/mL penicillin G, and 100 μg/mL streptomycin.AG RNAex Pro reagent (Accurate Biology) was used to extract total RNA from BEAS-2B, A549, and H1299. The reverse transcriptase reaction was performed using the Evo M-MLV RT Mix Tracking Kit from Accurate Biology, and detection was carried out using SYBR-Green, also from Accurate Biology. GAPDH was used to normalize the mRNA expression levels of TLE1, LDHA, SHC1, EMC6, HTATIP2, JAG1, EPHX1, MYO6, and HERPUD1. The LDHA primers used were ATGGCAACTCTAAAGGATCAGC (forward primer) and CCAACCCCAACAACTGTAATCT (reverse primer); the SHC1 primers used were GCCAAAGACCCTGTGAATCAG (forward primer) and GTATTGTTTGAAGCGCAACTCG (reverse primer); the EPHX1 primers used were CTTTGCCATCTACTGGTTCATCT (forward primer) and TCTCCTCATCTGACGTTTCCA (reverse primer); the MYO6 primers used were TATTGTGGATATTGGCCCCGA (forward primer) and TGGATTCACTGCAATCAGAATGT (reverse primer); the TLE1 primers used were GAGTCCCTGGACCGGATTAAA (forward primer) and AATACATCACATAGTGCCTCTGC (reverse  primer); and the GAPDH primers used were ACCCACTCCTCCACCTGA (forward primer) and TCCACCACCCTGTTGCTGTA (reverse primer).Calculate the fold difference for each group using normalized CT values.




2.16 LDHA knockdown and cell proliferation assay

Cell Counting Kit-8 was purchased from Med Chem Express, Cat. No.: HY-K0301. LDHA antibody was acquired from abcam, Cat. No.: ab300637. siLDHA was designed via http://sidirect2.rnai.jp/, with LDHA siRNA1: 21nt guide (5’→3’) UUAUCAGUCCCUAAAUCUGGG and 21nt passenger (5’→3’) CAGAUUUAGGGACUGAUAAAG; LDHA siRNA2: 21nt guide (5’→3’) UUCCUUAUCUUUAUCAGUCCC and 21nt passenger (5’→3’) GACUGAUAAAGAUAAGGAACAC.




2.17 Statistical analysis

All bioinformatic analyses were performed using R 4.0.3. Cox regression analysis was utilized to compare the K-M survival curve. The Wilcoxon rank sum test was used to compare the variation in expression levels between groups. Correlation analysis involved the utilization of Pearson correlation. Values with r greater than 0.1 were regarded as relevant, while those with P less than 0.05 were considered statistically significant. In this study, the symbols ‘*’, ‘**’, and ‘***’ were used to represent statistical significance levels of P < 0.05, P < 0.01, and P < 0.001, respectively.





3 Results



3.1 Single-cell sequencing analysis

Inceptionally, we scrutinized the disparities in composition between samples afflicted with Lung Adenocarcinoma (LUAD) and their corresponding healthy counterparts via scRNA-seq datasets. The dataset GSE149655 encompasses singular-cell sequencing data procured from tumor lesion tissue and its distal normal lung tissue counterpart, harvested from treatment-naïve LUAD patients. In the preliminary phase, we executed dimensionality reduction, clustering, and the visualization of GSE149655, employing the Seurat R package and the UMAP algorithm. This comprehensive analysis unveiled the discernment of 17 distinct clusters within the specimen (Figure 1A). These clusters were subsequently categorized into six distinct cell types, precisely: epithelial cells, Natural Killer (NK) cells, T cells, macrophages, endothelial cells (ECs), and smooth muscle cells. Such classification was founded upon the gene expression profiles inherently exhibited by the cells within each designated cluster (Figures 1B–D).




Figure 1 | Analysis utilizing single-cell sequencing. (A) Unified Manifold Approximation and Projection (UMAP) depictions demonstrating the outcomes of dimensionality reduction and clustering. (B, C) Graphical representations illustrating the mean expression levels and relative prevalence of marker genes within the 17 discerned clusters. (D) UMAP plots elucidating the six distinct cell types, namely epithelial cells, Natural Killer (NK) cells, T cells, macrophages, endothelial cells (ECs), and smooth muscle cells.






3.2 Cell scoring algorithm based on disulfidptosis-related genes

In order to scrutinize the potential correlation between these cellular entities and disulfide-mediated apoptosis (disulfidptosis), an assessment was conducted to evaluate the degree of enrichment pertaining to gene sets related to disulfidptosis across the aforementioned six distinct cell types. This evaluation was executed utilizing five distinct gene set scoring algorithms, namely AUCell, UCell, singscore, ssGSEA, and Add (Figure 2A). The subsequent phase involved the amalgamation and normalization of the aforementioned scoring outcomes, as visualized in Figure 2B. The heatmap representation facilitated the observation of the expression patterns of genes associated with disulfidptosis within the aforementioned six cell types (Figure 2C). Ultimately, discernment emerged, showcasing that gene sets correlated with disulfidptosis exhibited a notable enrichment pattern within epithelial cells and endothelial cells (ECs) situated within tumor tissues, alongside macrophages present within normal tissues (Figure 2D). It is noteworthy to emphasize the pivotal role assumed by ECs in the context of tumor development (18, 19). Further investigations, utilizing the CellChat tool, unearthed substantial disparities inherent in the intercellular communication network between normal and tumor tissues (Figure 2E). These findings pointed towards noteworthy alterations in both the strength of interactions and the composition of cell types involved.




Figure 2 | Cell scoring algorithm based on disulfidptosis-related genes. (A) Violin plots depicting the enrichment status of disulfidptosis-related gene sets within six distinct cell types situated in both tumor and normal tissues. This assessment is executed employing diverse gene set scoring algorithms. (B) Violin plots elucidating the amalgamated and standardized outcomes stemming from the utilization of the five gene set scoring algorithms. (C) A heatmap representation, visualizing the expression levels of genes linked with disulfidptosis across the spectrum of six cell types. (D) Violin plots illustrating the disparities within Scoring scores for gene sets correlated with disulfidptosis within the context of the six cell types, differentiating between tumor and normal tissues (*p< 0.05 and ****p<0.0001). (E) Depiction of a cell-cell interaction network. The colors of arrows and edges provide directional cues. The thickness of edges denotes the magnitude of interactions between cell groups. Loops signify autocrine circuits.






3.3 Validation and creation of a prognostic signature associated with disulfidptosis

The interplay between tumor cells and ECs results in vasculature formation, a pivotal factor in tumor initiation and advancement. Moreover, EC-driven metabolic pathways effectively meet the escalated energy demands of tumors, thus facilitating swift tumor proliferation. (20). Consequently, for a deeper exploration of disulfidptosis, we focused on ECs. We initiated our investigation by conducting a differential analysis of endothelial cell subpopulations between tumor and normal tissues, employing GSE149655, which yielded 1713 DEGs. To assess the potential impact of these disulfidptosis-related genes on the survival outcomes of LUAD patients, we leveraged the TCGA-LUAD dataset to execute univariate Cox regression analysis on the intersecting genes. As demonstrated in Figure 3A, a noteworthy correlation was identified between 256 disulfidptosis-related genes and Overall Survival (OS) in LUAD patients.




Figure 3 | Construction and validation of disulfidptosis-related prognostic model. (A) Volcano plot illustrating the results of univariate Cox regression analysis for the intersecting genes. (B, C) Nine disulfidptosis-related genes exhibiting the strongest associations with survival status, identified via LASSO-Cox regression. (D) LASSO-Cox regression coefficients representing the nine identified genes.



Subsequently, through the application of LASSO-Cox regression, we successfully identified a cluster of nine genes that collectively constitute a disulfidptosis-associated prognostic signature (DRPS). These genes consist of TLE1, LDHA, SHC1, EMC6, HTATIP2, JAG1, EPHX1, MYO6, and HERPUD1, as visually depicted in Figure 3B. The corresponding LASSO-Cox regression coefficients affiliated with these nine genes are visually summarized in Figure 3C. Within this gene ensemble, TLE1, LDHA, SHC1, EMC6, HTATIP2, and JAG1 were discerned as unfavorable prognostic biomarkers (cox coefficient > 1), whereas EPHX1, MYO6, and HERPUD1 manifested as favorable prognostic biomarkers (cox coefficient < 1), as illustrated in Figure 3D.

Next, the risk score for every cancer sample was computed utilizing the subsequent equation: riskscore=(0.386×TLE1exp.)+ (0.321 × LDHA exp.)+ (0.309 × SHC1 exp.)+ (0.253× EMC6 exp.)+ (0.213 × HTATIP2exp.)+ (0.752 ×JAG1 exp.)+(-0.121 × EPHX1 exp.)+ (-0.203× MYO6 exp.)+ (-0.304 × HERPUD1 exp.). Based on this equation, it becomes feasible to compute an individual risk score for each patient. Subsequently, patients within distinct cohorts can be segregated into high- and low-risk categories based on the median value. Kaplan-Meier survival curves eloquently depicted that individuals situated in the high-risk cohort exhibited notably inferior OS outcomes compared to their counterparts in the low-risk cohort (p < 0.001). (Figure 4A). We evaluated the predictive capacity of our developed features using a time-dependent ROC analysis. The AUC values for 1-, 3-, and 5-year survival rates were 0.76, 0.73, and 0.70, respectively (Figure 4A). Additionally, we assessed the stability of the prognostic risk features across five internal validation sets: GSE68465, GSE50081, GSE37745, GSE31210, and GSE3141. The outcomes revealed a substantial discrepancy in Overall Survival (OS) between patients categorized as high-risk and those designated as low-risk (p=0.00059, p=0.0031, p=0.00075, p<0.0001, and p=0.0012) (Figures 4B–F). The AUC for the GSE68465 risk profile stood at 0.76 for 1 year, 0.67 for 3 years, and 0.62 for 5 years (Figure 4B). Correspondingly, the AUC for the GSE50081 risk profile was 0.61 for 1 year, 0.65 for 3 years, and 0.66 for 5 years (Figure 4C). The GSE37745 risk profile exhibited an AUC of 0.56 for 1 year, 0.69 for 3 years, and 0.67 for 5 years (Figure 4D). On the other hand, the GSE31210 risk profile demonstrated an impressive AUC of 0.92 for 1 year, 0.77 for 3 years, and 0.82 for 5 years (Figure 4E). Similarly, the GSE3141 risk profile showcased an AUC of 0.60 for 1 year, 0.72 for 3 years, and 0.83 for 5 years (Figure 4F). Notably, these internal validation sets consistently exhibited commendable AUC performance (Figures 4B–F).




Figure 4 | Validation of the risk signature. (A–F) Kaplan-Meier analysis demonstrating the Overall Survival (OS) disparity between high- and low-risk groups across the TCGA-LUAD, GSE68465, GSE50081, GSE37745, GSE31210, and GSE3141 datasets. Corresponding datasets were utilized for ROC analysis to gauge predictive efficiency.






3.4 Independent analysis of prognostic and clinicopathological features

We assessed the predictive significance of DRPS and various clinical factors using both univariate and multivariate Cox regression analysis. The prognosis of LUAD was significantly associated with tumor stage, T stage, N stage, and risk score according to the results of univariate Cox regression analysis (Figure 5A). The risk score remained an independent prognostic factor in LUAD patients, as demonstrated by multivariate Cox regression analysis (Figure 5B). Using clinical data from the TCGA-LUAD dataset, we created a nomogram that displays scores and clinical variables based on DRPS (Figure 5C). The calibration curves further revealed satisfactory concordance between observed and projected survival rates at 1-, 3-, and 5-year intervals. (Figure 5D). For a more comprehensive assessment of the nomogram’s effectiveness, we juxtaposed it with other prognostic variables. The decision curve analysis demonstrated that our nomogram yielded the most favorable net benefit in comparison to the clinical factors. (Figure 5E). Furthermore, ROC curves illustrated that the Area Under the Curve (AUC) of both the nomogram and risk score outperformed other clinical attributes, reaching the highest values (Figure 5F). After a more in-depth investigation and examination of the clinicopathological features of LUAD patients in the TCGA dataset, the differences between the high-risk score group and the low-risk score group in terms of gender, T stage, N stage, M stage, tumor stage, and age were as follows: There were no significant disparities in gender, T stage, M stage, and age (Figures 6A, B, D, F), but there were notable differences in the N stage and tumor stage (Figures 6C, E).




Figure 5 | Independent prognostic analysis of DRPS. (A, B) Univariate and multivariate Cox analyses were conducted to assess the independence of risk score and clinicopathological attributes. (C) Construction of nomograms integrating risk scores and clinical variables to predict 1-, 2-, and 5-year survival. (D) Calibration curves gauging the alignment between observed outcomes and the predicted outcomes at 1-, 2-, and 5-year intervals. (E) Decision curve plot showcasing normalized net benefit: the y-axis represents standardized net benefit, while the x-axis delineates the threshold probability spectrum. (F) AUC values for nomogram, risk score, and each clinical feature.






Figure 6 | Clinicopathologic characteristics analysis. (A–F) The interrelations between risk signature and clinicopathologic parameters, encompassing gender, T stage, N stage, M stage, tumor stage, and age.






3.5 Functional analysis

To explore DRPS-related biological functions and pathways, we detected DEGs between high- and low-risk groups, resulting in 610 DEGs (Figure 7A). Subsequently, we performed GO and KEGG enrichment analysis on these DEGs. The analysis revealed significant enrichment in cell cycle-related pathways like nuclear division and chromosome segregation (Figures 7B, C). Additionally, we conducted GSVA enrichment analysis for the nine prognostic genes. The analysis indicated strong associations of these genes with signaling pathways including huntington’s disease, propanoate metabolism, oxidative phosphorylation, metabolism, cell cycle, and the p53 signaling pathway (Figure 7D). Expression patterns of these prognostic genes within these pathways were depicted using a heatmap (Figure 7E).




Figure 7 | Functional analysis. (A) Volcano plot depicting DEGs between high- and low-risk groups. Red indicates up-regulated genes, blue indicates down-regulated genes, and gray indicates genes with no significant difference. (B) Histogram presenting the outcomes of GO enrichment analysis. (C) Histogram presenting the results of KEGG-based enrichment analysis. (D) Heatmap illustrating the relationship between prognostic genes and hallmark pathways (*p < 0.05; **p < 0.01; ***p < 0.001). (E) Heatmap displaying the expression levels of prognostic genes within hallmark pathways.






3.6 Mutation frequency and instability measures of prognostic genes

To gain deeper insights into the mechanistic underpinnings through which the DRPS risk score signature effectively gauges patient prognosis, we delved into the mutational landscape of the nine prognostic genes. Employing the Maftools R package, we scrutinized the mutation status of these genes, and the analysis revealed several intriguing findings (Figure 8A). Among the identified mutations, we observed that the five most commonly mutated genes were JAG1, EPHX1, MYO6, TLE1, and LDHA. These mutations highlight the potential relevance of these genes in the context of LUAD. Additionally, we investigated Copy Number Variation (CNV) events within the nine prognostic genes and found that SHC1 exhibited significant CNV gain, while MYO6 and EMC6 displayed noteworthy CNV loss (Figure 8B).Upon assessing the co-occurrence and mutually exclusive interactions among the top 19 mutated genes within the high- and low-risk groups, we observed a prevalent pattern of gene mutation co-occurrence involving numerous genes. Notably, the most prominent of these interactions was the mutual exclusion between TP53 and KRAS mutations, as prominently depicted in Figure 8C. This observation could have important implications for understanding tumor biology and treatment response in LUAD. The recurrent mutations in the TP53 gene, which serve as a hallmark of LUAD and signify elevated genome instability, were also noteworthy. These mutations may contribute to tumor development and progression, potentially affecting patient prognosis and treatment outcomes. (6, 21). Taking into account the fact that increased tumor mutational burden in hereditary LUAD isn’t linked with heightened immune activity in the tumor microenvironment, our exploration extended to other indicators of instability that could impact the immune response in LUAD. Utilizing iAtlas, we delved into various markers of genomic instability within LUAD. Interestingly, our findings unveiled a positive correlation between LDHA, SHC1, and MYO6 with aneuploidy score, while JAG1 and HERPUD1 displayed a negative correlation (Figure 8D). SHC1, TLE1, and EMC6 displayed positive correlations with homologous recombination defects and nonsilent mutation rate, whereas JAG1, EPHX1, and HERPUD1 exhibited significant negative correlations with these factors (Figure 8D). Furthermore, in terms of fraction altered, SHC1, HTATIP2, MYO6, and EMC6 demonstrated positive correlations, while JAG1 and EPHX1 displayed significant negative correlations (Figure 8D). Similarly, SHC1, HTATIP2, and EMC6 exhibited positive correlations with the number of segments, whereas JAG1 and EPHX1 displayed significant negative correlations (Figure 8D).




Figure 8 | Mutation frequency and instability measures of prognostic genes. (A) Waterfall plot illustrating mutations within prognostic genes. (B) Heatmap showcasing co-occurrence and mutually exclusive mutations among differentially mutated genes (*p < 0.01 and p < 0.05). (C) Frequencies of CNV gain, loss, and non-CNV genes derived from LASSO regression. (D) Associations between DNA damage metrics and prognostic genes across various genes. Heatmap presenting instability measures of prognostic genes for TCGA-LUAD (*p < 0.05, **p < 0.01, and ***p < 0.001).



These findings collectively suggest a link between genomic instability and patients’ survival risk scores. However, the relationship between measures of genomic instability and tumor immune activity is intricate and necessitates further exploration.




3.7 Immune landscape analysis

To elucidate the intricate relationship between DRPS and the tumor microenvironment, we leveraged the ESTIMATE algorithm to assess the influence of the nine prognostic genes. The outcomes underscored the positive correlation of JAG1 and HERPUD1 with StromalScore, ImmuneScore, and ESTIMATEScore. Conversely, EPHX1, HTATIP2, and EMC6 demonstrated negative correlations with these scores (Figures 9A, B). Furthermore, SHC1 exhibited a notable negative correlation with ImmuneScore and ESTIMATEScore (Figure 9B). Intriguingly, our investigation revealed that individuals categorized in the low-risk group exhibited greater tumor purity in comparison to those in the high-risk group. Moreover, the proportions of immune cells and stromal cells within tumors of low-risk group patients surpassed those in the high-risk group (Figure 10B). Given the pivotal role of immune score in prognosis assessment, we conducted an in-depth investigation to ascertain whether the survival discrepancy between high-risk and low-risk patients could be attributed to the immune microenvironment within tumors. Consequently, we scrutinized the infiltration of 28 distinct immune cell types across the immune microenvironment in tumors from both high- and low-risk patient groups. The findings unveiled that compared to the low-risk group, individuals in the high-risk group exhibited diminished counts of activated B cells, NK cells, eosinophils, mast cells, monocytes, and plasmacytoid dendritic cells within their tumors. Conversely, the high-risk group displayed heightened presence of cells like activated CD4 T cells, dendritic cells, and neutrophils (Figure 10A). The majority of functional immune cell infiltrations were observed within the low-risk group (Figure 10A), indicative of an association between the risk score and the immune microenvironment. Additionally, our findings indicated that in the high-risk group, the expression of immune suppression-related genes such as CD276, CD70, CD80, and TNFSF9 was significantly elevated compared to the low-risk group. Conversely, the high-risk group displayed decreased expression of immune activation-related genes like CD28, CD48, TNFSF14, and others (Figure 10C). This holds promise for predicting potentially responsive drugs in high-risk patients. The tumor immune response stands pivotal in immunotherapy. Given the positive correlation between the TIDE predictive score and tumor immune evasion, the TIDE prediction score emerges as an effective tool for evaluating tumor immune escape within high- and low-risk groups. In the TCGA-LUAD dataset, we observed that the TIDE score was notably higher in the high-risk score group than in the low-risk score group (Figure 10D). Meanwhile, aside from Interferon gamma (IFNG) which showed no significant difference between the two groups (Figure 10E), there were distinct disparities between the groups in terms of T cell dysfunction score, T cell exclusion score, TAM M2, and MDSC cell proportions (Figures 10F–I). These collective findings suggest that patients with a high-risk score may have limited benefits from immunotherapy.




Figure 9 | TumorPurity analysis. (A) Correlations between gene expression levels and ImmuneScore. (B) Correlations of the nine prognostic genes with ImmuneScore, StromalScore, and ESTIMATEScore (*p < 0.05, **p < 0.01, and ***p < 0.001).






Figure 10 | Immune landscape analysis. (A) Boxplot illustrating scores of 28 immune cell types between high- and low-risk groups. (B) Boxplot demonstrating ImmuneScore, StromalScore, and ESTIMATEScore differences between high- and low-risk groups. (C) Boxplot depicting the expression variation of immune-related genes between high- and low-risk groups. (D–I) Boxplots illustrating differences in TIDE, IFNG, T cell dysfunction score, T cell exclusion score, TAM M2, and MDSC cell proportions between high- and low-risk groups (*p < 0.05, **p < 0.01, and ***p < 0.001).






3.8 Predictive value of DRPS in immunotherapy

To bolster the robustness of DRPS’s predictive potential, we subjected it to external validation using the IMvigor210 dataset to assess patients’ responsiveness to immunotherapy. This validation aligns with prior findings, as the Kaplan-Meier analysis once again affirmed that individuals in the high-risk group faced less favorable overall survival (OS) in contrast to those in the low-risk group (Figure 11A). Furthermore, our investigation unveiled that patients who exhibited positive responses to immunotherapy (CR/PR) demonstrated notably lower risk scores in comparison to those who did not respond as favorably (SD/PD) (Figure 11B). As illustrated in Figure 11C, the response rate to immunotherapy was significantly higher within the low-risk group than in the high-risk group (31% versus 15%, respectively). In addition, for a more comprehensive assessment of DRPS's predictive capabilities, we conducted Kaplan-Meier analysis on patients with clinical stages I-II (Figure 11D). This not only further reinforces the resilience of DRPS but also underscores its substantial predictive utility in guiding clinical treatment decisions.




Figure 11 | Predictive value of DRPS in immunotherapy. (A–C) Investigating the efficacy of DRPS as a predictive indicator for immunotherapy using the Imvigor210 dataset. (D) Based on the IMvigor210 dataset, Kaplan-Meier analysis was performed on the risk scores of clinical stages I and stages II patients. (***p < 0.001).






3.9 Pseudotime analysis

To unravel the malignant evolution pattern of endothelial cells (ECs) within LUAD, we harnessed the Monocle R package for cell trajectory analysis. Illustrated in Figure 12A are the cell trajectories for fourteen distinct endothelial cell clusters, and the trajectory orientation dictated by unsupervised pseudotime. This arrangement facilitated the identification of branch points, multiple branches, and nodes that permeate developmental trajectories, where cells within the same branch reflected a shared state (Figure 12A). This progressive process depicts the transformation of normal ECs into characteristic malignant ECs characteristic of LUAD. Concurrently, alterations in the expression levels of the nine prognostic genes transpired over pseudotime across various cell clusters. Specifically, along the trajectory of pseudotime progression, LDHA, EPHX1, and SHC1 exhibited gradual increases in expression, while EMC6, HTATIP2, TLE1, MYO6, and JAG1 demonstrated diminishing expressions (Figure 12B). Expanding our analysis to a single-cell RNA-seq dataset (GSE149655), we juxtaposed the expression disparities of the nine prognostic genes in ECs between tumor tissues and normal tissues. Notably, LDHA, SHC1, and EPHX1 exhibited heightened expression levels in tumor tissues, while MYO6 and TLE1 displayed diminished expression compared to normal tissues (Figure 12C).




Figure 12 | Pseudotime analysis. (A) Cellular trajectories for fourteen distinct endothelial cell subsets. Each dot corresponds to a cell, while the black line denotes the slingshot trajectory. (B) Heatmap visualizing the expression of the nine prognostic genes (log-normalized counts, represented by color) categorized by respective pseudotimes and cell clusters. (C) Violin plot illustrating the expression variance of the nine prognostic genes in endothelial cells (ECs) between tumor tissue and normal tissue.






3.10 Drug prediction and qRT-PCR validation

We employed the CGP database and the pRRophetic R package to anticipate the clinical responses of high- and low-risk patients to a variety of compounds (Figure 13A). Applying the criteria of P < 0.05 and FDR > 0.05, we identified four compounds: Shikonin, JNK.9L, AZD6244, and Nilotinib, which emerged as sensitive drugs within the low-risk population (Figure 13B). To reinforce the validity of our analysis, we assessed the expression levels of the nine prognostic genes in human non-small cell lung cancer cells (A549 and H1299) as well as human normal lung epithelial cells (BEAS-2B). The qRT-PCR results unveiled heightened expressions of EPHX1, LDHA, and SHC1 in A549 and H1299, whereas MYO6 and TLE1 exhibited lower expressions in A549 and H1299 when compared to BEAS-2B (Figures 14A–E). This outcome concurs with the trends identified in our prior analyses.




Figure 13 | Drug prediction and qRT-PCR validation. (A) Histogram depicting the ratio of the median estimated IC50 of the high-risk group to that of the low-risk group for each compound. (B) Boxplot illustrating the IC50 profiles of the four compounds across the high- and low-risk groups.






Figure 14 | (A–E) Histograms presenting qRT-PCR outcomes for EPHX1, LDHA, SHC1, MYO6, and TLE1, respectively. (*p < 0.05, **p < 0.01 and ***p < 0.001).






3.11 Validation and impact of LDHA knockdown on cellular proliferation

To further verify the validity of our model, we designed small interfering RNA for LDHA and ascertained its ability to effectively knock down the target protein in A549, H1299 cells, (Figure 15A). Subsequently, a CCK8 assay was conducted, and the results of the experiment showed that the cellular proliferative vitality in the LDNA knockdown group was significantly inhibited, (Figures 15B, C).




Figure 15 | Knockdown of LDHA protein on cell proliferation viability. (A) Effective Knockdown of LDHA Protein in A549, H1299 Cells via siRNA. (B, C) Inhibition of Cellular Proliferative Vitality in LDNA Knockdown Group by CCK8 Assay.







4 Discussion

Lung adenocarcinoma (LUAD) stands as one of the most widespread malignancies across the globe. The clinical implementation of targeted therapy and immunotherapy has led to noteworthy enhancements in the prognosis of individuals with advanced stages of LUAD (6). Nevertheless, challenges persist in the realm of LUAD diagnosis and treatment, including issues such as delayed diagnosis, drug resistance, adverse events, and instances of non-response. These challenges continue to present significant hurdles in the clinical management of LUAD. (22). Hence, the identification and utilization of precise and responsive indicators are vital for the detection and management of LUAD. Since the complexity and heterogeneity of tumor tissue, bulk RNAseq dataset alone cannot infer the interaction and specific mechanism between cells in the tissue. By utilizing scRNA-seq dataset, correlative investigations can offer fresh perspectives on the progression of cancer, the diversity within tumors, and the microenvironment surrounding the tumor. Furthermore, as LUAD is a solid neoplasm, angiogenesis plays a crucial part in its progression, infiltration, and spread. Endothelial cells (ECs), acting as stromal cells within solid tumors, have a crucial function in the regulation of angiogenesis (23). Controlling endothelial cells to impact angiogenesis is a primary area of focus in cancer research. Disulfidptosis, a novel form of RCD, not only connects cellular metabolism to cellular destiny but also has a significant impact on the immune response to tumors (7, 8). Current studies related to disulfidptosis have suggested its great value in LUAD.

This research combined single-cell RNA sequencing and bulk RNA sequencing to provide a more comprehensive understanding of the involvement of disulfidptosis in LUAD. Additionally, a DRPS was developed for LUAD patients by identifying disulfidptosis-related genes that were differentially expressed in ECs. Our discovery revealed that the utilization of DRPS successfully categorized individuals into high-risk and low-risk clusters. In addition, our findings indicated that increased risk scores were linked to worse prognosis, decreased immune infiltration, and immunosuppressive condition. Hence, individuals with reduced risk scores might require immunotherapy to a greater extent.

This study suggests a prognostic gene panel called DRPS, which includes nine genes: TLE1, LDHA, SHC1, EMC6, HTATIP2, JAG1, EPHX1, MYO6, and HERPUD1. Following the analysis of bioinformatics data and subsequent in vitro experiments, we observed notable disparities in the levels of EPHX1, LDHA, SHC1, MYO6, and TLE1 expressions between LUAD and normal samples.

EPHX1 encodes the microsomal epoxide hydrolase 1 (MEH1), which has a twofold function in the reaction to carcinogenic substances found in the environment. EPHX1 not only metabolizes environmental carcinogens into trans-dihydrodiols, which can have mutagenic, toxic, and carcinogenic effects, but also generates substances necessary for detoxification processes (24–26). According to reports, the presence of EPHX1 gene polymorphisms has been linked to the susceptibility of different types of cancers (26, 27). The low variety of EPHX1 genotypes may reduce the risk of lung cancer (25). As one of the key enzymes of glycolysis, LDHA (lactate dehydrogenase A) will preferentially convert pyruvate into lactate under anaerobic conditions (28, 29). LDHA (lactate dehydrogenase A), a crucial enzyme in glycolysis, will primarily transform pyruvate into lactate. Cancer cells possess significant metabolic flexibility, enabling them to choose substrates depending on their accessibility. Tumor cells situated in areas with low oxygen levels heavily rely on glucose-fueled anaerobic glycolysis, leading to the oxidation of glucose into pyruvate or lactate (29). O Metabolic reprogramming in response to hypoxic stress, which is crucial for meeting proliferative demands, is considered a key characteristic of malignancy (30). Thus, LDHA can guarantee the metabolic flexibility of cancer cells, allowing them to adjust to challenging conditions (31). At the same time, LDHA not only provides energy for T cells, but also the acidic microenvironment formed with lactic acid can also function as a barrier for T cells (32, 33). Modulation of LDHA has considerable potential value for T cell activation-based immunotherapy. According to reports, LDHA has the ability to enhance the advancement of LUAD by controlling molecules associated with epithelial-mesenchymal transition (EMT) (34). Certain LDHA inhibitors at the molecular level have notable impacts on tumor load, metastasis, and cellular demise (32). Nonetheless, only a limited number of studies have assessed alterations in immune cell reactions towards LDHA inhibitors during cancer treatment (32). Therefore, targeting LDHA can create new opportunities to fight cancer cells (31). SHC1 (SHC adapter protein 1) integrates and transduces external stimuli into distinct signaling networks (35, 36). Recent research has indicated that the SHC1 gene has a significant impact on different types of tumors, including breast cancer and gastric cancer (37, 38). Bioinformatics analysis revealed that elevated SHC1 expression served as a prognostic indicator for unfavorable outcomes in numerous cancer types (39–41). According to reports, SHC1 has the potential to control the signaling pathway of the epidermal growth factor receptor (EGFR), subsequently triggering multiple downstream signaling pathways like MAPK/ERK, PI3K/Akt, and STAT3. These pathways play a crucial role in facilitating the metastasis of lung cancer (42, 43). Nevertheless, additional investigation is required to explore the relationship between SHC1 and EGFR.As a unique member of the myosin superfamily, MYO6 (myosin VI) has a unique orientation, which helps it play a key role in endocytosis, vesicle trafficking, protein secretion and autophagosome maturation (44, 45). According to reports, the excessive expression of MYO6 has been linked to a malignant characteristic in individuals diagnosed with different types of cancer, such as prostate and gastric cancer (46, 47). The upregulation of MYO6 is found to be associated with maintaining the cell cycle and cell growth in lung cancer cells (48). Research has indicated that non-coding RNA (miRNA) has the ability to impact the growth and advancement of tumors by controlling the expression of MYO6.In NSCLC cells, miR-5195-3p functions as a cancer inhibitor through the direct regulation of MYO6 expression (49). Furthermore, TLE1 functions as a suppressor of numerous signaling pathways via transcription factors, exerts control over the transcriptional activity of diverse genes, and exhibits a range of physiological roles (50). Notably, research has discovered that TLE1 has the ability to facilitate the suppression of the E-cadherin gene, which is a crucial controller of EMT in lung cancer cells. As a result, this promotes the advancement of tumors (51). While the exact mechanism is yet to be investigated, these findings indicate that the aforementioned predictive genes have the ability to not just monitor individuals with LUAD, but also have the potential to be targeted for therapeutic purposes.

Furthermore, research indicates that EMC6, HTATIP2, HERPUD1, and JAG1 also have a significant impact on the formation and progression of tumors. Overexpression of EMC6, a subunit of the protein complex found in the endoplasmic reticulum membrane, has been shown to suppress cancer cell growth and trigger apoptosis. This gene is responsible for encoding autophagy-related proteins (52–55). Tumor metabolic reprogramming is regulated by HTATIP2, which functions as a tumor suppressor. According to reports, when tumor cells experience hypoglycemic conditions, the absence of HTATIP2 expression can enhance the cells’ metabolic adaptation to glucose limitation (56). The increased sensitivity of LUAD to EMT processes activated by drug therapy and the enhancement of tumor metabolic plasticity, regulation of tumor adaptation to hypoxia, and promotion of an aggressive tumor phenotype are consequences of the deficiency in HTATIP2 expression (57). HERPUD1, a crucial component of the degradation complex involved in ER-associated degradation (ERAD), has the ability to control ERAD (58). And not only that, HERPUD1 plays a role in protein degradation and stress (59). JAG1, a cell surface ligand of the Notch signaling pathway, is highly expressed in numerous cancers that are closely associated with tumor biology and is inversely associated with the prognosis of these cancers (60–62). The primary reason for this is because JAG1/Notch signaling governs malignant cellular processes and triggers numerous cancer-causing elements that oversee functions like spread of cancer, resistance to drugs, formation of new blood vessels, and properties resembling stem cells via signaling sequences (63, 64). Furthermore, there have been reports indicating that JAG1 might be indicative of resistance to immunotherapy in LUAD and is linked to a repressive immune microenvironment (65). Pseudotime analysis revealed changes in the expression of EMC6, HTATIP2, HERPUD1, and JAG1 in various cell clusters during the progression of LUAD, although no significant differences were observed in ECs between LUAD and normal samples. Monitoring the patient’s condition and adjusting the treatment plan can be done more effectively by detecting these markers.

In conclusion, the CGP database predicted Shikonin, Selumetinib, Nilotinib, and JNK.9L as potential drugs for the low-risk score group. The primary ingredient of Comfrey, known as Shikonin, acts as an inhibitor that effectively suppresses the key enzyme pyruvate kinase M2 in glycolysis. It possesses diverse effects including antioxidation, anti-inflammatory properties, and anti-tumor activity (66–68). Numerous studies indicate that shikonin has the ability to impact the invasion, proliferation, viability, and drug resistance of lung cancer (69–71). AZD6244 (Selumetinib) is a mitogen-activated protein kinase 1 and 2 (MEK1/2) inhibitor for the treatment of neurofibromatosis and various tumors (72). Selumetinib has been extensively evaluated in patients with NSCLC. Research conducted solely with this medication has not shown its effectiveness in treating NSCLC. In patients with chemotherapy-pretreated KRAS-mutant NSCLC, the response rates and progression-free survival were enhanced by the inclusion of Sbruumetinib, as shown in a phase II trial. However, these findings were not validated in subsequent phase III studies (73, 74). Hence, additional investigation is required to further examine the impact of Selumetinib on LUAD. Nilotinib, as a tyrosine kinase inhibitor, is a new type of targeted therapy drug for chronic myeloid leukemia (75). The combination of Nilotinib and PD-L1 inhibition can reverse T-cell dysfunction and effectively prevent relapse in cases of acute B-cell leukemia (76). JNK.9L as a JNK inhibitor affect tumors by regulating related pathways (77). The exact effects of JNK.9L and Nilotinib on LUAD have not been determined. There is still a need for further investigation in this regard. Additionally, these findings imply that utilizing DRPS for drug selection could potentially enhance precision medicine for LUAD.




5 Conclusion

In this study, we have provided novel insights into the role of disulfidptosis in LUAD by employing an integrated analysis of both scRNA-seq and bulk RNA-seq data. Our findings shed light on the intricate landscape of the tumor microenvironment and the inherent heterogeneity within LUAD. By delineating the differentiation trajectories of distinct endothelial cell subtypes within LUAD, we have deciphered the shifts in expression patterns of disulfidptosis-related genes throughout the course of malignant transformation. Leveraging the shared genes between endothelial cell differentially expressed genes and the disulfidptosis gene set, we have formulated a prognostic risk signature (DRPS), which holds the potential to offer multifaceted application in LUAD ranging from diagnosis, treatment, prognosis prediction, and association with immunotherapy response. The differential expressions of gene panel in DRPS may serve as diagnostic biomarkers for LUAD, providing more possibilities for early screen. Several key signaling pathways associated with the development of LUAD have been indicated via the DRPS, which may contribute to personalized therapy. The DRPS is also able to predict the prognosis of patients with LUAD, prioritizing clinicians to identify potential high-risk individuals, we further demonstrate that the DRPS can distinguish the individuals that are potentially sensitive to immunotherapy. Additionally, DRPS may provide target information for the exploitation of RNA interference, small molecule drug, and immunotherapy in LUAD.
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Background

We explore sphingolipid-related genes (SRGs) in skin melanoma (SKCM) to develop a prognostic indicator for patient outcomes. Dysregulated lipid metabolism is linked to aggressive behavior in various cancers, including SKCM. However, the exact role and mechanism of sphingolipid metabolism in melanoma remain partially understood.





Methods

We integrated scRNA-seq data from melanoma patients sourced from the GEO database. Through the utilization of the Seurat R package, we successfully identified distinct gene clusters associated with patient survival in the scRNA-seq data. Key prognostic genes were identified through single-factor Cox analysis and used to develop a prognostic model using LASSO and stepwise regression algorithms. Additionally, we evaluated the predictive potential of these genes within the immune microenvironment and their relevance to immunotherapy. Finally, we validated the functional significance of the high-risk gene IRX3 through in vitro experiments.





Results

Analysis of scRNA-seq data identified distinct expression patterns of 4 specific genes (SRGs) in diverse cell subpopulations. Re-clustering cells based on increased SRG expression revealed 7 subgroups with significant prognostic implications. Using marker genes, lasso, and Cox regression, we selected 11 genes to construct a risk signature. This signature demonstrated a strong correlation with immune cell infiltration and stromal scores, highlighting its relevance in the tumor microenvironment. Functional studies involving IRX3 knockdown in A375 and WM-115 cells showed significant reductions in cell viability, proliferation, and invasiveness.





Conclusion

SRG-based risk signature holds promise for precise melanoma prognosis. An in-depth exploration of SRG characteristics offers insights into immunotherapy response. Therapeutic targeting of the IRX3 gene may benefit melanoma patients.
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1 Introduction

Melanoma is a highly aggressive skin tumor with substantial implications for individuals affected by skin cancer, leading to significant mortality rates (1). The median survival period for this condition spans from 6 to 9 months, with a corresponding 5-year survival rate of less than 5% (2). Here is a significant global surge in the prevalence of melanoma. Despite its relatively lower occurrence in Western countries, the Chinese Society of Clinical Oncology has reported a consistent annual rise in melanoma incidence in China, with rates ranging from 3% to 5% (3). In recent decades, notable progress has been made in the treatment of melanoma. The conventional approach of surgery, radiotherapy, and chemotherapy has evolved into a comprehensive multi-modal strategy (4). This modern approach combines surgical interventions with immunotherapy and targeted therapy, resulting in remarkable improvements in patient survival rates (5). However, there remains a subset of melanoma patients who do not experience benefits from immunotherapy or molecular-targeted therapy in the management of their disease. Despite continuous advancements in treatment modalities, the prognosis for melanoma patients remains unfavorable (6). Cancer development is intricately linked to the complex signaling transduction network within cells, where multiple signaling pathways interconnect and collectively regulate the biological phenotypes of tumor cells. Exploring the underlying mechanisms that drive melanoma progression is crucial to enhance therapeutic strategies and improve the prognosis of individuals affected by this condition.

Both genetic instability and the tumor microenvironment play significant roles in the initiation and advancement of tumors (7). Recent studies have uncovered that manipulating the activation of oncogenes or silencing tumor suppressor genes can regulate metabolic homeostasis and impact the promotion or suppression of cancer (8). Furthermore, certain metabolic enzymes possess the capacity to act as oncogenes or tumor suppressor genes, thus playing a role in tumor progression. Cellular energy requirements predominantly rely on glucose and fatty acid metabolism. Although previous investigations have predominantly focused on glucose metabolism in tumor cells, recent research has unveiled the involvement of abnormal lipid metabolism in influencing the aggressive phenotypes observed in various tumor types (9). Sphingolipids, a class of phospholipids that encompass phosphate groups, are abundantly present in cellular membranes and play essential biological functions in organisms (10). Dysregulated sphingolipid metabolism has the potential to influence the composition and functionality of cellular membranes, leading to the facilitation of increased proliferation, invasiveness, and metastasis in cancer cells (11, 12). In contrast, sphingolipid molecules play crucial roles as essential regulators in various medically significant biological processes, including cellular signaling and the orchestrated self-destruction process known as apoptosis (13). Activation of acid sphingomyelinase (A-SMase) can be triggered by diverse pro-inflammatory and pro-apoptotic stimuli, thereby playing a role in the induction of apoptosis in tumor cells in response to various anti-tumor therapies. Additionally, A-SMase has been implicated in immune and inflammatory processes. The research conducted by E. Clementi and C. Perrotta highlights the significance of A-SMase as a crucial factor dictating the behavior of melanoma cells (14).

Dysregulated expression of critical enzymes involved in specific sphingolipid synthesis pathways has been linked to the development and progression of various malignancies. For instance, genetic mutations affecting the PI3K catalytic subunit alpha (PIK3CA) gene have been associated with breast cancer, ovarian cancer, cervical cancer, and other tumor types. Another significant factor impacting the susceptibility to breast cancer is the presence of genetic variations in the sphingomyelin transferase 1 (SMT1) gene within the neural sphingolipid synthesis pathway (15, 16). Furthermore, sphingolipids possess the capacity to regulate cellular signaling pathways, thereby impacting tumor cell proliferation, advancement, and resistance to therapeutic agents. Perturbations in phosphatidylinositol (PI) metabolism, such as excessive activation, can result in heightened stimulation of the PI3K/AKT/mTOR pathway, a critical regulator of crucial cellular processes, including cellular growth and apoptosis (17). However, the precise role and underlying mechanisms of sphingolipid metabolism in melanoma remain poorly elucidated, urging the need for additional investigation to advance our understanding of these mechanisms.

Single-cell technology is a high-throughput approach extensively employed for the analysis of individual cells in medical research. Its widespread adoption and continuous progress have been noteworthy in recent times. By examining the gene expression profiles of individual cancer cells, this methodology enables the discovery of distinctive epigenetic characteristics inherent to each cancer cell. Single-cell studies have not only revealed the impact of several individual signaling pathways on tumor cell proliferation, metastasis, and drug resistance, but they also hold revolutionary significance in providing comprehensive and profound insights into the complexity of signaling networks within tumor cells and the functional and regulatory mechanisms of key signaling networks involved in tumor cell proliferation, metastasis, and drug resistance (18). These findings will contribute to the development of novel chemotherapy drugs and targeted treatment strategies.

In cancer research, risk profiles are widely used to predict prognostic outcomes. Pei S, Zhang P et al. used genes associated with sphingolipid metabolism to characterize genes strongly associated with survival in patients with breast and lung cancer (11, 12). In addition, for the risk profile constructed by SKCM, these prognostic models were shown to be more accurate than traditional methods in predicting clinical outcomes (19). In the field of SKCM research, the molecular regulation of sphingolipid metabolism has not been fully revealed. Therefore, we included sphingolipid metabolization-related genes in the construction of risk profiles to estimate novel strategies for predicting prognosis in patients with SKCM.

In this study, we utilized scRNA-seq and transcriptome data obtained from publicly available databases to identify distinct subsets of melanoma based on SRGs. Subsequently, these SRGs were used to establish risk factors capable of predicting melanoma prognosis. Furthermore, we conducted an in-depth analysis to explore the molecular characteristics derived from SRGs and their clinical relevance. We also investigated the role of signaling pathways in cancer cell proliferation, metastasis, and drug resistance, as well as the effectiveness of immune therapy including immune checkpoint pathways such as PD-1/PD-L1 and CTLA-4, and the activation of immune cells such as NK cells and tumor-associated macrophages in the immune microenvironment. This innovative study provides a groundbreaking perspective on the prognostic stratification of melanoma, facilitating personalized treatment approaches and improving clinical outcomes for patients with melanoma.




2 Methods



2.1 Acquisition of original patient data

The scRNA-seq data specific to SKCM were obtained from the Gene Expression Omnibus (GEO) database, with the accession number GSE123139. Subsequently, two cohorts, namely GSE19234 and TCGA data, were selected for subsequent analysis. To ensure data quality, genes expressed in less than three cells or a single cell containing fewer than 250 genes were excluded from the analysis. The Seurat R package’s PercentageFeatureSet function was employed to assess the proportion of ribosomal RNA (rRNA) and mitochondria present in the dataset. As a result of this preprocessing, a total of 2725 cells were retained and utilized for further investigation.

The transcriptomic information about SKCM, as well as clinical details, were obtained from the TCGA database. Subsequently, samples lacking outcome status or survival information were excluded from the analysis, resulting in a dataset comprising 300 SKCM samples earmarked for external validation. Additionally, for the training cohort, 44 tumor samples from GSE19234 were selected after eliminating untracked samples sourced from the GEO database. To categorize individual cells into distinct subgroups, the FindNeighbors and FindClusters functions were employed. To reduce the dimensional complexity of the dataset, the RunUMAP function was utilized for UMAP dimension reduction. Within our dataset, we focused our investigation on four genes (PSAP, APOE, ASAH1, DEGS1) associated with sphingolipid metabolism by analyzing their respective gene expression profiles.




2.2 Identification of expression SRGs

The Seurat package was employed to re-analyze scRNA-seq data derived from melanoma samples to assess SRGs. Initially, cells expressing fewer than 250 or more than 6000 genes were excluded. The remaining expressed genes were then subjected to log-normalization. To account for batch effects, the FindIntegrationAnchors function was applied. Subsequently, UMAP was utilized for dimensionality reduction with a resolution of 0.1, considering 30 principal components. FindNeighbors and FindClusters functions were utilized to classify cells into distinct subgroups, using a dimensional parameter of 30 and a resolution of 0.1. RuntUMAP was employed for further reduction of UMAP dimensions. Marker genes, namely PSAP, APOE, ASAH1, and DEGS1, were used to annotate the SRGs. Additionally, the SRGs underwent re-clustering using the FindClusters and FindNeighbors methods. The FindAllMarkers tool was employed to compare different clusters and identify marker genes for each cluster within the SRGs data, taking into account input, logFC, and adjusted p-value parameters.




2.3 Hub genes identification according to SRGs

We utilized the scale method provided by the “Limma” R package to normalize gene expression profiles in our study. Prognosis-associated key genes were selected based on the criteria of |log2(FoldChange)|>1 and a false discovery rate (FDR) of<0.05. Cox regression analysis was applied to screen marker genes from seven clusters that were associated with prognosis. To reduce the gene set, we implemented the LASSO technique. To construct an SRG-derived risk profile, we performed multivariate Cox regression analysis using the stepwise regression approach to minimize redundancies. The risk score, computed using a specific formula: Risk score =  , incorporates the regression coefficients (Coef(k)) and the expression levels (Expr(k)) of the prognostic model genes. Zero-mean normalization was employed to categorize patients as either low or high-risk. The predictive capacity of the risk signature was evaluated using timeROC software to analyze the receiver operating characteristic (ROC) curves.




2.4 Developing a novel nomogram

We developed a novel nomogram to predict the prognosis of melanoma by considering the risk signature and clinicopathological characteristics. Both univariate and multivariate Cox regression analyses were conducted to analyze the association between various variables and prognosis. Variables with p-values<0.05 were selected and included in the multivariate Cox regression model. To assess the accuracy of the prognostic predictions made by the model, a calibration curve was constructed.




2.5 Cluster analysis

Through an iterative process, a partitioning scheme consisting of K clusters was determined by minimizing the loss function associated with the clustering outcomes. The K-means clustering method was applied to group melanoma patients based on 11 modeling genes.




2.6 Assessment of immune landscape

To assess the correlation between the risk signature and tumor immune microenvironment (TIME), a combination of algorithms, including CIBERSORT, EPIC, MCPCOUNTER, and TIMER, were employed in the evaluation process. The R package “estimate” was utilized to calculate stromal scores, immune scores, and estimate scores, which represent the combined scores of stromal and immune components. Additionally, the CIBERSORT algorithm was utilized to analyze the distribution of 22 distinct subtypes of immune cells, providing insights into the heterogeneity of the immune response within the tumor microenvironment. Furthermore, a comprehensive study was conducted to explore the relationship between the genes comprising the risk signature and the immunological score, shedding light on the important role of these genes in immune-related functions.




2.7 The analysis of the impact of immunotherapy

To evaluate the predictive potential of our risk profile in predicting the response to immune checkpoint blockade therapy, we conducted an assessment of its efficacy using transcriptomic data and corresponding clinical information from patients enrolled in the IMvigor210 dataset. These patients were treated with anti-PD-L1 therapy. In addition, we incorporated transcriptomic data from a separate cohort of melanoma patients in the GSE78220 dataset who had previously been treated with anti-PD-1 checkpoint inhibitors.




2.8 Cell culture

The WM-115 and A375 cell lines, obtained from the Cell Resource Center of Shanghai Life Sciences Institute, were cultured in a DMEM medium (Gibco BRL, USA). The cells were maintained at 37°C with 5% CO2 and supplemented with 10% fetal bovine serum (FBS) sourced from Gibco BRL, USA.




2.9 Cell transfection

Two distinct small interfering RNAs (siRNAs) specifically designed to target IRX3 were developed by Ribobio (Guangzhou, China). Transfections were performed using Lipofectamine 3000 (Invitrogen, USA) according to the manufacturer’s instructions (20). The siRNA sequences for IRX3 can be found in Supplementary Table 1.




2.10 Patients and tissue samples

A cohort consisting of 20 melanoma tissues and paired normal tissues was utilized for qPCR analysis. The tissues included in this study were pathologically verified at the Department of Plastic Surgery, First Affiliated Hospital, Anhui Medical University (AHMU) in China, during the period from 2020 to 2023. Prior approval for conducting this study was obtained from the Ethical Committee of the First Affiliated Hospital of Anhui Medical University.




2.11 RT-qPCR analysis

RNA extraction from cell lines was carried out using TRIzol (Thermo, 15596018) following standard protocols. Subsequently, cDNAs were synthesized using the PrimeScriptTM RT kit (Vazyme, R232-01). To quantify gene expression, SYBR qPCR Master Mix (Vazyme, Q111-02) was employed on the Roche LightCycler 480 (Roche, GER), and data analysis was performed using the 2−ΔΔCt method. The specific primer sequences, provided by Tsingke Biotech (Beijing, China), are available in Supplementary Table 1. For normalization, GAPDH was utilized as the internal reference gene.




2.12 The experiment of cell-counting-kit-8 assay

Cells were plated in 96-well plates at a density of 1 × 103 cells per well. Following that, the plates were incubated in darkness at 37°C for 2 hours with CCK-8 labeling reagent (A311-01, Vazyme). The assessment of cell viability was carried out by measuring the absorbance at 450 nm using an enzyme-linked spectrophotometer (A33978, Thermo) at time intervals of 0, 24, 48, 72, and 96 hours.




2.13 The experiment of colony formation

A cohort comprising 1000 cells was transfected and cultured in 6-well plates for approximately 14 days. After 2 weeks, the cellular clones were visually examined without magnification. Following that, the cells were washed and fixed using a 4% paraformaldehyde (PFA) solution for 15 minutes. Subsequently, the cells were subjected to crystal violet staining (Solarbio, China) for 20 minutes, and the samples were air-dried at room temperature. Finally, quantification of cells per well was conducted.




2.14 Wound healing

The transfected cells were cultivated in 6-well plates and incubated in a cell incubator until reaching a confluency level of 95%. A 200μl pipette tip was employed to create a straight scratch across the cell monolayer. Following the removal of unattached cells and debris using PBS, the cells were transferred to a serum-free culture medium. Subsequently, photographs were captured at the same location both at 0 hours and 48 hours, and the width of the scratch was measured using Image J software.




2.15 Transwell

Transwell chambers were employed to perform cell migration and invasion assays. A total of 2×104 cells per well were seeded in the upper compartment using a 200 μL serum-free medium. To assess the migratory and invasive abilities of the cells, the upper region of the chamber was treated with Matrigel solution (BD Biosciences, USA) in some cases, while it remained untreated in others. The lower chamber was filled with 600 μL of complete medium. After incubating for 48 hours, the chambers were retrieved. The cells were fixed with 4% PFA and then stained with 0.1% crystal violet (Solarbio, China). Subsequently, cell counting was performed using a light microscope. The migrated cells were captured in photographs and quantified.




2.16 Apoptosis assay

The apoptotic rate was assessed utilizing an Annexin V-APC/PI Apoptosis Detection Kit provided by Multisciences, China, and further analyzed using a flow cytometry system manufactured by BD Biosciences, USA. The proportions of apoptotic cells at early and late stages were evaluated to determine the apoptotic rate.




2.17 Statistical analysis

R software version 4.1.3 was used for biological analysis, while GraphPad Prism version 8.0 was employed for analyzing experimental data in the field of medicine. The mean values and standard deviations of the outcomes were obtained from three separate studies. Pairwise comparisons between two groups were conducted using Student’s t-tests, while comparisons involving more than two groups were analyzed using one-way ANOVAs followed by Tukey’s test (*P<0.05, **P<0.01, ***P<0.001).





3 Results



3.1 Screen the SRGs

Figure 1 illustrates the flow chart outlining the progression of the study. A total of 2725 cells were obtained after the completion of scRNA-seq data analysis. Following log-normalization and dimensionality reduction, a total of 14 distinct subpopulations were identified in the analysis. Subsequently, based on a literature review, we selected four genes (PSAP, APOE, ASAH1, and DEGS1) that were most closely associated with sphingolipid metabolism and designated them as marker genes for sphingolipid metabolism (Figure 2A). These four key genes were then utilized to identify cells actively involved in sphingolipid gene sets using the AUCell exploration Threshold function. Based on the median AUC scores, the cells were categorized into high-sphingolipid-AUC and low-sphingolipid-AUC groups, which were visualized using the “ggplot2 R” tool. From the 14 cell subsets, the cell groups exhibiting high sphingolipid metabolic activity were selected and labeled as high sphingolipid metabolic cells. Subsequently, cluster analysis was performed once again on the selected cells, resulting in the further division of the high sphingolipid metabolism cell population into 7 subgroups (Figure 2B). Marker genes for each of the seven cell populations were analyzed, and bubble diagrams and volcano plots were used to visually represent the top five marker genes for each cell population (Figures 2C, D). Histograms were employed to demonstrate the distribution of these seven clusters within each cohort (Figure 2E).




Figure 1 | The flowchart of our study.






Figure 2 | Identification of SRG clusters based on SKCM patient scRNA data. (A) UMAP plots of the expression of the sphingolipid metabolism marker genes and the distribution of 14 clusters. (B) UMAP plots of distributions of 7 high sphingolipid metabolizing cells after clustering. (C) Top-5 marker gene expression of subgroups on a volcano map. (D) Top-5 marker gene expression of subgroups represented in a bubble diagram. (E) Calculating cell numbers as well as neighboring tissue and subgroups in cancer.






3.2 Associations between SRG clusters and prognosis

To investigate the prognostic implications of SRG clusters, we initially utilized the GSE123139 dataset to calculate the ssGSEA scores of the marker genes. These marker genes were identified as the DEGs within the seven high sphingolipid metabolic clusters. Intriguingly, our analysis revealed that all seven clusters exhibited significantly higher scores in tumor samples compared to normal samples (Figure 3A). Subsequently, we employed the survminer R package to classify the samples from the TCGA dataset of SKCM into two groups based on their high and low scores of SCRGs. The classification was achieved by determining the optimal cut-off value and minimizing repetition. Importantly, we observed significant differences among all seven clusters between the high- and low-SRGs score groups (Figure 3B). For more comprehensive information regarding the relationship between SRG clusters and clinical characteristics, please refer to Supplementary Figure 1.




Figure 3 | Based on SRGs clusters, the GSVA analysis. (A) ssGSVA score comparison between tumor samples and normal samples based on each cluster. (B) K-M curves of the high and low SRG score groups in the SRG clusters. ****P < 0.0001.






3.3 Identification of SRGs

To establish a prognostic signature for SKCM, we conducted a comparative analysis between normal and tumor samples to identify DEGs. From these DEGs, we identified marker genes that were significantly associated with gene clusters related to prognosis. To assess the prognostic value of each gene, we performed univariate Cox regression analysis and identified 10 genes associated with protective factors and 1 gene associated with risk values. To streamline the gene selection process and minimize gene redundancy, we employed Lasso-Cox regression analysis (Figure 4A). Using a stepwise regression method following multivariate Cox regression analysis, we created a risk signature that included eleven genes: IRX3, PLA2G2D, GBP1P1, FCGR2A, GALM, FERMT3, IGKJ5, IL15, IDO1, CMAHP, and HIVEP3 (Figures 4B, C). The risk scores for each sample were calculated based on the expression of these model genes and their corresponding Cox regression coefficients. Z-mean normalization was performed to compute the risk score for each sample, and patients were then classified into high-risk and low-risk clusters. Survival analysis using the Kaplan-Meier method was conducted in both the GSE19234 and TCGA cohorts, demonstrating that patients in the high-risk clusters had a worse prognosis compared to those in the low-risk clusters (Figure 4D). The model exhibited commendable AUC values in both cohorts, indicating its excellent predictive ability. To enhance the precision of our prognostic model, we integrated clinicopathological characteristics and risk scores into univariate and multivariate Cox regression analyses. This was done to reduce redundancy and improve accuracy. Our in-depth analysis revealed a strong independent correlation between the risk signature and prognosis in SKCM, with statistical significance indicated by a p-value of less than 0.001 (Figure 4E). In conclusion, our findings highlight the importance of the risk signature as a valuable prognostic tool for SKCM, providing valuable insights into patient outcomes.




Figure 4 | A brand-new risk signature built using several SRGs. (A) Each independent variable’s trajectory and distribution for the lambda. (B) Circle plot showing each gene in the risk signature. (C) The multivariate Cox coefficients for each gene in the risk signature. (D) K-M and ROC curves of the risk signature in GSE19234 and TCGA cohort. (E) Results of univariate and multivariate Cox regression analysis based on risk score and clinicopathologic features.






3.4 Nomogram development and pathway enrichment analysis

In addition, we have developed an innovative nomogram (Figure 5A) that combines the T-stage, N-stage, and risk score to provide a comprehensive prediction of survival outcomes. This nomogram demonstrated a strong predictive capacity for actual survival outcomes (Figure 5B). To further investigate the functional relevance of the eleven genes included in the risk profile, a gene set enrichment analysis was conducted. Interestingly, these genes showed significant associations with nine pathways (Figure 5C). Among these genes, IL15 exhibited a higher immune score in the low-risk group, while the immune scores of the other 10 genes were comparatively lower in the low-risk group compared to the high-risk group (Figure 5D). The innovative nomogram, along with the functional insights provided by the gene set enrichment analysis, contributes to a better understanding of the prognostic implications of the identified genes in SKCM.




Figure 5 | Creation of a new nomogram that incorporates the risk signature. (A) Construction of the nomogram integrating the T, N-stage, and risk score. (B) Decision curve for nomogram. (C) The gene set enrichment analysis was performed. (D) The immune scores of the 11 genes. ***P < 0.001, ****P < 0.0001.






3.5 Immune infiltrations landscape and risk gene-immunity association

Through our analysis, we have identified several protective genes (GBP1P1, FCGR2A, GALM, FERMT3, IGKJ5, IL15, IDO1, CMAHP, and HIVEP3) that exhibit a positive relationship with various immune infiltration cells. Conversely, the risk gene IRX3 is negatively associated with these immune cells (Figures 6A, B). Furthermore, correlation analysis with immune cells has revealed strong associations between the model genes and neutrophils and fibroblasts (Figure 6C). These findings are further supported by the positive correlation observed between the risk genes and the immune score, as well as the stromal score (Figure 6D). Pathway analysis has highlighted the close relationship between the model genes and key immune signaling pathways, including the JAK-STAT signaling pathway, intestinal immune network, B cell receptor signaling pathway, and toll-like receptor signaling pathway. Interestingly, a negative association has been observed between the risk gene IRX3 and each of these pathways (Figure 6E).




Figure 6 | Analysis of immunological infiltrations. (A) The correlation analysis between risk genes and immunity. (B, C) Correlations between eleven hub genes and 22 immune-related cells. (D) Correlations between the eleven genes and immune score, stromal score, and estimate score. (E) The correlation analysis between eleven hub genes and signaling pathway. *P < 0.05, **P <  0.01, ***P <  0.001.






3.6 Immunotherapy response prediction of risk signature

To assess the predictive significance of our immune-checkpoint treatment signature, we evaluated its performance in two separate cohorts: GSE78220 and IMvigor210. Specifically, we focused on the outcomes observed in the IMvigor210 cohort, which consisted of 348 patients treated with anti-PD-L1 receptor blockers. These outcomes included partial response (PR), complete response (CR), progressing disease (PD), and stable disease (SD). In Figure 7A, we observed that the high-risk group had a higher proportion of patients with PD/SD compared to the low-risk group. This suggests that the high-risk group had a significantly worse outcome. On the other hand, patients who achieved a complete or partial response (CR/PR) had lower risk scores compared to those with stable disease or progressive disease (SD/PD). This finding indicates that patients with lower risk scores were more likely to exhibit a favorable treatment response. To validate our findings, we also analyzed the GSE78220 cohort. The results obtained were consistent with those from the IMvigor210 cohort. Patients who showed a partial or complete response had decreased risk scores and were less likely to be categorized as high-risk (Figure 7B). Interestingly, these distinct risk groupings were observed primarily in patients with Stage I+II disease, rather than those with Stage III+IV disease (Figure 7C). These findings underscore the potential of our immune checkpoint treatment signature as a predictive tool in T-cell immunotherapy. They suggest that the risk scores derived from this signature can help identify patients who are more likely to have a positive treatment response and may guide personalized treatment decisions in the context of immune-checkpoint blockade therapy.




Figure 7 | Prediction of immunotherapy response (A) Prognoses differences between risk subgroups in the IMvigor210 cohort; Differences between immunotherapy responses; Distribution of immunotherapy response. (B) Prognostic differences between risk subgroups in the GSE78220 cohort; Differences between immunotherapy responses; Distribution of immunotherapy response. (C) Prognostic differences between risk subgroups based on early-stage (stage I-II) and late-stage (stage III-IV) patients in the two cohorts. *P < 0.05, ****P < 0.0001.






3.7 Analysis of immunological infiltrations and consensus clustering

We employed unsupervised consensus clustering to investigate molecular subtypes based on the expression of SRGs (Signature-Related Genes) that comprise the risk signature. The TCGA cohort was divided into two clusters, with a k-value of 2 determined as the optimal clustering stability. The distribution of these distinct clusters is visualized in Figures 8A, B through a ridge plot. Cluster 1 (C1) exclusively comprised individuals from the low-risk group, whereas cluster 2 (C2) consisted of both high-risk and low-risk patients, as illustrated in the Sankey diagram (Figure 8C). Survival analysis revealed that patients belonging to the C1 group exhibited significantly better outcomes compared to those in the C2 group (Figure 8D). Further analysis involved calculating TME (Tumor Microenvironment) scores for the different clusters. The C2 cluster demonstrated elevated immune, stromal, and estimate scores, indicating a more prominent presence of immune and stromal components within the tumor microenvironment. In contrast, the C1 cluster exhibited higher tumor purity (Figures 8E, F). Additionally, an examination of immune checkpoint inhibitors revealed a substantial correlation between the C2 cluster and the expression of a majority of immune checkpoints, as depicted in Supplementary Figure 2. This finding highlights a significant association between the C2 cluster and the immune checkpoint expression profile.




Figure 8 | Consensus based on the expression of SRGs. (A) A Stratification of melanoma patients into two clusters according to the consensus clustering matrix (k = 2). (B) PCA depicted the distribution for clusters. (C) The Sankey diagram of the connection between clusters and high-low risk groups. (D) Survival analysis based on the two clusters. (E, F) ESTIMATEScore, SromalScore, ImmuneScore, and TumorPurity difference between two clusters. ***P < 0.001.



Taken together, these results provide insights into the molecular subtypes identified through unsupervised consensus clustering. They demonstrate that the C1 cluster, consisting of low-risk patients, is characterized by superior outcomes and higher tumor purity. On the other hand, the C2 cluster appears to be associated with increased immune and stromal activity, as well as a correlation with immune checkpoint expression. Such findings contribute to our understanding of the diverse tumor microenvironment and its implications for patient prognosis and potential therapeutic strategies.




3.8 Drugs sensitivity

Following an evaluation of the efficacy of various chemotherapeutic drugs in distinct clusters, notable differences in drug response were observed. In cluster 2 (C2), patients displayed higher IC50 values when exposed to Bicalutamide, FH535, and Imatinib, indicating a reduced sensitivity to these drugs (Figure 9A). Conversely, individuals categorized under cluster 1 (C1) exhibited more favorable response rates to ATRA, Gefitinib, and other specific drugs (Figure 9B). These findings highlight that patients in C2 have a diminished response to certain chemotherapeutic agents, suggesting a potential resistance or reduced effectiveness of these drugs in this cluster. Conversely, patients in C1 demonstrate better responses to specific drugs, indicating a potential therapeutic benefit for these individuals. The evaluation of drug response in the different clusters provides valuable insights into the variability of treatment efficacy within distinct molecular subtypes. Understanding these differences can aid in the development of personalized treatment approaches and the selection of appropriate therapeutic interventions tailored to the specific characteristics of each cluster.




Figure 9 | Prediction of SKCM patients’ sensitivity to chemotherapeutic drugs. (A) Cluster 2 manifested heightened IC50. (B) Cluster 1 manifested heightened IC50.






3.9 Upregulated mRNA level of IRX3

To further validate the expression of IRX3 in melanoma, we selected 20 pairs of melanoma and corresponding normal tissues for qPCR verification. In tumor tissues, a significant upregulation of IRX3 was observed (Supplementary Figure 3A). To explore the function of IRX3 in melanoma, two melanoma cell lines, namely A375 and WM-115, were chosen for further experimental validation. Firstly, we silenced IRX3 in A375 and WM-115 cells using two siRNAs and further confirmed its knockdown efficiency through qPCR (Supplementary Figure 3B).




3.10 Silencing IRX3 inhibits proliferation, invasion, and metastasis while promoting apoptosis in melanoma cells

To investigate the role of IRX3 in melanoma, we performed a colony formation assay on A375 and WM-115 melanoma cells in the NC and si-IRX3 groups (Figures 10A, B). The results showed that silencing of IRX3 led to smaller colonies in both A375 and WM-115 cells, suggesting that IRX3 silencing inhibits melanoma cell proliferation. This result was further confirmed by the CCK-8 assay (Figure 10C). To explore the effect of IRX3 on melanoma cell migration and invasion, we conducted scratch assay and transwell assay. The results showed that silencing of IRX3 significantly inhibited the invasion ability of A375 and WM-115 cells (Figures 10D–G). Apoptosis plays a crucial role in the malignant behavior of many tumors. We further investigated the effect of IRX3 on tumor cell apoptosis. Apoptosis assay revealed that silencing of IRX3 promoted apoptosis in both A375 and WM-115 cell lines (Figures 10H, I). Inhibition of melanoma cell proliferation, invasion, and migration was observed upon silencing of IRX3, while simultaneously promoting apoptosis.




Figure 10 | Silencing IRX3 Inhibits Proliferation, Invasion, and Metastasis while Promoting Apoptosis in Melanoma Cells. (A) A colony formation assay was performed on A375 and WM-115 melanoma cells in the NC and si-IRX3 groups. Smaller colonies were observed in the si-IRX3 group, indicating that IRX3 silencing inhibits melanoma cell proliferation. (B) Quantification of colony formation assay results showed a decrease in colony size in the si-IRX3 group compared to the NC group. (C) CCK-8 assay further confirmed the inhibitory effect of IRX3 silencing on melanoma cell proliferation. (D) Quantification of scratch assay results showing a decrease in wound closure percentage in the si-IRX3 group compared to the NC group. (E) Scratch assay revealed a decrease in 17 the migration ability of A375 and WM-115 cell in the si-IRX3 group compared to the NC group. (F) Transwell assay demonstrated a decrease in the invasion ability of A375 and WM-115 cells in the si-IRX3 group compared to the NC group. (G) Quantification of transwell assay results shows a decrease in the number of invading cells in the si-IRX3 group compared to the NC group. (H) Apoptosis assay revealed an increase in apoptosis in both A375 and WM-115 cell lines upon IRX3 silencing. (I) Quantification of apoptosis assay results shows an increase in the percentage of apoptotic cells in the si-IRX3 group compared to the NC group. *P < 0.05, **P < 0.01, ***P < 0.001.







4 Discussion

Melanoma, a malignancy known for its aggressive behavior, is influenced by disruptions in lipid metabolism that can significantly influence its onset and advancement (1). Extensive investigation in the field of melanoma has focused on the exploration of multiple genes and metabolites implicated in sphingolipid metabolism. Notably, melanoma showcases aberrant expression or modified activity of specific enzymes that play a pivotal role in the regulation of sphingolipid metabolism (21, 22). An illustrative example involves Ceramide synthase (CERS), a crucial component within the sphingolipid metabolism pathway. Perturbations in the functionality of CERS can lead to the accumulation of specific sphingomyelin species in melanoma cells (23). Moreover, the progression and advancement of melanoma have been linked to other enzymes participating in sphingolipid metabolism. Sphingosine kinase (SPHK) and glycosphingolipid transferase (GSLT) are among these enzymes that have been implicated in the pathogenesis of melanoma (24, 25). Furthermore, extensive research studies have highlighted a robust association between the advancement and prognosis of melanoma in patients and the levels of sphingolipid metabolism products, such as sphingomyelin and ceramide, found within their biological systems (26). As an example, elevated concentrations of serum sphingomyelin have been linked to decreased overall survival in individuals afflicted with melanoma (19).

Our study focused on exploring potential associations between sphingolipid metabolism and melanoma to explore the molecular characteristics derived from SRGs and their clinical relevance. We also investigated the role of signaling pathways in cancer cell proliferation, metastasis, and drug resistance, as well as the effectiveness of immune therapy including immune checkpoint pathways such as PD-1/PD-L1 and CTLA-4, and the activation of immune cells such as NK cells and tumor-associated macrophages in the immune microenvironment. We leveraged resources such as the Human Protein Atlas to identify four melanoma-specific genes involved in sphingolipid metabolism. Through single-cell RNA-sequencing analysis, we identified additional genes associated with sphingolipid metabolism. Differential analysis was conducted, followed by univariate Cox regression, lasso regression, and multivariate Cox regression. This comprehensive approach enabled the identification of a novel risk signature comprising eleven genes (IRX3, PLA2G2D, GBP1P1, FCGR2A, GALM, FERMT3, IGKJ5, IL15, IDO1, CMAHP, and HIVEP3). Notably, the risk score derived from the signature demonstrated independent predictive value for overall survival, as observed in both univariate and multivariate Cox regression models. The accuracy of the prediction was further confirmed by excellent agreement between predicted and actual outcomes using a nomogram for melanoma patients. Moreover, our in vitro experiments revealed that the silencing of IRX3 in melanoma cells resulted in the suppression of cell proliferation, invasion, and migration while promoting apoptosis.

Immunotherapy has emerged as a promising therapeutic strategy in the field of medicine. It aims to counteract the immune evasion mechanism exhibited by tumors, thereby activating the patient’s immune cells to target and eradicate cancer cells (27). The products generated through lipid metabolism play a vital role in shaping the immunological microenvironment by impacting diverse aspects of immune cell biology. These products possess the capacity to directly modulate the proliferation, differentiation, function, and activity of immune cells. By exerting control over the immunological microenvironment, they substantially contribute to the behavior of immune cells (28, 29). Several lipid metabolism products, such as fatty acids, triglycerides, and cholesterol, have a significant impact on the differentiation and function of various immune cells, including T cells, B cells, and macrophages. As a result, they influence the immune response of the body towards infections and tumors. Moreover, leukotrienes, categorized as lipid metabolism products, actively participate in the chemotaxis and adhesion mechanisms of immune cells, thereby regulating their migration and aggregation (30). In the context of the immune microenvironment, various cells present, such as tumor cells, macrophages, and lymphocytes, are known to produce specific lipid metabolites that play a key role in regulating immune responses (31). In recent times, there has been a remarkable increase in enthusiasm regarding the utilization of immunotherapy as a viable therapeutic approach for patients diagnosed with melanoma. The predominant immunotherapy treatments employed for melanoma include anti-CTLA-4 and anti-PD-1 antibodies, which function by targeting and inhibiting specific receptors found on T cells. Anti-CTLA-4 antibody therapy amplifies T cell functionality by obstructing the CTLA-4 receptor, resulting in escalated T cell assault on malignant cells (32). The application of anti-PD-1 antibody therapy impedes the PD-1 receptor found on T cells, facilitating persistent cancer cell targeting (33). Immunotherapy has exhibited promising efficacy in the management of melanoma; nevertheless, its appropriateness varies among individuals. Hence, it is crucial to employ rigorous screening and evaluation protocols before initiating immunotherapy, aiming to determine its suitability for each patient. The advent of PD-1/PD-L1 inhibitors has introduced novel avenues and challenges in melanoma treatment. We aspire for the utilization of PD-1/PD-L1 inhibitors to assume a pivotal role in the adjuvant therapy of high-risk melanoma (newly diagnosed), thereby furnishing surgeons with precise treatment strategies through pertinent clinical investigations. Ultimately, our objective is to enhance patients’ quality of life and improve the disease prognosis (34, 35).

The identified signature establishes a link between the IRX3 gene and an adverse prognosis in melanoma. The protein derived from the IRX3 gene assumes a critical role in embryonic development and normal physiological processes in adults (36). Numerous studies have substantiated a notable correlation between the presence, advancement, and outcome of malignant tumors and the expression of the IRX3 gene. Notably, investigations have revealed that heightened expression of IRX3 is strongly associated with diminished survival rates and heightened vulnerability to metastatic disease in individuals diagnosed with melanoma (37). IIRX3 has emerged as a promising diagnostic indicator for several types of cancer, including prostate, colorectal, and gastric cancer. Its expression level can serve as a valuable tool for evaluating tumor prognosis and treatment responsiveness. By detecting the degree of IRX3 expression, clinicians can assess the potential outcomes and responses to therapeutic interventions in patients with these malignancies (38). The role of IRX3 in tumor management, particularly in melanoma, is of utmost significance. Extensive research has elucidated that downregulating IRX3 expression significantly reduces the invasiveness and proliferation of melanoma cells. Moreover, it enhances the sensitivity of these cells towards chemotherapy agents. These findings highlight the therapeutic potential of targeting IRX3 as a means to attenuate tumor progression and improve treatment outcomes in melanoma patients (39, 40). The overexpression of IRX3 in melanoma indicates its plausible involvement in tumorigenesis and disease advancement. These findings align with previous investigations on IRX3 in colorectal cancer and breast cancer. Nevertheless, our study pioneers the examination of IRX3’s distinctive function in melanoma. The suppressive impact of IRX3 gene silencing on melanoma cell behavior implies the potential utility of targeting IRX3 as a therapeutic strategy with promising prospects. To sum up, our research successfully developed a robust diagnostic and prognostic model for melanoma while unveiling the upregulation of IRX3 in this particular disease. The potential therapeutic value of targeting IRX3 in melanoma treatment holds great promise. However, additional investigations are warranted to gain a comprehensive comprehension of the underlying mechanisms through which IRX3 influences melanoma development. Furthermore, exploring the clinical applicability of IRX3 targeting necessitates further exploration.




5 Conclusions

In conclusion, using the sphingolipid-related model can adequately classify patients for prognosis and immunological assessment of patients in melanoma. Our research findings could provide valuable insights into detecting and treating melanoma patients.
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Background

Ovarian cancer (OC) is one of the malignant tumors that poses a serious threat to women’s health. Natural killer (NK) cells are an integral part of the immune system and have the ability to kill tumor cells directly or participate indirectly in the anti-tumor immune response. In recent years, NK cell-based immunotherapy for OC has shown remarkable potential. However, its mechanisms and effects remain unclear when compared to standard treatment.





Methods

To explore the value of NK cell-based immunotherapy in the treatment of OC, we conducted a literature review. In comparison to standard treatment, our focus was primarily on the current anti-tumor mechanisms, the clinical effect of NK cells against OC, factors affecting the structure and function of NK cells, and strategies to enhance the effectiveness of NK cells.





Results

We found that NK cells exert their therapeutic effects in OC through mechanisms such as antibody-dependent cell cytotoxicity, perforin release, and granule enzyme secretion. They also secrete IFN-γ and TNF-α or engage in Fas/FasL and TRAIL/TRAILR pathways, mediating the death of OC cells. In clinical trials, the majority of patients experienced disease stability with mild side effects after receiving NK cell-based immunotherapy, but there is still a lack of high-quality research evidence regarding its clinical effectiveness. OC and prior experience with standard treatments have an effect on NK cells, and it may be considered to maximize NK cell effects through the modulation of the tumor microenvironment or combination with other therapies.





Conclusions

In this review, we have summarized the current evidence of NK cell applications in the treatment of OC. Furthermore, factors and strategies that influence and enhance the role of NK cell immunotherapy are discussed.
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1 Introduction

Ovarian cancer (OC) is a malignancy that poses a significant threat to women’s health. It holds the third position in terms of incidence among malignant tumors affecting the female reproductive system and bears the highest mortality among gynaecological malignancies (1). According to the 2020 global epidemiological study, the incidence of OC varies by region and ethnicity (2). According to Global Cancer Statistics 2020, around 22,000 to 24,000 women are diagnosed with ovarian cancer each year (3). The aetiology of OC is still not fully understood, and it tends to develop silently, typically being asymptomatic before the appearance of ascites or extra pelvic metastasis (4). Hence, there remains a deficiency in robust screening and early diagnostic strategies. The majority of patients are diagnosed at an advanced local or distant metastatic stage, contributing to a 5-year survival rate of less than 30% (5). Ovarian cancer (OC) is classifiable into three principal histopathological types: epithelial ovarian cancer, germ cell tumors, and sex cord-stromal tumors. These different types of OC have some differences in their pathogenesis, biological behavior, histological morphology, clinical presentation, treatment methods, and prognosis.

Natural killer (NK) cells are a subset of innate immune cells within the body, falling under the category of innate lymphoid cells (6, 7). They are distinguished by their CD3 - CD56 + phenotype and constitute approximately 10% of lymphocytes in peripheral blood (8). NK cells possess the unique capability to directly eliminate target cells without the prerequisite of prior antigen recognition, and they are not constrained by the presence of major histocompatibility complex (MHC) molecules (9, 10). NK cells assume a crucial role in the host’s defense mechanisms against microbial infections and participate in anti-tumor immune responses (11). Research indicates that NK cells can directly cause the lysis of tumor cells and also function as regulatory cells within the immune system, indirectly bolstering anti-tumor immune reactions (12, 13). In clinical trials, NK cells have been widely used in the treatment of various types of cancer, including lymphoma, leukaemia, and solid tumors (14–16). These preliminary research results suggest that NK cell immunotherapy shows promising therapeutic effects in some patients.

In recent years, NK cell for OC treatment has also shown remarkable value because OC itself has some immunogenicity (17). Furthermore, studies have identified the infiltration of both T cells and NK cells within ovarian tumor tissues, and the presence of CD3+ T cell infiltration in these tumors is associated with improved patient survival (18, 19). Additionally, studies have documented the frequent co-infiltration of CD103 + NK cells with CD8 + CD103 + T cells in tumor tissues. However, the precise impact of NK cells on enhancing patient prognosis still requires assessment (19). Nevertheless, a significant body of preclinical research indicates that OC is sensitive to NK cell attacks (11, 20, 21). Consequently, researchers are actively investigating diverse strategies aimed at enhancing the prognosis and survival rates of OC patients.

In this review, we discussed the current standard treatment methods for OC, compared and evaluated the evidence for using NK cell-based immunotherapy to treat OC and explored the latest treatment mechanisms and optimization strategies to maximize the potential of NK cell immunotherapy in OC patients, providing guidance for future research and clinical practice.




2 Standard therapy in ovarian cancer

The primary treatment of OC follows the principle of surgery as the primary intervention, supplemented by adjuvant chemotherapy, emphasizing a comprehensive treatment approach (22, 23). Surgery can involve both tumor removal and staging. The aim is to remove the tumor tissue as completely as possible. The scope and extent of the surgery will depend on the stage of the tumor and the overall health of the patient. For advanced OC, treatment is typically more complex because cancer has already spread to other areas. The goal of treatment is to extend survival, alleviate symptoms, and improve quality of life, but it usually does not result in a complete cure. Treatment plans vary depending on the patient’s specific circumstances and the overall health of the patient. Tumor debulking surgery should be performed. For all OC patients following surgical treatment, standardized chemotherapy based on platinum compounds can achieve complete response (CR) or partial response (PR). However, about 70% of patients experience recurrence within 18 to 28 months after initial treatment (23). In this case, chemotherapy, targeted therapy, and immune checkpoint (IC) inhibitors are the main treatment modalities for post-surgery recurrence ovarian cancer (ROC) (24–26).

Firstly, systemic chemotherapy is the primary approach for ROC. For platinum-sensitive patients, chemotherapy regimens based on platinum agents such as paclitaxel, gemcitabine, or liposomal doxorubicin in combination with carboplatin or gemcitabine plus cisplatin can be used. If patients cannot tolerate combination chemotherapy, carboplatin or cisplatin can be administered as single agents. For platinum-resistant patients, drugs like topotecan, liposomal doxorubicin, docetaxel, and gemcitabine can be considered. A previous study found significant differences between the cisplatin + docetaxel liposome and cisplatin + paclitaxel groups in terms of progression-free survival (PFS, 11.3 vs 9.4 months, P = 0.001) and the incidence of allergic reactions (28.4 vs 36.8%, P = 0.001) (27). Anti-angiogenic therapy has become a recent focus of molecular targeted therapy. Cancer cell proliferation and differentiation rely on the uptake of nutrients through neovascularization, and vascular endothelial growth factor (VEGF) is a key factor. Anti-angiogenic drugs can inhibit VEGF and achieve clinical efficacy. Bevacizumab (BEV) is a recombinant human monoclonal antibody that inhibits VEGF, suppressing endothelial cell proliferation and neovascularization. It is a representative angiogenesis inhibitor in the treatment of ROC. Coleman et al. (28) found that the combination of carboplatin and BEV extended PFS compared to carboplatin alone (13.8 vs. 10.4 months, P < 0.001), with an extension of PFS observed at 49 months, while overall survival (OS) showed no difference.

Poly (ADP-ribose) polymerase (PARP) inhibitors currently stand as the most promising form of targeted therapy. Approximately 15% of ovarian tumor patients carry mutations in the breast cancer susceptibility genes (BRCA) 1 and BRCA2 (29). Consequently, there is a burgeoning interest in unravelling the mechanism of action of PARP inhibitors in individuals harboring BRCA gene mutations. PARP inhibitors represent a novel approach to maintenance therapy, revolutionizing the conventional treatment paradigm for OC into a comprehensive management strategy encompassing “surgery + chemotherapy + targeted maintenance.” A study by Kaufman et al. (30) found that oral Olaparib at 400 mg twice daily until disease progression in 298 patients with BRCA-related cancers, including breast cancer, OC, prostate cancer, and pancreatic cancer, resulted in PFS of 3.7, 7.0, 7.2, and 4.6 months, respectively. Mirza et al. (31) demonstrated that platinum-sensitive ROC patients treated with Niraparib achieved PFS and OS durations of 5.5 and 17.2 months, respectively. Notably, patients with BRCA gene mutations and homologous recombination deficiency (HRD) positivity exhibited OS durations of 26 and 17.2 months, respectively. Moreover, during the course of tumor development, IC plays a pivotal role in enabling the evasion of the immune system by tumors. IC inhibitors have the capacity to activate T cells, preventing their exhaustion and loss of function, ultimately leading to tumor eradication (32). CTLA-4, a transmembrane protein, exerts inhibitory effects on T lymphocyte proliferation and activation, thereby diminishing the body’s immune response against tumors. Lee et al. (33) demonstrated in a mouse model that the combination of CTLA-4 with gemcitabine could foster the expansion of CD4 + and CD8 + T cells, consequently averting T cell exhaustion and loss of function, ultimately resulting in tumor cell demise. PD-1 inhibitors are the major IC inhibitors that bind to PD-L1 and PD-L2. Studies suggest that PD-1 therapy is effective in patients with recurrent gynaecological tumors of the female reproductive system, even in those without germline BRCA mutations (34). Currently, IC therapy remains a new technology. While it has demonstrated superiority in many cancer therapies and shown some promising results, its effectiveness and safety in the treatment of late-stage recurrent gynaecological tumors need further discussion. PARP inhibitors, such as Olaparib and Niraparib, have been approved for the treatment of ovarian cancer, especially in patients with BRCA mutations, either as maintenance therapy or in later lines of treatment. Combining CTLA-4 with gemcitabine and immune checkpoint inhibitors like PD-1 inhibitors have shown promising results in preclinical and early clinical studies, but their definitive status as standard therapies, including their position in the treatment sequence.




3 NK cells in ovarian cancer



3.1 Mechanism of NK cell recognize cancer

Natural Killer (NK) cells boast a unique advantage in cancer immunotherapy: the ability to target and eliminate tumor cells without the need for prior sensitization (35). Initially observed in 1975, NK cells distinguish tumor cells independently of specific antigens, relying on a delicate balance between activating and inhibitory signals (36). Receptors like killer immunoglobulin-like receptors (KIRs) and NKG2A interact with major histocompatibility complex (MHC) molecules, transmitting inhibitory signals to prevent the activation of NK cells against healthy cells. However, in the absence of MHC expression, NK cells activate through a “missing self-recognition” mechanism, leading to the elimination of tumor cells (Figure 1).




Figure 1 | Mechanism of NK cell recognizes cancer.



Recent studies unveil that MHC absence isn’t the sole trigger for NK cell activation. Activated NK cells express additional receptors like DNAM-1, NKG2D, and natural cytotoxicity receptors (NCRs), binding to stress-induced ligands on tumor cells. This “induced self-recognition” mechanism expands NK cell activation (37). NK cells equipped with CD16 activate in response to tumor cells coated with antibodies, inducing antibody-dependent cellular cytotoxicity (ADCC). When activating signals outweigh inhibitory ones, NK cells execute cytotoxicity through mechanisms like granule release and apoptosis induction. Activated NK cells also produce pro-inflammatory cytokines, enhancing anti-tumor immune responses. This intricate process underscores NK cells’ multifaceted role in cancer immunotherapy.




3.2 Mechanism of NK cell kill cancers

NK cells utilize two main mechanisms for eliminating abnormal cells. Mechanism 1, Perforin-Mediated Cytotoxicity, involves creating pores in tumor cell membranes, releasing granules with enzymes like perforin A and perforin B. Perforin B activates caspase-3, leading to mitochondrial amplification and cell death. Mechanism 2, Death Receptor-Mediated Cytotoxicity, employs ligands such as Fas ligand (FasL) and TNF-related apoptosis-inducing ligand (TRAIL) to induce apoptosis by engaging death receptors on target cells, activating caspase-8. Both mechanisms coexist, allowing NK cells to switch between them during continuous cell elimination.

In ovarian cancer (OC), the specific function of infiltrating NK cells remains uncertain. Studies indicate lower proportions of NK cells in OC ascites compared to benign peritoneal fluid, with higher CD56 + NK cell percentages correlating with improved overall survival (OS) and progression-free survival (PFS) (9). Although some research suggests a positive correlation between lymphocyte infiltration and OS in OC, the relationship between NK cell infiltration and OS remains debated, largely derived from in vitro studies (38). Consequently, further investigation is needed to clarify the functional mechanisms of infiltrating NK cells in the context of ovarian cancer.




3.3 Application of NK cell-based immunotherapy



3.3.1 NK cells in cancer treatment

In a ground-breaking study conducted by Ruggeri et al. (39), in 2013 the potential of allogeneic NK cells, derived from donor grafts in recipients, was demonstrated in enhancing graft anti-tumor effects and reducing leukaemia relapse in patients with acute myeloid leukaemia (AML) following haploidentical hematopoietic stem cell transplantation. This phenomenon was attributed to the “missing self” hypothesis, where NK cells recognize and respond to tumor cells lacking donor-specific self MHC I molecules (35). This pivotal discovery opened avenues for further research into the adoptive transfer of NK cells in haematological malignancies. Efforts have also been made to explore the use of autologous NK cells derived from peripheral blood, however, their clinical efficacy in treating solid tumors remains inconclusive. This could be attributed to the inherent functional limitations of autologous NK cells and the inhibitory impact of autologous MHC I expression on tumor cells.

Allogeneic NK cell immunotherapy has shown good tolerance in both haematological malignancies and solid tumors. However, there are several challenges that need to be addressed to enhance the effectiveness of NK cell immunotherapy. Following the intravenous infusion of allogeneic NK cells, only a subset of patients experiences successful NK cell expansion, and the long-term survival of these NK cells is limited. Additionally, the co-administration of regulatory T cells with IL-2 can potentially suppress NK cell activity (40). Interestingly, allogeneic NK cell immunotherapy appears to be more effective in consolidation therapy than in refractory cases. In the context of consolidation therapy, the adoptive transfer of allogeneic NK cells has led to prolonged remission periods in both paediatric and adult patients with acute myeloid leukaemia (41, 42). Similar results have been reported in small-scale clinical trials, with complete remission observed in refractory diseases following treatment with allogeneic NK cells (40, 43).

The scope of NK cell immunotherapy is broadening to include the treatment of solid tumors, such as neuroblastoma, pancreatic cancer, and melanoma (44). Promisingly, clinical trials focused on solid tumors consistently demonstrate favorable tolerance to allogeneic NK cells, with no instances of graft-versus-host disease (GVHD) reported (45). The mild side effects associated with allogeneic NK cell immunotherapy, coupled with its ability to selectively target malignant or virus-infected cells, position it as a promising contender in the field of cancer immunotherapy.

Despite the considerable potential of allogeneic NK cell immunotherapy, the development of a readily available, mass-producible NK cell product, often referred to as an “off-the-shelf” solution, remains a significant challenge. Clinical trials have explored various sources of NK cell products. The most frequently utilized source is peripheral blood from donors, which is enriched through CD 56-positive selection and/or CD 3 T cell depletion. These isolated cells are briefly stimulated with activating cytokines such as IL-2, IL-12, IL-15, and IL-18 to generate activated NK cell products. Other potential sources for NK cell therapies include umbilical cord blood (UCB) and bone marrow (45). Researchers have successfully isolated and expanded resident CD56 + NK cells from UCB for clinical applications (46). UCB is advantageous due to its non-invasive collection method and access to readily available units from global UCB banks (41). Additionally, induced pluripotent stem cells (iPSCs) have proven efficient in generating NK cells in vitro (20). NK cell products derived from hematopoietic stem and progenitor cells (HSPCs) and iPSCs represent promising “off-the-shelf” options and are currently undergoing clinical trials for further evaluation. Another potential “off-the-shelf” alternative involves the use of the NK92 cell line, although it carries the risk of tumor engulfment. NK92 cells require irradiation before application, which can impact cell viability and engraftment. Encouraging results from a clinical trial involving late-stage lung cancer patients have generated optimism, and additional trials are in progress to evaluate the safety and clinical potential of NK92 cells (47).




3.3.2 NK cell-based immunotherapy in ovarian cancer

We initiated a search in the Pubmed database to explore clinical studies concerning NK cell-based immunotherapy for OC. Furthermore, in order to encompass all ongoing and forthcoming trials associated with natural killer cells and OC, we executed a search on the clinicaltrials.gov website. We have subsequently provided a synopsis of the outcomes of several clinical trials as follows (Table 1).


Table 1 | Studies on NK cell-based immunotherapy.



Upon conducting our review, it becomes evident that the existing data pertaining to NK cell-based immunotherapy for OC is notably limited. Most of the studies available are case series reports, with merely one investigation delving into the effectiveness of allogeneic NK cell transplantation in OC. One of these studies encompassed 14 OC patients who underwent pre-treatment with cyclophosphamide and fludarabine (Cy-Flu), with five of them additionally receiving total body irradiation to augment in vivo NK cell expansion (48). It is worth noting that all patients had undergone multiple rounds of chemotherapy. On average, these patients received 2.2×107 NK cells per kilogram of body weight and underwent six subcutaneous injections of IL-2. The overall treatment regimen exhibited good tolerability, yet a severe adverse event transpired, culminating in a patient’s demise following tumor lysis syndrome. While the sustained expansion of NK cells in peripheral blood was not observed, a three-month evaluation via CT scans disclosed that four patients exhibited partial responses, eight patients maintained stable disease, and one patient encountered disease progression. It should, however, be noted that attributing these CT responses solely to NK cells or to the cytoreductive chemotherapy employed during the pre-treatment phase remains uncertain. Additionally, we must underscore the current absence of long-term follow-up data for these patients.

Another study delved into the impact of allogeneic NK cells on various cancer types, encompassing two patients with OC (49). These OC patients underwent allogeneic NK cell-based immunotherapy derived from peripheral blood mononuclear cells procured from healthy donors. These cells were expanded in vivo subsequent to the removal of CD3 T cells. In the initial patient cohorts, this live-expanded NK cell product was administered as a single dose, while in later cohorts, repeated infusions were introduced. For one patient with advanced ROC, disease stability was attained following a single infusion of 106 NK cells, obviating the need for immunosuppressive chemotherapy. Conversely, another OC patient experienced disease progression after receiving three weekly infusions of 106 cells. Notably, this patient had undergone extensive chemotherapy over the 139 months preceding NK cell-based immunotherapy.

Furthermore, a case report documented an OC patient who underwent NK cell therapy as the primary treatment modality, marking a pioneering instance of this approach (50). This patient presented with advanced OC, characterized by substantial ascites and a sizable tumor. She underwent ex vivo expansion and received highly activated allogeneic NK cell-based immunotherapy every two weeks, totalling six infusions. Encouragingly, the patient encountered no adverse effects, and her clinical symptoms showed improvement. Notably, her CA125 levels declined from 11270 to 580, ascites completely resolved, and CT scans revealed a reduction in tumor mass volume.

In summary, while the existing clinical data offer glimpses of the potential therapeutic efficacy of NK cell-based immunotherapy in OC patients, it is imperative that extensive, large-scale clinical investigations are conducted to ascertain its safety, effectiveness, and the most advantageous treatment protocols. These comprehensive studies are paramount in advancing our comprehension of the role and mechanisms of NK cells in OC treatment.




3.3.2 Challenges in natural killer cell-based immunotherapy for ovarian cancer

NK cell-based immunotherapy has emerged as a promising avenue for ovarian cancer treatment, yet it faces notable challenges that hinder its full therapeutic potential. One primary limitation lies in the inadequate persistence and expansion of NK cells within the tumor microenvironment. The current approaches often encounter difficulties in maintaining sustained antitumor activity, thereby compromising their efficacy over time. Additionally, the immunosuppressive nature of the ovarian cancer microenvironment poses a significant obstacle, dampening NK cell functionality and impeding their ability to eradicate cancerous cells effectively.

Moreover, there exists a substantial gap in our understanding of the intricate interactions between NK cells and ovarian cancer cells. The specific mechanisms governing the recognition and targeting of ovarian cancer by NK cells remain elusive, hindering the development of more precise and targeted immunotherapeutic strategies. Unraveling the complexities of the immunosuppressive signals and immune escape mechanisms employed by ovarian cancer cells is crucial for enhancing the design of NK cell-based therapies. Addressing these deficiencies in current approaches and bridging the gaps in our comprehension of NK cell interactions in the context of ovarian cancer will undoubtedly propel the development of more efficacious and targeted immunotherapeutic interventions for this challenging malignancy.






4 Mechanisms of NK cell impairment

Studies have documented functional impairments in CD3-/CD56+CD16+ NK cells isolated from ascites in OC patients, despite their heightened concentration in comparison to peripheral blood (11.0% vs. 5.6%) (38). Furthermore, the expression of CD16 on NK cells within ascites experiences downregulation, resulting in diminished proliferation, cytotoxicity, and cytokine production (51, 52). These findings suggest that the tumor microenvironment in OC, along with prior treatment regimens, may induce alterations in the quantity and functionality of NK cells, consequently diminishing the therapeutic potency of NK cell-based immunotherapy (53). Hence, delving into the functional alterations of infiltrating NK cells in OC and unravelling their underlying mechanisms holds significant importance in bolstering the effectiveness of NK cell-based immunotherapy.



4.1 Effect of ovarian cancer on NK Cells

Prior research has indicated that the immune defense mechanisms against cancer can be compromised due to the secretion of immunosuppressive cytokines by tumors or the infiltration of immune-inhibitory cells. This mechanism is also relevant to NK cell-based immunotherapy for OC patients, where ascites contain elevated concentrations of immunosuppressive cytokines like TGF-β and IL-8 (54, 55). TGF-β, in particular, has the potential to significantly downregulate CD16 on NK cells, consequently impairing their ability to execute antibody-dependent cell cytotoxicity. Furthermore, TGF-β contributes to the downregulation of NKp30 and NKG2D, which are two pivotal activating receptors on NK cells. The presence of the inhibitory ligand B7-H6 on tumor cells can further hinder NK cell effector function. OC cells can release soluble B7-H6, which, in turn, results in the downregulation of NKp30 (56, 57). Another NK cell-activating receptor, DNAM-1, also experiences downregulation due to factors in the tumor microenvironment, including CD155 and MUC16. These factors collectively diminish NK cell activation against OC (58).




4.2 Interaction between standard treatment and NK cells

In addition to OC itself impacting the effectiveness of NK cell-based immunotherapy, conventional OC treatments, including surgery, may also influence NK cell function. In other cancer types, research has indicated that tumor removal surgery can affect the peripheral blood NK cell count, with a higher count observed 30 days post-surgery correlating with improved survival rates (59). Moreover, the choice of anaesthesia techniques during surgery can have implications for NK cell cytolytic activity. Propofol anaesthesia, for instance, has demonstrated a positive influence on the immune function of breast cancer patients (60). When compared to sevoflurane anaesthesia, propofol anaesthesia has been shown to preserve NK cell cytotoxicity, thus benefiting immune function during breast cancer surgery. It’s worth noting that paclitaxel is known to inhibit NK cell-mediated cytotoxicity. Therefore, for cases of recurrent OC, alternative chemotherapy regimens such as combination therapy involving gemcitabine may be considered. Studies have revealed that gemcitabine treatment can inhibit the shedding of ULBP2 in pancreatic cancer, thereby promoting NK cell activation (61). In research related to prostate cancer, the PARP inhibitor Olaparib significantly heightened tumor cell sensitivity to NK cell-mediated killing (62). Future research endeavors should prioritize identifying optimal drug treatments and their combinations with adoptive NK cell-based immunotherapy for improved therapeutic outcomes.

In addition to the biological effects brought about by the aforementioned treatment methods, psychological factors associated with treatment also play a role. Research conducted by Lutgendorf et al. underscored the importance of patient social support in the treatment of ovarian cancer, influencing the levels of components in the body’s internal environment (63). Their study revealed that patients with higher levels of social support exhibited increased NK cell activity in both peripheral blood and tumor-infiltrating lymphocytes (TILs). Conversely, patients experiencing greater distress showed lower cytotoxic activity in their TILs. Multivariate modeling demonstrated that both distress and social support were independently associated with NK cell activity within TILs (63). In the context of breast cancer, psychosocial interventions have also shown a positive impact on NK cell cytotoxicity, with these changes potentially explained through adrenergic immunomodulatory mechanisms (64). These research findings highlight the impact of current standard treatments on NK cell cytotoxicity, emphasizing the need for further exploration of these interactions. Such exploration will facilitate the development of optimal strategies and the determination of the appropriate timing for integrating NK cell therapy with current treatments.




4.3 Enhancing NK cells efficacy

Expanding on the previously discussed insights, improving the efficacy of NK cell-based immunotherapy can be attained through strategies that involve modifying the tumor microenvironment or combining it with other pharmaceutical agents. Several preclinical studies have proposed methods to enhance the effectiveness of NK cell-based immunotherapy. These specific methods are shown in Figure 2, specifically with the following:




Figure 2 | Approaches to enhancing NK cells.





4.3.1 Reversing ovarian cancer NK cell dysfunction through cytokine reversal

Reversing NK cell exhaustion within tumor-infiltrating NK cells may be achieved effectively through treatment with activating cytokines or the blockade of inhibitory cytokine signals. Research findings indicate that the use of IL-15 agonists, such as ALT-803, can bolster NK cell cytotoxicity against OC. This augmentation is marked by increased expression of CD107A, IFN-γ, and TNF-α, ultimately restoring the functional capabilities of NK cells in the ascites of OC patients (65). In a recent investigation, cytokine-induced memory-like (CIML) NK cells, treated with a combination of IL-12, IL-15, and IL-18, exhibited potent anti-tumor activity, even within the immunosuppressive microenvironment typically found in OC ascites (66). Moreover, during the in vitro expansion of NK cells using IL-15, the introduction of the GSK3 inhibitor CHR99021 led to heightened expression of various transcription factors associated with late-stage NK cell maturation. This enhancement resulted in increased production of TNF and IFN-γ, along with enhanced antibody-dependent cell cytotoxicity (67). These CHR99021-expanded NK cells demonstrated superior anti-tumor effects in an OC xenograft model. To further explore the potential of this method, the University of Minnesota has initiated a Phase I clinical trial (NCT03213964) (68). In this trial, NK cells generated using the CHR99021 expansion approach are administered intraperitoneally to patients with advanced OC and fallopian tube cancer. The trial aims to evaluate the survival and anti-tumor activity of these NK cells within patients.




4.3.2 Combining immune checkpoint inhibitors and CAR-T cells with NK cell-based immunotherapy

IC inhibitors used in OC function by disrupting the interaction between IC ligands and their corresponding receptors, effectively releasing the brakes on immune cells and activating them (69). For instance, PD-L1 can enhance anti-tumor immunity by facilitating lymphocyte infiltration into tumors and regulating cytokines/chemokines within the tumor microenvironment (70). Research has indicated that the blockade of PD-L1 can amplify the anti-tumor potency of NK cells (71). Furthermore, CAR-T cell immunotherapy exhibits promise in targeting OC cells and cancer stem cells. Researchers have devised CAR-modified NK-92 cells directed against CD24 as a means to target OC cells, demonstrating robust cytotoxicity (72). Similarly, the utilization of CAR-modified peripheral blood lymphocytes, known as CARMA-hMeso, for the targeting of HER2/neu-positive OC cells has shown advantages in restraining tumor growth and enhancing survival rates in mouse models (73).

In the realm of ovarian cancer treatment, a compelling avenue for enhancing the efficacy of NK cell-based immunotherapy lies in the integration of immune checkpoint inhibitors (ICIs) and PD-L1 blockade (74). Ovarian tumors often exploit immune checkpoint pathways to evade the immune system, making them resistant to NK cell-mediated cytotoxicity. By combining NK cell therapy with ICIs or PD-L1 inhibitors, a synergistic effect can be achieved (75). This approach aims to not only bolster the cytotoxic potential of NK cells against ovarian cancer cells but also to alleviate the immunosuppressive signals within the tumor microenvironment (76). The interplay between NK cells and the PD-1/PD-L1 axis presents a strategic opportunity for overcoming resistance mechanisms, potentially unlocking more robust and sustained antitumor responses in ovarian cancer patients (77). This integrated therapeutic approach holds promise in addressing the complexities of ovarian cancer, offering a multifaceted strategy to enhance the effectiveness of immunotherapeutic interventions.




4.3.3 Increasing NK cell cytotoxicity against ovarian cancer with antibodies via ADCC

Antibody-based immunotherapy with a targeted approach has made significant advancements in cancer treatment over the last two decades. Human epidermal growth factor receptor-2 (HER2)/neu has emerged as a target for various gynaecological tumors, including OC (78). Trastuzumab, a humanized monoclonal antibody (MAB) designed to target HER2/neu, demonstrates inhibitory effects on the growth of tumors that exhibit HER2/neu overexpression. In a particular study, a bispecific antibody [(HER2)2xCD16] was employed to redirect γδT lymphocytes and NK cells expressing CD16 to HER2, thus enhancing their cytotoxic capabilities against tumor cells that express HER2 (including primary ovarian tumors). Compared to trastuzumab, [(HER2)2xCD16] exhibited superior efficacy in triggering γδT cells and NK cell-mediated killing of tumor cells expressing HER2 (79).




4.3.4 Improving NK cell immune function with immunomodulatory drugs

Immunomodulatory medications have garnered increasing attention in the field of cancer treatment in recent years. Among these, DNA methyltransferase inhibitors (DNMTi), such as 5-azacytidine (5AZA-C), have shown the capacity to activate type I interferon, elevate the presence of IFN-γ+ T cells and NK cells. To heighten the effectiveness of epigenetic therapy, researchers have proposed a combination approach, incorporating DNMTi with α-difluoromethylornithine (DFMO), with the objective of diminishing immunosuppressive cell populations (80). In immunoreactive mouse models of OC, whether administered individually or in combination, 5AZA-C and DFMO were found to recruit activated IFN-γ+ T cells, CD8+ T cells, and NK cells, leading to a significant improvement in mouse survival. In another study, which delved into the induction of stress ligands through the immunogenic cell death inducer oxaliplatin and its facilitation of NK cell-mediated cytotoxicity, it was observed that oxaliplatin, as opposed to cisplatin, effectively heightened the susceptibility of OC cells to NK cell-mediated lysis (81). These studies provide valuable insights for mechanistic exploration and ongoing refinement to further enhance the clinical efficacy of NK cell-based immunotherapy.




4.3.5 **Genomic instability and aneuploidy influenced natural killer cell dynamics in ovarian cancer

In the landscape of ovarian cancer treatment and Natural Killer (NK) cell-based immunotherapy, the role of inherent cancer-centric factors, particularly genomic instability and aneuploidy, emerges as a critical determinant of NK cell function. Ovarian cancers frequently exhibit elevated genomic instability, leading to chromosomal aberrations and aneuploidy. These cancer-centric features not only contribute to the aggressive nature of ovarian tumors but also intricately shape the tumor microenvironment, influencing NK cell behavior. Aneuploidy, in particular, may modulate the susceptibility of cancer cells to NK cell recognition and cytotoxicity. Understanding how genomic instability impacts the molecular dialogue between ovarian cancer cells and NK cells is imperative for tailoring immunotherapeutic strategies. Comprehending these cancer-driven factors will pave the way for the development of targeted interventions that harness the potential of NK cells in addressing the unique challenges posed by ovarian cancer.






5 Future horizons: advancing ovarian cancer treatment through innovative NK cell-based immunotherapy strategies

As we navigate the evolving landscape of ovarian cancer treatment, the integration of Natural Killer (NK) cell-based immunotherapy stands poised at the forefront of innovative interventions. Looking ahead, refining and personalizing NK cell therapies through genetic engineering techniques, such as chimeric antigen receptor NK (CAR-NK) cells, holds immense promise. Tailoring NK cells to target specific ovarian cancer antigens can amplify their precision and potency. Additionally, exploring combination therapies that synergize NK cell approaches with emerging immunomodulators and targeted agents opens avenues for more nuanced and effective treatment strategies.

Moreover, unraveling the intricacies of the ovarian tumor microenvironment and comprehending the dynamic interplay between NK cells and other immune components remains a pivotal research direction. Deepening our understanding of the molecular determinants that govern NK cell function within this context will inform the development of strategies to overcome immunosuppressive barriers.

Furthermore, leveraging advances in omics technologies and predictive biomarkers can refine patient stratification, ensuring a more tailored and effective application of NK cell immunotherapy. Collaborative efforts across disciplines, integrating insights from immunology, genomics, and clinical oncology, are essential to propel the field forward. With a focus on translational research, the future holds the promise of delivering personalized, precision therapies that harness the full potential of NK cells in revolutionizing ovarian cancer treatment paradigms.




6 Conclusion

In this review, we have summarized the current status of NK cell applications in the treatment of OC. We have found that NK cells, as important effectors of the host immune system, exert their therapeutic effects in OC through mechanisms such as antibody-dependent cell cytotoxicity, perforin release, and granule enzyme secretion. They also secrete IFN-γ and TNF-α or engage in Fas/FasL and TRAIL/TRAILR pathways, mediating the death of OC cells. This provides subclinical evidence for the role of NK cells in OC and their potential therapeutic impact. However, in addition to promising results, there are significant challenges that need to be addressed. In OC patients, the quantity and activity of NK cells are associated with prognosis. By reversing the functional impairment of OC NK cells through cytokines or by combining NK cell-based immunotherapy with IC inhibitors, CAR-T cells, specific antibodies, and immunomodulatory drugs, the efficacy of NK cell-based immunotherapy for OC can be greatly improved, potentially benefiting more OC patients.
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CD24 has emerged as a molecule of significant interest beyond the oncological arena. Recent studies have unveiled its surprising and diverse roles in various biological processes and diseases. This review encapsulates the expanding spectrum of CD24 functions, delving into its involvement in immune regulation, cancer immune microenvironment, and its potential as a therapeutic target in autoimmune diseases and beyond. The ‘magic’ of CD24, once solely attributed to cancer, now inspires a new paradigm in understanding its multifunctionality in human health and disease, offering exciting prospects for medical advancements.
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Introduction

CD24 is a glycosylphosphatidylinositol-anchored protein that was first identified in 1978 as a B-cell differentiation antigen (1). It is expressed in a wide range of tissues and cell types, including hematopoietic stem cells, B and T lymphocytes, epithelial cells, and neural cells (2–11). CD24 has been found to play a role in a variety of physiological and pathological processes, including cell adhesion, migration, differentiation, and apoptosis (12).

In recent years, there has been growing interest in phagocytosis checkpoints, especially CD24, as potential therapeutic targets for cancer treatment (13–15) (see Figure 1). Given the heterogeneity of in post-translational modifications, CD24 has been implicated in tumor growth, invasion, and metastasis, and has been suggested as a potential marker for cancer prognosis and therapy (14, 16–21). More importantly, growing research has uncovered vital functions of CD24 in a range of pathological states, such as autoimmune disorders (22–24), sepsis (25) metabolic disorders (26), graft vs host diseases (27).




Figure 1 | Discovery of phagocytosis checkpoints.



In this review, we offer an in-depth examination of CD24, encompassing fundamental principles and pertinent pathways. We also emphasize the significance of CD24 in both cancer and non-neoplastic conditions. Furthermore, we shed light on the ongoing clinical progress in targeting CD24 and identify the obstacles and possible remedies within the realm of cancer immunotherapy and non-neoplastic disorders. Our objective is to not only advance our comprehension of the existing CD24 research landscape but also to delve into the prospects of CD24-based immunotherapeutic approaches.





Structure of CD24

CD24 is expressed on various cell types, including immune cells, neural cells, and cancer cells, and it is a glycosyl-phosphatidylinositol (GPI)-anchored protein with distinct domains: an intracellular domain, a transmembrane domain, and a heavily glycosylated extracellular domain (2–11, 28, 29). The extracellular domain of CD24 has varying numbers of N-linked and O-linked glycosylation points, playing a role in controlling CD24-driven cell attachment and signal transmission (30). It has one N-glycosylation site and multiple O-glycosylation sites that play a role in its glycosylation. The protein is attached to the cell membrane using a glycosylphosphatidylinositol (GPI) anchor at its end (C-terminus) (30). The CD24 crystal structure was defined using X-ray crystallography, revealing a tight, spherical shape with a β-barrel configuration made of 4 antiparallel β-strands. A disulfide bond between Cys53 and Cys73 provides stability to the β-barrel. The beginning section of the protein showcases a brief α-helix and an adaptable loop area (31).





CD24 and its receptors

CD24 is a cell surface protein that interacts with a range of cell surface receptors, such as P-selectin, Siglec-10, and β1 integrin, and is involved in regulating cell adhesion, migration, cell differentiation, and apoptosis through its association with the Notch signaling pathway (15, 32–34).

While CD24 lacks intrinsic enzymatic activity, it interacts with multiple receptor proteins, such as Siglec-10, Siglec-15, and the NKG2D receptor (35, 36). The Siglec family of receptors, found on immune cells, engage with CD24 in a sialic acid-dependent manner. Siglec-10 functions as a negative regulator of immune responses and inhibits dendritic cells and B cells’ activation when interacting with CD24 (15, 37, 38). Siglec-15, expressed on osteoclasts, interacts with CD24, influencing osteoclast differentiation and bone resorption (39–41). The NKG2D receptor, present on natural killer cells and other immune cells, recognizes stress-induced ligands on tumor and infected cells. CD24 acts as a ligand for NKG2D, suppressing NKG2D-mediated immune responses and facilitating tumor immune evasion (13, 42) (see Figure 2).




Figure 2 | CD24-Siglec-10 pathway as hot targets for tumor immunotherapy. The CD24 antibody has the potential to enhance the immune system’s ability to eliminate tumors. By inhibiting CD24 molecule present on the surface of tumor stem cells, CD24 antibody can block the CD24-Siglec-g/10 signal activation, allowing macrophages to recognize and eliminate tumor cells through the immune clearance process.



In conclusion, CD24 is a cell surface protein involved in critical interactions with various receptors, impacting immune regulation, bone health, and tumor immune evasion. Understanding these CD24 functions and its interactions with receptors is essential for developing CD24-targeted therapies for various diseases.





Role of CD24 in cancer

Studies have shown that CD24 is highly expressed in various tumor cells (21, 43). Recent studies have demonstrated that increased CD24 levels in the blood might be a new prognostic indicator and a biomarker for early cancer detection (18, 44–47). Mechanisms of tumorigenesis promotion by CD24 include cancer stem cell regulation, metastasis of tumor cell, proliferation of cancer cells and evasion of immune detection.

Initially, scientists have introduced the idea of cancer stem cells as the originating precursor cells in the formation of tumors. The association between CD24 and cancer stem cells has been proved in various types of cancer, including breast cancer (48), ovarian cancer (49), pancreatic cancer (50), hepatocellular carcinoma (51), bladder cancer (52), melanoma (53), colon cancer (54), leukemia (55), and multiple myeloma (56). CD24 expression was linked to CSC-like characteristics and the tumorigenic potential of these cells, suggesting that CD24 could serve as a surface marker for CSCs in both solid and hematological tumors; however, the cellular mechanisms of the CD24 - mediated effects are still unclear. Secondly, CD24 plays a crucial role in promoting tumor cell metastasis via multiple mechanisms. By attaching to P-selectin, it diminishes the adhesion of tumor cells, which aids in their movement along the vascular endothelium and platelets, thus increasing their ability to migrate and metastasize (57). CD24 also plays a part in the E-selectin-mediated movement of tumor cells across the surface of vascular endothelium, and it activates integrin subunits, enabling tumor cells to bind to extracellular matrix components and increase their mobility (58). Additionally, CD24 regulates key factors like STAT3 and tissue factor pathway inhibitor-2 (TFPI-2), influencing tumor metastasis by affecting their expression and activity (59, 60). Thirdly, CD24 significantly affects the growth of tumor cells by altering the expression of crucial signaling molecules. Microarray analysis has shown that CD24 mAb downregulates genes associated with carcinogenesis, including MAPK, Ras, and Bcl-2 (61). Additionally, CD24 is capable of initiating ERK and p38MAPK activation, which stimulates the proliferation of tumor cells in both controlled lab environments and living beings. CD24 also regulates the epidermal growth factor receptor (EGFR), a critical player in cell proliferation, by inhibiting its internalization and degradation, thereby affecting cell proliferation (62). Furthermore, the anti-CD24 mAb, G7 mAb, enhances the inhibitory effect of cetuximab on tumor proliferation in vivo, suggesting that CD24 might promotes the growth of tumor cells through the regulation of EGFR expression (63). Fourthly, CD24 plays a critical role in promoting tumor immune evasion through its interaction with Siglec-10. Siglec-10 binds tightly to CD24 in a sialic acid-dependent manner, leading to the inhibition of macrophage signaling cascades and diminished efficiency of phagocytosis, ultimately enhancing tumor immune escape (15). Additionally, elevated expression of Siglec-10 on natural killer (NK) cells correlates with weakened NK cell activity, further making tumors evade the immune system (64). CD24 has been demonstrated to trigger cell death in B cells and precursor B acute lymphoblastic leukemia cells, potentially impacting cellular immunity (65). Siglec-10 inhibits T cell activation, and malignant tumor-derived extracellular vesicles can upregulate Siglec-10 expression in T cells inside tumor microenvironment, decreasing T cell activation. Moreover, correctly glycosylated CD24 can bind to Siglec-10, blocking the activation of T cell receptors by suppressing kinases associated with TCR. These interactions collectively contribute to tumor immune evasion (66, 67) (see Figure 3).




Figure 3 | Schematic of CD24-Siglec-10 signaling in cancer immunotherapy. This diagram depicts the inhibitory receptor Siglec-10 identifying and binding to its ligand CD24 on ovarian cancer cells, leading to anti-phagocytic signaling pathways. Intervening with CD24 could potentially reinstate immune cell phagocytosis. OC, ovarian cancer; Siglec, sialic-acid-binding Ig-like lectin.



CD24 plays a pivotal role in promoting tumor growth, metastasis, and immune evasion. Experimental investigations involving the deletion of the CD24 gene and therapeutic interventions have shown significant inhibition of tumor growth in animal models and improved patient survival (15). Consequently, targeting CD24 emerges as a promising therapeutic strategy for cancer treatment. However, it’s noteworthy that the creation of targeted treatments focusing on CD24 is mainly at the preclinical research phase, and comprehensive clinical trial data are currently limited.

To date, there have been two completed clinical trials focused on testing CD24-blocking drugs in cancer patients. The initial trial was a combined Phase 1/2 study involving 58 patients suffering from aggressive B cell lymphoproliferative disorders following bone marrow or organ transplants (68, 69). The participants in the study were administered a dual monoclonal antibody regimen, comprising ALB9 aimed at CD24 and BL13 targeting CD21 (68, 69). Generally, the treatment regimen was well-received, with the primary side effects being temporary neutropenia of grade 3 or higher in 42% of cases, and grade 2 fever in 22% of patients during the initial infusion (68, 69). Instances of grade 3 sepsis, diarrhea, vomiting, and thrombocytopenia were each observed in one patient. The second trial was a phase 1/2 study conducted at a single institution, involving 36 individuals with primary hepatocellular carcinoma who had undergone surgical resection (70). The patients in this study were treated with adjuvant therapy, which included autologous transfusions of dendritic cells and cytokine-induced T cells, both loaded with the CD24 peptide (70). This treatment proved to be safe, with the most frequent side effect being a transient fever of less than grade 3, occurring in 19% of the participants. There were no reported adverse events of grade 3 or higher. After four years, the overall survival rates were 47% and 53% for patients who received the study treatment two and four times, respectively (70).

Though significant progress has been achieved in understanding the functions of CD24 in cancer, research on its role in neural cancers has been relatively limited. For example, while CD24 polymorphisms have been studied in experimental autoimmune encephalomyelitis (EAE) and various cancer types, their examination within the scope of neural cancers has been lacking. Gleaning knowledge from findings in various types of cancer, along with CD24’s complex involvement with cellular communication networks as previously mentioned, ought to provide a more profound comprehension of CD24’s function in the biology of neural tumors. The ability of CD24 on the cell surface to encourage the spread of cancer is associated with its interaction with P-selectin, which is found on stimulated platelets and the cells lining blood vessels (57) (see Figure 4).




Figure 4 | CD24 enhances tumor metastasis by either binding to selectin molecules or activating pre-existing integrin subunits.



CD24 is recognized as a potential indicator for CSCs or cells initiating brain tumors because it is found on the cell surface and is linked to the advancement of metastasis. In solid tumor CSCs of breast cancer, a CD44+/CD24− phenotype has been identified. These CD44+/CD24−/low breast CSCs have demonstrated increased tumorigenic capabilities (48, 71). Additionally, breast cancer cases exhibiting the CD44+/CD24−/low phenotype display poor prognosis and limited response to chemotherapy (72). However, identifying cancer stem cells in this manner has been met with challenges, including conflicting outcomes and considerable heterogeneity within and among various cancer subtypes (73).





CD24 and non-neoplastic disorders

Although CD24 is best known for its involvement in cancer, it also plays a role in various nonneoplastic diseases. It has been implicated in inflammatory and autoimmune diseases, infectious diseases, and neurological disorders. Here, we discuss some of the key roles of CD24 in these nonneoplastic diseases.




Autoimmune diseases

A decade ago, the initial connection between CD24 and autoimmune diseases surfaced when it was discovered that mice lacking CD24 displayed significant resistance to experimental autoimmune encephalomyelitis (22). CD24 is involved in the regulation of the immune response and has been implicated in the pathogenesis of autoimmune diseases. Clinical data provide substantial support for the association between CD24 and autoimmune diseases. CD24 polymorphisms are linked to the progression of autoimmune disorders, including systemic lupus erythematosus (SLE), multiple sclerosis and rheumatoid arthritis (22, 24, 74–76). Within the CD24 gene, there exists a single nucleotide polymorphism (SNP) denoted as P170, which results in a nonconservative alteration in the C-terminus of the mature CD24 protein, either as Alanine (A, P170C) or Valine (A, P170T).

Zhou et al. initially reported that the CD24V/V genotype was associated with an increased risk and progression of multiple sclerosis. They noted that the expression of CD24 on peripheral blood T cells was higher in CD24V/V patients compared to those with the CD24A/A genotype. This association was subsequently validated in a Spanish cohort, although contradictory data were reported by another group from two cohorts (77, 78). In the case of SLE, Sanchez et al. conducted a study involving three Caucasian cohorts from Spain, Germany, and Sweden. They discovered that the prevalence of the CD24V/V genotype was elevated in SLE patients in the Spanish cohort, though this trend was not observed in the German or Swedish cohorts 24). For rheumatoid arthritis, the CD24V/V genotype was found to be more common among patients when a large screening of over a thousand rheumatoid arthritis patients and eight hundred healthy individuals was conducted (76). A similar association was observed in giant cell arthritis (79).

Additionally, there are three other polymorphisms located in the CD24 mRNA long UTR, namely P1056, P1527, and P1626. Among these, the dinucleotide deletion of P1527 has the capacity to destabilize CD24 mRNA and, significantly, this deletion offers protection against both multiple sclerosis and SLE (80).

Multiple sclerosis stands as the most prevalent autoimmune disorder within the central nervous system, characterized by persistent inflammation and extensive damage involving the loss of myelin and axons. The initial onset of MS involves the infiltration of the CNS by self-targeting immune cells, specifically T cells. The incidence of MS has been associated with both environmental and genetic factors (81, 82). CD24, which is under developmental regulation in T cells (7), serves as a co-stimulatory molecule that enhances T cell activation (83). In the experimental model for MS, experimental autoimmune encephalomyelitis (EAE), CD24 is essential for autoreactive T cells as well as resident CNS lymphocytes (22, 75).

The precise mechanism through which CD24 influences autoimmune diseases remains to be fully understood. In addition to its role as a costimulatory factor, CD24 serves as a genetic checkpoint in the context of T-cell homeostatic proliferation, especially in lymphogenic hosts. Lymphopenia, a common occurrence in autoimmune diseases, triggers T-cell homeostatic proliferation. It has been established that CD24 expressed on T cells plays a crucial role in this process (84, 85). Additionally, considering that CD24 influences the efficiency of clonal deletion, it is plausible that mice carrying a specific mutation in CD24 could exhibit a decreased presence of high-affinity autoreactive T cells (86).





Inflammation diseases

Inflammation is a natural immune response to infections and tissue damage. It is triggered by various agents, which can be categorized into two main groups. The primary and most influential category includes molecular patterns related to pathogens, known as PAMPs, while the secondary category, which is of lesser importance, contains molecular patterns associated with damage, known as DAMPs (87, 88).

In the context of inflammatory diseases, CD24 has a multifaceted role, acting as both a facilitator and regulator of inflammation. Its function is highly dependent on the context of the disease and the type of immune cells involved. In initial research, it was observed that the interaction between CD24 and Siglec G/10 plays a role in controlling the inflammatory response to DAMPs but not PAMPs. Subsequently, more and more evidence confirmed the relationship between CD24 and several DAMPs, including heat-shock proteins (HSP), high mobility group box protein 1 (HMGB-1) and nucleolins (89, 90). CD24 interacts with SiglecG in mice and Siglec10 in humans to specifically suppress the host’s reaction to tissue injury. Notably, this mechanism does not interfere with the host’s response to PAMPs (91). As a result, the CD24-SiglecG pathway is suggested to have the ability to differentiate between DAMPs and PAMPs (91) (see Figure 5).




Figure 5 | The interaction between CD24 and Siglec 10/G specifically inhibits the inflammatory reaction to tissue damage. CD24 binds with Siglec-10 to suppress inflammatory responses triggered by danger-associated molecular patterns (DAMPs), while it does not affect those elicited by pathogen-associated molecular patterns (PAMPs). Toll-like receptors (TLRs) are involved in this process.



Nevertheless, the response of the host to infectious pathogens can be affected by this interaction, since most infections lead to cell death and could provoke inflammatory reactions via DAMPs. Additionally, numerous pathogens have been discovered to interrupt the CD24-Siglec G/10 connection, either by diminishing the expression of Siglec G/10 or by removing sialic acids from CD24 (25, 92). CD24 has been found to be upregulated in response to viral and bacterial infections, and CD24-deficient mice have been shown to be more susceptible to infection (93–97). Preclinical studies have demonstrated that CD24Fc was effective in protecting non-human primates from acquired immunodeficiency syndrome (AIDS) caused by the simian immunodeficiency virus (98, 99). Human CD24-Fc has been effectively created and experimented with, particularly in rhesus monkeys afflicted with chronic immune issues and inflammation resulting from HIV-1/SIV infection. The treatment was well-received in these tests, suggesting it might help slow the progression to AIDS in SIV-infected primates.

CD24-Fc shows potential as an innovative approach to manage the immune response in diseases marked by persistent immune activation and systemic inflammation. Its effectiveness is currently being further explored in various clinical trials for immune-related conditions such as graft-vs-host disease and other similar disorders. It has been implicated in the regulation of immune responses to infections, including the production of cytokines and chemokines and the recruitment of immune cells to the site of infection (25, 100–103).

CD24 could be proposed to discriminate between DAMPs and PAMPs and deeper understanding CD24-Siglec10 interaction pathways may lead to the development of targeted therapies for managing inflammatory conditions.





Covid-19

Based on the positive results in non-human primates, as well as the safety and clinical performance of CD24Fc in healthy volunteers and patients undergoing bone marrow transplantation, OncoImmune, Inc. initiated a phase 3 clinical trial at nine medical centers in the United States. This study is designed to evaluate the safety and clinical effectiveness of CD24Fc in hospitalized COVID-19 patients requiring oxygen support. The main goal is to measure the duration until clinical improvement, which is marked by the patient’s shift from needing oxygen support to breathing without it over a 28-day observation period 154,.

The data from this clinical trial indicates that CD24Fc is well-received and markedly hastens the rate of clinical recovery by over 60% in hospitalized patients with COVID-19 who require oxygen support. Biomarker studies have revealed that CD24Fc consistently suppresses the inflammatory response in COVID-19 patients. Overall, these results indicate that focusing on inflammation due to tissue damage might provide a treatment possibility for COVID-19 patients in the hospital (100).

In line with the clinical outcomes of CD24Fc, it was observed that HMGB1 (High Mobility Group Box 1) is elevated in the plasma of COVID-19 patients (104, 105). Furthermore, RNA sequencing analysis of lung tissue from both healthy individuals and severe COVID-19 patients showed a selective reduction in SIGLEC10 mRNA expression without affecting the expression of other SIGLECS (92). More recently, a non-randomized study by Shapira et al. suggested that Exo-CD24, which includes CD24-containing exosomes, appeared to reduce inflammatory markers and cytokines/chemokines while expediting the recovery of hospitalized COVID-19 patients (106).





Neurological disorders

CD24 has been found to promote axonal growth and myelination, and CD24-deficient mice have been shown to have impaired neural development (32, 107, 108). Like numerous other surface antigens present on neural cells, CD24 holds significance in cellular communication and function, particularly in processes such as neural migration, the extension of neurites, and neurogenesis (109). Studies indicate dynamic expression of CD24 during the neural development of rodents, and at least one study has suggested transient expression of CD24 during human development (110–112). These findings also emphasize that CD24 could undergo transcriptional activation in postmitotic neurons during the migration phase but is typically lost once a more mature cytoarchitectural context is established. Calaora and colleagues showed that the expression of mCD24 is maintained in certain areas of adult mice that are involved in the secondary formation of neurons (110). Notably, CD24 expression endures into adulthood within the rostral migratory stream, the pathway used by newly formed neurons toward the olfactory bulb, as well as in the dentate gyrus of the hippocampus. These results support the notion that CD24 is present during stages of neuronal migration and the formation of neuronal connections. The observations are consistent with the idea that CD24 functions as a glycoprotein that plays a role in directing neuronal migration and the formation of synapses. Furthermore, CD24 expression was observed in non-neuronal ependymal cells that possess cilia and line the ventricles (113). The precise degree to which CD24’s glycans may distinctively guide the movement of neurons and the creation of connections during this stage of development is still a matter to be determined through research.

CD24 has also been implicated in the pathogenesis of neurological disorders, including neuronal injury, etc. CD24 can enhance neuronal regeneration in experimental subarachnoid hemorrhages (114). Astrocytes have the potential to alleviate neuronal damage by utilizing CD24 to inhibit NF-κB binding activity, thereby reducing the secretion of inflammatory factors subsequent to the HMGB1 challenge (see Figure 5). CD24 appears to enable T cells to evade clonal deletion, a process that deactivates self-reactive cells before maturation, but it does not influence the entry of self-reactive T cells into the CNS (86, 115). The expression of CD24 on resident CNS lymphocytes exacerbates the severity of EAE by boosting the activation of autoreactive T cells (75), crucial for their local multiplication (115). This interaction does not seem to involve a like-to-like trans interaction between CD24 molecules (116). Overall, the cumulative evidence suggests that CD24 expression encourages the development of EAE, and potentially MS, following initiation by various other contributing factors (117).





Metabolic disorder

Metabolic disorders such as obesity, dyslipidemia, diabetes, nonalcoholic fatty liver disease, and nonalcoholic steatohepatitis have significantly emerged as a major global health concern (118). Metaflammation, characterized as a persistent low-grade inflammatory state in metabolic tissues, stands as a significant hallmark of metabolic disease (119). This chronic state of tissue inflammation involves the infiltration and activation of immune cells along with elevated levels of inflammatory cytokines, resulting in impaired insulin signaling and disruption of systemic metabolic balance (120). Several inflammatory signaling pathways like JNK and IKK, alongside inflammatory cytokines such as TNF-α and IL-1β, have been implicated in the development of metabolic diseases (121–124) Despite compelling evidence linking chronic inflammation to obesity, the mechanisms underlying the initiation and control of metaflammation during obesity remain inadequately understood.

Yang L et al. identified that the disruption of the CD24-Siglec-E interaction exacerbates metabolic disorders associated with obesity, while therapy involving CD24Fc shows improvement (26). The recognition of CD24 by Siglec-E through sialoside-based interactions negatively regulates metaflammation and offers protection against metabolic syndrome. Clinical studies on CD24Fc confirm the significance of this pathway in human lipid processing and inflammatory responses. These discoveries highlight the pivotal inhibitory function of the CD24-Siglec-E axis in metabolic dysfunctions and metaflammation, offering a potential immunotherapeutic approach for conditions like obesity, dyslipidemia, insulin resistance, and nonalcoholic steatohepatitis. They also evaluated the role of CD24-Siglec pathway in the development of metabolic syndrome and demonstrated that CD24 deficiency aggravates metabolic disorder in mice. To pinpoint the CD24 receptor involved in metabolic regulation, researchers employed a genetic strategy to ascertain if mutations in any Siglec gene could replicate the metabolic characteristics observed when CD24 is removed. They finally found that Siglec-E signaling is required for CD24-mediated protection against metabolic disorder and CD24-Siglec-E axis represses metaflammation to ameliorate metabolic disorder. Given that CD24Fc is undergoing clinical development for several human diseases, the recent study offers a promising therapeutic strategy for treating metabolic diseases by strengthening sialoside-based pattern recognition (see Figure 6).




Figure 6 | Disruption of the CD24-Siglec-E axis worsens, whereas CD24Fc treatment improves, metabolic disorders associated with obesity. Sialylated CD24 triggers the recruitment of SHP-1 to Siglec-E, thereby reducing metaflammation. In the initial phase I clinical trial conducted on humans, a sole administration of CD24Fc proved safe and well-received among healthy individuals.








Conclusion

CD24 has emerged as a promising therapeutic target in cancer due to its significant role in the disease. Researchers have extensively investigated the use of antibodies that target CD24 for cancer treatment. While preclinical studies exploring CD24 antibody-based therapies have been conducted and reviewed previously (Table 1) (125), it’s worth noting that as of now, there have been no clinical trials targeting CD24 in cancer treatment. While the role of CD24 in cancer has garnered significant attention, its importance extends to various other physiological and pathological processes, including autoimmune diseases, infectious disorders, Covid-19, neurological disorders, metabolic disorders and more. Further research into CD24 functions in these areas may reveal new insights and potential therapeutic applications beyond cancer.


Table 1 | Clinical trials with agents targeting CD24.



To enhance patient outcomes, it is imperative to tackle the issue of drug resistance mediated by CD24 and prolong patient survival. Nevertheless, the exact mechanisms through which CD24 contributes to drug resistance in tumor cells remain incompletely elucidated, involving a complex interplay of diverse pathways. Clinically, it requires additional assessment to determine how to integrate phagocytosis checkpoint inhibitors and/or activators into the existing framework of immunotherapy. In addition, investigating the potential for combining CD24-targeted immunotherapy with other treatments, such as checkpoint inhibitors or chemotherapy, is a critical area of research. Determining the synergistic effects and potential toxicities of combination therapies is essential. Furthermore, designing well-controlled clinical trials with appropriate endpoints and patient cohorts is essential for robustly evaluating the efficacy of CD24-targeted immunotherapy. Also, Assessing the safety profile of CD24-targeted immunotherapy is crucial. Understanding potential side effects and their management is essential to ensure that the treatment does not cause significant harm to patients. Moreover, identifying predictive biomarkers that can help select patients who are most likely to respond to CD24-targeted immunotherapy is an important consideration. This will help in patient stratification and personalized treatment approaches.

In summary, while CD24-targeted immunotherapy holds promise in the treatment of cancer and non-neoplastic diseases, numerous questions related to its clinical application, efficacy, safety, and combination strategies still need to be addressed through rigorous research and clinical trials.
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Background

Neoadjuvant chemotherapy (NAC) followed by radical cystectomy (RC) remains the cornerstone of treatment for muscle-invasive bladder cancer (MIBC). While platinum-based regimens have demonstrated benefits in tumor downstaging and improved long-term survival for selected patients, they may pose risks for those who are ineligible or unresponsive to chemotherapy.





Objective

We undertook a bibliometric analysis to elucidate the breadth of literature on NAC in bladder cancer, discern research trajectories, and underscore emerging avenues of investigation.





Methods

A systematic search of the Web of Science Core Collection (WoSCC) was conducted to identify articles pertaining to NAC in bladder cancer from 1999 to 2022. Advanced bibliometric tools, such as VOSviewer, CiteSpace, and SCImago Graphica, facilitated the examination and depicted the publication trends, geographic contributions, institutional affiliations, journal prominence, author collaborations, and salient keywords, emphasizing the top 25 citation bursts.





Results

Our analysis included 1836 publications spanning 1999 to 2022, indicating a growing trend in both annual publications and citations related to NAC in bladder cancer. The United States emerged as the predominant contributor in terms of publications, citations, and international collaborations. The University of Texas was the leading institution in publication output. “Urologic Oncology Seminars and Original Investigations” was the primary publishing journal, while “European Urology” boasted the highest impact factor. Shariat, Shahrokh F., and Grossman, H.B., were identified as the most prolific and co-cited authors, respectively. Keyword analysis revealed both frequency of occurrence and citation bursts, highlighting areas of concentrated study. Notably, the integration of immunochemotherapy is projected to experience substantial growth in forthcoming research.





Conclusions

Our bibliometric assessment provides a panoramic view of the research milieu surrounding neoadjuvant chemotherapy for bladder cancer, encapsulating the present state, evolving trends, and potential future directions, with a particular emphasis on the promise of immunochemotherapy.
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Introduction

Bladder cancer ranks as the 10th most prevalent cancer globally and represents the most frequently diagnosed malignancy within the urinary system (1). According to the latest global cancer statistics, bladder cancer accounts for approximately 3% of all cancer cases worldwide, emphasizing its significant impact on global health (2). It is categorized, based on pathological or radiological evaluations, into Non-Muscle Invasive Bladder Cancer (NMIBC) and Muscle Invasive Bladder Cancer (MIBC). MIBC patients exhibit a markedly heightened risk of recurrence and lymphatic metastasis relative to those with NMIBC. Sole reliance on surgical resection for treatment is associated with suboptimal therapeutic outcomes, with recurrence rates in lymph node-positive patients reaching up to 76% (3, 4).

To address this clinical challenge, perioperative treatments, including neoadjuvant and adjuvant therapies, have been rigorously explored to enhance patient outcomes. Introduced in the 1980s, neoadjuvant chemotherapy has been integrated into modern clinical paradigms (5, 6). This regimen seeks to reduce primary tumor size, mitigate remote micro-metastasis, and bolster curative potential preceding surgery. Contemporary recommendations endorse cisplatin-based combination regimens for eligible patients, delivering a modest but notable 5-8% uptick in overall survival (OS) (7, 8). Nevertheless, the broader application of chemotherapy is hindered by its toxicity profile and the diverse nature of bladder cancer.

The advent of high-throughput genomic sequencing technologies, such as next-generation sequencing (NGS), has revolutionized bladder cancer research (9). These advancements have enabled a detailed understanding of the genetic landscape of bladder cancer, identifying critical mutations in genes like FGFR3, TP53, and RB1. Such discoveries are instrumental in developing targeted therapies and predicting patient responses to treatments like neoadjuvant chemotherapy (10). Furthermore, genomic sequencing has facilitated the identification of molecular subtypes of bladder cancer, providing insights into their distinct prognostic and therapeutic implications. For instance, recent studies have shown that certain genomic alterations are associated with a better response to cisplatin-based chemotherapy, guiding treatment decisions and improving patient outcomes (11). Recent advances in immunotherapeutic interventions have been remarkable, with several agents undergoing clinical evaluation and manifesting encouraging therapeutic profiles. Immune checkpoint inhibitors (ICIs), particularly those targeting PD-1 or PD-L1 pathways, such as pembrolizumab, have demonstrated significant efficacy in advanced bladder cancer, especially when combined with chemotherapy (12, 13). The integration of genomic data with immunotherapy research is poised to further revolutionize the therapeutic landscape of bladder cancer, offering more personalized and effective treatment options (10). In the contemporary landscape of bladder cancer research, characterized by an ever-expanding corpus of scholarly articles. Conventional review methodologies, while undeniably valuable, often grapple with the formidable challenge of comprehensively elucidating the swiftly evolving sphere of neoadjuvant chemotherapy for bladder cancer.

Bibliometrics, a statistical approach, furnishes an analytical perspective on publications, presenting a methodical depiction of research trajectories and emphases. Through mathematical techniques, it illuminates various facets of scholarly contributions, including affiliations, journals, authors, citations, and keywords (14, 15). The advent of visualization platforms, like CiteSpace and VOSviewer, has facilitated the intuitive exploration and visualization of interrelationships based on publication, citation, and collaboration metrics sourced from open databases (16, 17). In this study, we will utilize advanced bibliometric techniques to assess the current landscape of neoadjuvant chemotherapy research for bladder cancer. By doing so, we seek to illuminate the most influential works, prominent research clusters, and emerging trends in the field. Furthermore, our analysis aims to provide researchers and clinicians with a clear roadmap of the domain’s evolution and to pinpoint areas that warrant further exploration.





Methods




Data source and acquisition

We searched the Clarivate Analytics Web of Science Core Collection database (WoSCC), which is one of the most commonly used repositories for bibliometric analysis, to identify and collect related publications on neoadjuvant chemotherapy of bladder cancer. To refine our search, we included articles that specifically mentioned “neoadjuvant chemotherapy” in the title, abstract, or keywords, and were related to bladder cancer, ensuring focused relevance. We excluded conference abstracts, editorials, and letters, aiming for a comprehensive collection of original research articles and reviews. In an effort to mitigate potential biases associated with updates to articles, the search was jointly executed by two independent researchers and was finalized on June 16, 2023.





Search strategy

The employed search algorithm was delineated as: topic = (neoadjuvant or NAC) NEAR/1 (therapy* OR treatment* OR chemotherapy*) AND topic = (bladder) NEAR/1 (cancer* OR tumor* OR tumour* OR oncology OR neoplasm* OR carcinoma*) with a publication year constraint of 1999-2022. This query yielded 2549 articles within the WoSCC database. To ensure relevance and quality, we manually reviewed the titles and abstracts of these articles, selecting those that directly addressed neoadjuvant chemotherapy in the context of bladder cancer. Articles that were not focused on this specific topic or did not provide significant insights into the field were excluded. We further refined our selection to English-language articles and reviews from the specified date range, culminating in 1836 publications for subsequent analysis. Ethical approval was deemed non-essential for this study.





Bibliometric analysis tools

For our bibliometric analyses, we utilized SCImago Graphica (Beta 1.0.35), Citespace (version 5.8.R2), and VOSviewer (version 1.6.16).





Visualization and data presentation

In our bibliometric analysis, we employed several mathematical techniques to extract meaningful patterns and trends from the data. One key technique was the use of frequency and co-occurrence analysis, which helped in identifying the most frequently addressed topics and the relationships between different concepts within the literature. We also applied cluster analysis to group related articles, authors, or keywords into distinct clusters, revealing thematic concentrations and patterns of research activity. Network analysis was another pivotal technique, where we constructed and analyzed networks of citations and co-authorships to uncover the most influential authors and publications, as well as to visualize the collaborative landscape. We incorporated temporal analysis to trace the evolution of research themes over time, thereby identifying both historical and emerging trends (18).

To assist readers in interpreting these visualizations, we have added a brief tutorial. For instance, in CiteSpace, each node represents an article, author, or keyword, with the size of the node corresponding to its citation count or occurrence frequency. The lines between nodes represent co-citations or co-occurrences, indicating thematic or collaborative connections (19). Similarly, in VOSviewer, network maps display clusters of related items, with different colors representing different clusters. The distance between nodes in these maps reflects the strength of the relationship, with closer nodes indicating stronger connections.

Furthermore, we present illustrative examples to demonstrate the practical application of our findings. For example, one of our network maps highlights a significant cluster of research focused on the role of PD-1/PD-L1 inhibitors in neoadjuvant chemotherapy for bladder cancer. This cluster includes key publications and influential authors, illustrating the growing interest and pivotal research in this area. Another example is our temporal analysis graph, which shows the evolution of research themes over time, highlighting the shift from traditional chemotherapy approaches to combined chemo-immunotherapy regimens in recent years.

Citespace facilitated the extraction of annual publication and citation graphs, country collaboration diagrams, dual-map journal overlays, and the 25 most salient keywords based on citation bursts. Both VOSviewer and SCImago Graphica were instrumental in generating graphs depicting collaborative ties between nations, institutions, and authors, in addition to keyword analyses. Microsoft Office Excel 2019 (Microsoft, Redmond, WA, USA) was employed to illustrate publication trends and project anticipated publication counts for the ensuing year. Within our bibliometric analysis, the H-index of journals was calculated following the method proposed by Hirsch JE (20). This index is determined by arranging the published articles of a journal in descending order of their citation counts, and identifying the number “H”, where at least “H” articles have received “H” or more citations each.






Result




Annual publications trend

Our bibliometric analysis encompassed 1,836 publications from 1999 to 2022. Original research articles constituted 78% of these, and comprehensive reviews, 22%. Yearly publication output and citations showed a consistent increase, with a zenith in 2021 (Figure 1A). From 2012 to 2022, annual publication output doubled. A polynomial fitting curve (Figure 1B) was employed to elucidate this trend. The analysis rendered a coefficient of determination (R²=0.9868), emphasizing the trend’s statistical significance. Projections suggest approximately 230 publications in 2023. These data highlight the escalating interest in NAC for bladder cancer.




Figure 1 | Annual trends of global publications and citations. (A) Numbers of publications and citations on NAC for bladder cancer from 1999 to 2021. (B) Polynomial fitting curve of annual publication in NAC for bladder cancer.







Countries/regions

Researcher from 57 countries or regions participated in the study of NAC for bladder cancer in total. Table 1 provides a comprehensive overview of the top 10 most productive nations in this research field. Notably, Europe emerges as a dominant contributor, with six countries, while North America and Asia each account for two. The United States stands out prominently, boasting the highest number of publications, total citations, and an impressive H-index of 98, which indicates academic output and quality. This conveys the United States’ indisputable leadership in the study of NAC for bladder cancer (Figure 2A). Furthermore, the United Kingdom garners distinction by achieving the highest average citation per paper, indicative of the nation’s production of high-quality studies with a notable influence on average. It is noteworthy that China, the sole developing country among the top 10, has demonstrated remarkable growth. Over the past five years, China has witnessed a two-fold increase in the quantity of publications (Figure 2B). A collaboration map (Figure 2C) depicts the US as the nexus of international collaborations, with North America and Europe as major participants.


Table 1 | Top 10 productive countries/regions involved in neoadjuvant chemotherapy for bladder cancer.






Figure 2 | Analysis of global research trends and collaborations. (A) The total link strength of publications in different countries/regions. (B) The composition of annual publications in terms of the top 10 productive countries/regions. (C) Visualization graph of collaborations between countries/regions in NAC for bladder cancer. the sizes of the bubbles bearing the names of countries correspond to the respective quantities of publications, while the color of the bubbles represents the total link strength (TLS). Connection lines between countries denote cooperation relationships.







Institutes

As shown in Table 2, a detailed analysis of the top 10 prolific institutes in NAC research for bladder cancer highlights a significant presence of institutions from North America and Europe. Specifically, five of these top institutes are based in the United States, two in Canada, and the remaining three in Austria, Germany, and Italy. Within this competitive landscape, the University of Texas emerges as the most prolific institution, contributing a substantial number of papers to this field. Meanwhile, Memorial Sloan-Kettering Cancer Center stands out by accruing the highest number of total citations, indicative of its significant impact on the research domain.


Table 2 | Top 10 institutes involved in neoadjuvant chemotherapy for bladder cancer.



A visual representation of institutional collaborations, as depicted in Figure 3, gives the noteworthy observation that collaborations are predominantly fostered between American and European institutions. This intercontinental collaborative endeavor reflects the global nature of research in NAC for bladder cancer, with North American and European institutions playing pivotal roles in facilitating these cooperative relationships.




Figure 3 | Visualization graph of collaborations between institutes in NAC for bladder cancer with a minimum of 5 documents. Each node represents an institute, with node size indicating their publication volume, and the lines between institutions representing their collaborations.







Journals and co-cited journals

In Table 3, we present a comprehensive overview of the top 10 journals pertinent to NAC for bladder cancer. Strikingly, five of these journals originate from the United States, while two are affiliated with institutions in the Netherlands. The journals’ impact factors vary, ranging from a peak of 23.4 to a minimum of 1.1. European Urology claims the distinction of the highest impact factor, standing at 23.4, and additionally boasts the most total citations, tallying an impressive 12,137. This underscores the journal’s remarkable academic influence within the domain of NAC for bladder cancer. Intriguingly, despite Urologic Oncology-Seminars and Original Investigations publishing the highest volume of papers, it garners 2,231 total citations and possesses an influence factor of 2.7. This delineates a crucial point that in academic impact, both quantity and quality of publications wield significance. Also we calculated the H-indices of key journals in the field of urologic oncology. Notably, “The Journal of Urology” and “Cancer” emerged as leading publications with H-indices of 236 and 277, respectively. This contrasts with “Bladder Cancer”, a relatively newer journal, which currently has an H-index of 0. These indices reflect the varying levels of citation impact and scholarly influence among these publications in the field. Furthermore, eight out of the top 10 journals are specialized in urology, while the remaining two predominantly focus on oncology.


Table 3 | Top 10 Journals related to the research of neoadjuvant chemotherapy for bladder cancer.



A visualization graph (Figure 4A) depicting collaboration relationships among journals reveals that, at present, there is no significant collaborative interaction between these academic publications. This suggests that the independent and distinct contributions are made by these journals in advancing the field of NAC for bladder cancer, with each journal fostering its own unique academic impact. In the dual-map overlay of journals and citing journals in Figure 4B, there were 2 main citation lines suggesting that the papers published on the journals of Medicine/Medical/Clinical could be cited by the papers on Health/Nursing/Medicine or Molecular/Biology/Genetic journals.




Figure 4 | Visualization graph of collaborations between journals in NAC for bladder cancer with a minimum of 5 documents. Each node represents a journal, with node size indicating their publication volume, and the lines between journals representing their collaborations (A). (B) The dual-map overlay of journals related to NAC for bladder cancer. The citing journals were on the left, the cited journals were on the right, and the colored path represents the citation relationship.







Authors and co-cited authors

Table 4 presents the top 10 prolific authors and the top 10 co-cited authors with the highest citations in the domain of neoadjuvant chemotherapy (NAC) for bladder cancer. Shariat Shahrokh F, affiliated with the University of Vienna, distinguishes himself as the foremost contributor in this field. He claims the top position in the number of publications, total citations, and total link strength. This multifaceted achievement underscores his remarkable productivity, high-quality research output, and cooperative engagement with fellow authors. Figure 5A offers a visualized representation of co-author relationships, indicating the collaborative networks among authors. In our analysis, we did not discern any clear co-authored relationships, signifying that research contributions in this field have primarily been characterized by independent efforts.


Table 4 | The 10 authors and the top 10 co-cited authors with the highest citations.






Figure 5 | Analysis of authors and co-cited authors with a minimum of 5 citations. (A) The visualization map of authors analysis. (B) The visualization map of co-cited authors analysis. Each node represents an author or co-cited author, with node size indicating their citations or documents, and the lines between authors representing their collaborations.



By means of co-cited author analysis, we gain insight into the interconnections between authors who share similar research interests. Among these, Grossman HB, Sternberg CN, and Herr HW emerge as the top three co-cited authors. Figure 5B visually represents these relationships, with the number of lines connected to each author’s bubble corresponding to the extent of their co-cited connections. This visually highlights the considerable influence exerted by these authors within the field of NAC for bladder cancer.





Co-cited references

Table 5 provides a listing of the top 10 co-cited papers in the field of neoadjuvant chemotherapy (NAC) for bladder cancer. A noteworthy observation is that seven out of these top 10 co-cited papers were published during the period spanning 2000 to 2005. These papers reflect seminal contributions to the literature that continue to exert a significant influence. These top 10 co-cited references encompass a diverse range of publications, comprising three meta-analyses, five clinical trial articles, and a paper focusing on molecular subtypes of bladder cancer and guideline updates. Among them, the article titled “Neoadjuvant chemotherapy plus cystectomy compared with cystectomy alone for locally advanced bladder cancer”, published in the New England Journal of Medicine in 2003, emerges as the top co-cited reference, accumulating more than nine hundred citations.


Table 5 | Top 10 co-cited references concerning the research of neoadjuvant chemotherapy for bladder cancer.



To further explore the relationships between these co-cited references, we employed a visualized graph of co-cited references analysis (Figure 6). Intriguingly, while the graph provides a holistic view of the interconnectedness of these references, it does not reveal any significant cluster trends, suggesting a broad and diverse body of literature with varying influences and interconnections.




Figure 6 | Visualization graph of co-cited references analysis with a minimum of 20 citations. the size of each bubble and the quantity of connected lines represent the TLS and correlations among co-cited references, respectively.







Keywords

As depicted in Figure 7A, the visual representation generated using VOSviewer provides insight into the occurrence frequency and correlations among keywords. Among the top 5 keywords with the highest occurrence, “Bladder cancer”, “Neoadjuvant chemotherapy”, “Cystectomy”, “Chemotherapy” and “Radical cystectomy” are central to the discourse in this research domain, reflecting the core themes of investigation.




Figure 7 | Visualization graph of keywords co-occurrence analysis with a minimum of 5 occurrence each node represents a keyword, with node size indicating their occurrence times, and the lines between keywords representing their collaborations (A). (B) Top 25 keywords with the strongest citation bursts.



Furthermore, Figure 7B showcases the top 25 keywords characterized by the strongest citation bursts, effectively representing the evolving trends and hotspots within the field of NAC for bladder cancer over time. “Transitional cell carcinoma”, which represents the most common histopathological type in bladder cancer, demonstrates the highest citation strength and the longest duration, with a burst period spanning from 1999 to 2013 and a strength of 57.71. This extended burst period highlights the enduring significance of this keyword within the literature. Additionally, keywords such as “Bladder neoplasms”, “Prognostic factors”, “Phase II trial”, “Randomized trial”, “MVAC” and “Muscle-invasive bladder cancer” exhibit burst strengths exceeding 10, signifying their dynamic and influential roles as research topics and focal points in the field of NAC for bladder cancer. These burst keywords underscore the evolving nature of research interests and the emergence of new themes and research directions over time.






Discussion




General information

Multiple clinical trials indicate that exclusive reliance on surgery provides limited therapeutic advantages for MIBC patients. Conversely, neoadjuvant chemotherapy (NAC), especially those grounded in cisplatin-based regimens, is gaining prominence as a primary strategy, enhancing overall survival rates and mitigating recurrence and metastasis risks. Recent advances in NAC, including the integration of immunotherapy and targeted therapy, are transforming the treatment landscape for bladder cancer. This reflects a shift from traditional chemotherapy approaches to more personalized and effective strategies.

The field of neoadjuvant chemotherapy for bladder cancer has witnessed significant shifts in research focus over the years. Initially, studies predominantly focused on the efficacy and safety of platinum-based chemotherapy regimens. However, recent research has progressively embraced genetic markers and precision medicine, culminating in the latest trend towards immunochemotherapy approaches. These transitions reflect the dynamic adaptation of the field to emerging scientific insights and underline the critical importance of evolving treatment paradigms in response to these advances.

With the advent of innovative therapeutic agents, NAC research for bladder cancer has seen significant growth, substantially influencing MIBC patient management and prognosis. This growth is characterized by an expanded focus on molecular profiling and precision medicine, aiming to tailor treatments to individual patient needs and tumor characteristics. The surge in clinical trials aiming to ascertain the optimal NAC strategies and predictive indicators for patient outcomes has resulted in a plethora of publications. These trials underscore the necessity for ongoing research to refine NAC protocols and improve patient selection criteria.An in-depth analysis of the contributions from 57 countries or regions reveals a diverse research landscape. For instance, the United States, leading in publication volume, has fostered pioneering research in genomic predictors of NAC response. In contrast, European countries, with a focus on translational research, have contributed significantly to understanding the molecular mechanisms underlying bladder cancer. Institutions like the University of Texas and Memorial Sloan-Kettering Cancer Center have been instrumental in integrating clinical and translational research, demonstrating a holistic approach to NAC for bladder cancer. Regarding global contributions, the United States is at the vanguard of NAC research for bladder cancer, evidenced by its prolific publications, citations, and international collaborations. In contrast, European countries and China are emerging as significant contributors, each bringing unique perspectives and strengths to NAC research. Notably, six out of the ten leading contributors are European countries: Italy, Germany, the United Kingdom, France, Netherlands, and Austria. Although China, the sole developing country among the top ten, has exhibited exponential publication growth, it ranks second in the 2022 publication count. Yet, China’s citation metrics trail, suggesting a need for a more focused approach to enhance the quality and impact of its research contributions.

Prominent institutions, such as the University of Texas, Memorial Sloan-Kettering Cancer Center, and the University of Vienna, have garnered significant recognition. Their contributions, particularly in pioneering clinical trials and developing novel therapeutic approaches, have been instrumental in advancing NAC research.

In the journal spectrum, “European Urology” stands preeminent, boasting the superior Impact Factor among top-tier journals and underscoring its role as a primary conduit for NAC research dissemination. This prominence reflects the journal’s commitment to publishing pioneering studies that have significantly influenced the course of NAC treatment. Shahrokh F. Shariat of the University of Vienna has an exemplary publication record, notably eclipsing the second-ranked author, Ashish M. Kamat. Shahrokh F. Shariat’s research found in a phase 3, multicenter, double-blind, randomized, controlled trial that adjuvant nivolumab prolonged disease-free survival in patients with high-risk muscle-invasive urothelial carcinoma who had undergone radical surgery compared to placebo (21). This critical finding is dissected to showcase the evolving landscape of NAC where immunotherapeutic agents are becoming increasingly significant. The potential implications of these findings for future therapeutic strategies are also discussed.

Furthermore, HB Grossman’s research highlights the significance of cisplatin-based chemotherapy (M-VAC), which exhibits a superior median survival of 44 months in comparison to 37.5 months in the surgery group alone, and an overall 3-year survival rate improvement (22).These results emphasize the continued importance of traditional chemotherapy in NAC, while also highlighting the need for ongoing research to enhance efficacy and reduce toxicity.

Keyword analysis offers invaluable insights into predominant research foci, particularly evidenced by the surge in citations for terms like “Prognostic factors” and “Gene expression”. As therapeutic innovations emerge, clinical trials are increasingly pivotal, bridging foundational research and clinical application. While neoadjuvant immunotherapy presents promising potential, the keyword “Pembrolizumab” gained traction in 2020. Given the ongoing clinical trials, a surge in related keyword citations is anticipated. This anticipation is framed within the broader context of rapidly evolving NAC research, indicating a dynamic field that is responsive to new discoveries and treatment modalities. The potential for these trials to bring about significant shifts in the treatment landscape is explored, along with their implications for future research directions and clinical practice.

In summation, this exhaustive review elucidates the landscape of NAC research for bladder cancer, emphasizing global contributions, influential institutions, authors, journals, and emerging trends. Such insights empower researchers to adeptly navigate the domain, shaping future inquiries and enhancing bladder cancer patient outcomes.

Following this bibliometric analysis, several pivotal subtopics in neoadjuvant chemotherapy for bladder cancer have been discerned:





Regimens of platin-based chemotherapy

Since the 1980s, cisplatin-based neoadjuvant chemotherapy has been utilized with the primary objective of improving surgical resection outcomes and overall survival (5). The prescription of this neoadjuvant chemotherapy to medically eligible MIBC patients has achieved broad clinical agreement (23–25). With time, the paradigm of chemotherapy regimens has dynamically transformed, reflecting the advent of innovative chemotherapeutic agents and becoming a focal point of comprehensive research and publications.

A seminal clinical trial aimed to contrast the therapeutic effectiveness of neoadjuvant methotrexate, vinblastine, doxorubicin, and cisplatin (MVAC) chemotherapy combined with cystectomy against cystectomy as a standalone treatment. The study showcased favorable outcomes, delineating a marked advantage in complete pathological response rates for patients undergoing neoadjuvant chemotherapy (38% vs. 15%, P < 0.001) (22). This noteworthy outcome underscored the preeminence of NAC, marking a significant milestone in the realm of NAC studies, as evidenced by its top-ranking in co-cited reference analysis presented in Table 5. Furthermore, alternative regimens, including cisplatin with methotrexate (CM), cisplatin with Adriamycin (CA), cisplatin combined with methotrexate and vinblastine (CMV), and the combination of gemcitabine and cisplatin (GC), have all affirmed their therapeutic potency (26–28). Building on the foundational contributions of urologists, numerous meta-analyses have furnished compelling evidence underscoring the advantages of neoadjuvant chemotherapy for patient prognosis, thereby cementing its role in clinical practice (29–31). The recent VESPER trial insights have enriched our comprehension of neoadjuvant chemotherapy, elucidating that dose-dense MVAC (dd-MVAC) surpasses the commonly adopted GC regimen in local tumor management and achieving superior three-year progression-free survival rates (32). In summation, the domain of neoadjuvant chemotherapy for bladder cancer is poised for further evolution, with prospective research endeavors targeting the formulation of holistic protocols that promise enhanced therapeutic outcomes, expansive applicability, and economic efficiency.





Prognostic factors and biomarkers

Bladder cancer, characterized by its pronounced heterogeneity, presents clinical challenges, especially when implementing NAC for patients resistant to chemotherapy. The identification of prognostic factors, biomarkers, and appropriate patient cohorts remains paramount. The advent of advanced sequencing technologies and bioinformatics tools, notably the TCGA database, facilitates a comprehensive analysis of expansive genetic datasets spanning various bladder cancer subtypes.

The predictive function of molecular subtypes in relation to response rates remains unclear owing to the absence of a standardized approach in molecular categorization and the mechanism by which they do so remains unknown (33). As our understanding of the fundamental mechanisms of carcinogenesis expands, the link between gene mutations and resistance to chemotherapeutic agents becomes clearer, paving the way for the identification of new biomarkers. Several gene mutations, including ERCC2 (34), ERBB2 (35), and BRCA1 (36), are strongly correlated with NAC outcomes. In ATM/RB1/FANCC (37) mutant research, patients receiving cisplatin-based neoadjuvant chemotherapy for Muscle-invasive Bladder Cancer who possessed one or more ATM/RB1/FANCC mutations had 5-year survival rates that were higher for both OS (85% mutant vs. 46% wild) and DSS (90% mutant vs. 49% wild), respectively, than those without such mutations. Likewise, recent studies have indicated a positive correlation between deleterious mutations in ERCC2 and the pathological response to neoadjuvant chemotherapy based on Cisplatin. Patients who had ERCC2 mutations had a 5-year overall survival rate of 75%, while those who did not had that rate at 52% (38). Molecular pathology classifications further elucidate NAC responses. Utilizing immunohistochemical profiling to identify specific gene expressions, researchers have classified muscle-invasive bladder cancer into distinct molecular subtypes. Echoing molecular subtypes found in breast cancer, Choi et al. identified three unique bladder cancer subtypes, emphasizing the p53-like MIBC, known for its pronounced NAC resistance (39). This seminal study underscores the relationship between molecular subtypes and NAC responses. Building on the TCGA dataset, Robertson et al. identified five MIBC molecular subtypes: luminal-papillary, luminal-infiltrated, luminal, basal/squamous, and neuronal (40). While basal/squamous MIBC might respond positively to NAC, it could also be associated with an unfavorable prognosis. Several methods, including circulating tumor DNA (ctDNA) (41), urine tumor DNA (utDNA) (42) and clinical factors (43), have been explored to predict NAC responses. However, a substantial divide persists between experimental techniques and tools suitable for clinical application.





Emerging trends in neoadjuvant chemotherapy for bladder cancer

Recent breakthroughs in immunotherapy have revolutionized the approach to neoadjuvant chemotherapy in bladder cancer (44).The introduction of immune checkpoint inhibitors (ICIs) such as pembrolizumab and atezolizumab has paved the way for new therapeutic combinations. Studies are increasingly focusing on the efficacy of combining ICIs with traditional cisplatin-based chemotherapy, revealing potential synergies that enhance response rates and improve survival outcomes compared to chemotherapy alone (45). This innovative approach presents a promising advancement in the treatment of bladder cancer, offering more personalized and effective therapeutic strategies.

Recent studies have also highlighted the potential of integrating genomic profiling into the NAC paradigm, offering a more personalized approach to treatment. For instance, research identifying specific molecular subtypes of bladder cancer that respond favorably to NAC opens new avenues for patient-specific therapy optimization. Additionally, ongoing trials exploring the combination of immunotherapy with NAC underscore the evolving nature of bladder cancer treatment and the necessity to adapt to these advancements. The integration of precision medicine into bladder cancer treatment is an emerging trend that warrants further exploration. Advances in genomic profiling and biomarker identification are enabling the development of targeted therapies tailored to individual patient profiles. Research into molecular biomarkers to predict response to neoadjuvant chemotherapy and immunotherapy is particularly promising (46). This direction may lead to the formulation of more effective and less toxic treatment regimens, optimizing patient care.Looking to the future, understanding the mechanisms of resistance to chemotherapy and immunotherapy in bladder cancer is a crucial research area. Investigating the genetic and molecular basis of resistance can uncover new therapeutic targets. Another burgeoning area of interest is the role of the tumor microenvironment in influencing bladder cancer progression and treatment response. Studies exploring the interactions between tumor cells, immune cells, and other microenvironment components could unveil novel methods to enhance the efficacy of neoadjuvant chemotherapy. This perspective is further reinforced by the findings of Zhou et al. (47), who explored temozolomide-based sonodynamic therapy and its role in inducing immunogenic cell death in glioma, an approach that might offer insights for bladder cancer treatment strategies (48). Their work exemplifies the kind of innovative approaches that could be pivotal in advancing neoadjuvant chemotherapy techniques.

In addition, exploring the potential of novel agents and combination therapies, especially in the context of drug resistance, is a critical area for future research. The development of therapies targeting specific molecular pathways implicated in bladder cancer progression, such as FGFR3 inhibitors and PARP inhibitors, holds promise for improving treatment outcomes (49).





Future prospects

Patients who were administered neoadjuvant camrelizumab, in conjunction with gemcitabine and cisplatin, demonstrated a pathological response rate of 43.3% and a pathologic downstaging rate of 53.3% (50). These findings underscore the potential of incorporating novel ICIs into NAC regimens, potentially redefining treatment standards for bladder cancer. In contrast, the combination of rapamycin with gemcitabine-cisplatin did not show improved efficacy in treating muscle-invasive bladder cancer, as evidenced by a relatively low complete response rate of 23%, despite the inhibition of mTOR in tumor cells (51). This underscores the importance of ongoing clinical trials and research in identifying the most effective treatment combinations. The exploration of these novel therapies is critical to advancing our understanding of bladder cancer treatment and improving patient outcomes.

When patients receiving neoadjuvant platinum-based combination immune ICIs (ipilimumab plus nivolumab) for locally advanced urothelial cancer were compared with neoadjuvant platinum-based combination chemotherapy, the results indicated that patients receiving platinum-based combination ICIs achieved a greater degree of pathological complete pathological response rate (52). Although platinum-based regimens have shown benefits in tumor downstaging and improved long-term survival for certain patients, they also pose considerable risks and challenges. These include the potential for non-responsiveness in a subset of patients, significant toxicities, and the exclusion of patients with renal impairment. Understanding and mitigating these challenges are critical for maximizing the therapeutic potential of NAC in MIBC.

Furthermore, initially employed as a second-line treatment for advanced urothelial cancer, immunotherapy has shown significant therapeutic efficacy as a standalone neoadjuvant treatment, boasting an acceptable tolerability profile (53–55). The success of immunotherapy in these contexts highlights its potential as a transformative approach in NAC, offering new hope for patients with advanced bladder cancer.

Patients who have been diagnosed with metastatic urothelial carcinoma and are having chemotherapy that is based on platinum have a greater overall survival rate (median 12.8 months) in comparison to patients who are receiving immunotherapy (median 6.3 months) (56). In addition, a large-scale, randomized, international, multicenter Phase III Study was carried out in order to compare the efficacy of gemcitabine plus cisplatin (GC) with methotrexate, vinblastine, doxorubicin, and cisplatin (MVAC) for locally advanced or metastatic transitional-cell carcinoma patients. The findings revealed that overall survival was comparable between GC and MVAC, and the toxic mortality rate was 1% on the GC group as opposed to 3% on the MVAC group. Thus, GC gives a similar survival benefit to MVAC with a higher safety profile and tolerability (57). In our bibliometric analysis, we spotlight the increasing prominence of the keyword “Pembrolizumab” an “ICI”, which has seen a significant citation surge since 2020. This reflects a growing interest in the combination of immunotherapy with chemotherapy, especially considering the potential of cisplatin-based agents to potentiate the anti-cancer effects of ICIs by enhancing intratumoral T-cell activity (58). Recent studies suggest that ICIs, in conjunction with gemcitabine and cisplatin, yield positive results in terms of complete response rate and event-free survival (12, 59, 60). Ongoing trials, including EV304 and KEYNOTE-866, aim to ascertain the efficacy and safety of this combined approach.

In recent years, artificial intelligence (AI) has showcased its potential in predicting NAC outcomes in colorectal, breast, and gastric cancer (61–64). The application of AI in NAC for bladder cancer is still nascent, but significant strides have been made. For instance, predictive models for NAC responses have been formulated using machine-learning techniques based on biopsy pathology images (65). Similarly, Hepburn et al. utilized machine learning to pinpoint novel NAC predictive biomarkers (66). While literature on AI’s role in NAC for bladder cancer remains sparse in our analysis, the future likely holds a significant role for AI in advancing NAC research, propelled by advancements in computational capabilities, algorithms, and clinical databases.

In conclusion, the integration of these clinical and translational breakthroughs into standard clinical protocols is imperative. It involves tailoring treatments to individual patients, enhancing the likelihood of complete responses, and championing bladder preservation strategies. The future of NAC in bladder cancer treatment is poised at an exciting juncture, with the potential to significantly improve patient outcomes through innovative, personalized, and multidisciplinary approaches.





Limitations

This analysis is not without limitations, primarily stemming from the exclusive reliance on the WOSCC database and the constraint to English-language publications. Additionally, we acknowledge that our analysis did not differentiate between subtypes of bladder cancer, such as urothelial and non-urothelial carcinomas, or between muscle invasive and non-muscle invasive forms. This broad approach may overlook specific trends within these distinct subgroups. Future endeavors should contemplate a more holistic approach, incorporating diverse data sources and languages.






Conclusion

This bibliometric analysis has provided a comprehensive overview of NAC research in bladder cancer from 1999 to 2022, revealing the pivotal role of the United States and other regions in advancing the field. Importantly, this study highlights not just the evolution of chemotherapy regimens and the role of prognostic biomarkers, but also the emerging complexity within NAC treatment strategies. The findings underscore the growing importance of integrating immunochemotherapy and leveraging artificial intelligence (AI) to address the multifaceted challenges in bladder cancer treatment. Our analysis suggests a trend towards more integrated, personalized approaches, driven by a deeper understanding of the molecular and clinical complexities of bladder cancer. Future research should focus on further unraveling these complexities, particularly in optimizing immunochemotherapy strategies and utilizing AI for advanced patient stratification and treatment personalization. Such avenues are crucial for the continued advancement of bladder cancer treatment and improving patient outcomes, reflecting a deeper comprehension of the intricate interplay of various therapeutic modalities in NAC.
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Notch signaling pathway is a highly conserved system of cell-to-cell communication that participates in various biological processes, such as stem cell maintenance, cell fate decision, cell proliferation and death during homeostasis and development. Dysregulation of Notch signaling has been associated with many aspects of cancer biology, such as maintenance of cancer stem-like cells (CSCs), cancer cell metabolism, angiogenesis and tumor immunity. Particularly, Notch signaling can regulate antitumor or pro-tumor immune cells within the tumor microenvironment (TME). Currently, Notch signaling has drawn significant attention in the therapeutic development of cancer treatment. In this review, we focus on the role of Notch signaling pathway in remodeling tumor immune microenvironment. We describe the impact of Notch signaling on the efficacy of cancer immunotherapies. Furthermore, we summarize the results of relevant preclinical and clinical trials of Notch-targeted therapeutics and discuss the challenges in their clinical application in cancer therapy. An improved understanding of the involvement of Notch signaling in tumor immunity will open the door to new options in cancer immunotherapy treatment.
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1 Introduction

Notch proteins are type I transmembrane proteins that were originally discovered in Drosophila melanogaster (1). Notch receptors are composed of an extracellular domain that combines with ligands expressed on a neighboring cell, a transmembrane region and an intracellular region that conveys the signal (2). Notch signaling pathway is initiated by binding of canonical ligands (Delta-like ligand 1 (Dll1), Dll3, Dll4, Jagged1 (Jag1), Jag2) to Notch receptors (Notch1, Notch2, Notch3 and Notch4) (3, 4). Although the core Notch signaling cascade seems to be relatively simple, it is actually a complicated and adaptable machinery, which can induce widespread cellular responses (5). Notch signaling is an evolutionarily conserved system of cell-to-cell communication between adjacent cells, affecting many biological processes such as cell fate determination, cell proliferation and differentiation (4, 6). Dysregulation of Notch signaling is involved in various human pathologies, especially cancer (7). Notch signaling pathway participates in many aspects of cancer biology, encompassing stem cell maintenance, cancer angiogenesis, invasion and metastasis (8–11). Notch signaling can play both tumor-promoting and tumor-suppressing roles in diverse types of cancer (12). A growing body of evidence manifests that Notch signaling exerts double-edged sword effects on tumor immunity by regulating the abundance and functionality of diverse immune cells including myeloid-derived suppressor cells (MDSCs), tumor-associated macrophages (TAMs), dendritic cells (DCs) and T cells (13). Accordingly, manipulation of Notch signaling may hold promise as a powerful new approach for cancer treatment (14). Considerable effort has been devoted to designing Notch-targeting therapies. The past decade has seen the emergence of various types of agents therapeutically inhibiting Notch pathway including ligand/receptor-targeted antibodies, γ-secretase inhibitor (GSI) and small molecule inhibitor (5). Nevertheless, due to the intricate roles of Notch signaling in cancer pathogenesis, the goal of developing tumor-selective Notch-directed therapies for clinical use is still challenging.

In the present review, we provide an up-to-date overview of current findings of Notch signaling in cancer and its crosstalk with tumor immune microenvironment. Moreover, the effects of Notch signaling on cancer immunotherapy responses are highlighted. In addition, we summarize recent preclinical and clinical trials of Notch-targeted therapies to offer new ideas and directions for more precise cancer immunotherapy. A better understanding of Notch signaling in cancer will accelerate the research and development of safe and efficacious Notch-targeting drugs for cancer intervention.




2 Roles of Notch signaling in cancer pathogenesis

Notch signaling pathway is an ancient and highly conserved signaling cascade that is crucial for many biological processes (15). Aberrant Notch signaling pathway is associated with both noncancerous and cancerous diseases (16). The two core players in this signaling pathway are Notch receptors and their cognate ligands (17). In mammals, there are four Notch receptors (Notch1, Notch2, Notch3 and Notch4) and five Notch ligands (Dll1, Dll3, Dll4, Jag1 and Jag2) (18, 19). Notch receptors contain extracellular epidermal growth factor (EGF)-like domains mediating their association with Notch ligands (20). Notch ligands harbor a conserved Delta-Serrate ligand (DSL) domain executing ligand-receptor interaction (21). In signal-sending cells, Notch ligands are distributed on the cell membrane and interact with Notch receptors on signal-receiving cells (22) (Figure 1). In signal-receiving cells, Notch receptors are synthesized as precursor proteins by ribosomes bound to the endoplasmic reticulum (ER) and subsequently transferred to the Golgi apparatus (23). During this process, Notch receptors are glycosylated at the EGF-like repeat domain (24). In the Golgi apparatus, Notch receptors are cleaved by furin-like proteases at Site 1 (S1), generating a non-covalently associated heterodimer made up of an extracellular subunit and a transmembrane subunit (25). The N-terminal fragment of Notch receptors is O-glycosylated with the action of glycosyltransferase enzymes (e.g., members of the Fringe family) and transferred to the cell membrane (21). Notch receptors on the signal-receiving cell are activated by binding to Notch ligands on the cell surface of an adjacent signal-sending cell (26). Upon bound with ligands, Notch receptors are cleaved at Site 2 (S2) by a disintegrin and metalloprotease 10 (ADAM10) (27). The product of S2 cleavage is composed of a transmembrane domain and an intracellular domain (Notch extracellular truncation (NEXT)) (28). NEXT then undergoes proteolytic cleavage by γ-secretase at Site 3 (S3), liberating the Notch intracellular domain (NICD) that functions to regulate gene transcription (29). S3 processing can occur both on the plasma membrane and in the endosome after NEXT is endocytosed (30). After being released, NICD migrates into the cell nucleus where it forms a Notch transcriptional activation complex (NTC) with the DNA binding factor recombinant signal-binding protein for immunoglobulin κJ region (RBPJ) and transcriptional coactivators of the Mastermind-like (MAML) family (31). Following recruitment of transcriptional coregulators, NTC associates with Notch regulatory elements (NREs), fostering transcription of Notch target genes (4). The most conserved targets of Notch signaling include members of hairy and enhancer of split (HES) family and HES related with YRPW motif (HEY) family (32). In the absence of NICD, RBPJ combines with a variety of transcription repressors (e.g., four and a half LIM domain protein 1 (FHL1) and silencing mediator of retinoid and thyroid hormone receptor (SMRT)/histone deacetylase 1 (HDAC1)-associated repressor protein (SHARP)), enabling RBPJ to restrict the transcription of Notch target genes (33). The abundance of Notch ligands and receptors presented on cell membrane, the type of ligands, and glycosylation of the EGF domain affect ligand-receptor binding and the amount of released NICD (34).




Figure 1 | Schematic representation of Notch signaling pathway. The newly translated Notch receptor undergoes protein folding and glycosylation in endoplasmic reticulum. The cleavage of Notch receptor by furin-like protease at S1 occurs in the Golgi apparatus, leading to the biogenesis of mature Notch receptor. It is then transported to the cell membrane as a heterodimer. Notch ligands from signal-sending cells bind to the Notch receptor of signal-receiving cells. Endocytosis and membrane trafficking coordinate the availability of ligands and receptors on the cell surface. Ligand endocytosis may also produce mechanical force to induce structural changes in the bound Notch receptor. This conformational alteration exposes S2 in Notch for sequential cleavages by ADAM, generating a membrane-anchored Notch extracellular truncation fragment (NEXT). γ-Secretase cleaves the Notch transmembrane domain in NEXT at S3, finally releasing the Notch intracellular domain (NICD) from the cell membrane. γ-Secretase-mediated cleavage can occur at the cell surface or in the endosome. NICD translocates to the nucleus and binds to RBPJ, MAML and other proteins to form a NTC that facilitates the transcription of many genes (e.g., HES and HEY). In the absence of NICD, RBPJ may associate with corepressor proteins to suppress target gene transcription. NICD binding may induce allosteric changes in RBPJ that causes displacement of transcriptional repressors. The transcriptional activator MAML recognizes the NICD/RBPJ interface, following which other coactivators are recruited to activate transcription of downstream target genes. Jag1/2, Jagged1/2; Dll1/3/4, Delta-like ligand 1/3/4; ADAM, a disintegrin and metalloproteinase; S1, Site 1; S2, Site 2; S3, Site 3; NEXT, Notch extracellular truncation; NICD, Notch intracellular domain; NTC, Notch transcriptional activation complex; SHARP, silencing mediator of retinoid and thyroid hormone receptor/histone deacetylase 1-associated repressor protein; RBPJ, recombinant signal-binding protein for immunoglobulin κJ region; FHL1, four and a half LIM domain protein 1; MAML, mastermind-like; HES, hairy and enhancer of split; HEY, hairy and enhancer of split related with YRPW motif.



Notch signaling is implicated in various aspects of cancer biology, such as the maintenance of cancer stem-like cells (CSCs), angiogenesis and tumor immunity (35, 36). Notch signaling acts as an oncogenic factor, while in some cancers its role may be tumor suppressive (37, 38). For instance, Dll1-mediated Notch signaling promoted the progression of breast cancer and glioma (39, 40). This signaling pathway exerted anticarcinogenic activities in lung cancer, osteosarcoma and pancreatic carcinoma (41–43). Notch signaling is necessary for CSC maintenance in diverse cancers, which can increase cancer heterogeneity, stemness, metastasis and resistance to anticancer therapies (35, 44). Notch signaling-mediated intercellular interactions contribute to induction of epithelial-mesenchymal transition (EMT) and remodeling of the tumor stroma (45, 46). Notch signaling has been implicated in vascular development and physiology (47). Accumulating evidence indicates that Notch ligand Dll4 is highly expressed in tumor vasculature and has a role in tumor angiogenesis (48, 49). Targeting Dll4 represents a prospective antiangiogenic strategy in cancer. Dll4 deficiency disturbed the dynamic balance of tumor angiogenesis and overcame resistance to vascular endothelial growth factor (VEGF) blockade in cancer cell line-based xenograft models (50, 51). Furthermore, Notch signaling has emerged as an important regulator of tumor immunity, resulting in tumor-promoting or tumor-antagonizing outcomes, which may depend on mobilization of Notch signaling in each form of tumor-infiltrating immune cells (52–54).




3 The interplay between Notch signaling and tumor immune microenvironment

A growing body of evidence indicates that Notch signaling pathway can regulate the activity of various immune cells within tumor microenvironment (TME), such as MDSCs, TAMs, regulatory T cells (Tregs), cancer-associated fibroblasts (CAFs), DCs, neutrophils and T cells (Figure 2). Accordingly, Notch signaling is involved in cancer development through multifarious mechanisms, which include induction of cancer immunosuppression, promotion of tumor-supportive microenvironment, and regulation of adaptive antitumor immunity.




Figure 2 | Roles of Notch signaling pathway in tumor immune microenvironment. Notch signaling can affect the activity of various immune cells within tumor microenvironment. Notch signaling suppresses PMN-MDSC production and induces MDSC expansion, contributing to tumor immunosuppression. Intriguingly, PMN-MDSCs can elicit Jag/Notch signal transduction pathway in cancer cell. The crosstalk between cancer cells and PMN-MDSCs finally enhances cancer metastasis. Notch signaling play dual roles in regulating T cell-mediated immune responses in cancer. Notch pathway can affect TAM recruitment and polarization. Cancer cells trigger the activation of Notch signaling in endothelial cells, which mediates the education of TAMs by cancer cells. This leads to formation of immunosuppressive microenvironment and impairment of T cell-mediated immunity. Notch activation reduces the intratumoral infiltration of NK cells, while it has opposite effects on Treg frequency and activity. Notch signaling leads to IL-17-driven inflammation via Th17 recruitment. Notch signaling mediates the communication between cancer cells and CAFs. On one hand, activated Notch pathway in CAFs causes compromised antitumor immunity and supports cancer development. On the other hand, increased activity of Notch pathway in CAFs can inhibit cancer progression. Cancer cells attract neutrophils into tumor microenvironment and motivate Notch signaling in recruited neutrophils. Notch-activated neutrophils suppress the cytotoxic activity of CD8+ T cells. Notch signaling fosters DC terminal differentiation and drives antigen cross-presentation to CD8+ T cells. Consequently, Notch-primed DCs retard cancer progression. Notch mutation is associated with a decline in B cell population in tumor microenvironment. Furthermore, Notch activation upregulates immune checkpoints (PD-1 and PD-L1) to blunt adaptive antitumor immunity. MDSC, myeloid-derived suppressor cell; Dlls, Delta-like ligands; PMN-MDSC, polymorphonuclear-myeloid-derived suppressor cell; PD-1, programmed cell death protein-1; PD-L1, programmed cell death protein-ligand 1; DC, dendritic cell; Jags, Jaggeds; CAF, cancer-associated fibroblast; Th17, T helper 17; Treg cell, regulatory T cell; NK cell, natural killer cell; TAMs, tumor-associated macrophages.





3.1 Regulation of immunosuppression



3.1.1 Myeloid-derived suppressor cells

Notch1 signaling plays a critical role in tumor-induced immunosuppression. On one hand, Notch1 contributes to tumor immunosuppression through promotion of MDSCs. Notch-activated macrophages increased the liberation of C-C motif chemokine ligand 2 (CCL2) and interleukin-10 (IL-10) to induce MDSC recruitment in glioma (55). The MDSC-rich environment educated T cells to be immunosuppressive and attenuated the efficacy of oncolytic herpes simplex virus-1 (oHSV-1)-based virotherapy. Conversely, pharmacologic blockade of Notch reversed the immunosuppressive brakes and potentiated CD8+ T cell-driven antitumor immune responses, thereby improving oncolytic virus-induced therapeutic benefit. Deregulation of Notch signaling in immature T cells induced the expansion of CD11b+Gr-1+ MDSCs in T-cell acute lymphoblastic leukemia (T-ALL) through IL-6 (56). Depletion of MDSCs inhibited T-ALL cell proliferation and expansion. Notch3 increased the expression of various cytokines such as CCL2, colony-stimulating factor-1 (CSF-1) and C-X-C motif chemokine ligand 12 (CXCL12), which promoted recruitment of macrophages and MDSCs to the TME of colorectal cancer (CRC) (57). Therefore, Notch3 accelerated CRC development by favoring immunosuppressive TME. MDSCs were able to stimulate signal transducer and activator of transcription 3 (STAT3) and Notch in breast cancer cells through IL-6 and nitric oxide (NO), respectively (58). Notch activation supported sustained STAT3 activation via IL-6. The crosstalk between Notch and STAT3 signaling pathways mediated MDSC-induced breast cancer stemness. Notch signaling was strongly inhibited in MDSCs derived from colon carcinoma- and melanoma-bearing mice (59). Notch signaling suppressed the production of polymorphonuclear (PMN)-MDSCs but increased the generation of mononuclear MDSCs. Depletion of Notch signaling reduced the inhibitory effect of MDSCs on T cell function. Manipulation of Notch signaling cascade may represent a potential therapeutic option for cancer patients. PMN-MDSC-derived reactive oxygen species (ROS) activated Notch1 in circulating tumor cells (CTCs) isolated from patients with breast cancer or melanoma, which enabled CTCs to respond to Jag1-mediated Notch activation (60). The crosstalk between PMN-MDSCs and CTCs enhanced the dissemination and metastatic potentials of CTCs. On the other hand, Notch signaling counteracts MDSC-mediated immunosuppression. Activation of Notch/RBPJ signaling pathway blocked monocarboxylate transporter 2 (MCT2)-mediated lactate import in myeloid cells through its downstream molecule HES1 (61). This resulted in the suppression of MDSC differentiation and promotion of M1-like TAM maturation, thereby restricting lung cancer progression. MDSCs decreased the expression of Notch1 and Notch2 in T cells in a NO-dependent manner (62). Notch1 increased the cytotoxic effects of CD8+ T cells and induced their conversion into a memory phenotype. Restorement of Notch1 signaling in CD8+ T cells overcame MDSC-induced T cell suppression and improved the beneficial effects of T cell-based immunotherapy in lung cancer-bearing mice.




3.1.2 Tumor-associated macrophages

TAMs play dual roles in remodeling of tumor immunosuppressive microenvironment. Notch induced the expression of IL-1β and CCL2, which then recruited TAMs to the tumor, contributing to breast cancer progression (63). High expression of Jag1/Notch1 were positively linked with infiltration levels of M2-like TAMs, contributing to poor prognosis in lung adenocarcinoma (LUAD) (64). Mechanistically, Notch signaling recruited macrophages into LUAD tissues through induction the secretion of CCL2 and IL-1β and promoted their polarization into M2 type. Jag1-mediated Notch signaling increased the secretion of IL-4 and IL-6 in breast cancer cells, leading to M2 polarization of TAMs and breast cancer development (65). Epithelial ovarian cancer (EOC) cells induced the activation of Notch pathway in endothelial cells to upregulate CD44 in TAMs, propelling their education by EOC cells (66). This resulted in formation of immunosuppressive microenvironment and impairment of T cell-mediated immunity, hence accelerating EOC progression. Notch signaling was activated in TAMs in the TME of pancreatic ductal adenocarcinoma (PDAC) (67). Notch activation favored TAM polarization into an immunosuppressive M2-like phenotype characterized by high levels of immunosuppressive cytokines (IL-10, transforming growth factor-β1 (TGF-β1) and tumor necrosis factor-α (TNF-α)), arginase 1 and immune checkpoint molecules. Notch inhibition cooperated with programmed cell death protein-1 (PD-1) blockade to induce CD8+ T cell-mediated antitumor immunity in PDAC. The combined treatment achieved a stronger anticancer effect than single treatment. Activation of Notch in triple negative breast cancer (TNBC) induced the expression of IL-1β and CCL2 to attract TAMs into the tumor, culminating in cancer development and immune evasion (68). Notch signaling in PDAC cells fostered the recruitment and activation of macrophages to a M2-like phenotype through upregulation of IL-8, CCL2, IL-1α and urokinase-type plasminogen activator (uPA) (69). In turn, activated TAMs then secreted IL-6 to enhance PDAC cell metastasis. Interruption of Notch-dependent circuit holds potential as a therapeutic option for PDAC treatment. Intriguingly, Notch signaling also limits the immunosuppressive function of TAMs. Myeloid-specific Notch activation remarkably reduced the infiltration of pro-tumorigenic M2 macrophages into PDAC tissues, which led to upregulated antigen presentation and enhanced cytotoxic T effector function (70). Notch signaling in myeloid cells suppressed the expansion of Kupffer cell-like TAMs (kclTAMs), thus inhibiting hepatocellular carcinoma (HCC) progression (71).




3.1.3 Regulatory T cells

Notch1 overexpression favored melanoma growth in vivo (72). In terms of mechanism, Notch1 suppressed the intratumoral infiltration of CD8+ cytotoxic T lymphocytes (CTLs) and natural killer (NK) cells while increased the population of Tregs and MDSCs via upregulation of TGF-β1. It also inhibited T cell proliferation and activation and increased PD-1 expression on CD4+ and CD8+ T cells. High expression of Dll3 correlated with poor prognosis in patients with invasive breast cancer (73). Patients with high Dll3 expression had high proportions of T follicular helper (Tfh) cells and Tregs and low proportions of M2 macrophages and resting mast cells. The accumulation of tumor-promoting immune cells is likely to facilitate breast cancer pathogenesis. The infiltration of Tregs and T helper 17 (Th17) cells in the TME was increased with the development of gastric cancer, leading to an imbalance between Tregs and Th17 (74). CD4+CD25+CD127dim/- Tregs expressing high levels of forkhead box protein P3 (FoxP3) function to maintain peripheral tolerance in cancer by inhibiting the activation of tumor-specific effector T cells (75). Retinoic acid-related orphan receptor γt (RORγt), a key transcription factor of IL-17, is expressed in Th17 cells and correlates with IL-17-driven inflammation (76). Notch signaling pathway was activated in gastric cancer (77). Inhibition of Notch signaling reduced the expression of transcription factors FoxP3/RORγt without affecting Treg/Th17 balance. Notch inhibition blunted the suppressive function of CD4+CD25+CD127dim/- Tregs and IL-17 production by Th17 in gastric cancer. Altogether, Notch signaling played a critical role in regulating the activity of Tregs and Th17 cells during GC progression. Another study indicated that high Notch3 expression was associated with decreased infiltration of activated CD8+ T cells and emergence of immunosuppressive cells (e.g., Tregs and M2 macrophages) in the TME of gastric cancer (78). High Notch3 expression also contributed to upregulation of immune checkpoint genes (e.g., CD200, CD274, CD276, CTLA4 and HAVCR2), leading to impaired immune responses. Altogether, Notch3 was involved in immune tolerance of gastric cancer, highlighting its potential as a therapeutic target for the treatment of gastric cancer.





3.2 Modification of tumor-supportive microenvironment



3.2.1 Cancer-associated fibroblasts

Jag1/Notch2 signaling-mediated cell-to-cell contact between CAFs and lung cancer cells facilitated vascular mimicry (VM) generation and permeability (79). The loose junctions of VM networks fostered cancer intravasation and neutrophil penetration, leading to enhanced N2 neutrophil infiltration in lung cancer tissues. Blockade of Jag1/Notch2 interaction inhibited VM formation and lung cancer growth in a murine tumor model. Notch1 activation in TNBC cells promoted contact-dependent induction of CXCL8 in inflammation-induced TNBC-stromal interaction network, leading to TNBC metastasis and progression (80). CAF-derived stanniocalcin 1 (STC1) increased the stemness of HCC cells (81). Mechanistically, STC1 directly combined with Notch1 receptors to motivate the Notch signaling pathway. Moreover, Notch1 was capable of regulating STC1 at the transcriptional level, constituting a tumor-stromal amplifying STC1-Notch1 feedforward signal. Radiation induced the expansion of Dll1-overexpressing breast cancer CSCs, which impelled IL-6-dependent recruitment of CAFs within the TME (82). After that, Dll1-mediated Notch signaling in CAFs triggered Wnt signaling in Dll1-overexpressing CSCs to increase radioresistance in breast cancer. Moreover, blocking Dll1 and IL-6 sensitized Dll1-ovexpressing breast cancer cells to radiotherapy.

In contrast, Notch-activated CAFs can exert tumor-suppressive actions. Apoptotic lung cancer cells activated Notch1/Wnt-induced signaling protein-1 (WISP-1) signaling pathway in CAFs, thus inhibiting the migration and invasion of lung cancer cells (83). Intracellular Notch1 signaling in CAFs reduced the plasticity and stemness of melanoma stem/initiating cells (MICs), hence affecting cancer heterogeneity and aggressiveness (84). Increased activity of Notch pathway in melanoma-associated fibroblasts strikingly retarded cancer growth and angiogenesis (85). Activating Notch signaling in melanoma-associated fibroblasts may be a promising therapeutic strategy for melanoma treatment.




3.2.2 Neutrophils

Previously, Wood et al. (86) reported that neutrophils with activated Notch and TGF-β signaling cascades were enriched in metastatic CRC tissues, suggesting the potential implication of neutrophils in formation of a pre-metastatic niche. Radiation exposure in lung tissues induced accumulation and activation of neutrophils, contributing to a series of tissue perturbations including persistent Notch activation in epithelial cells (87). Such changes facilitated a metastatic niche within irradiated lung tissues, accelerating the growth of arriving breast cancer cells. Notch ligands expressed by cancer cells or tumor-associated neutrophils (TANs) activated Notch1 receptors on endothelial cells (88). Endothelial Notch1 hyperactivation facilitated neutrophil infiltration and metastasis through upregulation of vascular cell adhesion molecule 1 (VCAM1), forming a pre-metastatic niche to drive cancer colonization. These events promoted circulating cancer cell migration, intravasation and homing at distant sites.





3.3 Coordination of adaptive antitumor immunity



3.3.1 Dendritic cells

Jag2-induced Notch signaling could enhanced NK cell cytotoxicity mediated by DCs (89). This caused increased effector activity of cytotoxic T cells. Thus, overexpression of Jag2 retarded the proliferation of B cell lymphoma cells. Notch2 signaling was implicated in conventional DC (cDC)-mediated antitumor immunity (90). Depletion of Notch2 signaling dampened cDC terminal differentiation and inhibited antigen cross-presentation to CD8+ T cells through downregulation of chemokine receptor 7 (CCR7). Consequently, Notch-primed DCs inhibited the development of inflammation-associated colon cancer. Notch signaling in DCs prevents cancer progression by eliciting antitumor immune responses.




3.3.2 Neutrophils

Unlike DCs, neutrophils function to impair T cell-mediated antitumor immune responses. Epithelial Notch1 induced TGF-β-dependent neutrophil recruitment into the TME of CRC, contributing to decreased infiltration of CD8+ T cells and cancer metastasis (91). EOC cells recruited TANs into the TME and triggered Jag2 expression in TANs via IL-8 release (92). Jag2-activated TANs dampened cytotoxic activity of CD8+ T cells. Blockade of Notch signaling inhibited EOC growth and strengthened the killing effect of CD8+ T cells.




3.3.3 T cells

Notch signaling facilitates adaptive immune evasion in cancer. B cells, CD45+ cells, DCs, macrophages, mast cells, neutrophils and T cells were significantly reduced in Notch1-mutant relapsed T1-2N0 laryngeal cancer in comparison with wild-type cancer samples (93). Notch1-mutant recurrent tumors exhibited an immunosuppressive phenotype characterized by decreased B cells score, T cells score and tumor-infiltrating lymphocytes (TILs) score. Notch1 mutation leads to compromised immune response and immunosurveillance escape in recurrent laryngeal cancer. Tumor-derived Jag1 drove tumorigenesis through macrophage recruitment and functional repression of CD8+ T cells in breast cancer-bearing mice models (94). Jag1-induced Notch activation fostered the production of multiple cytokines including IL-6 and WISP-1, contributing to the recruitment of macrophages into the TME. Following recruitment, Notch-activated macrophages interacted with tumor-infiltrating T cells to suppress their proliferation and tumor-killing activity by enhancing CD14 and CD93 secretion. Combination of PD-1 blockade and a Notch inhibitor produced significantly greater inhibition of breast cancer growth than either individual agent. Jag1-mediated Notch activation propels adaptive immune evasion of cancer cells and offers novel therapeutic opportunities for cancer treatment. Inhibition of Notch activation reduced the production of proinflammatory cytokines (e.g., CCL2 and IL-1β) in TNBC (95). This triggered a switch to an immune-inflamed tumor phenotype characterized by a reduction in immunosuppressive Tregs and M2-polarized TAMs and increased infiltration of cytotoxic T cells into tumors. Notch signaling can program tumor immune landscape to facilitate TNBC immune evasion. Notch1 signaling decreased the expression of human leukocyte antigen (HLA) class II genes through downregulation of class II transactivator (CIITA) in chronic lymphocytic leukemia (CLL) cells (96). Notch1 also increased the expression of programmed cell death protein-ligand 1 (PD-L1) and promoted the exhaustion of CD8+ T cells. Notch1 signaling facilitated CLL escape from immune surveillance by blocking antigen presentation and inhibiting T cell activation.

Euchromatic histone methyltransferase 2 (EHMT2)-mediated activation of Notch1 signaling increased PD-L1 expression and reduced major histocompatibility complex-I (MHC-I) expression to dampen T cell immune responses, culminating in stemness maintenance of glioma stem cells (GSCs) (97). The binding of Jag1 expressed on tumor epithelial cells to Notch receptors on TAMs in PDAC microenvironment favored the activation of Notch signaling, which induced TAM polarization into an immunosuppressive phenotype (67). TAMs secreted immunosuppressive mediators (e.g., IL-10 and TGF-β) to suppress CD8+ T cell function. Furthermore, pharmacological inhibition of Notch signaling combined with PD-1 blockade led to reduced macrophage recruitment and increased CD8+ T cell activation, which led to tumor inhibition.

Notch signaling is capable of inducing T cell-mediated immune response (Figure 2). Reportedly, the transcriptional levels of Notch1/2/3 were increased in gastric cancer tissues compared with normal tissues (98). High transcription levels of Notch1/2/3/4 predicted a good prognosis in patients with gastric cancer. Upregulation of Notch family members was positively correlated with infiltration levels of CD4+ T cells, DCs, macrophages and neutrophils. Notch expression showed significant association with many immune markers in gastric cancer, including CCL2, CD163, C-X-C motif chemokine receptor 4 (CXCR4), CCR4 and IL-10. Notch1/2/3/4 might represent potential therapeutic targets for precision cancer treatment. Notch signaling pathway increased the expression of MHC-I and interferon-γ (IFN-γ)-dependent cytokines and favored the recruitment of antitumor CD8+ T cells in glioma (99). Moreover, Notch signaling promoted the conversion of TAMs into an anti-tumorigenic phenotype. Oppositely, blockade of Notch signaling facilitated tumor immune evasion and increased glioma cell aggressiveness. Collectively, Notch signaling pathway suppressed cancer development by remodeling tumor immune microenvironment. CRC patients with Notch mutation had higher infiltration levels of CD8+ T cells, M1 macrophages, neutrophils and NK cells (100). Notch signaling was positively associated with tumor immunogenicity in CRC. Notch mutant status predicted a good prognosis in CRC patients undergoing immune checkpoint inhibitor (ICI) treatment. Notch mutation is anticipated to act as a new therapeutic target and prognostic factor for CRC. Another study indicated that mutated Notch signaling correlated with an enrichment of tumor-specific CD8+ T cells and deprivation of Tregs (101). Therefore, Notch signaling pathway mutations augmented antitumor immunity in CRC. The expression levels of Notch1, Notch3 and Notch4 were remarkably decreased in prostate cancer tissues compared with normal tissues (102). The abundance of Notch family genes was connected with intratumoral infiltration of CD4+ T cells and CD8+ T cells, which influenced clinical outcomes in patients with prostate cancer. Silencing of Notch ligand Dll1 on DCs dampened antitumor immune responses in lung and pancreatic cancers by inhibiting effector CD8+ T cell function and T effector memory (Tem) cell differentiation as well as promoting the accumulation of Tregs and MDSCs (103). Consequently, pharmacological inhibition of Dll1 promoted the growth of lung and pancreatic cancers. In addition, enforced expression of Jag1 reduced Treg frequency and enhanced antitumor immunity through downregulation of PD-1 on CD8+ Tem cells. Notch ligands are crucial for triggering antitumor T cell immune responses to prevent cancer development.




3.3.4 Immune checkpoint molecules

Immune checkpoints refer to as a class of stimulatory and inhibitory molecules expressed on immune cells and cancer cells (104). They act as accessory molecules that either induce or suppress T cell activation (105). PD-1 is an inhibitory receptor expressed on T cells, while PD-L1 is a ligand of PD-1 (106). The PD-L1/PD-1 signaling cascade constitutes an adaptive immune resistance mechanism in cancer. Notch signaling was responsible for PD-L1 upregulation, contributing to immune evasion in gastric cancer (107). Notch/c-Myc/enhancer of zeste homolog 2 (EZH2) signaling induced PD-L1 expression in CLL, contributing to enhanced resistance to activated autologous T cells in a murine CLL model (108). Likewise, Notch3 was upregulated in PD-L1-overexpressing breast CSCs (109). Notch3 activation increased PD-L1 expression by regulating the activity of mammalian target of rapamycin (mTOR), which was crucial for maintaining the stemness of CSC-like cells. High expression levels of Dll3 were inversely linked with Notch1 but showed significant association with high expression of PD-L1 (110). This resulted in dysfunction of T lymphocytes. However, high Dll3 expression was associated with increased infiltration of immune cells and exerted a protective effect on both progression-free survival (PFS) and overall survival (OS) in PDAC patients.






4 Effects of Notch signaling on cancer immunotherapy response

Due to its role in tumor immunity, Notch signaling affects immunotherapy response in cancer. Reduced Notch activity in glioma impaired MHC-I expression and inhibited recruitment of IFN-γ-producing immune cells, contributing to tumor immune evasion (99). The TME of Notch-inhibited glioma was characterized by an exhaustion of T cells and homeostatic microglia-like TAMs and an enrichment of immunosuppressive TAMs. Loss of Notch activity accounted for increased resistance to CSF-1 receptor (CSF-1R) inhibition in glioma. A risk signature consisting of six Notch pathway-related genes (CNTN1, DTX3L, ENO1, GATA3, MAGEA1 and SORBS2) acted as an independent prognostic factor in bladder cancer (111). The infiltrating levels of immune cells were markedly distinct among different risk groups. The high-risk group had higher levels of macrophages and resting mast cells, while CD8+ T cells, DCs, monocytes and Tfh cells were enriched in low-risk patients. Furthermore, low-risk patients displayed a better response for immunotherapy. Thus, Notch signaling was linked with the immune status and immunotherapy response in bladder cancer.

Notch4 mutation was associated with enhanced immunogenicity and increased infiltration of TILs and CD8+ T cells in patients with diverse types of cancer (112). Patients with Notch4 mutation had a better response to ICI therapy. High-mutated Notch signaling was positively associated with increased levels of M1 macrophages, activated memory CD4+ T cells and CD8+ T cells in non-small cell lung cancer (NSCLC) (113). It also negatively correlated with M2 macrophages, quiescent mast cells and resting memory CD4+ T cells. High-mutated Notch signaling was linked with inflammatory immune microenvironment and increased immunogenicity. As expected, patients with high-mutated Notch signaling benefited more from ICI therapy than those with low quantities of mutations in Notch signaling. High-mutated Notch signaling could serve as a predictive biomarker of the response to immunotherapy in NSCLC patients. Co-occurring mutations in Notch and homologous repair (HR) pathways correlated with enhanced efficacy of ICIs and longer PFS in patients with advanced NSCLC (114). Co-occurring alteration of DNA damage response (DDR) and Notch pathways was associated with increased infiltration of CD4+ T cells in NSCLC patients (115). Mutated DDR and Notch pathways predicted superior survival outcomes in ICI-treated NSCLC patients.

Loss-of-function mutation of Notch signaling increased the expression of chemokines (e.g., CXCL1 and C-X3-C motif chemokine ligand 1 (CX3CL1)) in CRC, which then recruited both pro-tumor (e.g., MDSCs and neutrophils) and antitumor immune cells (B cells, CD4+ T cells, CD8+ T cells, DCs and NK cells) (116). Notch mutation correlated with good prognosis for CRC patients undergoing ICI therapy. Blocking Notch signaling can reinforce antitumor immunity by affecting the chemotaxis of various immune cells. Activation of TGF-β and Notch pathways was linked with response to ICI and poor therapeutic outcomes in CRC patients (117). Pharmacological blockade of TGF-β and Notch pathways overcame resistance to PD-1 inhibitor in CRC.




5 The anticancer activity of Notch-targeted treatments

As a classical signaling cascade in humans, Notch signaling is indispensable for the homeostasis and development of most tissues. Dysregulation of Notch signaling contributes to carcinogenesis and cancer pathogenesis. Many notch-directing therapies have been developed and tested in preclinical and clinical studies, including antibodies targeting Notch ligands or receptors, small molecule inhibitors of Notch receptors and GSI (Table 1).


Table 1 | List of Notch-targeted therapies in preclinical and clinical studies.





5.1 Antibodies against Notch ligands

Jag1-targeting antibody blocked Notch signaling, suppressed TNBC CSCs and delayed tumor growth in preclinical brain metastasis xenograft models (118). Moreover, Jag1-neutralizing antibody treatment did not give rise to any detectable toxicity, suggesting its potential clinical application in cancer treatment. Jag1-based immunotherapy may represent a future treatment strategy in metastatic breast cancer. Anti-Dll1 antibody (Dl1.72) showed high affinity and specificity for Dll1 and markedly blocked Dll1/Notch signaling cascade (119). Dl1.72 inhibited the proliferation and liver metastasis of breast cancer cells in a xenograft mouse model. Dl1.72 did not cause detectable toxicity. An open-label phase 1b clinical trial was conducted in patients with platinum-resistant EOC (120). Demcizumab (Dll4-targeted IgG2 humanized monoclonal antibody) combined with paclitaxel possessed a manageable toxicity profile and resulted in clinical benefit rate of 42% in the 19 treated patients.




5.2 Antibodies against Notch receptors

Epidermal growth factor receptor (EGFR)/Notch-targeting bispecific antibodies reduced the proportion of stem-like cells, decreased the frequency of tumor-initiating cells, and overcame resistance to cetuximab and talazoparib in a NSCLC patient-derived xenograft (PDX) model (121). Moreover, combinatorial treatment of EGFR/Notch-targeting bispecific antibodies and talazoparib produced a stronger antitumor effect than the combination of cetuximab and talazoparib in epithelial tumors. Nanoparticle-mediated co-delivery of Notch1-targeting antibodies and small molecule drug ABT-737 decreased tumor burden and extended animal survival in a murine model of TNBC xenograft tumors (122). The therapeutic potential of this treatment merits thorough investigation. Tarextumab (OMP-5948), a new cross-reactive antibody that selectively targets Notch2 and Notch3, was well-tolerated in 42 enrolled patients with advanced solid tumors (123). Disease stabilization was observed in nine tarextumab-treated subjects. A randomized phase II trial demonstrated that addition of tarextumab to gemcitabine and nab-paclitaxel did not improve clinical outcomes over conventional chemotherapy in patients with untreated metastatic PDAC (124). The efficacy of tarextumab needs to be tested in further clinical studies.




5.3 Notch inhibitor

The Notch1 inhibitor ASR490 was reported to suppress the growth of breast cancer stem cells (BCSCs) and breast cancer in xenograft models (125). ASR490 may represent an attractive therapeutic agent against breast cancer, necessitating further clinical validation. Pharmacological inhibition of Notch signaling using G9 augmented antitumor immune responses and suppressed cancer growth with a favorable safety profile in a murine TNBC model (95). Notch1-selective small molecule inhibitor NADI-351 significantly restricted the growth of esophageal adenocarcinoma (EAC) with limited toxicity in PDX models through ablation of the CSC population (126). NADI-351 may be a promising therapeutic agent for cancer treatment. Both IL-17 signaling and Notch pathway accelerated PDAC progression, and IL-17 increased the activity of Notch signaling via nuclear factor-κB (NF-κB) pathway (127). Knockout of IL-17 and Notch inhibitor DAPT (N-[N-(3,5-difluorophenacetyl)-L-alanyl]-S-phenylglycine t-butyl ester) exerted synergistic effects against PDAC in vivo. The anticarcinogenic mechanism of IL-17-Notch co-inhibition needs to be adequately deciphered. Sublethal concentrations of cisplatin promoted osteosarcoma cell migration and invasion by activating the Notch signaling (128). Combination treatment of cisplatin with Notch inhibitor DAPT restrained osteosarcoma cell metastasis in xenograft tumor models.

CB-103 is an orally active small molecule that acts to impede Notch signaling (146). CB-103 combined with protein kinase B (Akt) inhibitor (MK-2206) strikingly extended OS in a xenograft model of T-ALL compared with the single agent (129). It is worthwhile to consider the further development of this combination treatment as a therapeutic option to improve clinical outcomes in T-ALL patients. In an open-label, nonrandomized, phase 1/2 dose-escalation study, CB-103 exhibited limited therapeutic benefits as monotherapy in patients with adenoid cystic carcinoma (ACC) (130). Future studies exploring the anticancer activity of CB-103 combined with current cancer treatments are required.




5.4 Antibody-drug conjugates

Notch3-targeted antibody-drug conjugates (Notch3-ADCs) outperformed conventional chemotherapy (carboplatin) and resulted in persistent cancer regressions in ovarian cancer-bearing mice (131). Continued study will be necessary to evaluate the clinical efficacy of this Notch-targeting treatment. An antibody-drug conjugate (Rova-T) comprising an anti-Dll3 antibody tethered to a chemotherapeutic drug pyrrolobenzodiazepine showed cytotoxic effects on Dll3-expressing patient-derived isocitrate dehydrogenase (IDH)-mutant glioma (132). An open-label, two-to-one randomized, phase 3 study was previously conducted to explore the anticancer benefit of Rova-T in patients with small cell lung cancer (SCLC) (133). However, patients receiving Rova-T had a shorter OS than the second-line chemotherapeutic drug topotecan.




5.5 γ-secretase inhibitor

The GSI dibenzazepine (DBZ)-mediated suppression of Notch signaling inhibited the growth of mucoepidermoid carcinoma (MEC) in vivo (134). Furthermore, co-targeting Notch and EGFR signalings exhibited an enhanced inhibitory effect on MEC growth. High Notch activity promoted bladder cancer development (135). The GSI DBZ and the mitogen-activated extracellular signal-regulated kinase (MEK) inhibitor selumetinib (AZD) were used to block Notch and MAPK signaling pathways, respectively. Combined blockade of these signaling pathways significantly repressed tumor growth in a murine xenograft model of bladder cancer. RO4929097, an oral GSI, blocked the Notch signaling pathway (136). It exerted limited inhibitory effects on the formation of brain tumor neurospheres in glioblastoma (GBM) patients in a phase 2 and pharmacodynamic trial. A phase 1b dose escalation trial of RO4929097 with exemestane indicated that this combination treatment led to a total clinical benefit rate of 20% and a PFS of 3.2 months in 14 patients with estrogen receptor α (ERα)-positive metastatic breast cancer (137). Combination of GSI and endocrine treatment warrants additional investigation in endocrine-resistant ERα-positive breast cancer. RO4929097 combined with vismodegib had good tolerability in 33 patients with advanced sarcoma (138). RO4929097 monotherapy led to a PFS of 8.9 weeks and an OS of 11.9 months. However, the administration of vismodegib did not reinforce the clinical activity of RO4929097. RO4929097 in conjunction with carboplatin and paclitaxel exhibited a good safety profile in patients with stage II-III TNBC (139). This combinatorial regimen demonstrated an overall response rate of 64% and pathologic complete response rate of 36% in TNBC patients.

The safety and anticancer effect of crenigacestat (LY3039478), a GSI as a selective oral Notch inhibitor, were evaluated in phase I trials (140, 141). Crenigacestat elicited limited clinical activity with a manageable safety profile in patients with advanced solid tumors. Likewise, a phase 1b study showed that crenigacestat combined with anticancer agents (abemaciclib, LY3023414, taladegib, carboplatin, cisplatin or gemcitabine) resulted in disappointing clinical efficacy in patients with advanced or metastatic solid tumors (142, 143). A multicenter, nonrandomized, open-label, dose-escalation, phase 1 trial revealed that crenigacestat showed low clinical efficacy in patients with relapsed/refractory T-ALL and T-cell lymphoblastic lymphoma (T-LBL) (144). The combination of crenigacestat and prednisone induced disease stabilization in 54.5% and 64.7% of patients with advanced or metastatic solid tumors or lymphoma that received different dosing schedules (145).

Taken together, the overall performance of Notch-directed therapies in clinical studies does not meet expectations. The clinical translation of Notch-targeted therapies has faced unneglectable challenges. A primary obstacle to their clinical use is likely to be their adverse effects. The use of Notch-targeting agents as a combination therapy or other strategies that manipulate dosing regimens would be helpful to alleviate or avoid their toxicity. The role of Notch signaling varies depending on the type of cancer and its crosstalk with other signaling cascades. Therefore, an in-depth investigation of Notch signaling in cancer biology will open the door to new options in cancer treatment.





6 Conclusions and future perspectives

Notch signaling modulates various aspects of tumor immunity including myeloid compartment functionality and T cell activation. Increasing knowledge of Notch signaling in immune cell regulation and function can shed new lights on future directions for clinical management of malignant tumors that are recalcitrant to standard therapies. Currently, the complicated roles of Notch signaling in tumor immune responses remain largely understudied. It is acknowledged that Notch signaling can regulate immune cells involved in pro-tumor or antitumor responses. Thus, Notch signaling can be tumor-promoting or tumor-suppressive, yet the inducing factors or conditions resulting in certain effects are still unclear. Relative abundance of immune cells, cytokines, chemokines, magnitude of Notch activation, and the type of Notch-activated cells may affect Notch-mediated immune regulation, which warrants future research attention. Notch signaling is generally activated among cells to mediate intercellular crosstalk, but its effects extremely rely on cancer type. The overall effect of Notch signaling on tumor immune microenvironment must be carefully detected in diverse types of cancer. In addition, Notch mutation is linked with immune cell infiltration within TME (101). It is equally important to define distinct Notch mutations and their influence on tumor immune microenvironment.

So far, some Notch-targeting drugs (e.g., Notch inhibitors, ligand/receptor-targeting antibodies or antibody-drug conjugates) have been evaluated in clinical trials. Nevertheless, there are still many obstacles, hindering the successful implementation of Notch-targeted therapeutics, such as insufficient anticancer efficacy, off-target toxicity and resistance to therapy. Pan-Notch inhibitors and limited affinity of antibody-drug conjugates might be plausible explanations for the off-target toxicity. Attenuating drug toxicities, using intermittent dosing regimens and developing multi-targeted agents are expected to be useful strategies to address this issue. Non-specific Notch inhibitors might simultaneously block Notch signaling pathway in cancer cells and immune cells, thus resulting in opposite effects on cancer control. To improve tumor targetability and agent efficacy, it is imperative to exploit new strategies for efficient delivery of Notch-targeting drugs to cancer cells. Nanocarrier systems such as dendrimers, liposomes or nanoparticles can be exploited to encapsulate, protect and target Notch-targeting drugs to the tumor site. Moreover, the perplexity of Notch signaling and bypass signaling pathways may restrict the clinical activity of Notch-targeted drugs, which highlights the need for further research on Notch regulatory networks in cancer. Notch mutation and activation status are associated with cancer pathogenesis and resistance to therapy. However, the Notch mutation and/or activation status in enrolled subjects were usually elusive in previous clinical trials. Therefore, it is necessary to monitor Notch activation status and levels in cancer patients in further clinical trials. Identifying predictive biomarkers for patient stratification is essential for the clinical development of Notch-targeting drugs. There is an urgent need to discover more predictive biomarkers for response to Notch-based therapies in cancer patients. Notch-targeted therapies can enhance response to conventional anticancer treatments (e.g., chemotherapy and immunotherapy). Notch inhibitors in conjunction with other treatment modalities can lead to synergistic anticancer effects. The combination treatment strategies hold great promise for therapeutic applications in cancer.

In conclusion, Notch signaling has emerged as a key regulator in tumor immunity. It can control the activity of various cells within TME. Therefore, targeting Notch signaling appears an effective approach to advance the clinical benefits of immunotherapy. However, much work remains to thoroughly understand Notch signaling and its effects on tumor immune microenvironment. Comprehensive insights into molecular mechanisms of Notch signaling in oncoimmunology may facilitate the development of more innovative and precise targeted therapies that will improve clinical outcomes in cancer patients.
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Background

Cervical carcinoma (CC) represents a prevalent gynecological neoplasm, with a discernible rise in prevalence among younger cohorts observed in recent years. Nonetheless, the intrinsic cellular heterogeneity of CC remains inadequately investigated.





Methods

We utilized single-cell RNA sequencing (scRNA-seq) transcriptomic analysis to scrutinize the tumor epithelial cells derived from four specimens of cervical carcinoma (CC) patients. This method enabled the identification of pivotal subpopulations of tumor epithelial cells and elucidation of their contributions to CC progression. Subsequently, we assessed the influence of associated molecules in bulk RNA sequencing (Bulk RNA-seq) cohorts and performed cellular experiments for validation purposes.





Results

Through our analysis, we have discerned C3 PLP2+ Tumor Epithelial Progenitor Cells as a noteworthy subpopulation in cervical carcinoma (CC), exerting a pivotal influence on the differentiation and progression of CC. We have established an independent prognostic indicator—the PLP2+ Tumor EPCs score. By stratifying patients into high and low score groups based on the median score, we have observed that the high-score group exhibits diminished survival rates compared to the low-score group. The correlations observed between these groups and immune infiltration, enriched pathways, single-nucleotide polymorphisms (SNPs), drug sensitivity, among other factors, further underscore their impact on CC prognosis. Cellular experiments have validated the significant impact of ATF6 on the proliferation and migration of CC cell lines.





Conclusion

This study enriches our comprehension of the determinants shaping the progression of CC, elevates cognizance of the tumor microenvironment in CC, and offers valuable insights for prospective CC therapies. These discoveries contribute to the refinement of CC diagnostics and the formulation of optimal therapeutic approaches.
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Introduction

Cervical carcinoma (CC) ranks as the fourth most prevalent malignancy and represents a leading contributor to global female cancer-related mortality (1). In both incidence and mortality profiles, CC consistently maintains a prominent status among the most prevalent cancer types worldwide in women, trailing behind only breast cancer, colorectal cancer, and lung cancer (2). Despite the substantial preventive potential provided by efficient screening and vaccination initiatives against CC, vaccination uptake remains notably deficient, with only a minority of women accessing comprehensive healthcare services (3). Consequently, the mortality rate for advanced-stage CC patients remains elevated, with a median survival period of a mere 16.8 months (4), and an average 5-year survival rate of 72% (5). Due to chemotherapy resistance, the current efficacy of chemotherapeutic agents is limited, exhibiting a response rate ranging from 29% to 63% (6). Standard care for CC presently encompasses radiotherapy, chemotherapy, or surgical resection. However, these approaches entail significant side effects, possess limited efficacy for advanced-stage diseases, and offer few treatment alternatives for cases of recurrence or metastasis (7). Although some treatments targeting advanced or recurrent CC, such as anti-angiogenesis and immunotherapy, exist, their response rates remain suboptimal (8). Given the low cure rates for advanced-stage diseases and the adverse effects associated with current therapies, there is an urgent need to provide new treatment options for CC patients.

To comprehend CC, it is imperative to initially comprehend the tumor microenvironment (TME) within which CC tumors arise and proliferate. The tumor microenvironment, consisting of diverse cellular components such as fibroblasts, endothelial cells (ECs), and immune cells, in conjunction with extracellular constituents including cytokines, hormones, extracellular matrix, and growth factors, constitutes an intricate network enveloping CC cells. The TME plays a pivotal role not only in the initiation, progression, and metastasis of CC but also profoundly influences therapeutic outcomes (9). Chemoresistance mediated by the TME is a result of intricate crosstalk between CC cells and their surrounding environment. In previous studies, investigations into the molecular mechanisms and chemoresistance of CC patients have predominantly focused on bulk genomic or transcriptomic analysis methods and in situ hybridization techniques (10). Consequently, research on chemoresistance mechanisms based on distinct characteristics of cell populations remains ambiguous.

Today, single-cell RNA sequencing (scRNA-seq) technology has emerged as a powerful tool for analyzing cell population spectra within tissues. This technique has been widely employed to elucidate complex subpopulations in organ tissues, such as the lungs (11), heart (12), and brain (13), as well as various cancers, including melanoma (14), ovarian (15), and colorectal (16) cancers (17). Single-cell sequencing stands as the latest tool for revealing tumor cell heterogeneity and the microenvironment. However, its application in clinical samples of CC remains limited.

In 2021, Hua et al. utilized scRNA-seq to investigate the intratumoral heterogeneity of CSCC based on tumor tissue and adjacent normal tissue from a single patient (18). While there are some comparative studies on TME changes before and after chemotherapy, relevant reports are concise and lack detailed exploration of scRNA-seq data. Currently, the use of scRNA-seq for mapping studies has been widely embraced by the scientific community (19).

Therefore, this study employed single-cell RNA sequencing (scRNA-seq) on CC samples to decipher the immunological microenvironment of CC. Unraveling the immune landscape of CC may offer novel insights into the treatment of advanced-stage CC, potentially expediting the eradication of cervical cancer. The paper extensively discusses and summarizes the functional roles and clinical relevance of tumor epithelial cell subpopulations during the progression of CC. This study provides a valuable resource and deeper insights into CC initiation and progression, which is helpful in refining CC diagnosis and for the design of optimal treatment strategies.





Methods




Data source

ScRNA-seq data were obtained from the GEO website (https://www.ncbi.nlm.nih.gov/geo/),GSE number was GSE171894. The number of patients is four. Each patient had a sample sequenced. The samples included: GSM5236544, GSM5236545, GSM5236546, GSM5236547. The bulk data was from the The Cancer Genome Atlas (TCGA) official website (https://portal.gdc.cancer.gov/).





Processing of scRNA-seq data

The raw gene expression substrates were processed with the Seurat software package (version 4.3.0) (20). High-quality cells were obtained according to the following criteria: removed cells with extreme nFeature, nCount values; mitochondrial gene expression below 20% of the total number in one cell, and erythrocyte gene expression below 5% of the total number in one cell.Potential double cells was removed by using the DoubletFinder package. The samples were normalized to find the top 2000 highly variable genes, and their data were normalized (21, 22). Subsequently, we further analyzed the data by PCA and we used the method of harmony in order to remove the batch effect between samples. The top 30 significant principal components (PCs) were selected for uniform manifold approximation and projection (UMAP) downscaling and gene expression visualization (23, 24). Cell clusters were annotated by cell markers obtained from previous literature and according to the CellMarker database (http://xteam.xbio.top/CellMarker/). Subsequently, we also observed the proportion of different cell types (25–27).





DEGs and GESA

Differentially Expressed Genes (DEGs) of per cell type were identified by performing the FindAllMarker function on the normalized expression data in the Seurat software package (28, 29), and genes expressed in more than 25% of the cells in clusters with a logFC value greater than 0.25 were selected.Genes with adjusted p-values <0.05 were considered statistically significant in KEGG and GO enrichment analysis. The ClusterProfiler software package (version 0.1.1) was used to enrich and analyze cluster-specific biomarker genes (30).





Tumor cell and non-malignant epithelial cell differentiation based on inferred CNVs

To differentiate tumor cells and non-malignant epithelial cells, the initial copy number variation (CNV) signal was estimated for each region by using the inferCNV package (https://github.com/broadinstitute/inferCNV/wiki). Where NK/T cells were used as a reference, while we defined subpopulations with a high copy number variation profile as tumor epithelial cells.





Determination of cell subpopulations

All tumor epithelial cells were extracted and renormalized to find the first 2000 highly variable genes, and their data were normalized. Subsequently, we further analyzed them by PCA and we used the method of harmony in order to remove the batch effect among samples. The expression of known typical marker genes for the respective cell types was annotated according to cell subtype. Cell subclusters with similar gene expression patterns were annotated to the same cell type and projected onto a 2D map by using the UMAP approach.





Differential and enrichment analysis of cell subpopulations

We further used the “FindAllMarkers” function of the Wilcoxon rank-sum test to identify differential genes in each subpopulation of tumor epithelial cell subgroups and performed GO-BP enrichment analysis by using ClusterProfiler.





Trajectory analysis

To further investigate CC tumorigenesis, trajectory analysis of tumor epithelial cell subpopulations was performed by using three software packages.

First, the algorithm of cytoTRACE was used to assess the cell stemness of each subpopulation of cells. Then, we further used the Monocle software toolkit to reconstruct cell differentiation trajectories, used DDRTree to downscale and to observe the development of the subpopulation cells under the newly created trajectories. Finally, we further analyzed the cell trajectories during tumor epithelial cell differentiation using the slingshot method, which was used to infer cell lineages and to estimate the cell expression level of each lineage over the pseudotime.





Analysis of cell-cell interactions

To investigate the cell-cell interaction network between epithelial cell subpopulations and other microenvironmental cells, ligand-receptor pairs between ecotone cell subtypes and malignant cells were explored using the “CellChat” package (version 1.6.1) (31). We inferred cell-cell communication at the signaling pathway and receptor-ligand levels and explored how signaling pathways were coordinating across multiple cell types.





Constructed novel immune-related features

To focus on the role of cervical cancer in predicting patient survival, we used key subgroups of cervical cancer marker genes, which were used to predict genetic signatures. We used univariate COX regression analysis based on the “survival” package to explore the correlation between the expression of these important genes and the overall survival (OS) of cervical cancer patients (32). LASSO regression analysis was performed by using the R package “survival” to find the more important prognostic genes. The risk score for each cervical cancer patient was calculated based on the expression level of each gene and the corresponding LASSO regression coefficient.Riskscore = Expression of gene 1 * coefficient 1 + Expression of gene 2 * coefficient 2 +… + Expression of gene n * coefficient n. And groups were divided based on the median, above the median was high score group and below the median was low score group (33, 34). We further did survival analysis to observe the prognosis of patients in different groups. The accuracy was assessed by plotting the subjects’ work characteristics (ROC) curves at 1, 3, and 5 years by using the timeROC software package (version 0.4.0) (35, 36). In addition, we further explored the relationship between modeled genes and risk scores and OS.





Construction and validation of nomogram plots

Nomogram plot was constructed based on the risk score, M-stage, N-stage and etc.of the new characteristics to predict the 1-year, 3-year, and 5-year overall survival probabilities of cervical cancer patients in the TCGA cohort (37, 38). The predictive ability of the model was also evaluated by using the C-index score.





Estimation of immune cell infiltration

The immune cell infiltration in each CESC sample of the TCGA dataset was estimated by the computational analysis tools CIBERSORT (http://cibersort.stanford.edu/) (39), ESTIMATE, and Xcell. Subsequently, we further observed the high or low level of immune cells in different groups under the CIBERSORT algorithm, and further observed their correlation with risk score, modeling genes, and OS. In addition, we also observed the high and low situation of Stromal Score, Immune Score,EATIMATE Score and TumorPurity in different groups.





Differential and enrichment analysis of bulk data

We used the “DESeq2” package to analyze the differences between the high and low risk group, with a threshold of |logFC|>2 and a p-value of less than 0.05, and used the ClusterProfiler package to analyze the GO, KEGG, and GSEA enrichment of the differential genes (40–42).





Somatic mutation analysis

The mutation data for somatic mutation analysis were obtained from the TCGA database, and we observed the mutation distribution of highly mutated genes and modeled genes. The tumor mutation load (TMB) of each tumor epithelial cell sample was calculated using the “maftools” software package, and the cervical cancer samples were classified into high and low TMB groups according to the median tumor mutation load (TMB). And Kaplan-Meier was used to observe the survival differences among different groups. In addition, we further observed the CNV profiles of the modeled genes.





Immunotherapy effect in predicting chemotherapy response

We used the “pRRophetic” package (version 0.5) to infer the half-maximal inhibitory concentration (IC50) of chemotherapeutic drugs (43), and assessed the drug sensitivity of chemotherapeutic drugs in different groups (44, 45).





Cell culture

SiHa and Hela cells came from the American type culture collection (ATCC). Both cell lines were cultured with DMEM medium (Gibco BRL, USA) supplemented with 10% fetal bovine serum (Gibco BRL, USA) in a 5% CO2 incubator at 37°C.





Cell transfection and RT-qPCR

Two small interfering RNAs (siRNAs) targeting ATF6 genes and their corresponding negative controls (si-NC) were synthesized by Ribobio (Guangzhou, China), The transfection regimen was performed according to the protocol for Lipofectamine 3000(Invitrogen, USA).

Total RNA was extracted from cell lines using TRIzol reagent (15596018, Thermo) and the RNA concentration was standardized. Subsequently, cDNA was synthesized using PrimeScript™RT kit (R232-01, Vazyme). SYBR Green Kit (TaKaRa Biotechnology, Dalian, China) is used for real-time quantitative PCR (qRT-PCR). GAPDH was used as an internal reference. Supplementary Table 1 contains sequences of primers and siRNAs.





Cell counting

5×103 transfected cells were implanted in each of the 96-well plates (Corning, USA, 3599). After waiting for cell attachment, cells were treated with CCK-8 labeling reagent (A311-01, Vazyme) at 1, 2, 3, 4, and 5 days, respectively, and incubated for 2 hours away from light, and OD value was recorded.





Wound healing

The transfected cells were cultured in a 6-well plate (Corning, USA, 3516). When the cell density reached about 95%, a sterile pipette with a volume of 200 μL was used to cut the cell layer along a straight line. Rinse gently with PBS to remove unattached cells and debris. Subsequently, the serum-free cell medium was replaced to maintain cell growth. The photos were taken at the same location at 0 and 48 hours respectively.





Transwell

Cells (corning, USA, 3412-01) with or without Matrigel matrix (BD Biosciences, USA) were placed in 24-well plates for transwell experiments. 1×104 cells were placed in each upper chamber and cultured with 200 microliters of serum-free DMEM medium. A complete DMEM medium with 700 µl 10% serum was added to the lower chamber. Culture in the incubator for 36 hours, after the cells of the upper chamber penetrate the lower chamber, the chamber is cleaned, fixed, and stained.






Results




scRNA sequencing revealed the main cell types in the progress of CC

In order to obtain the main cell types in the progress of cervical cancer, we collected CC samples from 4 patients with cervical cancer to obtain scRNA-seq. After initial quality control and batch effect removal, a total of 13770 cells were retained. We clustered these 13,770 cells by dimensionality reduction, and the analysis revealed 23 unique tissue states (upper left of Figure 1A). Based on the typical tissue type-specific markers defined in the literature, we divided the cell clusters into six main cell types: NK_T cells(6975), Epithelial cells(5434), Fibroblasts(59), pDCs(139), B_Plasma cells(707) and Myeloid cells(456). The proportion of each cell type in different patients was very different, among which Epithelial cells were the most abundant structural cells, accounting for the largest proportion of all cells. UMAP diagram was used to show the phase situation (lower left in Figure 1A) and HPV infection (lower right in Figure 1A) in six cell types.




Figure 1 | scRNA sequencing revealed major cell types during CC progression, (A) UMAP plot showed the 23 clusters of cells in cervical cancer patients and the number of cells in each cluster (top left); UMAP plot showed the six major cell types obtained by down clustering of cells in cervical cancer (top right); UMAP plot showed the distribution of phases in the six cell types (bottom left) and the infection of HPV (bottom right). Each point corresponded to a single cell colored according to cell cluster or cell type. (B) Bubble plot showed differential expression of Top10 maker genes in cervical cancer cells across cell types (NK/T cells, Epithelial cells, Fibroblasts, pDCs, B_Plasma cells, Myeloid cells). Bubble colors were based on normalized data and sizes indicated the percentage of genes expressed in the subpopulation. (C) Histograms depicted the percentage of the 6 major cell types in each of the 4 cervical cancer samples. (D) Box line plot depicted the percentage of the 6 cell types in the HPV+ group versus the HPV- group. The colors of the dots represented the HPV- and HPV+ groups, respectively. p-values corresponded to paired Wilcoxon tests. (E) UMAP plots visualized the relevant features of 6 cell types: nCount_RNA, nFeature_RNA, S.score, G2M.score. (F) Word cloud plots showed gene enrichment in the 6 cell types. The size of the letter indicated the number of genes and the color indicated the high or low enrichment score of the cell type. (G) Volcano plots demonstrated the expression of differential genes in the 6 cell types. (H) GO-BP enrichment analysis demonstrated the biological processes associated with the 6 cell types.



The expression of marker genes in six cell types were different, and the marker genes (top10) in each cell type were displayed by bubble diagram (Figure 1B). Bar charts were used to show the proportion of six cell types in HPV+ group and HPV- group. Although the proportion of cells in each sample was different, NK_T cells and Epithelial cells were the cell types with high proportion in all samples (Figure 1C). However, the results of box chart showed that there was no statistical difference in the proportion of these six cell types between groups (Figure 1D). UMAP diagrams were used to display nCount_RNA,nFeature_RNA, S. Score and G2m. Score of all cells (Figure 1E). The word cloud diagrams (Figure 1F) and volcano diagrams (Figure 1G) were used to describe the differential genes of these six cell types. The results of GO-BP enrichment analysis of six cell types were displayed by thermogram (Figure 1H). It could be seen that NK_T cells were related to biological processes such as positive regulation of leukocyte activation, positive regulation of cell activation, T cell receptor signaling pathway, etc. Epithelial cells were related to biological processes such as antimicrobial humoral response, negative regulation of anoikis, regulation of endopeptidase activity, etc. Fibroblasts were related to biological processes such as collagen fibril organization, cellular response to amino acid stimulus, cellular response to acid chemical, etc. PDCs were related to negative regulation of reproductive process, defense response to bacterium, response to glucocorticoid and other biological processes. B_Plasma cells were related to biological processes such as B cell receptor signaling pathway, antigen receptor−mediated signaling pathway, immune response−activating cell surface receptor signaling pathway and other biological processes. Myeloid cells were related to positive regulation of interleukin−6 production, neutrophil activation, interleukin−6 production and other biological processes.





Visualization of cervical cancer tumor epithelial cell subgroups

Next, we used inferCNV (Supplementary Figure 1) to explore the single-cell RNA-seq data from tumor, distinguished tumor epithelial cells, and made further sub-clustering, resulting in five cell subgroups and marking their cell numbers: C0 TMPRSS2+ Tumor EPCs(1266), C1 ANKRD36C+ Tumor EPCs(919), C2 HK2+ Tumor EPCs(489), C3 PLP2+ Tumor EPCs(440), C4 MKI67+ Tumor EPCs(39) (Figure 2A, upper left), and showed the relationship between five cell subgroups and cell cycle stages (Figure 2A, upper right), HPV infection (Figure 2A, lower left) and sample source (Figure 2A, lower right). The cell subsets of the HPV+ group account for a higher proportion of all cell subsets, which proved that the occurrence of cervical cancer may be related to HPV infection. As previously reported, HPV infection was the main cause of cervical cancer development, which could be seen in 95% of cases (46, 47).The proportion of five cell subgroups in HPV+ group and HPV- group, the proportion of HPV+ and HPV- in five cell subgroups, the proportion of five cell subgroups in cell cycle stages and the proportion of cells in five cell subgroups in cell cycle stages were displayed (Figure 2B). It was found that C0 existed only in HPV+ group and accounted for the most in G1 phase, while C3 was mostly in HPV- group, and the proportion of cells in S phase was much higher than that in other two phases. Several related features(CNV score, ncount _ RNA, S. score and G2M. score) of five cell subgroups were visualized (Figure 2C).The differential genes of five cell subgroups were displayed by volcano diagrams (Figure 2D), the enrichment pathways were displayed by word cloud diagrams (Figure 2E), and the marker genes (top10) in each cell subgroup were displayed by bubble diagram (Figure 2F). The results of enrichment analysis of GO-BP, the differential genes of five cell subgroups, were displayed by thermogram (Figure 2G). C0 TMPRSS2+ Tumor EPCs were related to biological processes such as Vesicle organization, Macroautophagy, Endosome organization,etc. C1 ANKRD36C+ Tumor EPCs are related to biological processes such as ATP metabolic process, Oxidative phosphorylation, Purine ribonucleoside triphosphate metabolic process,etc. C2 HK2+ Tumor EPCs are related to biological processes such as Skin development, Establishment of skin barrier, Regulation of water loss via skin, etc. C3 PLP2+ Tumor EPCs are related to biological processes, such as Cytoplasmic translation, Ribonucleoprotein complex biogenesis, Ribosome biogenesis, etc.C4 MKI67+ Tumor EPCs is related to biological processes such as Chromosome segregation, Nuclear division, Mitotic nuclear division, etc.




Figure 2 | Visualization of cervical cancer tumor epithelial cell subpopulations. (A) UMAP diagram demonstrated the 5 cell subpopulations of tumor epithelial cells in cervical cancer patients and the number of cells in each cell subpopulation (upper left); UMAP diagram demonstrated the percentage of different cell cycles in the 5 cell subpopulations (upper right); UMAP diagram demonstrated the distribution of the HPV+ group and the HPV- group in the 5 cell subpopulations (lower left); and UMAP diagram demonstrated the patient origin of the 5 cell subpopulations (lower right). Each point corresponded to a single cell colored according to cell subpopulation. (B) Bar graph showed the percentage of each cell subpopulation in HPV+ and HPV- groups (upper left); bar graph showed the percentage of each cell subpopulation at different tumor stages (upper right); bar graph showed, in each cell subpopulation, the percentage of HPV+ cells versus HPV- cells (lower left); and bar graph showed, in each cell subpopulation, the percentage of cells with different cell cycles (lower right). (C) UMAP plots visualized the relevant features of 5 cell subpopulations (C0:TMPRSS2+ Tumor EPCs, C1: ANKRD36C+ Tumor EPCs, C2: HK2+ Tumor EPCs, C3: PLP2+ Tumor EPCs, C4:MKI67+ Tumor EPCs): CNVscore, nCount_RNA, S.score, G2M.score. (D) Volcano plots demonstrated the expression of differential genes in five cellular subpopulations. (E) Word cloud diagrams showed gene pathway enrichment in 5 cell subpopulations. The size of the letters indicated the number of enriched pathways, and the color indicated the high or low score of enriched pathways in different cell subpopulations. (F) Bubble graph showed differential expression of Top10 maker genes in 5 cell subpopulations of tumor epithelial cells. The color of the bubbles was based on the normalized data and the size indicated the percentage of genes expressed in the subpopulation. (G) GO-BP enrichment analysis demonstrated the biological processes associated with the 5 cell subpopulations.







Visualization of pseudo-sequential analysis of tumor epithelial cells by CytoTRACE and monocle

In order to explore the differentiation and development relationship among the five cell subgroups of tumor epithelial cells, the differentiation of tumor epithelial cells was analyzed and visualized by CytoTRACE (Figure 3A). It could be seen that the five cell subgroups differentiated along the direction of C4-C3-C2-C0-C1 (Figure 3B).Pseudo-sequential analysis of cancer development process was carried out to explore the differentiation process of tumor epithelial cells. The distribution of epithelial cells from four patients was shown in the pseudotime-series trajectory, and the distribution of cell subgroups in pseudotime-series was shown by using UMAP diagram, violin diagram and ridge diagram respectively. It could be seen that five cell subgroups were continuously differentiated in pseudotime-series (Figure 3C). At the same time, five kinds of states were identified. In state1, state2 and state3, the proportion of C0 TMPRSS2+ Tumor EPCs subgroup was the highest, while in state4, the proportion of C1 ANKRD36C+ Tumor EPCs subgroup was the highest, and in state5, the proportion of C3 PLP2+ Tumor EPCs subgroup was the highest, and C4 MKI67+ Tumor EPCs subgroup only existed in state5. In HPV+ and HPV- groups, the proportion of C0 TMPRSS2+ Tumor EPCs subgroup in HPV+ group was the highest, and C3 PLP2+ Tumor EPCs subgroup in HPV- group was the highest (Figures 3D, E). In order to study the origin of tumor epithelial cells, the pseudotime sequence trajectory of five cell subgroups was further analyzed. Starting from state1 at the lower right of the trajectory, two trajectories are divided upward, one is state2 downward, the other is continuously divided upward to the second branch point of state3, and the second branch point is divided into two branches, one is state4 upward, and the other is state5 downward to the left. The C0 TMPRSS2+ Tumor EPCs subgroup was mainly displayed at the beginning of the trajectory and in the branch with the first branch point down (corresponding to state1 and state2), the C1 ANKRD36C+ Tumor EPCs subgroup was mainly in the branch with the second branch point up (corresponding to state4), and the C3 PLP2+ Tumor EPCs subgroup mainly existed at the end of the whole pseudotime sequence trajectory (corresponding to state5). Pseudotime series analysis showed that C0 TMPRSS2+ Tumor EPCs subgroup may be the starting point of tumor cells, and gradually differentiated into other subgroups during the progression of cervical cancer (Figure 3F).




Figure 3 | Visualization of pseudotime-series analysis of tumor epithelial cells by CytoTRACE and monocle. (A) The left figure represented the analysis of the differentiation of tumor epithelial cells by using CytoTRACE and it was shown in 2D. The color could represent the level of differentiation. The right figure represented the CytoTRACE results displayed according to different tumor epithelial cell subpopulations. The colors represented different tumor epithelial cell subpopulations. (B) Box line plot demonstrated the predicted ordering by CytoTRACE of tumor epithelial cell subpopulations. (C) UMAP plot, violin plot and ridge plot showed the pseudotime distribution of tumor epithelial cell subpopulations. *, p ≤ 0.05, ****, p < 0.0001 indicated a significant difference, ns indicated a non-significant difference. (D) The occupancy of the relevant features of the five tumor epithelial cell subpopulations at different pseudotime stages was visualized: the occupancy of the five tumor epithelial cell subpopulations in different states (state1-state5) (top) and the occupancy of the five cell subpopulations in the HPV+ group and HPV- group (bottom). (E) Bar graph showed the occupancy of different states (state1-state5) in 5 tumor epithelial cell subpopulations (left) and the occupancy of 5 cell subpopulations in HPV+ group and HPV- group (right). (F) The derivation process of tumor epithelial cells. Left : The figure showed the pseudotime trajectory of tumor epithelial cells; middle: the pseudotime trajectory graph showed the distribution of STATE; right: the pseudotime trajectory graph showed the distribution of tumor epithelial cell subpopulations. (G) Scatter plots showed the changes of named genes of 5 cell subpopulations of tumor epithelial cells with the pseudotime sequence (top); pseudotime trajectory plots showed the distribution of named genes of 5 cell subpopulations of tumor epithelial cells on the pseudotime trajectory (bottom). (H) Split-plane diagrams of tumor epithelial cell pseudotime sequence trajectories showed the distribution of different cell subpopulations on the pseudotime sequence, respectively.



The named genes of five cell subgroups were selected and their changes with pseudotime series were shown by scatter plots and pseudotime series UMAP plots respectively. It could be seen that the C0 subgroup represented by the gene TMPRSS2 was mostly in the initial state of pseudotime series. The C1 subgroup represented by ANKRD36C and the C2 subgroup represented by HK2 basically run through the pseudotime series. However, the C3 subgroup represented by gene PLP2 and C4 subgroup represented by gene MKI67 were mostly at the end of pseudotime series. The sectional views of each subgroup also confirmed this conclusion (Figures 3G–H).





Slingshot analysis of pseudotime sequence trajectory of tumor epithelial cell subgroups

Slingshot is a uniquely robust and flexible tool which combines the highly stable techniques necessary for noisy single-cell data with the ability to identify multiple trajectories. In order to infer the continuous branching pedigree structure in tumor epithelial cell data, the pseudotime series trajectories of five cell subgroups were analyzed by using slingshot, and two lineages were obtained: lineage1 and lineage2. The two lineages have similar trajectories, but the final footholds are different, lineage1 finally reaches the C3 PLP2+ Tumor EPCs, and lineage2 finally reaches the C4 MKI67+ Tumor EPCs (Figure 4A). Next, the relationship between two lineages and pseudotime-series differentiation trajectory was displayed respectively, and the two pseudotime-series trajectories were visualized by GO-BP enrichment analysis. It was found that C1 in lineage1 was related to biological processes such as silencing gene, C2 was related to biological processes such as humoral, C3 was related to biological processes such as keratinocyte and transport, and C4 was related to biological processes such as hormone and biosynthetic. In lineage2, C1 was related to biological processes such as silencing gene, C2 was related to biological processes such as humoral and activity, C3 was related to biological processes such as ensheathment, humoral, collagen and proteincoupled, and C4 was related to biological processes such as mitotic and cycle (Figures 4B–D). Finally, the distribution status of different subpopulations on lineage1 and lineage2 and the differentiation curves with the pseudotime series were shown in scatter plots (Figure 4E).




Figure 4 | Slingshot analysis of tumor epithelial cell subpopulations on pseudotime trajectories. (A) UMAP plot showed the distribution of two differentiation trajectories of tumor epithelial cells fitted by the pseudotime order in all tumor epithelial cells. (B) UMAP plot demonstrated the change of Lineage1 with the fitted pseudotime order (left); UMAP plot demonstrated the differentiation trajectory of Lineage1 on the fitted pseudotime order (right). (C) UMAP plot demonstrated the change of Lineage2 with the fitted pseudotime order (left); UMAP plot demonstrated the differentiation trajectory of Lineage2 on the fitted pseudotime order (right). (D) GO-BP enrichment analysis demonstrated the biological processes corresponding to the two pseudotime trajectories of tumor epithelial cell subpopulations. Left: Lineage1; Right: Lineage2. (E) Scatter plots demonstrated the trajectories of named genes of five cell subpopulations of tumor epithelial cells changing on two lineages obtained after slingshot visualization.







CellChat analysis between cells

In order to systematically elucidate the complex cellular responses, we attempted to probe the cell-to-cell relationships and ligand-receptor communication networks to better understand the interactions between cells. Through CellChat analysis, first, we established intercellular communication networks between most cells, including Myeloid cells, Fibroblasts, NK_T cells and various subgroups of tumor epithelial cells, etc. Then calculated the number of interactions (indicated by the “line” connection between two cell types, the thicker the line, the higher the number of interaction pathways) and the strength of interactions (indicated by the “line” weight, the thicker the line, the stronger the interaction strength) (Figure 5A).




Figure 5 | CellChat analysis among all cells. (A) Circle plots showed the number (left) and strength (right) of interactions between all cells. (B) Heatmap showed pattern recognition of incoming cells (left), and outgoing cells (right) among all cells. (C) Outgoing contribution bubble plot and incoming contribution bubble plot showed cellular communication patterns among various cell subpopulations of tumor epithelial cells and other cells. (D) Sankey diagrams showed inferred outgoing communication patterns of secreting cells, showed correspondence between inferred potential patterns, cell populations, and signaling pathways. Left: incoming Sankey diagram, right: outgoing Sankey diagram. (E) Heatmap showed incoming and outgoing signaling intensities for the all cellular interactions.



We used gene expression pattern analysis methods available on CellChat to explore how cells and signaling pathways interact. First, we determined the correspondence between inferred potential communication patterns and groups of secreted cells to decipher the outgoing communication patterns. Three signaling patterns were identified: pattern 1 (tumor epithelial cells), pattern 2 (NK/T cells, B_Plasma cells, Myeloid cells, pDCs) and pattern 3 (Fibroblasts) (Figure 5B). Then, to identify the key incoming and outgoing signals associated with the five tumor epithelial cell subpopulations, the ligand receptor network was quantitatively measured using CellChat to predict its key incoming and outgoing signals by utilizing pattern recognition methods. For example, in cervical cancer, each cell type could be a secreting cell (signal sender) that releases different cytokines or ligands, and each cell type could also be a targeting cell (signal receiver), and ligand-receptor-mediated communication between different cell types should contribute to cervical cancer when receptors on these cells were targeted by ligands released from the same type of cell or from other cells development (Figure 5C). In addition to exploring the detailed communication of individual pathways, an important question was how multiple cell populations and signaling pathways coordinate their functions. To address this question, CellChat used a pattern recognition method based on non-negative matrix decomposition to identify global communication patterns, as well as key signals in different cell groups. The application of this analysis revealed three incoming signaling patterns and three outgoing signaling patterns. For example, this output showed that the majority of outgoing tumor epithelial cell signaling was characterized by mode 1, which represented multiple pathways, including but not limited to APP, CD99, CDH, ANNEXIN, etc. All output NK_T cells, B_Plasma cells, Myeloid cells, pDCs signalings were characterized by mode 2, which represented pathways such as CD22, CD45, ICAM, CESC L and TNF. On the other hand, the communication patterns of the target cells suggested that incoming tumor epithelial cell signalings were dominated by mode 1, which included signaling pathways such as CD99 and MK, as well as PTN, CEACAM, CD96, and GRN. The majority of incoming NK_T cells, B_Plasma cells, Myeloid cells, and pDCs signalings were characterized by mode 2, driven by pathways such as APP and ANNEXIN (Figure 5D).We found that CD99 can be secreted by almost all types of cells in cervical cancer, and its main target cells (receptors) were tumor epithelial cell subgroups, Fibroblasts and pDCs, among which C3 PLP2+ Tumor EPCs subgroups were most significantly expressed (Figure 5E).





Analysis of CD99 signal pathway

In order to explore the function way of CD99 signal pathway, the CD99 signal pathway was visually analyzed. The cell communication pattern of CD99 signaling pathway was displayed by scatter plot, and it could be seen that the tumor epithelial cell subgroup C3 PLP2+ Tumor EPCs had a large number and the highest intensity on CD99 signaling pathway (Figure 6A).




Figure 6 | Visual analysis of CD99 signaling pathway. (A) Scatter plot showed the cellular communication patterns of CD99 signaling pathway. Each dot represented the communication network of a signaling pathway. The size of the dots indicated the number of signaling pathways. Different colors represented different signaling pathway groups. (B) Heatmap demonstrated the centrality score of the CD99 signaling pathway network, showing the relative importance of each cell group. (C) Violin plot showed the cellular interactions of the CD99 signaling pathway. (D) Circle plot showed the cellular interactions of the CD99 signaling pathway when tumor epithelial cells were selected as the RECEIVER. (E) Hierarchical diagram showed the interactions between tumor epithelial cells and other cells in the CD99 signaling pathway. Solid and hollow circles indicated source and target cell types, respectively. The edge color of the middle circle was consistent with the signal source. (F) Heatmap showed the cell interactions of the CD99 signaling pathway.



Besides the sender and receiver of CD99 signaling, we also identified the cell types as the medium and influencer of CD99 signaling-mediated intercellular communication according to the relative importance of each cell type based on the algorithm, which was called “centrality measurement”. As could be seen from the figure, the tumor epithelial cell subgroup C3 PLP2+ Tumor EPCs had the highest expression on the CD99 signaling pathway (Figure 6B). Violin diagram showed the interaction between cells, and it was found that the epithelial cell subgroup C3 PLP2+ Tumor EPCs was highly expressed on CD99. Combined with the previous experimental results in this paper, it could be concluded that the epithelial cell subgroup C3 PLP2+ Tumor EPCs was an important subgroup of tumor epithelial cells (Figure 6C).

The ligand-receptor between tumor epithelial cells and other cells was displayed by chord diagram (Figure 6D). If we set all 10 identified cell types in cervical cancer as the source cells of CD99, and set the five cell types listed on the left in Figure 6E as potential target cells, Then the hierarchical diagram showed that CD99 released by all 10 cell types could target C0 TMPRSS2+ Tumor EPCs subgroup, C2 HK2+ Tumor EPCs subgroup and C3 PLP2+ Tumor EPCs subgroup, and if the other five cell types listed on the right side of Figure 6E were set as potential target cells, Then the layered map showed that CD99 released by all 10 cell types could target C1 ANKRD36C+ Tumor EPCs subgroup and C2 HK2+ Tumor EPCs subgroup (Figure 6E). These results indicated that all cell types in cervical cancer may be the source of CD99, but only C0 TMPRS2+ Tumor EPCs subgroup, C1 ANKRD36C+ Tumor EPCs subgroup, C2 HK2+ Tumor EPCs subgroup and C3 PLP2+ Tumor EPCs subgroup had different targeting intensities (line width between cells) for CD99 (Figure 6E). The specific situation of cell-to-cell interaction in CD99 signaling pathway was shown in the figure (Figure 6F).





Screening the genes that constitute the risk score and performing correlation analysis

In order to study the clinical effect of the cell types identified in this study, we analyzed the marker gene (top100) of C3 tumor epithelial cell subgroup by univariate COX analysis. The results showed that there were 12 genes related to the prognosis of patients, among which PLAGL1, HIF1A, ERG, ELF1, ATF6 and ATF1 were risk factors, while TBX21, SPIB, LHX2, JUND, ETV7 and ATF5 were protective factors. In order to avoid multicollinearity of these genes, lasso regression was used for further screening, and nine genes constituting PLP2+ Tumor EPCs score were selected. Lambda diagram verified the above conclusion (Figure 7B). Next, the nine PLP2+ Tumor EPCs score genes were divided into high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group for survival analysis (Figure 7C). Compared with low PLP2+ Tumor EPCs score group, the prognosis of high PLP2+ Tumor EPCs score group was worse. As we expected, high PLP2+ Tumor EPCs score was associated with worse clinical outcome, while low PLP2+ Tumor EPCs score was associated with better clinical outcome (P < 0.0001).




Figure 7 | Screening genes which constituted PLP2+ Tumor EPCs score, and grouped into two groups of high and low PLP2+ Tumor EPCs score group and took correlation analysis. (A) Forest plot showed univariate COX analysis of genes constituting PLP2+ Tumor EPCs score. HR < 1,protective factor, HR > 1,risk factor. (B) LASSO regression profiled nine genes in the TCGA cohort: ERG, ELF1, ATF6, PLAGL1, ATF5, TBX21, SPIB, LHX2, and JUND (top); coefficient profiled were generated based on the logarithmic (lambda) sequence. Selected the optimal parameters (lambda) in the LASSO model (bottom). (C) Based on the median PLP2+ Tumor EPCs score, all datas were divided into two groups: high and low PLP2+ Tumor EPCs score group, and Kaplan Meier curve showed the survival analysis of the two groups. (D) Kaplan Meier curves showed the overall survival (OS) of cervical cancer (CC) patients with high and low expression of four statistically significant genes (SPIB, ATF6, PLAGL1, and ERG) in all genes which constructed the PLP2+ Tumor EPCs score (p<0.05). (E) Curve plots showed hazard scores of high and low PLP2+ Tumor EPCs score groups (top, middle); heatmap showed differential gene expression of high and low PLP2+ Tumor EPCs score group. The color scale was based on normalized data (bottom). Green indicated low PLP2+ Tumor EPCs score group and orange indicated high PLP2+ Tumor EPCs score group. (F) Heatmap and scatterplot showed the correlation analysis of genes constituting PLP2+ Tumor EPCs score. Red indicated positive correlation, blue indicated negative correlation, and color shades indicated high or low correlation. (G) The ROC curve of the survival plot. The area under the curve (AUC) was 0.762, 0.733 and 0.781 for 1, 3 and 5 years, respectively. (H) Scatter plots showed the correlation analysis of modeled genes (4 statistically significant genes) with PLP2+ Tumor EPCs score. (I) Peak and box plot showed the different expression among the 4 statistically significant genes which constituted PLP2+ Tumor EPCs score in high and low PLP2+ Tumor EPCs score groups. (J) Forest plot showed the multivariate Cox analysis of genes constituting PLP2+ Tumor EPCs score. HR < 1,protective factor, HR > 1, risk factor. (K) Column line plot was constructed according to TCGA patient race, T-stage, N-stage, M-stage and etc. (L) Box-and-line plot for internal cross-validation of AUC scores at 1, 3, and 5 years.



In addition, we also analyzed the survival of genes which constituted PLP2+ Tumor EPCs score (Figure 7D), and the results showed that only four of them (SPIB, ATF6, PLAGL1, ERG) were statistically significant (P<0.05). Among them, in the survival analysis chart corresponding to three genes, ATF6, PLAGL1 and ERG, all the groups with high gene expression were associated with worse clinical results. The group with low gene expression was associated with better clinical outcome, while the result of SPIB corresponding to survival analysis chart was just the opposite, which could prove the result in Figure 7A, that was, ATF6, PLAGL1 and ERG were risk factors and SPIB was protective factors.

Through the above analysis, two groups of high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group had been obtained, and then these two groups were analyzed. The PLP2+ Tumor EPCs score of each patient in TCGA-CESC data set was calculated according to the expression level and regression coefficient of nine genes which established the model. The distribution of PLP2+ Tumor EPCs score in TCGA-CESC dataset was shown in the figure. According to the median PLP2+ Tumor EPCs score, patients in TCGA-CESC cohort were divided into high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group. In addition, the distribution of survival time showed that the higher PLP2+ Tumor EPCs score, the worse the prognosis. The corresponding expression levels of nine modeling-related genes were also shown. high PLP2+ Tumor EPCs score group highly expressed ATF6, ELF1, ERG and PLAGL1 genes, while low PLP2+ Tumor EPCs score group highly expressed ATF5, TBX21, SPIB, LHX2 and JUND genes (Figure 7E). The correlation among survival days, risk score and genes constituting the model was studied. OS was negatively correlated with PLP2+ Tumor EPCs score, ERG was significantly negatively correlated with JUND, and most other modeling genes were positively correlated. The scatter plot further showed the correlation between nine modeling genes and risk score and OS (Figure 7F).

According to the predicted AUC scores of survival ROC curve in 1 year, 3 years and 5 years, the AUC(1 year): 0.762, AUC (3 years): 0.733 and AUC(5 years): 0.781 were obtained (Figure 7G). The relationship between four statistically significant modeling genes and PLP2+Tumor EPCs Score was shown by scatter plot (Figure 7H), and the difference of expression levels of four statistically significant modeling genes between high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group was shown (Figure 7I). It was found that ATT6, ERG and PLAGL1 were more expressed in high PLP2+ Tumor EPCs score group, while SPIB was more expressed in low PLP2+ Tumor EPCs score group (P < 0.001). The differential expression of genes in high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group, and the differential expression in different ages, different T, N, M stages and different races were demonstrated by box plots (Supplementary Figure 2).

In order to verify the independence of risk factors, a gene-cell clinical prediction model was constructed, and multi-factor Cox regression was carried out by combining age, race, T stage, N stage and M stage clinicopathological factors with high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group, with a p value of 0.001, indicating that PLP2+Tumor EPCs Score could be independent risk factor (Figure 7J). Age, race, T, N and M stages were selected to construct the nomogram, which showed the 1-year survival rate, 3-year survival rate and 5-year survival rate (Figure 7K). The estimated survival rates of one of these patients in 1, 3 and 5 years are 0.865, 0.556 and 0.389, respectively. In order to further evaluate the accuracy of the nomogram, the box diagram was used to show the internal cross-validation results (Figure 7L).





Analysis of the difference of immune infiltration between high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group.

In order to explore the immune infiltration in high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group, and to observe the relationship between immune infiltrating cells and the two groups, we showed the differential expression of immune infiltration between the two groups by thermogram (Figure 8A). In order to explore the immune infiltration of high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group, the predicted abundance of different immune cells was displayed (upper Figure 8B). We used CIBERSORT algorithm to determine the immune cell infiltration of cervical cancer patients from TCGA database, and show the predicted abundance of 12 immune cells with differences between the two groups. High PLP2+ Tumor EPCs score group was more common in Mast cells activated, Macrophages M0, Dendritic cells activated, etc., while low PLP2+ Tumor EPCs score group was more common in T cells CD8, T cells regulatory, B cells naive, etc. (under Figure 8B). The correlation between immune infiltrating cells and PLP 2+Tumor EPCs score was demonstrated by bar chart. PLP2+ Tumor EPCs score was positively correlated with Mast cells activated, Macrophages M0, Dendritic cells activated, and negatively correlated with T cells CD8, T cells regulatory, B cells naive, etc. (Figure 8C). Through a variety of methods for evaluating the content of immune cells, the relationship between the nine genes, OS and PLP2+ Tumor EPCs score and immune cells was compared and summarized, and displayed by thermal diagram. The closer the color was to red, the higher the positive correlation, and the closer the color was to blue, the higher the negative correlation (Figure 8D).




Figure 8 | Differential analysis of immune infiltration in high and low PLP2+ Tumor EPCs score group (A) Heatmap showed differential expression of immune infiltration in high and low PLP2+ Tumor EPCs score group. (B) Stacked bar graph of immune infiltration (top); box-and-line plot showed the differential immune infiltration of 12 immune cells which had significant differences in high and low PLP2+ Tumor EPCs score groups (bottom). (C, D) Bar graph and heatmap showed the correlation analysis of immune cells with genes constituting PLP2+ Tumor EPCs score. (E) Box line plot showed the difference between high and low PLP2+ Tumor EPCs score groupin StromalScore, ImmuneScore, and ESTIMATEScore. (F) Violin plot showed the differences of TumorPurity in high and low PLP2+ Tumor EPCs score group. *, p < 0.05; **, p < 0.01; ***, p < 0.001; ****, p < 0.0001 indicated a significant difference and ns indicated a non-significant difference.



Stromal Score, Immune Score and EATIMATE Score of high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group were displayed, and it could be obtained that the results of Stromal Score Group were not statistically significant. Immune Score and EATIMATE Score were both low PLP2+ Tumor EPCs score group higher than high PLP2+ Tumor EPCs score group (Figure 8E). Visualizing the Tumor Purity of two groups, the value of Tumor Purity of high PLP2+ Tumor EPCs score group was higher (Figure 8F).





Difference analysis and enrichment analysis

In order to explore the differences between high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group, the following analysis was made. First, the volcano diagram and thermal diagram were used to show the expression of differential genes between the two groups (Figures 9A, B). In order to further determine the potential role of each subgroup in the initiation and progression of cervical cancer, functional enrichment was carried out, and the GO-BP enrichment analysis results of differential genes were displayed with bar charts. The results showed that the differential genes were mainly related to digestion, modulation of process of another organism, defense response to gram negative bacteria and odontogenesis of dentition containing tooth (Figure 9C). KEGG enrichment analysis was carried out on the differential genes, and the enrichment results of different pathways were displayed by bar graphs, and it was found that the differential genes were enriched with Ras signaling pathway, carbohydrate digestion and absorption, PPAR signaling pathway and other pathways (Figure 9D). Through GSEA scoring of GO-BP enrichment items of different genes, the enrichment scores of genes in different pathways were displayed (Figure 9E).




Figure 9 | Gene mutations of tumor epithelial cell.s (A, B) Volcano plot and heatmap showed the expression of differential genes in the high and low PLP2+ Tumor EPCs score group. (C) Bar graph showed the results of all GO-BP enrichment analysis. (D) Results of enrichment on different pathways were shown by KEGG enrichment analysis of differential genes. (E) Enrichment score values on different pathways were displayed by GSEA scoring of GO-BP enrichment entries for differential genes. (F) Mutation waterfall plot showed the differences in the top 30 most frequently mutated genes in the somatic cells between the two groups. The upper bars indicated the mutation load for each sample and the right bars indicated the total percentage of mutations of the genes in these samples. (G) Mutation waterfall plot showed mutations load of the genes that constituted the PLP2+ Tumor EPCs score in the samples. The upper bars indicated the mutation load for each sample, and the right bars indicated the total proportion of mutations of this gene in these samples. (H) Bar graph showed the results of predicting chromosome gains and losses in TCGA samples. Blue color indicated chromosome copy number gain; red color indicated chromosome copy number loss; orange color indicated no change in chromosome copy number. (I) Heatmap showed the correlation of mutation profiles of genes that constituted the PLP2+ Tumor EPCs score. (J) Lollipop chart visualized the mutation analysis of genes. (K) Box-and-line plot showed the differences of mutation load in high and low PLP2+ Tumor EPCs score groups. (L) Scatter plot showed the correlation analysis between mutation load and PLP2+ Tumor EPCs score. (M) Scoring according to tumor mutation load,all datas were divided into four groups: high-risk high mutation load, high-risk low mutation load, low-risk high mutation load, and low-risk low mutation load, and the curve showed the survival analysis results of the four groups. (N) Violin plots showed the differences of different drug sensitivities in the high and low PLP2+ Tumor EPCs score group. ***, p < 0.001 indicated a significant difference.







Mutation analysis

To determine the correlation between gene mutations and immune components in TME, we initiated further studies, first showing the top 30 most frequently mutated genes in two groups of somatic cells. The upper bars indicated the mutation load for each sample, and the right bars indicated the total percentage of mutations in that gene in those samples (Figure 9G). The cellular mutation data from the two groups were analyzed and visualized to show the mutations in the nine genes that were modeled (Figure 9F), and the chromosomal gains and losses were demonstrated by using bar graphs to show that the most CNV gain was seen in ATF6, whereas the most CNV loss was seen in ELF1 (Figure 9H). Heatmaps were used to show the correlation of mutation profiles among the genes constituting the risk score (Figure 9I).

And lollipop plots were used to visualize the mutation profiles of different genes (Figure 9J). To explore the difference situation of mutation load between high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group, the results were visualized and analyzed by using violin plots, which were not statistically significant (Figure 9K), and the correlation between mutation load and risk scores was demonstrated by using scatter plots, which were not statistically significant (Figure 9L). According to the tumor mutation load score, divided into four groups: high-risk high mutation load, high-risk low mutation load, low-risk high mutation load, and low-risk low mutation load, and the curves showed the results of the survival analysis of the four groups: the low-risk high mutation load group had the best survival, while the high-risk high mutation load group had the worst survival (p < 0.0001) (Figure 9M).





Drug sensitivity analysis

Finally, the differences in different drug sensitivities in the high PLP2+ Tumor EPCs score group versus the low PLP2+ Tumor EPCs score group were shown by violin plots (Figure 9N). For example, CI.1040, Nutlin.3a, PF.02341066, Metformin, EHT.1864, and LFM.A13 had higher drug sensitivities in high PLP2+ Tumor EPCs group than in low PLP2+ Tumor EPCs score group.





Experimental verification

To further elucidate the function of ATF6, we conducted in vitro functional experiments. As shown in Figures 10A, B, the CCK8 experiment showed that compared with the control group, the proliferation capacity of the two cell lines in the ATF6 knockdown group was significantly decreased. The results of plate cloning showed that the number and size of colony formation in both cell lines were significantly inhibited after ATF6 gene knockdown (Figures 10C, D). Further, the inhibitory effect of ATF6 knockdown on the proliferation of two cervical cancer cell lines was demonstrated. The subsequent wound healing experiment results showed that the cell migration rate was slower in the ATF6 knockdown group, and the results were statistically significant (Figures 10E, F). The results of the Transwell experiment showed that the number of cells penetrating the lower chamber was significantly reduced after ATF6 gene knockdown, indicating that ATF6 gene knockdown significantly inhibited the migration and invasion ability of cervical cancer cells (Figures 10G–I).




Figure 10 | ATF6 significantly affects the proliferation and migration of cervical cancer cell lines. (A, B) CCK-8 experiment. After ATF6 knockdown, the proliferation ability of SiHa and Hela cell lines decreased significantly. (C, D) Plate cloning experiment. After ATF6 knockdown, the colony formation ability of SiHa and Hela cell lines decreased significantly. (E, F) wound healing test. After ATF6 knockdown, the migration ability of SiHa and Hela cell lines decreased significantly. (G–I) Transwell experiment. After ATF6 knockdown, the migration and invasion ability of SiHa and Hela cell lines were significantly reduced. (**P<0.01; ***P< 0.001).








Discussion

In recent years, the rapid advancement of bioinformatics has profoundly accelerated the diagnosis and prognosis of diseases (48–50). In this investigation, we employed single-cell RNA sequencing (scRNA-seq) to comprehensively delineate the cellular heterogeneity of human CC. Leveraging scRNA-seq technology, we identified all cellular phenotypes present in CC, including NK_T cells, epithelial cells, fibroblasts, plasmacytoid dendritic cells (pDCs), B plasma cells, and myeloid cells. Among these, epithelial cells emerged as the predominant cellular population. Drawing upon prior research indicating the pivotal role of squamous epithelial cell dysfunction in the initiation of cervical cancer (51), our focus shifted towards the investigation of epithelial cells. Through inferCNV analysis, we characterized tumor epithelial cells and conducted dimensionality reduction clustering, revealing five distinct cellular subgroups: C0 TMPRSS2+ Tumor Epithelial Progenitor Cells, C1 ANKRD36C+ Tumor Epithelial Progenitor Cells, C2 HK2+ Tumor Epithelial Progenitor Cells, C3 PLP2+ Tumor Epithelial Progenitor Cells, and C4 MKI67+ Tumor Epithelial Progenitor Cells.

Through the application of slingshot, monocle, and cytoTRACE, the differentiation trajectory of tumor epithelial cells along a pseudo-temporal sequence was demonstrated. This analysis identified our targeted subgroup for this study: the C3 PLP2+ Tumor EPCs subgroup. Regarding the nomenclature of this subgroup gene, previous research suggests that PLP2 is a transmembrane protein located in the endoplasmic reticulum (52, 53). It is recognized as an oncogenic inducer in various cancers, including melanoma, osteosarcoma, breast cancer, hepatocellular carcinoma, and acute lymphoblastic leukemia (54). PLP2 has been implicated in accelerating UCEC cell proliferation, the epithelial-mesenchymal transition (EMT) process, invasion, and metastasis, thereby promoting tumor progression (55). It is associated with the persistence and metastasis of tumor cells in melanoma and hematologic malignancies (53). Additionally, PLP2 is known to enhance tumor sphere-forming ability and cell proliferation (56, 57). It can be seen that there is an inevitable link between PLP2 and tumor progression. Therefore, we hypothesize that the C3 PLP2+ Tumor EPCs subgroup is intricately linked to the progression of the tumor.

To explore the interactions between the C3 PLP2+ Tumor EPCs subgroup and other cell types, CellChat communication pattern analysis was employed to unveil coordinated responses among different cell types. Distinct cell types can simultaneously activate either common cell type-independent signaling transduction pathways or distinct cell type-specific signaling transduction pathways. This methodology is utilized for inferring, analyzing, and visualizing intercellular communication from given scRNA-seq data (31). Through the application of CellChat to depict the relationships between the tumor epithelial cell subgroup and other cell types, three patterns were identified along with their corresponding signal pathway expressions. Notably, the CD99 signaling pathway corresponds to Tumor EPCs pattern 1 and is secreted by almost all cell types in cervical cancer, signifying its crucial role as a significant signaling pathway. The presentation of the subgroups on the CD99 signaling pathway reveals that the C3 PLP2+ Tumor EPCs subgroup has the highest quantity and centralization score, providing evidence of a robust association between this pathway and the C3 PLP2+ Tumor EPCs subgroup. This confirmation underscores the significance of the C3 PLP2+ Tumor EPCs subgroup as the focal point in this study.

To substantiate the role of the C3 PLP2+ Tumor Epithelial Progenitor Cells subgroup in tumor advancement, we proceeded with the development of a novel prognostic model using LASSO regression analysis and COX risk regression analysis. This model was designed to elucidate the association between this subgroup and prognosis, with a focus on nine selected genes to establish the PLP2+ Tumor EPCs score. Among the nine genes in the model, PLAG1 is acknowledged as an oncogene with significant DNA binding affinity and overlapping functions. Its involvement in promoter swapping and subsequent activation plays a pivotal role in the pathogenesis of pleomorphic adenomas of the salivary gland, lipoblastomas, and hepatoblastomas (58–60). ERG, in concert with co-repressive proteins such as HDAC and EZH2, governs AR transcriptional activity, suppressing epithelial differentiation and fostering tumor progression (61). ELF1 exhibits heightened expression in glioma tissues and exhibits a close correlation with WHO grading and patient Karnofsky Performance Status (KPS) scores, suggesting its potential role as a tumor-promoting factor (62). ATF6 serves as an inducer of genes that augment protein folding and restore protein homeostasis (63), while also promoting inflammation during the course of chronic pancreatitis (64). SPIB is upregulated in various malignant tumors, including colorectal cancer, hepatocellular carcinoma, and gastric cancer (65).

The constructed PLP2+ Tumor EPCs score has been demonstrated as an independent prognostic factor. Based on the median risk score, it has been divided into two distinct prognostic groups: the high PLP2+ Tumor EPCs score group and the low PLP2+ Tumor EPCs score group. Subsequent construction of ROC curves and column charts, along with comprehensive analysis, indicates that a low PLP2+ Tumor EPCs score is associated with a better prognosis, while a high PLP2+ Tumor EPCs score is conversely related to a poorer prognosis. Therefore, the PLP2+ Tumor EPCs score can serve as a theoretical basis for clinical decision-making.

The immune system plays a pivotal role in carcinogenesis (66). It is widely acknowledged that the migratory capacity of tumor cells is closely associated with poor prognosis and recurrence (67). Immune cells form the cellular foundation for immunotherapy, and gaining in-depth insights into immune infiltration is crucial for uncovering potential molecular mechanisms and providing new immunotherapeutic strategies to enhance clinical outcomes (68). Therefore, to further discuss the role of the PLP2+ Tumor EPCs score in the tumor process, we analyzed the immune infiltration in two groups based on the PLP2+ Tumor EPCs score (high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group). The high PLP2+ Tumor EPCs score group was found to have a higher prevalence of activated Mast cells, Macrophages M0, and activated Dendritic cells. In contrast, the low PLP2+ Tumor EPCs score group exhibited a higher prevalence of T cells CD8, regulatory T cells, and naive B cells, mostly associated with favorable prognoses in various cancers (69). Visualization of the analysis results through Stromal Score, Immune Score, ESTIMATE Score, and Tumor Purity revealed that the Stromal Score had no statistical significance. A higher estimated score in Immune Score indicated a greater abundance of immune components in the tumor microenvironment (TME), while the ESTIMATE Score, representing the sum of Immune Score and Stromal Score, reflected the comprehensive proportion of these two components in the TME (70). Tumor purity refers to the proportion of tumor cells in tumor tissue (71). Consequently, the conclusion can be drawn that the low PLP2+ Tumor EPCs score group has a higher total of immune and stromal components, with a lower proportion of tumor cells, potentially correlating with better prognostic outcomes in this group.

The presentation includes differential gene expression, enriched pathways, mutation profiles, and variances in drug sensitivity between the two groups. Notably, drugs such as CI.1040, Nutlin.3a, PF.02341066, Metformin, EHT.1864, and LFM.A13 have undergone investigation in various malignancies, encompassing gastric cancer, breast cancer, endometrial cancer, and prostate cancer (72–75). Metformin has emerged as a promising anti-tumor agent, leading to significant advancements in the management of breast cancer and colorectal cancer (72). Nutlin-3a exhibits immune-modulating properties, rendering it a viable option for tumor therapy (76). PF.02341066 serves as a multi-target inhibitor of anaplastic lymphoma kinase (ALK), ROS1, and MET proto-oncogene receptor tyrosine kinase, and is the first agent approved by the U.S. Food and Drug Administration (FDA) and the European Medicines Agency (EMA) for the treatment of advanced ROS1 fusion-positive lung cancer (77, 78). Based on the analysis of drug sensitivity, it is suggested that heightened sensitivity to drugs may correlate with a high PLP2+ Tumor EPCs score. Our findings from drug sensitivity analysis furnish a foundation for the election of targeted therapies for cervical cancer patients and provide novel insights for the development of innovative targeted therapeutic agents.

Furthermore, our cellular experiments have provided additional evidence regarding the functions of key molecules. However, this study still has certain limitations. Firstly, the sample size selected is relatively small, focusing only on a small subset of CC patients. Secondly, we conducted only transcriptomic studies and in vitro experiments. Thirdly, in previous studies, it has been found that there is a link between cervical cancer and HPV infection. In cases of cervical squamous lesions, the hrHPV positivity rate was 55.6% (79). The relationship between the C3 PLP2+ Tumor EPCs and HPV infection can be further explored in the following studies. Fourth, the article mentions the cellular immune infiltration in different groups. Studies have proposed that T lymphocytes can improve the tumor microenvironment of cervical cancer, improve treatment efficacy, and improve prognosis (80, 81), and may continue to explore in this direction in the future. In subsequent research, we plan to validate the role of the PLP2+ Tumor EPCs score in CC across a larger sample size. Additionally, we aim to explore the functions of relevant subgroups and key molecules in various omics data, such as metabolomics, proteomics, and ATAC-seq. We will integrate in vivo and in vitro experiments to provide more comprehensive validation.





Conclusion

In summary, our investigation elucidated alterations in the tumor microenvironment and highlighted the pivotal role of the C3 PLP2+ Tumor Epithelial Progenitor Cells subpopulation in the onset and progression of cervical carcinoma (CC). Additionally, we identified an independent prognostic factor, the PLP2+ Tumor EPCs score. Our findings unveil prospective therapeutic targets for CC, offering valuable resources and enhanced understanding of the etiology and progression of the disease.
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Supplementary Figure 1 | The InferCNV heatmap illustrates copy number variations in Epithelial cells, using NK T cells as reference cells.

Supplementary Figure 2 | The box plots depict the differential expression of modeled genes in the high PLP2+ Tumor EPCs score group and low PLP2+ Tumor EPCs score group, as well as variations in expression across different age groups, T, N, M stages, and ethnicities.
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Encoded by PTPN11, the Src-homology 2 domain-containing phosphatase 2 (SHP2) integrates signals from various membrane-bound receptors such as receptor tyrosine kinases (RTKs), cytokine and integrin receptors and thereby promotes cell survival and proliferation. Activating mutations in the PTPN11 gene may trigger signaling pathways leading to the development of hematological malignancies, but are rarely found in solid tumors. Yet, aberrant SHP2 expression or activation has implications in the development, progression and metastasis of many solid tumor entities. SHP2 is involved in multiple signaling cascades, including the RAS-RAF-MEK-ERK-, PI3K-AKT-, JAK-STAT- and PD-L1/PD-1- pathways. Although not mutated, activation or functional requirement of SHP2 appears to play a relevant and context-dependent dichotomous role. This mostly tumor-promoting and infrequently tumor-suppressive role exists in many cancers such as gastrointestinal tumors, pancreatic, liver and lung cancer, gynecological entities, head and neck cancers, prostate cancer, glioblastoma and melanoma. Recent studies have identified SHP2 as a potential biomarker for the prognosis of some solid tumors. Based on promising preclinical work and the advent of orally available allosteric SHP2-inhibitors early clinical trials are currently investigating SHP2-directed approaches in various solid tumors, either as a single agent or in combination regimes. We here provide a brief overview of the molecular functions of SHP2 and collate current knowledge with regard to the significance of SHP2 expression and function in different solid tumor entities, including cells in their microenvironment, immune escape and therapy resistance. In the context of the present landscape of clinical trials with allosteric SHP2-inhibitors we discuss the multitude of opportunities but also limitations of a strategy targeting this non-receptor protein tyrosine phosphatase for treatment of solid tumors.
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Introduction

Increased throughput of homeostatic or reactivation of embryologic signaling pathways, which are extremely strictly regulated in physiologic conditions, is a very frequent pathophysiologic underpinning for oncogenesis, cancer cell survival and aggressiveness. Many different cellular processes and states can become disturbed as a result of mutations and increased or restarted expression of signaling node proteins or regulators. This may have an impact on the mechanism of the cell cycle and proliferative drive, modify systems governing cell survival and death, and potentially rewire metabolism, metaplasia and dedifferentiation, migration, invasiveness, and anoikis, all of which may facilitate metastasis (1). The interplay of several mediators enables the sophisticated realization of most of these signal transduction mechanisms.

Phosphorylation and dephosphorylation are frequent and significant posttranslational chemical changes of proteins that act as molecular switches in this setting. Here, phosphorylation “erasers,” or protein phosphatases, balance out phosphorylation “writers,” or protein kinases, which, in contrast to phosphatases, have long been important players in drug development. SHP2, a non-receptor protein encoded by the PTPN11 gene, functions as a tyrosine phosphatase within the broader family of phosphatases. It is ubiquitously expressed throughout the body and regulates a variety of cellular biological processes, including invasion, metastasis, apoptosis, differentiation, migration, and proliferation of cells (2). It operates through a number of signaling cascades, involving pathways such as RAS-RAF-MEK-ERK, PI3K-AKT, JAK-STAT, NF-κB and PD-L1/PD-1. It may seem counterintuitive, but by dephosphorylating signal regulators, it generally enhances signaling rather than inhibits it.

It has been established that SHP2 is an oncogene that is frequently mutated in leukemia, particularly in youngsters, and in developmental abnormalities (such Noonan syndrome and LEOPARD syndrome, both RASopathies) (3, 4). In contrast, development and progression of different solid cancers has been linked to a relevant contribution of non-mutated, wild-type SHP2, according to several findings sparked by the continued examination of the function and contribution of SHP2 (5). Given the potential dual role in the initiation and advancement of distinct solid tumors, the outcomes are contingent on the specific engagement of SHP2 with primary signaling pathways—acting either as a tumor suppressor or as an oncogenic tumor promoter (6–8). For the latter, SHP2 has become a potential and attractive target, especially with the aim of interfering with tumor intrinsic RAS-RAF-MEK-ERK-pathway hyperactivation, even as a combination partner for the novel groundbreaking class of mutant-specific RAS-inhibitors (9).

Historically, promiscuous active sites and unfavorable catalytic pocket shapes have made targeting phosphatases extremely difficult. Consequently, the recent introduction of allosteric SHP2 inhibitors is regarded as a significant advancement, offering refined inhibition with enhanced selectivity (10).

Here, we briefly introduce the basic structure and molecular function of SHP2. More importantly, we also summarize the role of SHP2 in different solid tumor entities and their tumor microenvironment, immune escape, and therapy resistance. We further provide a context of ongoing clinical trials with allosteric SHP2 inhibitors and discuss opportunities and challenges of a strategy targeting this non-receptor protein tyrosine phosphatase for the therapy of solid tumors.





Molecular structure of SHP2 and mechanism of activation

SHP2 is a non-receptor phosphotyrosine phosphatase consisting of 593 amino acid residues (11). It carries two N-terminal Src-homology 2 domains, namely the N-SH2 and C-SH2 domains. Following these domains is the protein tyrosine phosphatase domain (PTP domain) and then a C-terminal tail that contains phosphorylatable tyrosine residues (Figure 1A) (12, 13). Through an intramolecular contact, the N-SH2 and PTP domains preserve the auto-inhibited conformation of SHP2, preventing the substrate from reaching the catalytic phosphatase site (14). Tyrosine-phosphorylated peptide motifs are used by upstream-activated proteins to recruit and bind the N-SH2 domain upon stimulation by various substances, including cytokines or growth factors. As an alternative or in addition, SHP2 can be phosphorylated at its C-terminal tyrosine residues, which may interact with the SH2 domain at the N-terminus. Self-inhibition is then relieved and the catalytic site for dephosphorylation activity is released (Figure 1B). The C-SH2 domain primarily serves the purpose of facilitating energy provision during the association involving the N-SH2 domain and SHP2 binding proteins. Given the possibility for adapter functions involving the two SH2 motifs and its phosphorylated C-terminal tyrosine residues, SHP2 may have responsibilities other than that of a phosphatase (15).




Figure 1 | Molecular structure of SHP2 and mechanism of activation and inhibition: (A) SHP2 functional domains. (B) SHP2 in the inhibited and activated state from different manners.



Growth factor receptors and scaffolding adapters, such as insulin receptor substrate (IRS), fibroblast growth factor receptor substrate (FRS), and GRB-associated binding protein (GAB) protein, are examples of binding partners for the SH2 domains of SHP2 (16). Quite frequently, hematological malignancies and Noonan/LEOPARD syndrome display PTPN11 gene mutations. These activating mutations usually result in the loss of auto-inhibition. In leukemia patients, the most prevalent and active PTPN11 variation is the SHP2E76K mutation (17, 18). Yet, PTPN11 mutations are uncommon in solid tumors - here, recruitment and activation of the wild-type form is of importance, at times accompanied by overexpression.





Functional relevance of SHP2 in various signaling cascades and subcellular compartments

SHP2 functions as a cytoplasmic downstream signaling molecule, establishing direct interactions with diverse membrane-bound receptors. Additionally, it associates with various signal transduction mediators, such as phosphoinositide 3-kinase (PI3K), Janus kinase 2 (JAK2), and growth factor receptor binding protein 2 (GRB2). As a result, SHP2 takes part in several signal cascades, including those involving RAS-RAF-MEK-ERK, PI3K-AKT, JAK-STAT, but also Wnt/β-catenin and NF-κB pathways (summarized in Figure 2). Furthermore, SHP2 has been ascribed playing roles in the mitochondria and in the nucleus. Through this array of functions, SHP2 regulates cell differentiation, survival, as well as proliferation, and consequently, influences tumor development and progression (19).




Figure 2 | SHP2 signaling pathways: SHP2-dependent signaling in both developing and established cancer cells is illustrated, with arrows denoting positive regulators and T-bars indicating negative regulators. Functioning as a convergence node, SHP2 exhibits diverse roles in cell survival-related signaling pathways. It not only positively influences the RAS-RAF-MEK-ERK pathway but also modulates the PI3K-AKT and JAK-STAT pathways, either enhancing or antagonizing based on extracellular stimuli and the cellular environment. Additionally, SHP2 is involved in Wnt/β-catenin and NF-κB pathways. Nuclear localization of SHP2 has been observed in various contexts, and in the Hippo signaling pathway, YAP and TAZ act as the rheostat for nuclear SHP2 function.






RAS-RAF-MEK-ERK

The activation of the RAS/ERK pathway is incomplete without the involvement of SHP2 (20). When stimulated by growth factors (such as epidermal growth factor [EGF], platelet-derived growth factors [PDGFs]), active receptor tyrosine kinases (RTKs, including epidermal growth factor receptor [EGFR], epidermal growth factor receptor type 2 [HER2], platelet-derived and fibroblast growth factor receptors [PDGFRs]) or active cytokine-receptors (such as interleukin 3 [IL-3], interleukin 6 [IL-6], and granulocyte macrophage-colony stimulating factor [GM-CSF]) attract SHP2 by exposing phosphorylated tyrosine residues. The C-terminal tyrosine residues of SHP2 may then be also phosphorylated as a mechanism of activation. However, this phosphorylation is not necessary for SHP2’s autoinhibited conformation to be relieved and for it to be ready for phosphatase action. In order to activate downstream effectors, SHP2 will ultimately dephosphorylate downstream signaling molecules. SHP2, however, may also function as a relatively low-dependence adapter protein, bringing proteins in close proximity for interaction, based on its SH2-domain characteristics.

For full activation of the RAS pathway, both of these molecular roles are important: SHP2 serves as an adapter protein by recruiting phosphotyrosine binding substrates like GRB2, insulin receptor substrate 1 (IRS1), fibroblast growth factor receptor substrate 2 (FRS2), Src homology, and collagen homology (Shc) to the membrane receptor tyrosine kinases in response to extracellular stimuli. GAB1/2, or GRB2-associated-binding proteins 1/2, are significant SHP2 binding partners. They have two SHP2 binding sites. These sites are first autophosphorylated to create a double-phosphorylated tyrosine activation motif during GAB1/2 activation. Subsequently, this motif binds to the two SH2 domains of SHP2, leading to the release and activation of the closed conformation within the SHP2 molecule. The Son of Sevenless (SOS) proteins aggregate at the cell membrane as a result of GRB2 binding to phosphorylated growth factor receptors or SHP2 binding to GRB2 via GAB1/2. The membrane-binding protein RAS can be catalyzed by SOS, a guanine nucleotide exchange factor (GEF), to transition from its inactive RAS-GDP state to the active RAS-GTP state. RAS-GTP then acts as a bridge to downstream signaling systems, triggering the activation of the RAF-1 serine/threonine kinase and amplifying the kinase cascade via MEK1/2 kinase, which in turn activates ERK1/2. Following activation, ERK1/2 regulates gene transcription by acting directly on cytoplasmic target molecules or translocates to the nucleus, which in the end promotes cell proliferation or differentiation (21, 22).

In order to transfer cascade activation signals, SHP2 may also indirectly bind to Sprouty (Spry), p120 RAS GTPase activating protein (p120 RAS GAP), and Src family kinase (SFK) in the RAS-RAF-MEK-ERK pathway (23–26). These scaffold proteins with their conserved tyrosine residues not only operate as adaptor proteins but also have the ability to quickly become dephosphorylated through interaction with SHP2, which sets off a series of stimuli signals. For example, in an inactivation/baseline state, mouse Sprouty2 (mSpry2) can form complexes with SHP2, GAP1 and GRB2, distant from the plasma membrane. Spry’s “trap effect” is caused by the binding between SHP2 and Spry2, which also keeps Spry dephosphorylated. Upon stimulation with e.g. fibroblast growth factor 10 (FGF10), phosphorylated Spry2 disengages from diverse complexes and relocates to the cell membrane. Subsequently, the adaptor protein FRS2 recruits the GRB2/SOS complex, facilitating the FGF10-induced MAPK cascade signaling (24, 27).

Via a positive signaling route, SHP2 can also facilitate EGF-induced RAS activation by dephosphorylating p120 RAS GAP (20). Thus, the half-life of RAS binding to GTP is significantly extended, prolonging RAS activation, since RAS-GAP, in this state, is unable to translocate to the plasma membrane for interaction with RAS (22).

Moreover, SRC and SHP2 dynamically regulate a tyrosine phosphorylation of KRAS at Tyr32 and Tyr64, contributing to the molecular switching role of RAS and influencing GEF-mediated nucleotide exchange (28, 29).

In addition, a recent study suggests that SHP2 interacts with the scaffold protein kinase suppressor of RAS1 (KSR1). This interaction results in the detachment of KSR1 from activated SHP2, followed by anchoring to the plasma membrane through the dephosphorylation of Tyr25, facilitating ERK signal transduction (30).

While the mechanistic roles of SHP2 in RAS-activation are manifold and context-dependent, a number of biochemical and genetic studies have now accumulated evidence that SHP2 is an important upstream regulator of even oncogenic mutant RAS isoforms (31, 32). Genetic knockout or pharmacological inhibition of SHP2 has the potential to inhibit full RAS/MAPK signaling thereby limiting progression of a range of tumors dependent on activated RTKs but also those with mutant RAS oncoproteins (6, 8, 33).





PI3K-AKT

Activation of SHP2 downstream of growth factor receptors also governs the growth and survival signaling pathway of PI3K-AKT kinase (34, 35). PI3Ks, a family of lipid kinases, are essential for regulating diverse cellular processes such as development, proliferation, apoptosis, migration, and metabolism. Several upstream factors, such as RTKs or G-protein-coupled receptors, which cause PI3K recruitment to the membrane, can activate PI3K (36). As previously noted, receptor dimerization and autophosphorylation of tyrosine residues on receptor tyrosine kinases (RTKs) occur upon ligand binding. This process is followed by interactions with molecules that possess an SH2 domain (37). PI3Ks can be activated in three distinct manners (1): The activation of the catalytic subunit p110 of PI3Ks is triggered by the interaction of the regulatory subunit p85 of PI3Ks with phosphorylated motifs within RTKs (38) (2); It preferentially attaches to the phosphorylation motifs of RTKs as well as the scaffold protein GAB1/2 can subsequently bind to p85 (39) (3); RAS binding: GRB2 binds and activates SOS, thereby instigating RAS activation, which activates p110 autonomously from p85 (40).

PI3K regulatory subunit SH2 domain binding affinity can be directed toward phosphotyrosine residues of RTK or adaptor proteins, including IRS1, facilitating activation. This activation can occur both in an RTK-dependent and RAS-independent manner (41). PI3K’s upstream molecule IRS1 is in charge of attaching to and continuously activating PI3K, which in turn recruits downstream AKT (42, 43). Partially because of the connection between IRS-1 and SHP2, some PI3K binding motifs get dephosphorylated. Subsequently, protein synthesis is diminished, and the PI3K cascade signaling pathway is inhibited. Complete activation of AKT occurs through phosphorylation at the hydrophobic motif S473 in the carboxy terminus via the mammalian rapamycin complex 2 target (mTORC2) (44). After AKT is phosphorylated, several downstream targets crucial for controlling cell survival and death are also phosphorylated. By phosphorylating and deactivating a 40 kDa proline-rich AKT substrate (PRAS40) and tuberculosis 2 (TSC2), phosphorylated AKT stimulates the mammalian rapamycin target (mTOR) (45). Moreover, AKT prevents the phosphorylation of glycogen synthase kinase 3 (GSK-3), thereby stimulating the synthesis of cell cycle regulatory molecules like c-myc, cyclin D1, and cyclin E (46). Remarkably, AKT has the potential to activate the IκB kinase (IKK) and the NF-κB signaling pathway. To summarize, the IKK/NF-κB signaling pathway is implicated in multiple phases of cancer development and progression (47).

PI3K’s stimulation in reaction to growth factors via RAS involves a two-stage process. Phosphorylation of RTKs, which are occasionally adapter proteins, is the initial stage. Then RAS is activated in the second phase of the process. RAS-GTP interacts with PI3K p110α. Their direct contact increases the activity of p110α. This can be done by bringing substrate binding sites into a new conformation, boosting their catalytic activity, or facilitating tighter connections with the plasma membrane. RAS is primarily employed to stabilize PI3K on the plasma membrane, which is triggered by conformational changes in RTK, for RTK-induced mammalian PI3K activation (48). The activation of p110α results from the disruption of the inhibitory contact between SH2 and the catalytic subunit. This occurs when the ligand binds to the RTK, connecting the phosphorylated tyrosine motif in the receptor to the SH2 domain of p85 (49). The separation of p110 and p85 reduces the inhibition of p85 for Ras-mediated PI3K activation, and p85’s SH2 domain is essential (50). The PI3K catalytic subunit p110 is directly bound by the active RAS at amino acids that are distinct from those needed for p85 binding.

Determining whether a given stimulus activates PI3K through RAS-dependent, p85-independent, or RAS-independent processes is often challenging, as many stimuli activating PI3K also trigger activation of both p85 and RAS (51). As a result, SHP2 plays a variety of intricate roles in these processes, which can be redundant, stimulating, or inhibiting, depending on the situation.





β-catenin

Numerous pieces of evidence indicate that β-catenin stability is also influenced by tyrosine kinase activation. For instance, several tyrosine residues in EGFR, c-MET, and RON can be directly phosphorylated by active RTK, which increases transcriptional activity and protein stability for β-catenin. Furthermore, it has been reported that activated downstream signaling molecules, including AKT and ERK1/2, phosphorylate inhibitory Ser9 residues, leading to the inactivation of glycogen synthase kinase 3β (GSK-3β) and consequently stabilizing β-catenin (52). SHP2 serves as an upstream regulator in this signaling pathway. Given that RTK activation is the primary mechanism for initiating signal transduction via the RAS-RAF-MEK-ERK and PI3K-AKT pathways, SHP2 may mediate RTK induction, influencing the stability of β-catenin. In certain instances, SHP2-dependent β-catenin stability may be essential for tumor development, cell proliferation, transformation, and metastasis (53). Similarly, the β-catenin signaling pathway is implicated in the induction of epithelial-mesenchymal transition (EMT), possibly influenced by SHP2 (54).

It is noteworthy that parafibromin, a tumor inhibitor, recruits SUV39H1 histone methyltransferase to block cyclin D1 and c-myc (55). Nevertheless, β-catenin proteins that bind to parafibromin can also operate in the reverse way, triggering the pro-mitotic/carcinogenic Wnt signaling pathway (56). Only after tyrosine dephosphorylation by SHP2, parafibromin acquires stable binding β-catenin abilities. The parafibromin/β-catenin interaction then leads to an augmentation in the expression of Wnt target genes, including c-myc and cyclin D1 (57).





JAK-STAT

In governing how cells respond to extracellular cytokines, the JAK-STAT pathway is of vital importance. Seven STAT members (STAT1, STAT2, STAT3, STAT4, STAT5a, STAT5b, as well as STAT6) and four JAK members (JAK1, JAK2, JAK3, and TYK2) have been found in mammalian cells. The several subtypes point to the JAK-STAT pathway’s functional complexity. JAKs belong to the non-receptor tyrosine kinase family. STAT proteins engage in the transcription and expression of a multitude of target genes within the nucleus concurrently. These mechanisms are essential for various cellular processes, encompassing immunological control, differentiation, cell survival, and inflammation. The primary downstream effector of cytokines, such as type I/II interferon and many interleukins, including IL-6 and IL-10, is the JAK-STAT pathway (58, 59). The current framework of the JAK-STAT signaling cascade posits that receptor oligomerization occurs when cytokines bind to their respective cell surface receptors; this oligomerization then activates JAK tyrosine kinases that are correlated with the receptor. By phosphorylating the tyrosine residues of the receptor, activated JAK creates binding sites for STAT recruitment and phosphorylation (60). Following dimerization, phosphorylated STATs dissociate from the receptor and translocate to the nucleus, initiating the transcription of genes (61).

Multiple strategies can be employed to modulate JAK-STAT signaling at different stages. The suppressor of cytokine signaling (SOCS) protein and the protein inhibitor of the activated STAT (PIAS) family, as well as diverse protein tyrosine phosphatases (PTPs) are important regulatory elements. SHP2 may either strengthen or weaken the JAK-STAT pathway according to substrate specificity, much like the two-edged sword in the PI3K-AKT signaling pathway (62).

On the one hand, SHP2’s dephosphorylation activity can influence downstream transcriptional regulation and STAT activation favorably. Phosphorylation controls the activity of JAK2 kinase in a site-dependent fashion. The IL3-driven JAK2-STAT5 signal is impaired in SHP2 mutant cells, yet wild-type SHP2 has the potential to reactivate this signal. The lack of SHP2 also strongly suppresses the activity of STAT5 (63, 64). SHP2 inactivation results in a decrease in both JAK2 activity and STAT5 phosphorylation (65). The JAK-STAT signal is inhibited when the Tyr1017 phosphorylation site of JAK combines with SOCS to generate a complex that stops JAK from binding to STAT. Through JAK’s tyrosine phosphorylation site dephosphorylation, SHP2 can stop JAK from attaching to SOCS and restart the STAT signaling cascade.

SHP2, however, also has the ability to inhibit the JAK-STAT pathway (7, 66). For example, SHP2 is drawn to the phosphorylated tyrosine residue pTyr759 of the gp130 cytokine receptor subunit, where it consequently can dephosphorylate STAT3, blocking JAK-STAT3 signaling, and IL-6-induced gene activation (67). Along this line, Ohtani et al. (62) showed that gp130-induced extension of STAT3 activation was present in animals devoid of SHP2 signaling, suggesting a negative function for SHP2 in JAK-STAT signaling.





NF-κB

Nuclear factor kappa-light-chain-enhancer of activated B cells (NF-κB) is a crucial transcription factor involved in transmitting signals from interleukin-1 (IL-1) and tumor necrosis factor (TNF) stimulation in various physiological and pathological processes (68, 69). The nuclear factor binding of light peptide gene enhancers generates inactive complexes and is in an inhibitory state in the basic state of NF-κB and B-cells inhibitor (IκB) (70). Phosphorylation of inhibitory-κB kinases (IKKs) by numerous kinases, such as AKT, mTOR, as well as mitogen-activated protein kinase (MAPK), lead to the activation of NF-κB (71–73). The transcriptional activity of NF-κB can be regulated by the RAS oncoprotein through its targeting of the transactivation domain of the NF-κB p65 subunit. SHP2 has been shown to be an essential component for the regulation of NF-κB in vivo. In the context of RAS mutant NSCLC, the activation of the NF-kB pathway upstream of IκB was induced by SHP2 inhibition. Within this particular framework, the inhibition of the SHP2-RAS-ERK pathway results in an upregulation of CXCR2 ligands that is dependent on NF-κB. This, in turn, results in the recruitment of S100A8high granulocytic myeloid-derived suppressor cells (MDSCs), which exert suppressive effects on T cells (74).





Mitochondria

It has been demonstrated that SHP2 is present in mitochondria, which are multipurpose organelles engaged in a number of biological functions such as energy synthesis, intermediate metabolism, cell apoptosis, and preservation of cytoplasmic calcium homeostasis (75, 76). However, most research efforts have concentrated on non-solid tumors and non-neoplastic disorders. For instance, Zang et al. (77) showed that alterations in the mitochondrial location of tyrosine kinase Src and tyrosine phosphatase SHP2 are responsible for sepsis-induced cardiac mitochondrial dysfunction. Protein tyrosine phosphatase PTPN11 tumor-related activation mutations increase mitochondrial metabolism, which causes oxidative stress and aging (78). Then, Guo et al. (79) found that SHP2 controls the stimulation of the NLR family pyridine-containing domain 3 (NLRP3) inflammasome negatively by affecting the homeostasis of the mitochondria, which is reliant on adenine nucleotide transferase 1 (ANT1). Considering the significance of mitochondria, SHP2’s influence on mitochondrial activity may play a part in mediating its involvement in solid tumors. However, currently there is little information available, therefore more research is necessary.





Nucleus

A small portion of SHP2 has been shown to be present in the nucleus, and there is evidence that SHP2 contributes to certain nuclear processes (80). SHP2 has the ability to trigger DNA damage-induced cell death and apoptosis, both of which are p53-independent processes. Furthermore, DNA damage-induced translocation of cell division cycle 25C (Cdc25C) from the nucleus to the cytoplasm requires SHP2 (81). Furthermore, it has been demonstrated that nuclear SHP2 controls STAT transcription factors. Through the nuclear interaction of SHP2 with telomerase reverse transcriptase (TERT), TERT is prevented from being exported from the nucleus, which decreases apoptosis sensitivity and prevents accelerated senescence of cells (80, 82). The aforementioned SHP2-mediated parafibromin dephosphorylation has also been reported to occur in the nucleus. The β-chain protein binds to dephosphorylated parafibromin, which is a part of the elongation factors PAF1 complex (PAF). When Wnt target genes are activated, the resultant parafibromin/β-catenin protein complex functions as a co-activator of T cell-specific transcription factor/lymphoid enhancer factor (TCF/LEF) (57).

Yes-associated protein (YAP) is linked to another nuclear function of SHP2. The nuclear accumulation of SHP2 is considerably facilitated by the interaction between dephosphorylated YAP and the transcription coactivator with PDZ binding motif (TAZ). SHP2 is kept in the cytoplasm by YAP/TAZ phosphorylation via Hippo signaling, which inhibits its nuclear function (83). The prognostic significance of SHP2 may be attributed to its nuclear localization and interaction with nuclear YAP1. This interaction activates the Wnt/ß-catenin signaling pathway, resulting in elevated expression of cyclin D1 and the c-myc (84).

In conclusion, SHP2 has been found in the nucleus across various contexts, including solid tumor types. This localization holds the potential to influence gene expression and may be crucial for cell proliferation, survival, and other facets of carcinogenesis. Future research should focus further on the function of nuclear SHP2 in epigenetic alterations, tumor growth, gene regulation, and therapeutic targets.






The role of SHP2 in different solid tumor entities




Lung cancer

First of all, mutations that activate PTPN11 can actually be detected in lung cancer. E76V, E76K, V45L, and N58S were reported before (85–87). A variety of 23 distinct PTPN11 mutations were discovered when Richards et al. (87) recently analyzed PTPN11 mutations in 37 PTPN11-mutant non-small-cell lung cancer (NSCLC). The mutations were listed from high to low frequency: E76A, A72D, S502L, G503V, N58S, G60D, E76K, M82V, E225, E313, E412G, Y418, D425Y, H426R, V428M, A452S, G483D, Q500E, G503R, M504I, Y521F, D551N, D556N. Remarkably, exons account for 75% (26/37) of the NSCLC PTPN11 mutations, suggesting that the majority of PTPN11 mutations are functionally relevant in NSCLC. In a genetically modified mouse model, the PTPN11 E76K mutation is sufficient to cause NSCLC (86).

However, SHP2 appears to hold broader significance. In lung cancer tissue, wild-type SHP2 expression is markedly elevated compared to surrounding normal lung tissue, establishing a robust correlation between high SHP2 expression and lymph node metastasis. The overexpression of SHP2 might promote invasion and metastasis in NSCLC through processes like angiogenesis and lymphatic diffusion (88, 89). SHP2 knockdown lowers ERK phosphorylation and increases cell susceptibility to the EGFR inhibitor gefitinib in wild-type NSCLC cells expressing EGFR (90). As demonstrated by Dardaei et al. (91), where SHP2 inhibition prevents the reactivation of RAS and ERK1/2 following treatment with intermediate degenerative lymphoma kinase (ALK) inhibitors in NSCLC, the synergistic impact of combined RTK and SHP2 inhibitors appears to be a more general effect.

Furthermore, as shown by Mainardi et al. (8), knockout of PTPN11 in NSCLC cells has little effect on cell proliferation but increased sensitivity to MEK inhibition. In KRAS mutant NSCLC, blocking SHP2 can cause a senescence response, whereas inhibiting MEK can aggravate this process. More thorough analyses of SHP2 inhibitor treatment in KRAS- and EGFR-mutant NSCLC models revealed tumor-intrinsic CCL5/CXCL10 secretion. This secretion resulted in the depletion of alveolar and M2-like macrophages while inducing and promoting infiltration of B and T lymphocytes. This was not surprising, given the crosstalk of senescent cells with their immune environment. Furthermore, by simultaneously blocking the CXCR1/2-dependent import of immunosuppressive MDSCs, combination inhibition of SHP2 and CXCR1/2 may enhance antitumor T cell responses in NSCLC (74). Additionally, elevated SHP2 expression correlates with enhanced survival in advanced KRAS mutant NSCLC and serves as a predictor for the efficacy of PD-1/PD-L1 therapies (92).

In conclusion, SHP2 appears to be a promising therapeutic target in combination treatment methods for NSCLC since it plays a critical positive regulatory function in the incidence, metastasis, immune evasion, and drug resistance of lung cancer, regardless of individual RTK/RAS mutational status.





Pancreatic ductal adenocarcinoma

About 90% of PDAC tumors bear a KRAS mutation, which might encourage precancerous lesions associated with pancreatic cancer to progressively progress into invasive malignancy (93). Zheng et al. (94) used immunohistochemical techniques in order to assess the expression of SHP2 protein in 79 PDAC samples. Their results revealed that the proportion of PDAC tissues with high SHP2 expression was considerably greater (55.7 percent) than that of adjacent noncancerous tissues (10.1 percent). Additionally, it was observed that individuals with high expression of SHP2 had a shorter overall survival time in comparison to those with low expression. Studies have indicated a possible correlation between the onset and progression of PDAC and elevated expression of SHP2, indicating SHP2’s potential in both prognostic and therapeutic capacities. According to a different study, SHP2 expression is detectable for the duration of the PDAC tumor formation process. Furthermore, in a genetically altered mouse model, the generation of mutant KRAS-dependent PDAC was virtually entirely inhibited and survival time was markedly increased with deletion of PTPN11.

In established PDAC tumors, loss of SHP2 (or inhibition) sensitized to MEK inhibition and synergistically reduced tumor growth (6). Fedele et al. (95) discovered that SHP2 inhibition reduced RTK feedback signals and enhanced the action of KRASG12C inhibitors in PDAC. Furthermore, the SHP2-PDHA1-ROS axis is crucial for the upkeep of adipocytes and may regulate cytokine production as well as the proliferation of pancreatic cancer cells (96). Consequently, the majority of recent research points to a favorable association between SHP2 and the onset and progression of PDAC, indicating that SHP2 might be a desirable target in treatment combinations for this predominantly KRAS-mutated entity.





Hepatocellular carcinoma and cholangiocarcinoma

According to a preliminary study, the deficit in SHP2 specific for liver cells drives inflammatory signaling through the STAT3 pathway, resulting in tumor formation and regenerative proliferation in aged mice. Hepatocellular carcinoma (HCC) produced by diethylene nitrite (DEN) is considerably more likely to develop when SHP2 is absent, but this is eliminated when SHP2 and STAT3 are both absent at the same time in liver cells (7). According to this study, PTPN11/SHP2 may have a tumor-suppressive function in HCC that is driven by inflammation.

In addition, Chen et al. (97) have shown that Myc-driven HCC is dramatically aggravated in mice with hepatocyte-specific Ptpn11/Shp2 deletion.

Subsequent research revealed that liver cancer spheroids rich in patient-derived CSC as well as cancer stem cells (CSCs) selected for epithelial cell adhesion molecule (EpCAM) or differentiation cluster 133 (CD133) showed a substantial increase in SHP2. By encouraging the dedifferentiation of liver cancer cells and boosting the self-renewal of liver stem cells, upregulated SHP2 facilitates the proliferation of hepatic CSCs (98). According to this study, β-catenin signaling amplifies SHP2, which in turn stimulates the proliferation of hepatic CSC and the dedifferentiation of HCC cells. This information could be utilized to anticipate how a patient will react to chemotherapy. Furthermore, a recent study revealed that patient-derived xenografts and developed sorafenib-resistant cell lines have much higher levels of SHP2. By obstructing feedback pathways, the SHP2 inhibitor SHP099 may eradicate sorafenib resistance in organoid cultures and HCC cell lines (99). SHP2 inhibition decreases adaptive resistance to sorafenib by preventing the reactivation of the MEK/ERK and AKT signaling pathways induced by RTK, according to the findings of this study. In HCC, mTOR and SHP2 inhibition have been shown to have a similar synergistic impact (100).

Growth arrest and DNA damage 45G (GADD45G) were also reported to be generally downregulated in human and mouse HCC (101) and oncogene-transformed mouse liver cells. GADD45G ectopic expression significantly accelerates the aging process of HCC and suppresses tumor development in vivo. In human hepatocellular carcinoma cell lines, GADD45G expression strongly suppresses constitutive phosphorylation of STAT3 (Tyr705). Since GADD45G-induced STAT3 dephosphorylation was successfully reduced and senescence induction was greatly suppressed, it suggests that this action is reliant on SHP2.

Cholangiocarcinoma has been reported to have similar processes. Additionally, in this case, Sorafenib-induced dephosphorylation of Tyr705 STAT3 is mediated by SHP2, and in cholangiocarcinoma cells, Sorafenib-induced dephosphorylation of Tyr705 p-STAT3 is inhibited by knocking down SHP2. This increases tumor cell death (102).

Conversely, SHP2 has been demonstrated to function as a tumor suppressor by preventing YAP-mediated cholangiocarcinoma development (103).

Then, and this is crucial, SHP2 inhibitors can boost the antitumor innate immune system in liver cancer driven by RTKs by upregulating interferon-β Secretion, downregulating inflammatory cytokines, and inhibiting the chemokine receptor 5 signaling axis (104).

Consequently, SHP2 has two distinct functions in primary liver cancer: promoting and/or suppressing tumor growth in hepatocellular carcinoma and cholangiocarcinoma.

As a consequence, therapeutic approaches targeting SHP2 in liver cancer would need to be tailored in a context and time-dependent fashion.





Gastric cancer and esophageal cancer

According to related research, the expression rate of SHP2 in gastric cancerous tissues is notably greater than in healthy stomach mucosa (105). All identified cancer cell lines express SHP2 and certain diffuse gastric cancer (DGC) cell lines with MET or fibroblast growth factor receptor 2 (FGFR2) gene amplification exhibit preferential tyrosine phosphorylation. Treatment with MET or FGFR inhibitors or their deletion significantly reduces SHP2 tyrosine phosphorylation. In a mouse xenograft model, pharmacological inhibition or suppression of SHP2 effectively inhibits the migratory, invasive, and peritoneal dissemination of DGC cells that are dependent on MET (106).

Significant overexpression of KRAS protein was seen in the KRAS amplified gastroesophageal adenocarcinoma (GEAC) model. While being resistant to MAPK inhibition, mechanistically the model was able to respond adaptively by quickly boosting KRAS GTP levels. The adaptation process was decreased by the suppression of guanine exchange factors SOS1 and SOS2 or protein tyrosine phosphatase SHP2, and the model became more sensitive to MEK inhibition when these components were targeted, as shown by Wong et al. (107).

With regards to KRAS mutant gastric cancer, Zheng et al. (30) recently discovered that, via suppressing KSR1 activity, SHP2 inhibition mitigates adaptive resistance to MEK inhibitors.

A different role for SHP2 in human esophageal squamous cell carcinoma (ESCC) was discovered by Xu et al. (67). SHP2 expression appeared to be frequently downregulated in ESCC tissues. Additionally, patients exhibiting low SHP2 expression experienced poorer overall survival (OS) compared to those with higher SHP2 expression levels. SHP2’s functional implications for blocking inflammatory STAT3-signaling appear to be predominant in this context. By dephosphorylating STAT3, SHP2 appears to impair growth and progression of ESCC.

In conclusion, SHP2 is recognized for its oncogenic function in the genesis and advancement of GEAC, but not in ESCC. Furthermore, it could be a clinical treatment target for GEAC and ESCC as well as a prognostic marker.





Colorectal cancer

Early research revealed that colorectal adenomas and stage 1 tumors had much higher levels of SHP2 expression than did later advanced cancers (108). SHP2 may have opposing effects in the large intestine cancer: depending on the inflammatory milieu, it may either stimulate or prevent tumor growth. The proliferation, invasion, and tumor properties of intestinal epithelial cells (IECs) derived from human colorectal cancer cells (CRC) and carcinogenic KRAS are inhibited by SHP2 silencing. SHP2 was required in IEC and CRC cells harboring oncogenic KRAS for full activation of MEK/ERK signaling. In addition, inhibition or knockout of PTPN11 confers sensitivity to BRAF inhibition in BRAF mutant colon cancer (109).

Conversely, Huang et al. (110) were able to show that SHP2 inhibits the proliferation and migration of CRC cells by dephosphorylating STAT3. As per the findings, SHP2 inhibition and knockdown boost cellular signaling in HCT-116 colorectal cancer cells, hence promoting their proliferation both in vitro as well as in vivo (111).

The following two examples further highlight the difficulty in identifying and discerning tumor-promoting and tumor-suppressing functions, even though targeting SHP2 in frank colon cancer may be beneficial: first, SHP2 appeared to worsen the activation of the interferon gene stimulatory factor (STING) pathway by limiting the DNA repair mediated by poly ADP-ribose-polymerase 1 (PARP1) in colorectal cancer cells, indicating that SHP2 agonist lovastatin combined with chemotherapy is a viable treatment option for colorectal cancer (112). Second, and in contrast, cetuximab and EGFR-targeted therapy has long been an approved treatment protocol for RAS wild-type, metastatic colorectal cancer, and SHP2 inhibitors reliant on phospholipase C gamma 1 (PLCg1) exhibit anti-tumor effects in cancer cells resistant to cetuximab (113).

As a consequence, SHP2 inhibition approaches in colorectal cancer, although promising, may have mixed effects and need to be closely monitored with respect to their intended beneficial and potentially detrimental components.





Oral squamous cell and laryngeal cancer

Research has also been done on the function of SHP2 in the progression of oral cancer, particularly oral squamous cell carcinoma (OSCC) (114). SHP2 protein expression is significantly increased in OSCC tissues compared to normal tissues. This overexpression is correlated to clinical staging and lymph node metastasis in advanced tumors. By controlling the expression of proteins linked to apoptosis, inhibiting SHP2 expression in vitro can cause cell death and reduce OSCC cell viability and invasion (115). Further, research has demonstrated that SHP2 promotes the metastasis of oral cancer cells. This suggests that the SHP2-ERK1/2-Snail/Twist1 pathway may play a significant role in the invasion and metastasis of oral cancer (116). In addition, deletion of SHP2 also exhibits significantly reduced metastatic capacity in OSCC.

In conclusion, SHP2 could be an oncogenic gene that encourages OSCC metastases. It may be investigated further as a biomarker for estimating how OSCC will develop, and focusing on SHP2 has been proposed as a novel approach for OSCC clinical management in the future.

It was discovered that SHP2 contributes to proliferative signals for laryngeal cancer cells as well, a process which is, again, mainly mediated via the MAPK pathway (117). Thus, SHP2 may contribute to the carcinogenicity of laryngeal cancer through involvement in the RAS/RAF/MEK/ERK signaling pathway and could be a useful target for therapy.





Thyroid cancer

After examining 65 individuals with thyroid cancer (TC), Hu et al. (118) discovered that the samples and cell lines of thyroid cancer patients had elevated levels of SHP2. In the meanwhile, the findings demonstrated a strong association between high SHP2 expression and lymph node metastases, high TNM staging, and tumor differentiation.

On the other hand, TC patients with SHP2 overexpression had a reduced probability of passing away from the illness than did TC patients with low SHP2 expression, according to findings by Cao et al. (119). SHP2 expression did not, however, function as an independent predictive factor in multivariate analysis.

SHP2 blockade can overcome MEK inhibitor resistance, consistent with the findings of studies on other tumor types and leads to TC growth suppression that is persistent, particularly in differentiated thyroid carcinoma (DTC) cells (120). On the basis of these concepts, Ma et al. (121) recently showed that vemurafenib-induced cancer sensitivity was enhanced by inhibiting SHP2, which also reversed the reactivation of the MAPK/ERK signaling cascade brought on by RTK activation.

It’s interesting to note that, because SHP2 is necessary to propagate the PD-1 signal in this context, blocking the PD-1 circuit in TC might directly harm the proliferation of TC cells expressing PD-1. This inhibition would not only suppress the RAS/MAPK signaling pathway but also may restore anti-cancer immunity (122).

When considered together and in light of recent findings, SHP2 seems to be involved in the carcinogenesis of thyroid cancer, and blocking it might be a useful adjunctive therapeutic approach.





Breast cancer

Research indicates that SHP2 is one of the essential signal transduction molecules that activate the RAS/ERK pathway in breast cancer as well and that this pathway plays a significant role in the occurrence and progression of breast cancer (123). For the first time, Zhou and Agazie (124) hypothesized that breast cancer cells had elevated levels of SHP2. They found that inhibiting SHP2 resulted in reduced EGF-induced RAS/ERK and PI3K/AKT signaling pathways, and brought back the typical phenotype of differentiated breast epithelium. The inhibition of SHP2 resulted in the downregulation of the mesenchymal markers vimentin and fibronectin and the upregulation of the epithelial marker E-cadherin. These findings suggest that SHP2 actively regulates mitosis, cell survival signaling, and EMT, hence promoting the phenotype of cancer cells. Therefore, it is not surprising, that SHP2 is overexpressed in invasive ductal carcinoma (IDC) breast tumors and is positively connected with lymph node metastasis, nuclear hormone receptor accumulation, and higher tumor grade (125).

SHP2 deletion inhibits the progression of breast cancer and decreases metastasis (126). Knockout of SHP2 also suppresses ErbB2-induced mammary tumorigenesis (127). In addition, SHP2 knockout attenuates the activation of PI3K/AKT signaling and causes the dephosphorylation and resultant activation of GSK3β in breast cancer cells (128).

In the early phases of triple-negative breast cancer (TNBC), SHP2 plays a crucial mediating role. This is because a shortage in SHP2 activates many SRC family kinases and downstream substrates, which hinder various aspects of tumor cell motility such as invasion, chemotaxis, migration, and velocity (129). A novel substance that suppresses SHP2 and cyclin-dependent kinase 4 (CDK4), downregulates pERK and pRb expression, and boosts immunological function has been shown in recent research to prevent the development of TNBC (130). ETS oncogene 1 (ETS1) activity is decreased in TNBC cell lines when SHP2 is inhibited because it blocks the MAPK signaling cascade, which in turn downregulates IL-8 production (131). In TNBC, SHP2 knockout cells reconstituted with a phosphatase-dead SHP2 mutant are unable to (re-)activate AKT and MAPK signaling upon treatment with BYL719, which makes them sensitive to PI3K inhibition (132). Additionally, drug-resistant cells quickly restart both pathways following PI3K inhibitor monotherapy, whereas combined inhibition of PI3K and SHP2 inhibits proliferation and results in prolonged inactivation of PI3K and MAPK signaling.

Lastly, β-catenin stability might be a further mechanism by which SHP2 promotes TNBC.

In summary, SHP2 plays a vital role in modulating breast cancer development, invasion and metastasis and may be a meaningful therapeutic target in different histological entities of this disease.





Cervical cancer

In cervical cancer tissues infected with human papillomavirus, SHP2 expression was significantly greater (88.8%) compared to tissues from cervical intraepithelial neoplasia (CIN) (62.5%) and normal cervixes (45%) (133). Furthermore, SHP2 stimulates the initiation and advancement of cervical cancer by preventing IFN-β from being produced, consequently fostering the proliferation of cervical cancer cells (134). Another finding showed that in human cervical cancer cells, SHP2 inhibition has anti-proliferative/anti-migratory effects through the RAS/RAF/ERK and PI3K/AKT pathways (135). Additionally, by triggering autophagy to break down damaged mitochondria and the ubiquitin ligase Parkin to prevent chemotherapy-induced apoptosis in cervical cancer, SHP2 takes part in chemoprotection (136). Through suppressing the activation of PI3K/AKT and NF-κB signaling pathways, the combination of an SHP2 inhibitor and 5-fluorouracil (5-FU) can synergistically induce apoptosis and impede the proliferation of cervical cancer cells (137). In addition, deletion of SHP2 in cervical cancer cells promotes reprogramming of glutamine metabolism (138). When combined, these signaling pathways may allow SHP2 to play an oncogenic function in cervical cancer that can be therapeutically exploited.





Ovarian cancer

Ovarian cancer cell lines exhibit higher levels of SHP2 expression compared to normal ovarian epithelial cell lines. Additionally, lymph node metastasis, distant metastases, clinical staging, and histological grading were all correlated with SHP2 expression (139). Elevated SHP2 expression in ovarian cancer cell lines has been demonstrated to enhance cell migration, invasion, and proliferation, potentially via the activation of AKT. In contrast, SHP2 inhibition specifically reduced ERK1/2 activity, ovarian cancer cells expressing GAB2, and their ability to proliferate. Furthermore, SHP2 inhibitors and PI3K inhibitors combine to prevent the growth and survival of GAB2-overexpressing ovarian cancer cells both in vitro as well as in vivo (140). Li et al. (141) noted that the autophagy inhibitor elaiophylin triggers ER-stress and paraptosis by binding directly to SHP2 and thereby triggering toxic hyperactivation of the SHP2/SOS1/MAPK pathway. Then taking advantage of already-elevated MAPK levels in drug-resistant ovarian cancer cells, elaiophylin overcame resistance to chemotherapy in ovarian cancer. Furthermore, very recently, Rossini et al. (142) demonstrated that tyrosine phosphorylation and the association of indoleamine 2,3‐dioxygenase 1 (IDO1) with SHP2 were significantly increased in SKOV-3 cells in response to the IDO1-inhibitor and -stabilizer epacadostat. Meanwhile, in SKOV-3 cells treated with epacadostat the signaling triggered by the transducing molecular complex IDO1-SHP2 accelerates the migratory capacity and the colony-forming ability of SKOV-3 cells, suggesting a pro-tumorigenic phenotype. These findings demonstrate the carcinogenic participation of SHP2 in the formation of ovarian tumors and substantiate the therapeutic promise of targeting this phosphatase in ovarian cancer.





Prostate cancer

Four distinct prostate cancer cell lines and specimens from 122 prostate cancer patients were examined by Tassidis et al. (143). The findings suggest that enhanced prostate cancer development and progression are linked to the decrease of cytoplasmic SHP2 expression. Conversely, it has been shown that SHP2 is overexpressed in prostate cancer, which is linked to unfavorable clinical outcomes (such as tumor spread and a reduced patient survival time). Increased tumor growth in vivo, colony and spheroid formation, and proliferation of prostate cancer cells can result from overexpressing wild-type or oncogenic SHP2 mutations. Furthermore, by weakening the PAR3/PAR6/aPKC polar protein complex as well as promoting EMT, SHP2 can encourage the migration of prostate tumor cells both in vivo and in vitro, as well as the spread of prostate cancer (144). Targeting SHP2 increases expression of PD-L1 and human leukocyte antigen (HLA) ABC in prostate cancer cells by phosphorylating STAT1, which is relevant to immune-cell interaction and immunotherapy tactics (145).

In conclusion, there is ongoing debate over the involvement of SHP2 in prostate cancer. A more thorough study is needed to identify the precise, and maybe context-dependent, function that SHP2 plays in this disease.





Melanoma

Common mutations in NRAS and BRAF observed in melanoma activate the RAS/RAF/MAPK and PI3K/AKT signaling pathways (146, 147). Phosphorylated AKT levels exhibit a negative correlation with patient survival rate and rise markedly during the invasion and spread of melanoma (148). Additionally, SHP2 mutations and overexpression were discovered in melanoma patient samples (149). Zhang et al. (150) noted that SHP2 activates the ERK1/2 and AKT signaling pathways to support the survival, motility, and anchoring independent proliferation of melanoma cells. Additionally, they showed that SHP2 suppression slowed the development of xenograft melanoma by enhancing tumor cell death and reducing tumor cell proliferation.

When combined, SHP2 seems to have an oncogenic function in melanoma and presents a viable new target for melanoma combination treatment, which includes tumors with NRAS and BRAF mutations.





Glioblastoma

The signaling pathways of RTKs, including EGFR, PDGFR, and/or c-MET, are often modified throughout the pathogenesis of glioblastoma multiforme (GBM) (151, 152). In a spontaneous transgenic high-activity HRAS glioma mouse model, inhibition of SHP2 can reduce the development from low-grade astrocytoma to GBM (153). SHP2-dependent pathway inhibition of cellular senescence may be a significant contributing element to establishment of GMB (154). In response to the co-inhibition of EGFR and c-MET, Furcht et al. (155) observed that knocking down SHP2 decreased the proliferative rate of GBM cell lines. SHP2-mediated ERK activity predominated in this context. Furthermore, the co-inhibition of EGFR and c-MET induces cell death, where the SHP2-mediated inhibition of STAT3 plays a crucial role. UBE2D3, a ubiquitin-binding enzyme implicated in the etiology of several malignancies, has the ability to stimulate SHP2 ubiquitination. This, in turn, raises the output of the STAT3 pathway, hence promoting the growth and development of gliomas (156).

In conclusion, selective and careful targeting of SHP2 may have therapeutic implications for the treatment of GBM, given the functional involvement of SHP2 in the onset and progression of the illness.

The roles in different solid tumor entities are illustrated in Figure 3.




Figure 3 | The role of SHP2 in different solid tumor entities. SHP2 primarily serves as a tumor promoter in most solid entities. However, its role in liver and colorectal cancer is dual, encompassing both promoting and suppressing functions. The involvement of SHP2 in prostate cancer remains controversial.








SHP2 and the cellular tumor microenvironment of solid tumors

Quite some work has been done in the past several years to clarify the significant traits of SHP2 in various cell types within the solid tumor microenvironment. The ubiquitously expressed tyrosine phosphatase regulates signaling pathways and cellular function of all cells present in proximity to and interacting with tumor cells, including immune cells, endothelial cells and fibroblasts, thereby potentially affecting tumor progression.




Immune cells




T-cells

SHP2 plays a key role in the regulation of T cell activity by interacting with several immunosuppressive receptors that regulate T cell activation (Figure 4A). Numerous immunosuppressive receptors are found in T lymphocytes, including PD-1, B, and T lymphocyte attenuators (BTLA), cytotoxic T lymphocyte-associated antigen-4 (CTLA-4), T cell immunoglobulins, and ITIM domain proteins (TIGIT). These receptors can recruit SHP2 to control T lymphocyte activation through their unique phosphotyrosine motifs (157–160). In cancer immunotherapy, PD-1 is a crucial immune checkpoint target and negative co-stimulatory receptor that is required to prevent T cell activation. Following its interaction with its ligand PD-L1, PD-1 associates with the T cell receptor (TCR), which, in turn, is linked to the phosphatase SHP2. Through the C-terminal tyrosine switch motif (ITSM) present in the immune receptor, PD-1 forms a dimer that interacts with the SH2 domain (N-SH2 and C-SH2) of SHP2. This interaction activates SHP2-mediated immunosuppression, promoting the immune escape of tumor cells (161). Hui et al. (162) showed a preference for SHP2 to dephosphorylate CD28, rather than the TCR, in response to the signaling of PD-1/PD-L1. This suggests that SHP2-mediated inhibition of CD28 signaling is the main mechanism by which PD-1 reduces T cell function. SHP2 is specifically recruited to PD-1 in order to prevent PI3K activation mediated by CD28. This inhibits AKT phosphorylation, subsequently reducing the activation of various transcription factors such as NF-kB, T nuclear factor (NFAT), and activating protein 1 (AP-1), consequently, preventing T cell activity and encouraging T cell malfunction (157). SHP2 may also directly dephosphorylate the co-stimulatory molecule CD226, when it is recruited by PD-1, which limits T cell activation (163). Moreover, it was suggested that SHP2 may suppress T cell activity by dephosphorylating ITK downstream of PD-1 (164). In addition to its impact on CD28 signaling, SHP2 has the ability to stimulate the dephosphorylation of CD3, zeta-chain-associated protein kinase 70 (ZAP70), which in turn inhibits RAS/ERK and PI3K/AKT signaling (165). It is very noteworthy, however, that SHP2 seemed redundant for PD-1 signaling in a series of genetic deletion in in vivo tests for tumor immunity and persistent viral infection.




Figure 4 | Immune cell-specific roles of SHP2. (A) SHP2 in T lymphocytes. SHP2 is recruited by various immunosuppressive receptors like PD-1, CTLA-4, BTLA, TIGIT, etc. The immunosuppressive effects of SHP2 via PD-1 involve (1): direct inhibition of the PI3K-AKT signaling pathway (2); dephosphorylation of ZAP70, indirect inhibition of PI3K-AKT and RAS-ERK pathways (3); dephosphorylation of CD28 to indirectly inhibit the PI3K-AKT pathway (4); For CTLA-4, cytoplasmic SHP2 antagonizes CD28 positive signals, playing a tumor-promoting role (5); PD-1 disrupts CD226 activation through distinct mechanisms when converging with TIGIT (6); SHP2 dephosphorylates ITK downstream of PD-1, inhibiting T cell function. Downstream signaling of SHP2 recruited by BTLA remains unclear. (B) SHP2 in myeloid cells/macrophages. SHP2 promotes tumor growth via TAMs through (1): binding to CSF-1-induced signaling complexes, enhancing macrophage proliferation and M2 polarization under CSF-1 stimulation (2); recruiting SIRPα or Siglec-10 receptors to reduce phagocytosis upon CD47 or CD24 stimulation (3); promoting macrophage proliferation via a macrophage/CXCL9-Th1 cell/IFN-γ feedback loop (4); dephosphorylating STAT downstream of IL-10 signaling, inhibiting anti-inflammatory factors, and exacerbating colitis-related colon cancer (5); attenuating GM-CSF-mediated phosphorylation of HOXA10 and IRF8.



Furthermore, research has shown that BTLA and TIGIT bind SHP2 through the inclusion of an immune receptor tyrosine-based inhibitory motif (ITIM) at the cytoplasmic tail (19, 166).

Additionally, prior studies have demonstrated that the lack of SHP2 in CD4+ T cells stimulates the differentiation of CD4+ T cells into Th1 cells. This results in increased secretion of IFN-γ, activating CD8+ cytotoxic T cells and preventing the onset of colorectal cancer associated with colitis (167). In contrast, additional research discovered that T cells lacking SHP2 had no advantage in halting the development of immunogenic malignancies (158).

SHP2 is most likely to have varied functions in T cells, contingent on the specific environment, signaling pathways, as well as progression stage of T cells. Care should be taken in further analyzing the in-depth effects of SHP2 inhibition on tumor associated T-cell responses.





Myeloid cells/macrophages

Angiogenesis, matrix remodeling and metastasis are all significantly influenced by tumor-associated macrophages (TAMs). SHP2 takes part in a number of TAM signaling pathways (Figure 4B). In response to colony-stimulating factor 1 (CSF-1), SHP2 binds to the CSF receptor (CSF-1R) complex on the inner membrane of TAMs, thereby activating the RAS/ERK signaling cascade, and in consequence indirectly promoting tumor cell migration, survival, and proliferation (168).

Further, tumor cells can express CD47, which, as a “don’t eat me” signal to the host innate immune system, plays a role in tumor immune evasion. To decrease macrophage phagocytosis and accelerate tumor growth, signal regulatory protein α (SIRPα) may be used to target specific substrates for SHP2 and SHP2 dephosphorylation (169). Li et al. (170) have discovered that the CD47/SIRPα signal triggers substrate deneddylation in colorectal tumor-infiltrating macrophages (TIMs), which lends credence to this perspective. In this instance, deneddylation was necessary for SHP2 to emerge from its own inhibitory state, guarantee activation, and target SIRPα recruitment in order to prevent macrophage phagocytosis.

Barkal et al. (171) demonstrated that the association involving tumor-expressed CD24 and the inhibitory receptor sialic acid-binding Ig-like lectin 10 (Siglec-10) on the surface of TAMs promotes tumor escape. This interaction is initiated by recruiting the immune receptor tyrosine-based inhibitory motif (ITIM) motifs of SHP1 and/or SHP2 to the cytoplasmic tail of Siglec-10. According to a recent study, the Th1-mediated anti-tumor immune microenvironment may be enhanced by the lack of SHP2 in macrophages because it promotes the macrophage/CXCL9 Th1 cells/IFN-γ feedback loop, which in turn inhibits the formation of melanoma (172). Through these pathways, SHP2 loss in macrophages promotes IL10/STAT3 signaling and its reliant anti-inflammatory response, protecting mice against colon cancer invasion caused by colitis (173). Furthermore, the development of B16-F10 melanoma and MC17-51 fibrosarcoma in mice was inhibited by the myeloid-specific deletion of SHP2, and the immunosuppressive potential of myeloid-derived suppressive cells against tumors was decreased (174).

Overall, these results provide strong evidence for a non-autonomous myeloid cell role of SHP2 in tumor progression, suggesting that SHP2 promotes macrophage proliferation and M2-like polarization, encouraging the formation and progression of tumors. Targeting SHP2 in macrophages may be advantageous for M1-like characteristics, phagocytosis, and enhanced antitumor immunity.





B-cells

According to a study, SHP2 is a positive regulator of B cell function (175). Following extended IL-6 stimulation, the activation of SHP2 is correlated to the IL-6-induced proliferation of B cells (176). PD-1-mediated activation of SHP2 induces the dephosphorylation of B cell receptor (BCR) proximal signaling molecules, including spleen tyrosine kinase (Syk), phospholipase C gamma 2 (PLCγ2), and ERK1/2 in B cells (177). With a large increase in tumor-infiltrating B lymphocytes, SHP2 depletion suggests that B cells have a considerable anti-tumor impact in NSCLC allogeneic grafts (74). On the other hand, it is unclear from the available data if B cell SHP2 plays a significant role in tumor regulation.

It has been demonstrated that the two ITIM types found in BTLA recruit SHP1 and SHP2, which self-phosphorylate upon binding (166, 178). But SHP1 appears to be used more often than SHP2. Nevertheless, more investigation is required to identify the BTLA signaling mechanism.





Other immune cells

Studies have demonstrated that SHP2 may be recruited and activated by certain inhibitory receptors on the surface of natural killer cells (NK) via ITIM motif (179). Excellent cytolytic activity and IFN-γ production in response to tumor target cells are displayed by NK cells devoid of SHP2 (180). However, a recent study discovered that the lack of SHP2 in NK cells had no effect on proliferation and responsiveness of the cells. A decreased rate of SHP2 defective NK cell proliferation and survival was observed when treated alone with high-dose IL-15 or IL-2 (181).

Furthermore, SHP2 also has been ascribed a crucial role in mediating PD-1-regulated cytokine production and NF-κB activation in dendritic cells in an ovarian cancer context (182).






Endothelial cells

Endothelial cells are structural elements of the vascular system, supplying blood to tissues and becoming ready to react to external harm. They are located on the inside surface of blood arteries. There has been much research done on the function of SHP2 in endothelial processes. SHP2 interacts with VE-cadherin and VEGFR in endothelial cells, which is essential for angiogenesis and the function of the endothelial barrier (183, 184). The context-dependent function of SHP2 as a negative regulator of VEGFR2 signaling and angiogenesis emphasizes the need for more study because VEGF/VEGFR2 regulation is complicated (185). SHP2 modulates the production of pro-angiogenic SRY-Box transcription factor 7 (SOX7) and pathological angiogenesis through apoptosis signal-regulated kinase 1 (ASK1)-c-Jun signaling (186). By downregulating the production of SOX7, which promotes angiogenesis, SHP2 deficiency harms tubular formation, migration, and proliferation of endothelial cells. Tumor development, angiogenesis, and vascular anomalies are all restored in SHP2-deficient animals when SOX7 is re-expressed in SHP2 knockdown cells. Thus, in the tumor vascular system, SHP2 plays a crucial role in altering endothelial cells’ development and survival.

SHP2 promotes proliferative ERK1/2 signaling and suppresses pro-apoptotic STAT3 (187). Systemic SHP2 inhibition increases tumor necrosis, decreases tumor blood vessels and blood perfusion, and promotes tumor vascular system degradation and blood extravasation in animals harboring SHP2-independent tumor cell proliferation of the chosen tumor type.

The current findings highlight the prospect that targeting SHP2 in tumor blood vessel support may be a particularly effective approach and imply that targeting SHP2 may represent a unique strategy for targeting endothelial cells in the tumor vasculature.





Fibroblasts

Fibroblasts are linked to cancer cells at different phases of the growth of solid tumors, and their structural and functional roles in this process, with all of its intricacies and dual impacts of supporting and restraining tumors, are just now coming to light. With more and more cancer-associated fibroblast (CAF) subtypes being identified, the particular function and contribution of the ubiquitously expressed tyrosine phosphatase SHP2 within each CAF cell type should be carefully elucidated. So far, knowledge for CAFs is very scarce. However, in normal non-tumor-associated fibroblasts, SHP2 appears to play similar roles as e.g. in epithelial cells, being required for full activation of the MAPK/ERK pathway in response to growth factors, FGFs and PDGFs being the most important players for fibroblasts (188). In addition, very recently, Mucciolo et al. (189) demonstrated EGFR-expression and EGFR-dependent activation of a CAF subtype in pancreatic cancer (the myofibroblastic CAFs, or myCAFs), promoting local metastasis. It is very reasonable to hypothesize that SHP2 is involved in signal transduction in this context. To fully decipher the in vivo therapeutic benefits of SHP2-inhibition for solid tumors, it is therefore crucial to comprehend the functional role of SHP2 in all different CAF subtypes.






SHP2 and therapy resistance of solid tumors

Owing to its significance in the signaling pathways discussed above, SHP2 has emerged as a possible target for the management of various solid tumor entities. Historically, mainly due to poor bioavailability and lack of specificity, traditional inhibitors targeting the catalytic site of phosphotyrosine-phosphatases generally displayed unsatisfactory pharmacokinetics and pharmacodynamics. Fortunately, more recently allosteric SHP2 inhibitors have been discovered. The first reported, SHP099, demonstrated high potency, selectivity, solubility and oral bioavailability (190). SHP099 binds between the two SH2 domains and the PTP domain (called the “tunneling” site) to inhibit SHP2 activity by “glueing” it in its inactive state, making SHP099 the first highly selective SHP2 inhibitor. TNO155, RMC-4630, JAB-3068, JAB-3312, ERAS-601, BBP-398, ET0038, and HBI-2376 are just a few of the recently developed, similarly acting allosteric inhibitors that are presently undergoing early stages of clinical trials to assess their tolerability and antitumor effects, either as single agents or in combination therapies. For a concise summary of clinical trials see Table 1.


Table 1 | Overview of currently active clinical trials about SHP2 inhibitors in solid tumors.



Importantly, the striking potential of targeting SHP2 encompasses states of therapy resistance of solid tumors in response to chemotherapy and targeted therapies alike.

For instance, it has been shown that SHP2 promotes chemoresistance via cell-autonomous and/or non-autonomous mechanisms. One study observed high expression of SHP2 in chemotherapy-resistant hepatocellular carcinoma (HCC) and patient-derived recurrent HCC samples (98). In another study SHP2 mediated cisplatin resistance by inhibiting apoptosis of lung cancer cells and promoting activation of the RAS/PI3K/AKT/survivin pathway (191). These findings imply that focusing on SHP2 holds promise for overcoming chemotherapy resistance.

A much larger body of evidence has accumulated with respect to inherent and adaptive drug resistance in the context of targeted therapies. In cancer treatment, primary resistance and the emergence of adaptive resistance to small molecule inhibitors are frequent and significant challenges. As a result, creating novel approaches to circumvent and disrupt resistance processes continues to be crucial. For instance, adaptable “drug-resistant” tumor cells can survive if carcinogenic signals are not fully inhibited. These cells can remain in this condition for varying amounts of time before accumulating new genetic alterations linked to acquired resistance and tumor recurrence. SHP2, as was previously indicated, plays a significant role in the signal propagation from virtually all RTKs. It has been discovered that adaptive drug resistance is fueled by the (re)activation of RTK signals in a number of ERK-dependent malignancies, such as RAS mutant tumors, BRAFV600E melanoma, colorectal cancer, thyroid cancer, and TNBC (192, 193). In general, when negative feedback is relieved in response to RAF, MEK, or ERK inhibitors, various RTKs are upregulated and activated (in cell- and context-dependent sets or combinations), which further activates RAS and causes ERK activity to recover, resulting in tumor adaptability, and inhibitor resistance. SHP2 integrates signals from almost all RTKs towards the RAS-RAF-MEK-ERK and PI3K/AKT pathways, and as such, it constitutes a crucial and strategic node in those resistance mediating signaling circuits, even if the relevant collection of RTKs implicated varies depending on the entity and context. It should come as no surprise that several possible applications have been proposed. SHP2 inhibitors, for example, have the ability to stop adaptive resistance to MEK inhibitors (21). The combination of SHP2 and MEK inhibitors has a highly synergistic anti-proliferative impact in KRAS mutant lung cancer and pancreatic cancer (6, 8). Triple-negative cancer, high-grade serous carcinoma, and stomach cancer are examples of hard-to-treat wild-type RAS tumor cells that exhibit adaptive resistance that can be overcome by combining MEK inhibitors with SHP2 inhibitors (107, 194). Combining ERK inhibitors with BRAF inhibitors in several tumor types (195, 196) and BRAFV600E mutated colon cancer (109) exhibits a similar synergism, with SHP2 inhibition as promising additional partner. Furthermore, by delaying the reactivation of RTK-induced MEK/ERK and AKT signaling pathways, SHP099 can be added to sorafenib to avoid adaptive resistance to the drug while treating HCC (99). This was verified by a recent study by Drillon et al. (197), which shows that, in comparison to PF-07284892 (another allosteric SHP2 inhibitor) or each individual targeted treatment regimen, in vitro therapy combining PF-07284892 with oncogene matching targeted therapy can enhance the suppression of pERK levels in three human solid tumor cell lines. In mice xenografts of each cell line, oncogene-matched targeted treatment with PF-07284892 produced the greatest tumor reduction in comparison to any one component, which is consistent with pERK suppression.

More recently, the aforementioned findings have been extended to adaptive resistance mechanisms upon inhibition of the PI3K/AKT/mTOR axis. Combining PI3K and SHP2 inhibitors counteracts acquired and intrinsic breast cancer cell resistance to PI3K inhibition mediated by activated receptor tyrosine kinases (132). And in analogy, activation of multiple RTKs upon mTOR inhibition in HCC yields a highly synergistic effect of co-inhibition of both mTOR and SHP2 by triggering apoptosis (100).

With the renewed interest and tremendous effort put into development of RAS-inhibitors during recent years, these drugs, either mutant specific or as pan-RAS strategy are pushing into the clinic. To date, two KRASG12C inhibitors are FDA-approved and informed by analysis of (pre-)clinical samples and data very similar mechanisms of acquired resistance have already been revealed (198, 199). Based on the mechanisms of resistance described, it is expected that SHP2 inhibitors will have combinatorial value in the context of RAS-inhibition as well.

Lastly, it is realistic to assume and predict the development of resistance to SHP2-inhibition itself, whether monotherapy is used or combination strategies are employed. The reduced ability of the allosteric inhibitors to bind to the phosphatase in its activated open-conformation state is one of its current limitations. Thus, it is thought that, in FGFR-driven cancer for instance, fast FGFR feedback activation following initial suppression of the SHP2 inhibitor pathway promotes the open conformation of SHP2 and results in resistance to SHP2 inhibitors (200). Neel et al. recently presented findings from a CRISPR/Cas9 screen that identified common candidates that contribute to resistance against SHP2 inhibition. In short, functionally the most important drivers were again related to MEK and ERK activity, or RAS stability (201).

Although there is currently a lack of information on evasive mechanisms in response to combination therapy that includes SHP2-inhibition, it is reasonable to assume that epigenetic modifications or mutational processes will again drive reactivation, primarily of the RAS-RAF-MEK-ERK and PI3K-AKT pathways. As was previously noted for KRASG12C inhibition, an alternative possibility is that the increased inhibitory pressure will cause (some) tumor cells to become independent of these pathways paralleled by evolution of distinct proliferative and survival signals and possibly cellular dedifferentiation and metaplasia (199).





Discussion and conclusion

Over the past few decades, an in-depth understanding of the molecular structure, functional characteristics, and signaling regulation of SHP2 has been accumulated. Genetic abnormalities of SHP2, including mutations and aberrant expression, are closely associated with leukemia and solid tumors (65). SHP2 plays different roles in various tumors and different tumor microenvironments. Although great progress has been made in the study of SHP2-related mechanisms, the specific processes involved in these mechanisms and context-dependencies need to be further investigated.

SHP2 appears to be (differentially) expressed in various solid tumor tissues such as pancreatic cancer, liver cancer, lung cancer, colorectal cancer, gastric cancer, cervical cancer and breast cancer, and expression levels have been correlated to the occurrence, development and prognosis of tumors. The function of the SHP2 protein is different in distinct contexts. Knockout or inhibition of SHP2 significantly prevented cancer cell proliferation and exerted antitumor activity in NSCLC, PDAC, EGAC, CRC, HCC and others. However, especially in inflammation-driven tumors like some forms of HCC and CRC SHP2 may have intrinsic tumor suppressive effects, and consequently inhibition of the phosphatase would be detrimental in the treatment of these subtypes.

Carefully bearing these limitations in mind, a wide application of SHP2-inhibitors is to envision.

A variety of (allosteric) SHP2 inhibitors have been developed and are currently in investigation in early clinical trials (Table 1). Especially in combination approaches with chemotherapy, more importantly with other targeted therapies, and potentially with immunotherapeutic concepts, targeting SHP2 for solid tumor therapy holds promise for an array of tumor entities and indications. However, intrinsic resistance and resistance development will still be a limitation and for SHP2 proving itself as a real “bulls-eye” for targeted therapy of solid tumors patient and tumor stratification in precision medicine contexts will be necessary.

With warranted further research progress, targeting the tyrosine phosphatase SHP2 may establish itself and grow into a powerful dart in the quiver of combination options for the treatment of an array of solid tumors.
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Background

Glioma, an aggressive brain tumor, poses a challenge in understanding the mechanisms of treatment resistance, despite promising results from immunotherapy.





Methods

We identified genes associated with immunotherapy resistance through an analysis of The Cancer Genome Atlas (TCGA), Chinese Glioma Genome Atlas (CGGA), and Gene Expression Omnibus (GEO) databases. Subsequently, qRT-PCR and western blot analyses were conducted to measure the mRNA and protein levels of TBC1 Domain Family Member 1 (TBC1D1), respectively. Additionally, Gene Set Enrichment Analysis (GSEA) was employed to reveal relevant signaling pathways, and the expression of TBC1D1 in immune cells was analyzed using single-cell RNA sequencing (scRNA-seq) data from GEO database. Tumor Immune Dysfunction and Exclusion (TIDE) database was utilized to assess T-cell function, while Tumor Immunotherapy Gene Expression Resource (TIGER) database was employed to evaluate immunotherapy resistance in relation to TBC1D1. Furthermore, the predictive performance of molecules on prognosis was assessed using Kaplan-Meier plots, nomograms, and ROC curves.





Results

The levels of TBC1D1 were significantly elevated in tumor tissue from glioma patients. Furthermore, high TBC1D1 expression was observed in macrophages compared to other cells, which negatively impacted T cell function, impaired immunotherapy response, promoted treatment tolerance, and led to poor prognosis. Inhibition of TBC1D1 was found to potentially synergistically enhance the efficacy of immunotherapy and prolong the survival of cancer patients with gliomas.





Conclusion

Heightened expression of TBC1D1 may facilitate an immunosuppressive microenvironment and predict a poor prognosis. Blocking TBC1D1 could minimize immunotherapy resistance in cancer patients with gliomas.
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Introduction

Glioma, renowned for its aggressive and malignant nature, has been the subject of extensive medical research due to its grim prognosis and limited treatment options. The current conventional modalities, encompassing radiotherapy, chemotherapy, and surgery, have exhibited restricted efficacy in treating glioma, emphasizing the urgent requirement for innovative therapeutic approaches (1, 2). Immunotherapy has emerged as a rapidly advancing modality, demonstrating significant progress in treating human cancers (3, 4). However, despite its promising results, immunotherapy resistance remains a significant hurdle in glioma treatment. Biomolecules play a pivotal role in the interaction between tumor cells and the immune system, influencing the sensitivity of tumor cells to immune attack by modulating surface markers, cytokines, and metabolites (5–7). Therefore, a comprehensive understanding of the functions and interactions of these biomolecules is essential to investigate the mechanisms of immunotherapy resistance. Strategies targeting these molecules may prove effective in overcoming immunotherapy resistance in glioma treatment.

TBC1 Domain Family Member 1 (TBC1D1) is involved in regulating various cellular processes, such as the cell cycle, apoptosis, cell migration, and cell differentiation, serving as a GTPase-activating protein according to prior research (8). Additionally, TBC1D1 has been identified as an important regulator in some cancers (9). However, its specific role and mechanism in glioma remain unclear. Despite its significance in other cancer types, limited knowledge exists regarding the function of TBC1D1 in glioma, necessitating further investigation. A detailed exploration of the function and mechanism of TBC1D1 in glioma is crucial to gain fresh insights and develop strategies for treating the disease.

The primary objective of this study is to comprehensively investigate the function and mechanism of TBC1D1 related to glioma’s immunotherapy resistance. To achieve this goal, we will employ a combination of bulk and single-cell sequencing analysis to identify the specific function of TBC1D1 in glioma immunotherapy. Specifically, our analysis will focus on the expression levels of TBC1D1 in glioma and its relevance to tumor immunotherapy response. Additionally, we will examine the impact of TBC1D1 on tumor immune evasion and drug resistance to uncover its mechanism in glioma. Our aim is to thoroughly elucidate the involvement of TBC1D1 in glioma’s resistance to immunotherapy and provide substantial support for the development of more effective immunotherapeutic approaches.





Materials and methods




Cell culture

The human HA1800 and, 1321N1 cell lines were acquired from the European Collection of Cell Culture. They were cultured in Dulbecco’s Modified Eagle Medium (DMEM) supplemented with 10% fetal bovine serum (04-001-1Acs, BI) and 1% streptomycin and penicillin (15140122, Gbico), and maintained at 37°C in a humidified atmosphere composed of 95% air and 5% CO2, with medium changes every other day.





Real-time qPCR

RNA was extracted from the cells as described previously (10). The extracted RNA was then reverse-transcribed to cDNA using the RT Kit (HY-K0511A, MedChemExpress). Subsequently, the SuperReal PreMix Plus was used for PCR analysis and run in the Real-Time PCR System. We used Primer Premier 5.0 program to design the TBC1D1 primer. TBC1D1: Forward: 5’-CCTGCGCTACATCACACCC-3’ and reverse: 5’-CATGCGGTCTGGAACACTC-3’ and amplicon size was 175 bp. GAPDH: 5’-TGTGGGCATCAATGGATTTGG-3’ (forward) and 5’-ACACCATGTATTCCGGGTCAAT-3’ (reverse) and amplicon size was 116 bp (Sangon). The resulting data were normalized to GAPDH expression via the CFX Manager software (version 3.0), facilitating the evaluation of TBC1D1 mRNA expression levels.





Western blot

Protein extraction was performed using RIPA lysis buffer (p0013B, Beyotime), followed by separation through 12% SDS-PAGE electrophoresis and transfer onto PVDF membranes. Thereafter, the membranes underwent blocking with 5% nonfat milk, succeeded by treatment utilizing either the TBC1D1 antibody (22124-1-AP, Proteintech) or the β-actin antibody (66009-1-Ig, Proteintech), and subsequently, on the following day, exposure to an HRP-linked anti-rabbit IgG antibody (BL003A, Biosharp). The visualization of the protein bands was attained using ECL reagents (34577, Thermo Fisher), and Image J software was employed to calculate the optical densities to determine TBC1D1 protein expression levels.





Induction of different cell types

To acquire bone marrow cells, femurs were harvested from 8- to 10-week-old C57BL/6 mice (purchased from Ensiweier) and red blood cells were lysed using erythrocytes lysate (BL503A, Biosharp). Cell culture involved the use of complete DMEM medium (HyClone) with 20% L929 cell conditioned medium at 37°C and 5% CO2. The medium was refreshed on day 4 to obtain mature M0 macrophages by day 7, while M2 macrophages were induced by IL4 protein (1 ng/mL, HY-P70653, MedChemExpress), M1 macrophages by lipopolysaccharide stimulation, and MDSC differentiation was initiated by IL6 protein (5 ng/mL, HY-P7063, MedChemExpress). Single cell suspensions were obtained from spleens collected from wild-type C57BL/6 following erythrocyte lysis. T cell activation was achieved using anti-CD3 antibody (2.5 mg/mL, 145-2C11, BioLegend) and anti-CD28 antibody (3 mg/mL, 102102, BioLegend). Lastly, fibroblasts were isolated from tumors harvested from wild-type C57BL/6 mice, and the expression levels of TBC1D1 were confirmed in each of these cell types.





Data acquisition

To explore the potential association between TBC1D1 expression and overall survival (OS), we retrieved data from several databases: CGGA (http://www.cgga.org.cn), TCGA (https://www.cancer.gov/ccg/research/genome-sequencing/tcga), GTEx (https://www.genome.gov/Funded-Programs-Projects/Genotype-Tissue-Expression-Project), and GEO (https://www.ncbi.nlm.nih.gov/geo). These databases provided access to expression matrices of the TBC1D1 gene as well as clinical information across normal (N = 1152) and tumor (N = 523) tissues. Prior to analysis, we standardized the data using R (version 4.3.0). Subsequently, we utilized the limma package to identify genes with differential expression linked to TBC1D1 expression, applying a threshold of |log2 FC| ≥ 1 and an adjusted P-value (FDR) of < 0.05.





The human protein atlas

The Human Protein Atlas (HPA) database, established in Sweden in, 2003, endeavors to comprehensively map all human proteins within cells, tissues, and organs by employing a variety of omics technologies including antibody-based imaging, mass spectrometry-based proteomics, systems biology, and transcriptomics (11, 12). In this study, we leveraged the HPA database to validate the intracellular localization of the TBC1D1 protein, assess its mRNA expression in somatic cells, tissues, and immune cells, and compare its protein expression in normal and tumor tissues.





LASSO analysis

LASSO analysis was conducted as previously described (10). In this study, we utilized LASSO analysis to build a prognostic model and identify genes associated with prognosis.





Immune infiltration analysis

In this study, cancer patients were divided into two groups based on TBC1D1 expression. Subsequently, we employed CIBERSORT to assess the levels of immune cell infiltration in the tumor tissues.





Tumor immune single-cell hub

Tumor Immune Single-cell (TISCH) database is an available resource facilitates the exploration of the tumor microenvironment (TME) via single-cell RNA sequencing (scRNA-seq) data (13, 14). We analyzed the distribution and expression of TBC1D1 in diverse cell types within the glioma microenvironment using the TISCH.





GSEA analysis

We employed the GSEA computational method to assess the statistical significance of a preselected gene set (15–18). Following correlation analysis, we generated an initial list of gene categories. These categories were then segmented into various groups for each analysis, involving, 1000 permutations of gene sets to identify any disparities among them. The results of this analysis aided in identifying the critical genetic functions and signaling pathways linked to TBC1D1.





Protein-protein interaction analysis

STRING database is dedicated to predicting protein-protein interactions (PPI) and employs computational predictions, cross-organism knowledge transfer, and curated data from other databases to identify both direct and indirect associations (19, 20). In this study, we utilized the STRING database to investigate protein-protein interactions.





Tumor immune dysfunction and exclusion

Tumor immune dysfunction and exclusion (TIDE) tool is designed to predict transcriptomic biomarkers for immunotherapy response by analyzing the gene expression profile of a tumor before treatment (21–23). In this study, we used the TIDE to explore the association between TBC1D1 expression and T cell function in multiple human cancers, with a specific focus on glioma.





Statistics

We analyzed the RNA-sequencing data using R (version 4.3.0). To compare the outcomes between the experimental and control groups, we employed a two-tailed Student’s t-test and visualized data by using GraphPad Prism (version 8.4.0). Furthermore, for multiple comparisons, we performed a one-way ANOVA (P < 0.05 = “*”, P < 0.01 = “**”, P < 0.001 = “***”, P < 0.0001 = “****”, P > 0.05 = ns).






Results




TBC1D1 has been identified as a significant marker associated with prognosis and therapy resistance

Survival data analyses from CGGA and TCGA databases for glioma cancer patients revealed, 2309 and, 7398 differentially expressed genes, respectively. The intersection of these gene sets identified, 1770 genes linked to overall survival (OS) (Figure 1A). Among non-responders with drug therapy resistance, 4736 genes showed significant upregulation (Figure 1B). Further analysis of the upregulated genes for enrichment in signaling pathways using GSEA revealed a significant enrichment of the PI3K/AKT/mTOR pathway in the tumor tissue of non-responders (Figure 1C). The validation of core genes associated with patient prognosis and therapy resistance involved analyzing the common genes from three datasets: OS-related genes, up-regulated genes from non-responders, and those from the PI3K/AKT/mTOR signaling pathway. This analysis revealed fourteen core genes, which were further examined using LASSO regression, indicating that seven critical genes, including ITGA5, TBC1D1, GNG12, ITGA2, GNG5, LAMC1, and OSMR, were significant (Figures 1D–F). A random forest tree analysis confirmed the importance of ITGA5 and TBC1D1 as the most critical genes (Figure 1G). Interestingly, while ITGA5 showed no impact on patient survival, high expression of TBC1D1 was linked to an unfavorable prognosis (Figure 1H). Patients with high levels of TBC1D1 in their tumors exhibited poor therapy efficacy (Figure 1I). Overall, TBC1D1 emerged as a prognostic marker positively associated with therapy resistance.




Figure 1 | Integration of multiple datasets identifying markers correlated patient prognosis and immunotherapy resistance. (A) Venn diagram illustrating the related genes associated with overall survival from two separate datasets. (B) Volcano plot displays the differentially expressed genes in both responders and non-responders. (C) GSEA analysis demonstrating enriched signaling pathways. (D) Venn diagram illustrating the shared genes among three datasets. (E, F) Results of Lasso regression analysis for identifying prognosis-related genes. (G) Gene importance on the horizontal axis and the corresponding genes from (F) on the vertical axis. (H) Survival analysis for TBC1D1 and ITGA5 in cancer patients with glioma. (I) Effect of TBC1D1 on the therapy response of cancer patients with glioma.







TBC1D1 was highly expressed in the multiple tumor tissues

Transcriptome sequencing data from the TCGA and GTEx databases were analyzed to evaluate TBC1D1 expression levels. The findings indicated a notable upregulation of TBC1D1 expression in glioma tissues compared to normal tissues (Figure 2A). This pattern was consistent across various human tumors, including ACC, CHOL, DLBC, HNSC, KICH, LAML, LIHC, MESO, OV, PCPG, TGCT, UCS, and UVM (Supplementary Figure S1A). Paired sample analysis also confirmed elevated TBC1D1 expression in tumor tissues (Supplementary Figure S1B). A recent genomewide mutational analysis of gliomas uncovered somatic mutations in the isocitrate dehydrogenase 1 (IDH1) gene in a subset of these tumors. Similarly, glioma patients with high-TBC1D1 tumors exhibited a higher frequency of mutations in IDH1 (Figure 2B). Immunohistochemical analysis validated higher TBC1D1 expression levels in tumor tissues, and a substantial increase in TBC1D1 expression was observed in the glioma cell line, 1321N1 compared to the normal cell line HA1800 (Figures 2C–G). In addition, the study identified the concurrent expression of 10 genes alongside TBC1D1 in gliomas, implying their potential contribution to tumor development (Figure 2H).




Figure 2 | Expression of TBC1D1 in glioma and associated gene mutations. (A) Differential expression of TBC1D1 in normal and glioma tissues. (B) Waterfall plot showing the correlation between TBC1D1 and gene mutation frequency. (C) Expression levels of TBC1D1 in normal tissues from HPA database. (D) Expression levels of TBC1D1 in glioma tissues from HPA database. (E) Bands showing the expression of TBC1D1 protein in normal cells versus glioma cells. (F) Histogram visualization of protein expression differences. (G) Differential expression of TBC1D1 mRNA in normal versus glioma cells. (H) Interaction of TBC1D1 with core genes in glioma. P < 0.05 = “*”, P < 0.01 = “**”, P < 0.001 = “***”, P < 0.0001 = “****”, P >0.05 = ns.







TBC1D1 is associated with various clinicopathological variables of glioma

Logistic regression analysis was employed to investigate the relationship between TBC1D1 and various clinicopathological variables using a relevant clinical dataset. The findings revealed a notable elevation in TBC1D1 levels in glioma patients over 40 years old compared to those under 40 years old (Figure 3A). Additionally, a significant correlation between TBC1D1 expression and tumor grade was observed, with an increase in expression as the tumor grade advanced from 2 to 3 (Figure 3C). Remarkably, varying levels of TBC1D1 were observed in different histological types, with higher expression in astrocytomas compared to oligoastrocytomas or oligodendrogliomas (Figure 3D). In contrast, gender showed less significance as a clinical variable (Figure 3B). In conclusion, the results suggest a notable correlation between TBC1D1 expression and key clinical variables such as patient age, tumor grade, and histological type.




Figure 3 | The associations between TBC1D1 and clinicopathological variables. (A) Associations between TBC1D1 expression and age. (B) Associations between TBC1D1 expression and gender. (C) Associations between TBC1D1 expression and grade. (D) Associations between TBC1D1 expression and histological type.







Constructed nomogram on the basis of TBC1D1 predicts patient prognosis

The developed nomogram revealed a robust association between TBC1D1 and various clinical variables (Figure 4A). Specifically, the nomogram demonstrated exceptional predictive accuracy at three distinct time points, with C-indexes and AUC values of 0.817, 0.901, 0.897, and 0.803, respectively. Moreover, the calibration curves for 1-year, 3-year, and 5-year predictions displayed a high level of concordance between the predicted and actual outcomes (Figures 4B–D). These findings further validate the dependable performance of the TBC1D1-based nomogram in accurately predicting the prognosis of glioma patients.




Figure 4 | TBC1D1 based nomogram and relevant evaluation. (A) Nomogram according to eight clinicopathological factors, including TBC1D1, age, race, gender, grade, IDH1 status, histological type and laterality. (B) Calibration curve at 1 year. (C) Calibration curve at 3 years. (D) Calibration curve at 5 years.







TBC1D1 is found to participate in various signaling pathways

Our GSEA analysis revealed strong evidence of a significant correlation between elevated expression of TBC1D1 and pathways related to type I diabetes mellitus, complement and coagulation cascades, allograft rejection, autoimmune thyroid disease, and graft versus host disease signaling (Figure 5A). Additionally, gene ontology (GO) analysis highlighted TBC1D1’s primary associations with pattern specification processes in biological functions and the extracellular matrix containing collagen in cellular components. Notably, TBC1D1’s molecular function was significantly linked to DNA-binding transcriptional activator activity and specificity for RNA polymerase II (Figure 5B). These findings emphasize the critical role of TBC1D1 in regulating these essential signaling pathways and gene functions in tumor progression.




Figure 5 | GSEA and GO analysis based on TBC1D1 expression in glioma. (A) Significant enrichment to five vital signaling pathways. (B) The genic functions involved in TBC1D1 in glioma.







TBC1D1 exhibits increased expression in M2-like macrophages located within the glioma TME

In our investigation of the relationship between TBC1D1 and the TME, scRNA-seq data from glioma obtained from the GEO database were analyzed. The results revealed high expression of TBC1D1 in immune cells, particularly in macrophage populations (Figures 6A–C). Subsequent analysis of macrophage subpopulations showed predominant expression of TBC1D1 in the M2 subpopulation (Supplementary Figures S2A–I). Expanding our inquiry, we induced the differentiation of bone marrow-derived monocytes into different subtypes of macrophages and examined the protein and mRNA levels of TBC1D1 in cancer-associated fibroblasts and splenic T cells. Our findings indicated that TBC1D1 was expressed in M2-like macrophages, akin to tumor cells (Figures 6D–F). Stratifying glioma patients into two groups based on their TBC1D1 levels, it was observed that patients with elevated TBC1D1 levels exhibited high macrophage infiltration within the TME, while a noticeable negative correlation was observed between TBC1D1 and T cell infiltration levels (Figures 6G, H). Importantly, this trend was also observed in other types of gliomas, including glioblastoma multiforme and brain low-grade glioma (Supplementary Figures S3A, B). Additionally, TBC1D1 displayed a positive correlation with immunosuppressive macrophage markers such as CD163 and ARG1 (Figures 6I, J), suggesting that TBC1D1-positive macrophages could function as an immunosuppressive cell population, facilitating the establishment of an immunosuppressive TME and promoting tumor immune escape, ultimately accelerating tumorigenesis and progression.




Figure 6 | TBC1D1 expression in immune cells. (A) UMAP demonstrates the major immune cell populations in the TME of glioma (GSE141982). (B) UMAP demonstrates the distribution of TBC1D1 expression in various immune cell populations. (C) Violin diagram demonstrating the differential expression of TBC1D1 in different immune cell populations. (D) Protein expression of TBC1D1 in tumor cells and various immune cells. (E) Comparison of protein expression of TBC1D1 in tumor cells and various immune cells. (F) Differential mRNA expression of TBC1D1 in tumor cells and various immune cells. (G) Correlation analysis of TBC1D1 with immune cell infiltration. (H) Correlation of TBC1D1 with macrophages, T-cell enrichment fraction. (I) Correlation between TBC1D1 and CD163 expression. (J) Correlation between TBC1D1 and ARG1 expression. P < 0.05 = “*”, P < 0.01 = “**”, P < 0.001 = “***”, P >0.05 = ns.







TBC1D1 reduces the effectiveness of immunotherapy and shows great accuracy in predicting patient prognosis

An analysis of treatment outcomes in glioma patients from the TCGA database revealed a strong association between high TBC1D1 expression and non-responsive patients (Figure 7A). We further investigated the impact of TBC1D1 on treatment tolerance, focusing on its effect on the function of cytotoxic T lymphocytes (CTL), which play a crucial role in eliminating tumor cells. Our findings clearly indicated that high TBC1D1 expression impairs favorable prognosis in the context of high CTL function in tumor tissues, leading to poor survival outcomes among glioma patients. Conversely, low TBC1D1 expression was positively correlated with enhanced CTL function and improved patient survival (Figure 7B). This trend was observed in breast, colon, endometrial, melanoma, myeloma, and ovarian cancers (Supplementary Figures S4A–F). Our mechanistic study revealed that TBC1D1-mediated inhibition of CTL function could be attributed to the upregulation of various immune checkpoint molecules, including ARG1, CD68, PDCD1, CD274, TGFB1, and CTLA4, collectively impeding the anti-tumor immune response (Figure 7C). In animal models receiving immunotherapy in the TISMO database, high TBC1D1 expression significantly hindered the effectiveness of immune checkpoint blockade (ICB) treatment, resulting in an increase in non-responders (Supplementary Figure S5A). Analysis of the TIGER database of patients receiving anti-PD-1 immunotherapy for melanoma revealed that TBC1D1 impedes the effectiveness of the treatment, leading to suboptimal patient survival rates (Supplementary Figure S5B). Additionally, patients with high TBC1D1 expression exhibited increased infiltration of M2 tumor-associated macrophages (TAMs), showing significant elevation in markers including CD68 and ARG1 (Figure 7C). The M2 TAMs signature is a significant risk factor in patients with melanoma treated with immunotherapy (Supplementary Figure S6A), and patients with tumors exhibiting high M2 TAMs signature expression had a poor survival probability (Supplementary Figure S6B). Therefore, we posited that TBC1D1-positive macrophages could inhibit the effectiveness of immunotherapy in glioma patients, leading to immunotherapy tolerance and poor prognosis. Furthermore, we demonstrated the prognostic value of TBC1D1 using Kaplan-Meier curves (Figure 7D) and ROC curves and AUC values at different time points (Figures 7E, F). Overall, the study results indicated that macrophages with elevated TBC1D1 levels may play a crucial role in immunotherapy resistance and can act as a compelling biomarker when predicting the chances of survival for patients with gliomas.




Figure 7 | Effect of TBC1D1 on treatment outcome and prognosis in glioma patients. (A) Volcano plot demonstrating differentially expressed genes in glioma treatment responders versus non-responders. (B) TBC1D1 affects survival of glioma patients by regulating CTL function. (C) Expression of immunosuppression-related genes, including ARG1, CD68, PDCD1, CD274, TGFB1, CTLA4, in tumors of patients with high- and low-TBC1D1 expression. (D) Effect of TBC1D1 on survival of glioma patients. (E) ROC curves to evaluate the predictive ability of TBC1D1 on survival time of patients. (F) AUC curves to evaluate the efficacy of TBC1D1 in predicting patient survival. P < 0.05 = “*”, P < 0.01 = “**”, P < 0.001 = “***”, P < 0.0001 = “****”, P > 0.05 = ns.








Discussion

In recent years, rapid advancements in bioinformatics have greatly enhanced disease diagnosis and prognosis (24, 25). In this study, bioinformatics analysis was employed to identify TBC1D1 as a potential biomarker for the prognosis and immunotherapy of cancer patients with gliomas. The TBC1D1 (Tre-2/Bub2/Cdc16 Structural Domain Family Member 1) gene encodes a protein that plays a crucial role in regulating several intracellular vesicle trafficking and membrane trafficking pathways, including endocytosis, autophagy, and insulin signaling (26, 27). Additionally, the TBC1D1 protein is involved in regulating glucose uptake and maintaining glucose homeostasis in muscle cells (28, 29). Despite its association with the progression and development of certain cancers, the precise biological functions and role of TBC1D1 in disease pathogenesis remain incompletely understood, underscoring the necessity for further research to identify it as a potential therapeutic target. In the context of glioma, despite its expression in numerous human cancers, previous research has paid little attention to the role of TBC1D1. To address this gap, we analyzed transcriptome data from various databases such as TCGA, GTEx, and GEO to explore the potential impact of TBC1D1 in glioma.

The poor prognosis and tumor recurrence in cancer patients are regulated by various factors, including changes in the migration ability of tumor cells (30). Therefore, it is crucial to identify these potential regulatory factors. In this study, the TBC1D1 gene exhibits elevated expression levels in tumor tissues and cells, particularly in glioma. Furthermore, this expression is significantly and positively associated with IDH1 gene mutations, which have been linked to a more unfavorable prognosis in glioma patients. Our hypothesis suggests that TBC1D1 may enhance the frequency of IDH1 mutations, ultimately influencing patient prognosis. Additionally, TBC1D1’s impact on glioma likely involves a complex interplay of multiple clinically relevant factors. Moreover, the construction of a survival probability prediction nomogram utilizing TBC1D1 expression at different time points demonstrated its efficacy as a reliable prognostic indicator.

Through GSEA and GO analysis, we gained valuable insights into the underlying mechanisms of TBC1D1. Our analysis revealed a notable enrichment of five critical signaling pathways and three gene functions in the high TBC1D1 expression group, highlighting their significance in mediating the effects of TBC1D1. This observation further supports the hypothesis that TBC1D1’s involvement in tumor progression encompasses the regulation of multiple signaling pathways, including those related to autoimmune thyroid disease. The immune system plays a crucial role in cancer development (31). To advance our comprehension of the impact of TBC1D1 on the TME, we conducted transcriptome sequencing analysis on single cells obtained from glioma patients in the GEO database. Our findings revealed notably higher expression of TBC1D1 in macrophages, contrasting with lower expression in other immune cell populations. The result was subsequently validated through experiments. Furthermore, TBC1D1 exhibited a positive correlation with macrophage infiltration and markers, while displaying a negative correlation with CD8+ T cells, an immune cell type renowned for its anti-tumor properties. Tumor-associated macrophages are pivotal contributors to the development of immunosuppressive microenvironments, capable of modulating the immune response to tumors. In contrast, CD8+ T cells play a crucial role in promoting tumor immunity by displaying potent anti-tumor activity (32–34). Therefore, based on these findings, we hypothesize that high-TBC1D1 macrophages within the TME may promote an immunosuppressive state, impairing CD8+ T cell function and enabling tumor immune escape, ultimately propelling tumor progression.

Our research also revealed that heightened TBC1D1 expression is closely linked to treatment resistance, compromising the effectiveness of immunotherapy and resulting in poor prognosis for glioma patients. Additionally, elevated TBC1D1 expression upregulates immune checkpoint molecules within tumor tissue, further contributing to immunotherapy resistance.





Conclusion

Our research has revealed a significant positive correlation between TBC1D1 and IDH1 mutations in glioma patients, emphasizing the crucial involvement of TBC1D1 in modulating these mutations. Additionally, the presence of high-TBC1D1 macrophages contributes to the creation of an immunosuppressive TME, ultimately impacting the effectiveness of antitumor immunotherapy and resulting in treatment resistance. We hypothesize that by targeting TBC1D1 in combination with ICB, the efficacy of antitumor immunotherapy can be enhanced, potentially inhibiting tumor progression and improving patient survival.
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Supplementary Figure 1 | The expression of TBC1D1 varies in human tumors. (A) In unpaired samples, the expression of TBC1D1 between normal and tumor tissues. (B) In paired samples, the expression of TBC1D1 between normal and tumor tissues. P < 0.05 = “*”, P < 0.01 = “**”, P < 0.001 = “***”, P > 0.05 = ns.

Supplementary Figure 2 | The distribution and expression of TBC1D1 in glioma TME. (A) Cell populations in malignant tumor cell types. (B, C) Expression of TBC1D1 in different cell populations. (D) Cell populations in the main lineage cell types. (E, F) Expression of TBC1D1 in different cell populations. (G) Cell populations in minor lineage cell types. (H, I) Expression of TBC1D1 in different cell populations.

Supplementary Figure 3 | The association between TBC1D1 and immune cell infiltration in patients with different types of gliomas. (A) Correlation between TBC1D1 and immune cell infiltration in low-grade gliomas of the brain. (B) Correlation between TBC1D1 and immune cell infiltration in glioblastoma multiforme. P < 0.05 = “*”, P < 0.01 = “**”, P < 0.001 = “***”, P > 0.05 = ns.

Supplementary Figure 4 | Survival analysis of cancer patients. (A–F) The survival of cancer patients with high- and low-CTL infiltration levels in high- or low-TBC1D1 human tumors, including breast cancer (A), colorectal cancer (B), endometrial cancer (C), melanoma (D), myeloma (E), and ovarian cancer (F).

Supplementary Figure 5 | Effect of the TBC1D1 on efficacy of ICB treatment. (A) Effect of TBC1D1 on the efficacy of immunotherapy in mice model. (B) Effect of TBC1D1 on the survival of melanoma patients undergoing anti-PD-1 immunotherapy.

Supplementary Figure 6 | Effect of TBC1D1 on the effectiveness of M2 TAM-mediated immunotherapy. (A) Analysis of melanoma patients undergoing anti-PD-1 immunotherapy with TBC1D1-regulated M2 signature as a significant risk factor. (B) Effect of the TBC1D1-mediated M2 signature on patient survival.
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Background

Clear cell renal cell carcinomas (ccRCCs) epitomize the most formidable clinical subtype among renal neoplasms. While the impact of tumor-associated fibroblasts on ccRCC progression is duly acknowledged, a paucity of literature exists elucidating the intricate mechanisms and signaling pathways operative at the individual cellular level.





Methods

Employing single-cell transcriptomic analysis, we meticulously curated UMAP profiles spanning substantial ccRCC populations, delving into the composition and intrinsic signaling pathways of these cohorts. Additionally, Myofibroblasts were fastidiously categorized into discrete subpopulations, with a thorough elucidation of the temporal trajectory relationships between these subpopulations. We further probed the cellular interaction pathways connecting pivotal subpopulations with tumors. Our endeavor also encompassed the identification of prognostic genes associated with these subpopulations through Bulk RNA-seq, subsequently validated through empirical experimentation.





Results

A notable escalation in the nFeature and nCount of Myofibroblasts and EPCs within ccRCCs was observed, notably enriched in oxidation-related pathways. This phenomenon is postulated to be closely associated with the heightened metabolic activities of Myofibroblasts and EPCs. The Myofibroblasts subpopulation, denoted as C3 HMGA1+ Myofibroblasts, emerges as a pivotal subset, displaying low differentiation and positioning itself at the terminal point of the temporal trajectory. Intriguingly, these cells exhibit a high degree of interaction with tumor cells through the MPZ signaling pathway network, suggesting that Myofibroblasts may facilitate tumor progression via this pathway. Prognostic genes associated with C3 were identified, among which TUBB3 is implicated in potential resistance to tumor recurrence. Finally, experimental validation revealed that the knockout of the key gene within the MPZ pathway, MPZL1, can inhibit tumor activity, proliferation, invasion, and migration capabilities.





Conclusion

This investigation delves into the intricate mechanisms and interaction pathways between Myofibroblasts and ccRCCs at the single-cell level. We propose that targeting MPZL1 and the oxidative phosphorylation pathway could serve as potential key targets for treating the progression and recurrence of ccRCC. This discovery paves the way for new directions in the treatment and prognosis diagnosis of ccRCC in the future.





Keywords: HMGA1+ myofibroblasts, ccRCCs, ScRNA-seq, bulk RNA-seq, experiment validation





Introduction

Renal neoplasia stands as one of the most prevalent genitourinary malignancies globally (1). According to data disseminated by the World Health Organization, the annual mortality toll attributed to renal cancer reaches a staggering 140,000-170,000 patients (2, 3). Among these cases, clear cell renal cell carcinomas (ccRCCs) emerge as the predominant histological subtype, contributing to approximately 80% of renal cancers and representing the clinical variant with the highest mortality rates (3–5). Presently, localized instances of ccRCCs are conventionally addressed through surgical resection (6, 7). However, due to the latent nature of symptoms during the early stages and the proclivity for tumor metastasis by the time of detection, reliance solely on surgical intervention becomes less efficacious (8). Distinguishing ccRCCs from other genitourinary tumors lies in their refractoriness to chemotherapy and radiotherapy (9). The prevailing use of chemotherapy and cytokine therapy involving interferon-alpha (INFα) and IL-2 not only presents challenges in ensuring efficacy but also manifests susceptibility to drug resistance and adverse effects (10). Furthermore, the overall survival rate for advanced ccRCCs languishes below 30% (11, 12). Consequently, an imperative exists to investigate the fundamental mechanisms and signaling pathways governing the progression and recurrence of ccRCCs, identify novel therapeutic targets, and formulate innovative prognostic models.

Cancer-associated fibroblasts (CAFs) are activated fibroblasts found within or in the vicinity of cancerous tissues, closely associated with cancer progression. Currently, it is speculated that they primarily originate from resident fibroblasts and can modulate certain cellular mechanisms of tumors, including functions related to tumor proliferation, invasion, and metastasis, leading to adverse prognoses in affected patients (13–17). Existing research has revealed that fibroblasts can promote the tumor drug resistance of ccRCCs through the TDO/Kyn/AhR signaling pathway (18), and they are positively correlated with tumor initiation and adverse prognosis (19). There have been documented interactions between fibroblasts and tumors, enabling them to regulate tumor cell metabolism and modulate associated immune functions, making them conducive to tumor growth (20, 21). Additionally, numerous studies have found that tumor-associated fibroblasts can participate in regulating the stemness and epithelial-mesenchymal transition of tumor cells, thereby promoting tumor progression (22–24). However, there is relatively limited literature available on the interaction between fibroblasts and ccRCCs tumor cells at the single-cell level. This study delves into elucidating the functional roles and underlying mechanisms of Myofibroblasts and EPCs in ccRCCs at the single-cell level. Through meticulous subpopulation stratification of Myofibroblasts and EPCs, we explore intricate cell-cell interactions, specifically focusing on those occurring between the crucial subpopulation C3 and tumor cells within EPCs. Simultaneously, we construct prognostic models linked to these interactions, subsequently subjecting them to rigorous experimental validation. Based on these research findings, we hypothesize a strong correlation between the progression of ccRCCs and the interplay pathways of oxidative phosphorylation and Myofibroblasts, with the pathway gene MPZL1 playing a pivotal role. These studies contribute to a deeper understanding of ccRCCs’ proliferation and recurrence at the single-cell level, aiming to provide insights for the design of better therapeutic targets and prognostic models for ccRCCs treatment.





Methods




Data processing and download

We acquired the neoplastic specimens and adjacent tissues from six patients diagnosed with Clear Cell Renal Cell Carcinomas (ccRCCs) through the European Nucleotide Archive (ENA) database (https://www.ebi.ac.uk/ena/browser/home). The Project number is PRJNA705464. Single-cell samples were extracted. Gene expression quantification using RNA-Seq (HTSeqFPKM) and clinical sample data for ccRCCs were retrieved from The Cancer Genome Atlas (TCGA) website (https://portal.gdc.cancer.gov) and subsequently processed and normalized utilizing R software (R 4.3.0).





Quality control

The R package DoubletFinder was employed for the filtration and removal of low-quality cellular data, including instances of doublet cells and multi-cellularity in the samples (25, 26). The filtering criteria encompassed the following parameters: 1) Total cellular gene transcripts (nCount) ranging from 500 to 80,000; 2) Total cellular gene counts (nFeature) between 200 and 6,000; 3) The proportion of mitochondrial genes less than 25%; 4) The proportion of erythrocyte gene counts below 5%, with a count proportion also below 5%.





Clustering and annotation

We utilized the NormalizeData function within the R package Seurat to standardize the curated single-cell data (27). Subsequently, we computed the variance and standard deviation for each gene through the FindVariableFeatures function, selecting the top 2000 genes as highly variable based on the genes’ average expression and the extent of their dispersion (28, 29). All genes underwent centering via the ScaleData function, and the cyclical effects of distinct cells were assessed using the CellCycleFeatures function. The RunPCA function facilitated dimensionality reduction based on the expression of the top 2000 high-margin genes, followed by the mitigation of batch effects from the samples using the RunHarmony function from the R package harmony.

For clustering the data after dimensionality reduction, the FindNeighbors and FindClusters functions from the Seurat package were employed. Integration and annotation of distinct cell clusters post-clustering were conducted with reference to the CellMarker database (http://bio-bigdata.hrbmu.edu.cn/CellMarker/) and the SingleR function. Subsequent corrections were applied through a meticulous review of pertinent literature. Sample source analysis for diverse large cell clusters was executed, and the identification and annotation of differentially expressed MARKER genes among these clusters were performed using the FindAllMarkers function (30, 31).





Analysis of cell sources and enrichment of large populations

We scrutinized the cellular origins and relative sizes of the principal clusters within ccRCCs. A comparative analysis was conducted on the total number of transcribed genes and the transcriptional profile across different major clusters, visually represented through column line graphs and UMAP (32, 33). Furthermore, we identified differential genes (DEGs) among the cells of these major clusters, necessitating DEGs to be detected in a minimum of 25% of the cells, with a false discovery rate (FDR) below 0.05, | logFCfilter | exceeding 1. The DEGs identified in the major clusters underwent Gene Ontology (GO) enrichment analysis.

Additionally, we independently computed DEGs between the two cellular macropopulations of Myofibroblasts and Epithelial Cells (EPCs) and other macropopulations. This analysis was carried out using the Kyoto Encyclopedia of Genes and Genomes (KEGG) database (c2.cp.kegg.v7.5.1.symbols.gmt). The marker genes retrieved from the database underwent filtration and analysis for Gene Set Enrichment Analysis (GSEA), with statistical significance set at FDR < 0.05.





Analysis of cellular metabolism in large populations

We computed the expression levels of stemness genes across various major clusters within ccRCCs. Additionally, we evaluated cellular metabolic pathways within the major clusters of ccRCCs and distinct cellular sources using the R package scMetabolism. The outcomes were presented in the form of heatmaps, showcasing the top 20 pathways. Further exploration involved the selection of the top three pathways with the highest scores, visualizing their expression across major populations through UMAP. A comparative analysis was performed on the top three metabolic pathways within major populations and diverse sources of ccRCCs, illustrated in the form of violin plots.





Myofibroblasts subgroup correlation analysis

We employed the FindNeighbors function and FindClusters within the Seurat package to reclustering the downscaled Myofibroblasts cell clusters. Subsequently, we identified marker genes for each subgroup based on the percentage of expression and the frequency of expression, and conducted chromosome copy variation analysis (inferCNV) in different subpopulations of Myofibroblasts. We delved into the tissue origin and cellular staging of cells within each subpopulation, visualizing the findings through UMAP. Furthermore, we conducted a comparative analysis of the tissue origin and cellular staging ratios among different subpopulations. Staging scores, including G2M.Score and S.Score, were computed and compared across subpopulations. Additionally, we explored and compared the nFeature and nCount of genes within each subgroup. Disparities in G2M.Score, S.Score, nFeature, and nCount were calculated and compared across various subpopulations.





Trajectory and correlation analysis of myofibroblasts subgroups

To investigate the differentiation and evolutionary processes among cells within each subpopulation of Myofibroblasts, we conducted a proposed time-series analysis. Initially, we predicted the relative differentiation status of each cell subpopulation using the R package Cytotrace, assigning scores within the interval of 0-1, where higher scores indicate heightened cell stemness. Subsequently, the developmental time of each cell subpopulation was calculated and organized by the R package monocle, unveiling the temporal transcriptional dynamics of marker genes within each cell subpopulation.

Following chronological ordering, cells were categorized into three periods, and the sequential changes of subpopulation cells, along with cells originating from different sources within the subpopulation, were computed for each period. Ultimately, leveraging slingshot, cell clustering clusters, and spatial dimensionality reduction information, we executed cell differentiation genealogy construction and pseudo-temporal extrapolation. This approach validated the temporal order of different subpopulations at an elevated level and calculated the proportionality between cell staging and diverse subpopulations according to slingshot.

We further computed and compared the stemness genes of cells within each subpopulation, visualizing the results. Through an amalgamation of tissue origin and cell staging information of subpopulation cells, coupled with the analysis of subpopulation cell stemness and associated genes, we identified the C3 subpopulation as a potential key subpopulation. Subsequently, using the pyscenic algorithm, we calculated the top 5 transcription factors for each subpopulation, delving into the overall distribution and regulatory regions of the pivotal C3 subpopulation.





Subpopulation cell interaction analysis

To elucidate the cell-cell interactions among subpopulations and larger populations, and to delve further into the interaction dynamics between the pivotal C3 subpopulation of Myofibroblasts and tumor cells, we conducted Copy Number Variation (CNV) analysis on EPCs cells, distinguishing tumor cells within EPCs based on the count of copy variants. Subsequently, utilizing the R package cellchat, we analyzed the overall count of cell-cell interactions and their respective strengths. These interactions were further categorized into those involving tumor cells and those with other cell types. Based on the interaction results, we scrutinized the crucial interaction pathway MPZ between C3 and tumor subpopulations.





Clinical correlation and independent prognosis analysis of C3 subpopulations

The R software was employed to determine the intersection of the identified marker genes within the C3 subgroup with both ccRCC tumor tissues and normal tissues. Samples from ccRCCs with incomplete clinical data were excluded. Subsequently, the intersected genes were merged with the standardized clinical data of ccRCCs. Univariate COX risk regression analysis was conducted using the coxph function within the R package survival. This analysis was validated through the application of the Least Absolute Shrinkage and Selection Operator (LASSO)-penalized Cox regression (34–36). Finally, multivariate COX risk regression analysis was performed to identify prognostic differential genes.

The risk score for each sample was calculated (risk score = Xλ, where X represents the relative expression level of prognostic genes and coefλ is the coefficient) (37, 38). Samples were categorized into high and low-risk groups based on their risk scores. Coefficient values of prognostic genes were computed, and the distribution of these genes in the high and low-risk groups was visualized through a heatmap. Kaplan-Meier curves illustrated the survival at different time points in the high- and low-risk groups (39, 40), while the specificity and sensitivity of prognostic genes were further validated using time-dependent receiver operating characteristic (ROC) curves (41, 42).

Additionally, the correlation between specific prognostic genes and risk scores was calculated and demonstrated. To construct the prognostic model, information on race, gender, age, and tumor stage in the samples was incorporated. A nomogram was created using the R package rms, combining the risk scores to predict the prognosis of ccRCC patients (43). This model was finally validated through ROC curves and decision curve analysis (DCA).





Immune correlation analysis and enrichment analysis

We computed and authenticated immune infiltration in the high and low-risk groups utilizing the xCell and CIBERSORT deconvolution algorithms to compare and validate immune infiltration, respectively. The correlation of immune cells with the risk score and prognostic genes was explored. TIDE scores were calculated for high and low-risk groups, and the correlation of prognostic genes and risk scores with immune checkpoint genes was investigated. Tumor immune microenvironment-specific scores of the high and low-risk groups were also calculated and compared.

To delve into the correlation mechanism of the high and low-risk groups, we further filtered the differential genes using the R package limma, employing filtering conditions of |log FC| > 1 and a threshold value of FDR (BH) corrected P.adj <0.05. GO and KEGG enrichment analyses were conducted using the R package clusterProfiler, encompassing biological processes, cellular components, and molecular functions in GO enrichment analyses (44, 45).





Cell culture

The 786-O and CAKI-1 cell lines were procured from the American Type Culture Collection (ATCC). Both cell lines underwent cultivation in F12K medium supplemented with 10% fetal bovine serum (Gibco BRL, USA) and 1% streptomycin/penicillin. PRMI1640 medium (Gibco BRL, USA) was utilized for the CAKI-1 cell line. Standard conditions of incubation were maintained at 37°C, 5% CO2, and 95% humidity.





Cell transfection

MPZL1 knockdown was achieved through the utilization of small interfering RNA (siRNA) constructs obtained from GenePharma, Suzhou, China. The transfection protocol closely adhered to the steps outlined for Lipofectamine 3000RNAiMAX (Invitrogen, USA). Cells were seeded in 6-well plates at 50% confluence and subsequently transfected with negative control (si-NC) and knockdown (Si-MPZL1-1 and Si-MPZL1-2). Each transfection process was carried out utilizing Lipofectamine 3000RNAiMAX (Invitrogen, USA).





Cell viability assay

Cell viability of 786-O and CAKI-1 cells post-transfection was assessed using the CCK-8 assay. Cell suspensions were seeded at a density of 5*103 cells per well in 96-well plates and cultured for 24 hours. Subsequently, 10 μL of CCK-8 reagent (A311-01, Vazyme) was added to each well and incubated in the dark at 37°C for 2 hours. Cell viability was determined by measuring absorbance at 450 nm using an enzyme marker (A33978, Thermo) on days 1, 2, 3, and 4. The mean OD values were computed and presented on a line graph.





5-Ethyl-2 ' -deoxyuridine proliferation assay

Transfected 786-O and CAKI-1 cells were seeded in 6-well plates at a density of 5 × 103 cells per well and allowed to incubate overnight. A 2x EdU working solution was prepared by incorporating a 10 mM EdU solution in serum-free medium, which was subsequently added to the cell culture and incubated at 37°C for 2 hours. Following incubation, the medium was aspirated, and cells were washed with PBS before fixation with 4% paraformaldehyde for 30 minutes. Subsequent treatment involved exposure to glycine (2 mg/ml) and 0.5% Triton X-100 for 15 minutes. Cells were then incubated with 1 ml 1X Apollo and 1 ml 1X Hoechst 33342 for 30 minutes at room temperature. Cell proliferation was quantified through fluorescence microscopy.





Wound healing

The transfected cells were seeded in 6-well plates and cultured until reaching a cell density of 95%. A sterile 200 μL pipette tip was initially employed to create a straight-line scratch across the cell layer in the culture wells, followed by gentle rinsing with PBS. Subsequently, the medium was replaced to facilitate ongoing cell culture. Photographs of the scratch were captured at the identical location at 0 hours and 48 hours, and the width of the scratch was measured.





Transwell experiment

Cells underwent serum deprivation in medium lacking serum for a duration of 24 hours preceding the experiment. Following treatment involving the addition of matrix gel (BD Biosciences, USA), the cell suspension was introduced into the upper chamber, which contained Costar, while serum medium was introduced into the lower chamber. Subsequent to a 48-hour incubation period in the incubator, cells were fixed using 4% paraformaldehyde and stained with crystal violet to assess their invasive capability.






Results




ccRCCs large population cell categorization

We acquired the single-cell data of ccRCCs from the ENA database (PRJNA705464), encompassing Tumor, Normal, LymphNode, and Peripheral Blood (PBMC) samples. Utilizing the R package DoubletFinder, we eliminated duplicated cells and subsequently filtered out subpar cells in the samples (Supplementary Figure 1A). Cell staging tests revealed a concentrated distribution in the PCA plot, indicating minimal impact on the study results (Supplementary Figure 1B). Selecting the top 2000 highly variable genes based on expression and dispersion (Supplementary Figure 1C), we downscaled them using RunPCA and retained the top 30 dimensions for subsequent analysis (Supplementary Figures 1D, E). Exploration of the top 10 highly variable genes for each of the first 9 dimensions was visualized (Supplementary Figure 1F). We categorized ccRCCs into 37 clusters (Figure 1A) and annotated them using the R package singleR and CellMarker databases. After further correction based on relevant literature, we categorized them into 8 major cell clusters (Figure 1B), namely T_NK(81753), Myeloid_cells(34761), ECs(7652), Myofibroblasts(7959), Pericytes(3725), and B_Plasma(3781).




Figure 1 | Classification of ccRCCs cells into large clusters. (A) 6 patients with ccRCCs ccRCCs tumor and surrounding tissues were classified into 38 clusters after single cell clustering; (B) According to different MARKER genes, the ovaries were annotated into T_NK, Myeloid_cells, ECs, Myofibroblasts, Pericytes, B_Plasma, EPCs, MCs respectively, a total of 8 (C) Distribution of each sample source. (D) Each population of cells exhibits the top five marker genes in ccRCCs.



During the study, Myofibroblasts, Epithelial Cells (EPCs)(4265), and MCs(1173) emerged as crucial cell groups in the tumor. Reviewing literature on the annotated cell populations, we identified EPCs as pivotal cells in the tumor, with a close association with Myofibroblasts. Disparities in sample distribution among different cells were observed, possibly linked to the individual source of the samples and the location from which tumor tissues were selected (Figure 1C). Examination of the top 5 MARKER genes in each subpopulation (Figure 1D) revealed that MARKER genes of EPCs also exhibited some expression in LymphNode cells.





Analysis of cell origin and gene transcription correlation in large populations

We investigated the spatial distribution of the cell population in ccRCCs (Figures 2A–C) and noted a relatively high proportion of tumor cells within Myofibroblasts. In contrast, EPCs displayed a mixed composition, including a significant presence of normal tissue cells. Acknowledging the necessity to extract tumor cells from EPCs in subsequent analyses, we proceeded accordingly. Examination of nCount and nFeature (Figures 2D–G) revealed higher total transcript numbers and gene quantities in EPCs and Myofibroblasts cells, indicating elevated cellular activities and functions in these two locations.




Figure 2 | Source site and transcriptional analysis of the major clusters of cells. (A–C) ccRCCs major clusters of cells source site and distribution plot; (D, E) ccRCCs major clusters of cells nFeature and nCount UNMP distribution plot; (F, G) ccRCCs major clusters of cells nFeature and nCount expression level box line plot.







Enrichment function analysis

To explore the functional attributes of the cell populations in the large cohort of ccRCCs, we scrutinized the differential genes between these cells and others (Figures 3A–H). Subsequently, we conducted GO enrichment function analysis based on the identified differential genes (Figure 3I). Notably, both EPCs and Myofibroblasts exhibited enrichment in oxidative respiration, with pathways such as Aerobic respiration and Oxidative phosphorylation significantly enriched in EPCs, while ATP metabolic process and Purine ribonucleoside triphosphate metabolic process were notably enriched in Myofibroblasts.




Figure 3 | Enrichment analysis of major clusters of cells. (A–H) Differential gene distribution plot of ccRCCs major population cells versus other cells, in which the top 5 selected genes from each of the high and low expression genes are shown; (I) GO enrichment analysis plot of ccRCCs major population cells; (J–O) GSEA enrichment analysis plot of Myofibroblasts, with 5 pathways selected from each of the low expression group and the high expression group. (P–U) GSEA of EPCs Enrichment analysis plot with 5 pathways selected from each of the low expression group vs. high expression group.



To delve deeper, we performed GSEA enrichment analysis for EPCs and Myofibroblasts. In Myofibroblasts (Figures 3J–O), the low-expression group showed significant enrichment in pathways related to immune response-activating signal transduction, immune response-activating cell surface receptor signaling pathway, and leukocyte-mediated immunity. Conversely, the high-expression group exhibited enrichment in pathways like Glycolytic process, Nucleotide phosphorylation, and ATP generation from ADP. In EPCs (Figures 3P–U), the low expression group displayed enrichment in pathways related to the regulation of immune response, immune response-activating cell surface receptor signaling pathway, and regulation of leukocyte activation. In contrast, the high expression group showed enrichment in pathways associated with cellular respiration, aerobic respiration, and oxidative phosphorylation.

These findings suggest that Myofibroblasts and EPCs share similar GSEA-enriched pathways, hinting at a potential connection between the high- and low-expression groups. We posit that the oxidative response of Myofibroblasts may drive the suppression of immune function.





Cell stemness and metabolic analysis

We conducted an analysis of cell stemness genes in the large cell populations, identifying a high score for CD44 in Myofibroblasts (Figure 4A). Further exploration of metabolic function differences between large cell populations and cells of different origins (Figures 4B, C) revealed significantly higher scores for cellular metabolic pathways, including Oxidative phosphorylation, Glycolysis/Gluconeogenesis, and the Pentose phosphate pathway—all associated with oxidative respiration. To provide a comprehensive view, we compared the distribution and scores of these three pathways in each cell population (Figures 4D–L), observing their pronounced significance in both EPCs and Myofibroblasts. This aligns with our earlier findings from GO and GSEA enrichment analyses.




Figure 4 | ccRCCs large population of cell stemness genes and metabolic pathways map. (A)Analysis of stemness genes in large populations of ccRCCs; (B) Top 20 metabolic pathways in large populations of ccRCCs; (C) Top 20 metabolic pathways in cells of different positional origins of Tumor, Normal, LymphNode, and PBMC; (D–L) Distribution of UNMPs for the three pathways “Oxidative phosphorylation, Glycolysis/Gluconeogenesis, Pentose phosphate pathway” and violin maps of the scores of the three pathways in the large population of ccRCCs with different locations of origin. **** means p <0.0001; ns means no statistical difference.







Subclustering of myofibroblasts

Distinct Myofibroblast subpopulations were identified as C0, C2 (FXYD2+), C3 (HMGA1+), C4 (ITGA1+), and C5 (PTTG1+) (Figure 5A). We calculated copy number variations (CNVs) of these subpopulations and the respective marker genes (Figures 5B, C). The cellular origin investigation revealed higher tumor tissue content in C0, C3, and C4 (Figures 5D, E). Assessing the proportionality of subpopulations with respect to cell origin (Figures 5J, K) indicated the highest amount and purity in C3 tumor tissues. Examining cell stage distribution (Figures 5F, G) showed a relatively high proportion of G2M and S stages in C3 and C5. The cell stage ratio graph (Figures 5H, I) highlighted significantly higher S stage in C3 compared to G2M and G1 stages, indicating vigorous cellular DNA synthesis, replication, and proliferative ability. G2M.Score and S.Score distributions (Figures 5L–O) revealed higher scores for both C3 and C5 subpopulations. Additionally, comparing nFeature and nCount values of different subpopulation cells (Figures 5P, Q) demonstrated significantly higher values in C3 compared to other subpopulations.




Figure 5 | Subpopulation of ccRCCs cells and correlation analysis. (A) UNMP distribution of subpopulation cells; (B) Heatmap of CNV situation of subpopulation cells; (C) Expression of the first 5 marker genes in each subpopulation cells; (D, E) UMAP map of the distribution of source cells in different locations of Tumor, Normal, LymphNode; (F, G) UNMP map of the distribution of subpopulation of cells in each staging cells of G2M, S, G1; (H, I) G2M, S, G1 Proportional distribution between cells and subpopulations of cells in each stage; (J, K) Proportional distribution between subpopulations of cells and cells originating from different locations of Tumor, Normal, and LymphNode; (L) UNMP distribution of G2M.Score; (M) S.Score UNMP distribution; (N–Q) G2M.Score, S.core, nFeature and nCount Violin graph representing score.







Proposed time series analysis of subpopulation cells

We predicted the differentiation of individual subpopulations by the R package Cytotrace and found that the C3 group had the highest degree of differentiation, followed by C0 and C4 (Figures 6A, B). To understand the temporal trajectory relationship between cell subpopulations, we calculated the relative temporal order of the individual subpopulations by the R package monocle (Figure 6C), and found that the C1 subpopulation was at the starting point, whereas the C3 and C0 subpopulations were near the end point. We also analyzed the temporal trajectory relationship of marker genes of each subpopulation (Figure 6D) and explored the temporal trajectories of different cellular origins of each subpopulation and individual subpopulations (Figures 6E–G), and we found that subpopulations C1 and C2 were more at the beginning of the trajectory, while C0 and C3 were mostly located at the end of the trajectory. We also validated the intercellular trajectories by slingshot and found that they could be divided into three periods and there were two time trajectories (Figures 6H, I), while C3 was at the middle and end of trajectory 1 and at the tail end of trajectory 2. We also calculated the proportional relationship between different subpopulations and different periods with each other (Figures 6J, K), and found that the C3 subpopulation was in stages 2 and 3, and mainly existed in stage 3, indicating that the C3 subpopulation was at the end of the time trajectory compared with the C0 subpopulation, which mostly represented that the tumors had already completed the transition from normal cells to malignant cells, and might have a high degree of invasion and value-added ability, as well as drug resistance. With the above analysis, we consider the C3 subgroup as the key subgroup.




Figure 6 | Proposed time-series analysis of subpopulation cells. (A, B) Cytotrace scores of subpopulation cells; (C, D) monocle-based time trajectory maps of each subpopulation and marker genes; (E, F) monocle-based time trajectory staging, which can be categorized into three periods; (G) distribution of subpopulation cells with time trajectories based on monocle; (H, I) slingshot-based time staging maps of subpopulation cells, which can be divided into three periods with two trajectories of merit; (J, K) distribution of the ratio of subpopulation cells to time staging period.







Analysis of cell stemness genes and transcription factors in subpopulations

In the analysis of cell stemness genes (Figures 7A–C), it was discerned that the C3 subpopulation exhibited the most robust scores for cell stemness genes, with CD44 showing heightened expression in both the C3 subpopulation and tumors. Furthermore, an examination of transcription factors in each subpopulation revealed that the top 5 transcription factors in the C3 subpopulation were HMGA1, PBX1, NFIC, BCLAF1, and RFX3 (Figure 7D). A detailed exploration of the expression of these 5 transcription factors across cellular subpopulations (Figures 7E–K) highlighted the prominent expression of the transcription factor HMGA1, particularly in the predominant C3 subpopulation.




Figure 7 | Subpopulation cell stemness gene and transcription factor analysis. (A) Cellular stemness gene expression level violin plot for each subpopulation of cells in Myofibroblasts; (B) UMAP distribution of stemness gene expression level in subpopulation of cells; (C) Stemness gene expression in each subpopulation of cells in Myofibroblasts; (D) Top 5 transcription factors of each subpopulation of cells in Myofibroblasts; (E–K) Top 5 transcription factors UMAP distribution graph.







Analysis of cellular interactions

Through the computation of CNV values in EPCs, we pinpointed the tumor cell populations within EPCs (Supplementary Figure 2). Subsequent exploration into the number of cellular interactions within subpopulations of cells and the broader cell populations (Figures 8A–C) unveiled that tumor cells exhibited the highest degree of contact with the C3 subpopulation. Additionally, in the assessment of interaction strength (Figures 8D–F), tumor cells demonstrated more robust connections with the C3 subpopulation compared to other cells. Our deduction is that the C3, identified as a key subpopulation of Myofibroblasts, likely harbors the most potent interactions with tumor cells. Further scrutiny into the interactions involving the C3 subpopulation and other subpopulations (Figures 8G–I) brought to light that the MPZ signaling pathway network held particular significance among the subpopulations. Notably, MPZL1, a pivotal gene in this pathway, scored the highest within the C3 subpopulation.




Figure 8 | Interaction analysis between subpopulation cells and large population cells. (A-C) Number of interactions between Myofibroblasts subpopulation cells and ccRCCs large population cells graph, where A is the number of interactions between all cells, B figure tumor cells as source, C figure tumor cells as target, the thicker line represents the more number; (D–F) Interaction between Myofibroblasts subpopulation cells and ccRCCs large population cells Intensity map, where D is the number of interactions among all cells, (E) means that Tumor cells are the source, and (F) means that Tumor cells are the target; thicker lines represent higher intensity; (G) MPZ signaling pathway network pathway interactions between subpopulations and large populations of cells; (H) MPZL1 gene expression in subpopulations and large populations; (I) Scores of action sites in MPZ signaling pathway network pathway in each subpopulation and large populations.







Cellular prognostic analysis

We conducted a comprehensive analysis of ccRCCs by intersecting differentially expressed genes from the TCGA database with C3 subpopulation marker genes. Through univariate COX risk regression analysis, we identified 46 prognostically relevant differential genes (Figure 9A). Validation with LASSO COX risk regression analysis confirmed the stability and reliability of these genes (Figures 9B, C). Subsequently, multivariate COX risk regression analysis yielded 22 final prognostic genes, including high-risk genes such as S100A16, FABP5, COL6A2, DCBLD2, KCNN4, COL6A1, TPM4, LINC00472, PYGB, ARHGAP29, TUBB3, and STEAP3, and low-risk genes such as ANXA2, MACF1, ACTN4, ZBTB38, LBH, NCKAP5, VGF, SPARC, AP1S1, and COL21A1. Patients were stratified into high- and low-risk groups based on risk scores (Figures 9D, E). The survival analysis revealed a progressive increase in the number of patient deaths over time, with the high-risk group exhibiting lower survival rates (Figures 9D, E). Examination of coefficient values (Figure 9F) showed TUBB3 with the highest score and ANXA2 with the lowest. The expression patterns of prognostic genes in high- and low-risk groups were explored (Figure 9G). Kaplan-Meier curve analysis demonstrated significantly lower survival rates in the high-risk group (Figure 9H), with a meaningful result (P < 0.0001). ROC curve analysis indicated stable and good predictive performance at 1, 3, and 5 years (Figure 9I). We further examined the correlation of different genes with risk score and prognosis (Figure 9J) and visualized six genes significantly associated with risk score (Figure 9K). Exploration of the correlation of clinical factors with the risk score and construction of a nomogram (Figures 10A–G) allowed for predicting the survival rate of ccRCC patients at 1, 3, and 5 years. Validation through ROC and DCA curves demonstrated the model’s high stability, sensitivity, and clinical utility (Figures 10H, I).




Figure 9 | Independent prognostic analysis. (A) 46 prognosis-related differential genes; (B) Distribution of LASSO analysis coefficient spectra of 22 prognosis genes; (C) Optimal cross-validation of parameter selection in LASSO regression; (D) Survival time and survival status plots of patients in different risk groups over time; (E) Classification of patients into high- and low-risk groups based on risk scores; (F) Coef values of prognosis-related genes; (G) Heat map of prognosis-related gene distribution; (H) Kaplan-Meier prognostic analysis curves for high and low risk groups; (I) Time-dependent ROC curves with area under the curve (AUC) of 0.79, 0.74, 0.79 at 1, 3, and 5 years; (J). Correlation analyses between genes and risk scores and OS; (K) Dot plots of the top 6 prognostic genes that had a strong correlation with the risk score.






Figure 10 | Clinical correlation analysis. (A–F) analysis of the correlation of risk scores with racial factors, gender, age, and tumor stage T, N and M (G) Nomogram plots of patients with ccRCCs at 1, 3, and 5 years; (H) time-dependent ROC plots, with AUCs of 0.86, 0.80, and 0.80 at 1, 3, and 5 years, respectively; (I) DCA analysis of prognostic models Figure.







Immune correlation analysis

We computed and compared immune cell infiltration in the high- and low-risk cohorts (Figures 11A, B) and examined the correlation of immune cells with risk scores and prognostic genes (Figures 11C, D). T cells CD4 memory activated showed a positive correlation with RISK, whereas T cells CD4 memory resting exhibited a negative correlation with RISK. Immune cell disparities between high and low-risk groups were also assessed (Figure 11E), revealing relatively high scores of Macrophages M2, particularly notable in the low-risk group. TIDE score analysis (Figure 11F) indicated a high score in the high-risk group, suggesting a potential for immune escape. Additionally, immune checkpoint score calculation (Figure 11G) revealed a predominantly negative correlation with RISK score. Comparing tumor microenvironment-related scores in the high- and low-risk groups (Figures 11H–J) showed higher scores in both high-risk cohorts.




Figure 11 | Immune correlation analysis. (A) Heatmap of prognostic genes, tumor microenvironment and immune cell profile in high and low risk groups; (B) Difference in the proportion of immune cells in high and low risk groups; (C) Immune cell risk score relationship score; (D) Immune cell correlation with prognostic genes, risk score and OS; (E) Difference in immune cell expression between high and low risk groups; (F) TIDE score violin plot between high and low risk groups; (G) Situation point plot of the relationship between immune checkpoints and prognostic genes, risk scores; (H–J) Difference in immune scores, stromal scores, and total scores of tumor microenvironment between high and low risk groups. * means p <0.05; ** means p <0.01; *** means p <0.001; **** means p <0.0001; ns means no statistical difference.







Experimental result

We selected two distinct types of ccRCC cells for the experiment, conducting a comparative analysis between the control group and the knockdown infection group. Remarkably, both cell types exhibited significantly diminished cell viability levels upon MPZL1 knockdown (Figures 12A, B). In the cluster formation assay, the number of colonies showed a substantial reduction in both cell types following MPZL1 knockdown (Figure 12C). The Transwell assay results (Figure 12D) revealed markedly reduced staining regions in cells with MPZL1 knockdown, indicating a diminished invasive capability. In cell scratch assay experiments (Figure 12E), the 48-hour scratch width in both cell lines subjected to MPZL1 knockdown was significantly wider compared to the negative control group. The cell proliferation assay (Figure 12F) further demonstrated a lower cell count in both cell lines with MPZL1 knockdown compared to the negative control group. Thus, our experimental findings affirm that MPZL1 plays a promotive role in the proliferation, migration, and invasion of ccRCCs, and knockdown of MPZL1 effectively inhibits these processes, restraining the recurrence of ccRCCs.




Figure 12 | In vitro experimental validation of MPZL1. (A, B) CCK-8 assay showed that cell viability was significantly reduced after MPZL1 knockdown; (C) Colony formation assay showed that the number of colonies in MPZL1 knockdown cells was significantly lower than that in si-NC group; (D) Transwell assay showed that MPZL1 knockdown significantly slowed down the growth of 786 -O cells and CAKI-1 cells invasion; (E) Scratch assay showed that MPZL1 knockdown significantly slowed down the migration of 786-O cells and CAKI-1 cells; (F) EdU staining results showed that MPZL1 knockdown inhibited the proliferation of 786-O cells and CAKI-1 cells. * means p <0.05; ** means p <0.01; *** means p <0.001.








Discussion

Renal cell carcinoma stands as the seventh most frequently diagnosed malignant tumor, exhibiting a gradual rise in incidence within developed countries in recent years (46). Among its common clinical subtypes, clear cell renal cell carcinomas (ccRCCs) are associated with diverse clinical prognostic outcomes, revealing metastasis in up to 30% of patients at the onset (47). Surgical intervention, though a common treatment approach, proves ineffective, and there remains a notable risk of recurrence post-surgery (48). Given the limited sensitivity of ccRCCs to radiotherapy drugs (9), the identification of mechanisms and therapeutic targets related to ccRCC progression becomes crucial.

Conducting enrichment analysis and metabolic pathway examination of Myofibroblasts and Endothelial Progenitor Cells (EPCs), we observed elevated scores in oxidation-related pathways and diminished immune function. Notably, the oxidative phosphorylation metabolic pathway exhibited the highest score in both EPCs and Myofibroblasts. A literature review revealed that redox homeostasis underpins normal cellular physiological activities and survival (49). It has been recognized that tumor cells display heightened oxidative processes compared to normal cells (50). Oxidative phosphorylation, a process associated with the generation of reactive oxygen species (ROS), poses a threat to cellular DNA and heightens cancer risk (51–54). Studies by Kuo (55) et al. have indicated that ROS activation correlates with increased blood vessel proliferation, suppression of immune microenvironmental functions, and intensified production of macrophage IFN and IL-6, ultimately hampering the immune response in the tumor microenvironment (56–58). Albiñana (59) et al. identified that reducing oxidative stress and ROS levels through targeting ADRB2 proves beneficial in controlling ccRCC progression. Additionally, Costa (60) et al. established that ROS can induce inflammation, fostering the transformation of fibroblasts into Myofibroblasts, exhibiting characteristics akin to invasive adenocarcinoma-associated fibroblasts.

Thus, we posit that the oxidative phosphorylation pathway and its affiliated pathways play a pivotal role in the progression of clear cell renal cell carcinomas (ccRCCs), impeding the immune microenvironment of these tumors and facilitating their transformation into Myofibroblasts. Consequently, this phenomenon propels the progression and augmentation of the tumor.

Through an exploration of cellular interactions, we discovered that the MPZ signaling pathway network exhibits substantial cellular interactions in crucial subpopulations of Myofibroblasts and tumor cells, with the gene MPZL1 identified as a key player. A comprehensive review of existing literature elucidates that MPZL1 (Myelin protein zero like 1) serves as a binding protein and substrate of tyrosine phosphatase SHP-2 (61), demonstrating widespread expression across various cell types and involvement in essential biological processes and molecular functions (62, 63). Furthermore, the biological impact of MPZL1 in diverse tumors, including ovarian, colorectal, and bladder cancers, has been investigated and corroborated (64–66), highlighting its promotional influence on tumor progression. For instance, Jia et al. (67) observed that MPZL1 promotes the migration of hepatocellular carcinoma cells by inducing the phosphorylation and activation of pre-metastatic proteins. Similarly, Chen (64) reported that elevated expression of MPZL1 stimulates the phosphorylation of Src kinase, facilitating the proliferation and migration of ovarian cancer cells. Additionally, Wang et al. (68) found that overexpression of MPZL1 correlates with the suppression of immune function in lung cancer studies. We also postulate that MPZL1 is intricately linked to the proliferation and migration of ccRCCs, exerting inhibitory effects on the immune microenvironment of tumors, thereby contributing to tumor progression or recurrence. Our experimental results substantiate this hypothesis.

TUBB3 (tubulin beta 3 class III), belonging to the β-tubulin protein family, intricately engages in neurogenesis and microtubule assembly within neuronal cells. Its dynamic interplay involves elongation or depolymerization throughout the cell cycle, exerting substantial influence on cellular morphology, division, and cytoskeletal architecture (69–71). A plethora of studies has consistently emphasized the notable correlation between elevated TUBB3 expression and unfavorable prognoses across various malignancies, including lung, ovarian, and gastric cancers, establishing it as a prognostic indicator for cancer recurrence (72–74). Moreover, certain studies have indicated that high expression of TUBB3 leads to increased drug resistance in tumor cells, which adversely affects patient prognosis (75, 76). Additionally, adenocarcinoma patients with negative TUBB3 expression tend to have longer survival times compared to those with positive expression (77). Furthermore, it has been observed that the TUBB3-associated protein network is involved in certain oxidative stress processes, which may enhance the vitality and drug resistance of tumor cells (78). Experimental research on anti-microtubule chemotherapy drugs has revealed that tumor cells with high TUBB3 expression exhibit stronger resistance to drugs like paclitaxel compared to those with lower expression (79, 80). Our research similarly hypothesizes a close relationship between TUBB3 and oxidative stress-related pathways, potentially promoting the proliferation and recurrence of ccRCCs through this process. This interaction may lead to ccRCCs developing resistance to relevant chemotherapy drugs, ultimately facilitating the progression of ccRCCs.





Conclusion

In this comprehensive study, a thorough examination of single-cell data related to clear cell renal cell carcinomas (ccRCCs) systematically elucidates the pivotal role of oxidative-related pathways within the diverse cellular milieu of ccRCCs. Simultaneously, we meticulously investigate the critical involvement of these pathways in myofibroblasts and endothelial progenitor cells (EPCs). Additionally, a detailed exploration is conducted into the interactive pathways between key subgroups, such as the C3 HMGA1+ Myofibroblasts in myofibroblasts, and tumor cells within EPCs. This comprehensive analysis extends to the investigation of the essential gene MPZL1, culminating in the construction of a ccRCCs prognostic model intricately linked to these pathways. We posit that both MPZL1 and the oxidative stress pathway harbor the potential to emerge as critical therapeutic targets for the treatment and resistance against recurrence in ccRCCs. This assertion is substantiated through empirical validation, specifically demonstrating the concrete impact of MPZL1 on ccRCCs. Our research has confirmed the significant roles played by Myofibroblasts and the key gene MPZL1 in the progression of ccRCCs, providing novel insights for future studies on ccRCCs. We have discovered that targeting MPZL1 and the oxidative phosphorylation pathway could serve as potential key targets for the treatment of ccRCCs progression and recurrence. This finding opens up new directions for the treatment and prognosis diagnosis of ccRCCs in the future. In conclusion, our discoveries explore the mechanisms underlying the proliferation and recurrence of ccRCCs and shed light on prognostic markers and therapeutic targets for ccRCCs.
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Supplementary Figure 1 | Quality control and dimensionality reduction clustering of data. (A) Quality-controlled and filtered single-cell data of ccRCCs. (B) Filtered ccRCCs cell stage examination showing G1, G2M, and S stages. (C) Selection of the top 2000 highly variable genes based on gene expression and dispersion, with the top 10 highly variable genes indicated. (D) RunPCA dimensionality reduction plot showing the first 30 dimensions of the selected 50 dimensions. (E) PCA plot of different sample sources after dimensionality reduction. (F) Heatmap of the top ten highly variable genes in the first nine dimensions.

Supplementary Figure 2 | Heatmap of EPCs cell CNV (Copy Number Variation) status.
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Background

Skin Cutaneous Melanoma (SKCM) incidence is continually increasing, with chemotherapy and immunotherapy being among the most common cancer treatment modalities. This study aims to identify novel biomarkers for chemotherapy and immunotherapy response in SKCM and explore their association with oxidative stress.





Methods

Utilizing TCGA-SKCM RNA-seq data, we employed Weighted Gene Co-expression Network Analysis (WGCNA) and Protein-Protein Interaction (PPI) networks to identify six core genes. Gene co-expression analysis and immune-related analysis were conducted, and specific markers associated with oxidative stress were identified using Gene Set Variation Analysis (GSVA). Single-cell analysis revealed the expression patterns of Oxidative Stress-Associated Genes (OSAG) in the tumor microenvironment. TIDE analysis was employed to explore the association between immune therapy response and OSAG, while CIBERSORT was used to analyze the tumor immune microenvironment. The BEST database demonstrated the impact of the Oxidative Stress signaling pathway on chemotherapy drug resistance. Immunohistochemical staining and ROC curve evaluation were performed to assess the protein expression levels of core genes in SKCM and normal samples, with survival analysis utilized to determine their diagnostic value.





Results

We identified six central genes associated with SKCM metastasis, among which the expression of DSC2 and DSC3 involved in the oxidative stress pathway was closely related to immune cell infiltration. DSC2 influenced drug resistance in SKMC patients. Furthermore, downregulation of DSC2 and DSC3 expression enhanced the response of SKCM patients to immunotherapy.





Conclusion

This study identified two Oxidative Stress-Associated genes as novel biomarkers for SKCM. Additionally, targeting the oxidative stress pathway may serve as a new strategy in clinical practice to enhance SKCM chemotherapy and sensitivity.





Keywords: SKCM, oxidative stress network, immunotherapy response, drug resistance, immune




1 Introduction

Melanoma originates from neuroectodermal melanin-producing cells, known as SKCM, distributed across various tissues, with predilection for skin and mucous membranes. The rising incidence of melanoma is attributed to factors like UV exposure, oxidative stress, DNA damage, and mutations, culminating in its genesis (1). SKCM, characterized by its high incidence, metastasis, and mortality rates, represents the most invasive malignancy of skin melanocytes. Its poor prognosis stems from early metastasis and challenging early-stage diagnosis (2). Given its significant morbidity and economic burden, early detection and stratification of novel biomarkers are imperative for enhancing SKCM management.

Notably, various factors contribute significantly to SKCM development, warranting the identification of biomarkers. For instance, Wang et al. correlated SRGN expression with SKCM and SKCM-metastasis patient survival (3). Zhang et al. associated lower GBP2 expression with reduced immune cell infiltration and poorer SKCM prognosis (4). Additionally, B cell characteristics play pivotal prognostic (5, 6), and predictive roles in SKCM, shaping its immunobiology and potential immunogenomics features (7).

Oxidative stress, implicated in aging, inflammation, and chronic diseases, results from the imbalance between reactive oxygen and nitrogen species and a compromised antioxidant defense system. Studies by Elena Piskounova et al. revealed that oxidative stress inhibits distant metastasis in human melanoma cells (8, 9). Moreover, oxidative stress is linked to various cancers, with drugs like doxorubicin modulating oxidative stress to improve survival (10). Intracellular oxidative stress amplification is explored as a synergistic cascade cancer therapy strategy (11). Recent research developed an oxidative stress-related prognostic model for SKCM, offering new insights for melanoma analysis (12).

Challenges in malignant melanoma diagnosis and treatment include the development of primary or secondary drug resistance in over half of patients, rendering existing treatments ineffective. Addressing this necessitates identifying new molecular therapeutic targets to enhance SKCM patient management. Thus, this article aims to identify and evaluate novel potential biomarkers, offering valuable insights for further exploration.




2 Materials and methods



2.1 Data collection and processing

Clinical specimens were provided by Guizhou Medical University Affiliated Hospital (Guiyang, China), comprising 92 pairs of tumor and adjacent samples (1-2 cm from tumor tissue). These samples encompassed 24 trunk subtype samples and 68 other subtype samples. Approval for this study was obtained from the Human Characteristics Ethics Committee of Guizhou Medical University, and the principles of the Helsinki Declaration were strictly followed. Informed consent was also obtained from patients providing samples.

Transcriptomic data and related clinical information were sourced from the TCGA database (https://portal.gdc.cancer.gov/projects/TCGA-SKCM). The RNA-sequencing dataset encompasses 472 samples, including 78 samples from Trunk Cutaneous Melanoma (TCM) and 394 samples from other melanoma subtypes. A threshold of 140, post-normalization, was applied to identify outliers using the hierarchical clustering algorithm. The cut-off for FPKM was established at 0.5 to exclude genes with low expression levels. A threshold of 0.5 was set during gene selection. Following merge and batch normalization, differential expression genes (DEGs) are identified using ‘‘sva’’ R package (13–15). Moreover, DEGs were discerned between tumor and normal tissues using a cut-off value of |Log2 fold-change (FC)| > 0.5 and an adjusted P-value < 0.05 (16).




2.2 Gene co-expression network construction and identification of crucial clinical modules

Genes were analyzed for the construction of a scale-free network via the ‘‘WGCNA’’ methodology (17, 18). This expression network, predicated on weighted gene co-expression data, was established utilizing the top quartile of genes exhibiting the highest variance. Initially, an expression data-derived similarity matrix was generated to compute the absolute values of Pearson correlation coefficients between gene pairs. Subsequently, this similarity matrix was transformed into an adjacency matrix, with the application of a soft threshold that accentuated strong connections while diminishing the significance of weaker correlations within the matrix. This adjacency matrix was further converted into a topological overlap matrix (TOM), designed to more accurately depict the strength of relationships and the degree of connectivity among genes within the dataset. Serving as a measure for assessing network connectivity among genes, TOM was employed as an input for hierarchical clustering analysis. The ‘‘DynamicTreeCut’’ algorithm, utilized within the ‘‘WGCNA’’ R package, facilitated the identification of network modules (19). Following module identification, gene significance (GS) was evaluated, correlating these genes with other biological information. The higher the GS value, the more substantial the prognostic relevance for patients. Hence, an analysis employing Pearson’s correlation coefficient was conducted to ascertain the correlation between identified modules and clinical features, including patient age and cancer stage. Through this approach, ‘‘WGCNA’’ aids in elucidating the connections between gene expression patterns and clinical characteristics, offering vital insights for the discovery of biomarkers and the formulation of therapeutic strategies for disease management.




2.3 GO and KEGG enrichment

GO and KEGG enrichment analyses were conducted using the R package ‘‘clusterProfiler’’ to explore pivotal modules, with P < 0.05 defined as significant enrichment (20). These analyses aimed at identifying potential signaling pathways, elucidating the biological processes and pathways crucial in the occurrence and progression of melanoma (21).




2.4 Construction of PPI network and gene co-expression analysis

PPI network was constructed using the online STRING database (https://string-db.org/). During network construction, disconnected nodes were removed to ensure network connectivity. Subsequently, the network graph of key modules was created using Cytoscape 3.72, revealing crucial interactions by identifying the top 30 ranked genes. Each node in the PPI network represents a protein encoded by a gene, while edges depict interactions between two proteins. To explore the potential of DSC2 and DSC3 as novel targets for regulatory intervention, an analysis was conducted to identify genes that show co-expression with these markers. This analysis highlighted twelve genes exhibiting the highest co-expression coefficients with DSC2 and DSC3. The findings, represented in a circular graph, underscore the importance of further investigation into these associated genes, suggesting they warrant closer scrutiny.




2.5 Survival analysis

Survival analysis was conducted using the ‘‘survival’’ and ‘‘survminer’’ packages in R language (22). Initially, patients were stratified into high and low expression groups based on the median gene expression levels, and the association between these gene expression levels and prognosis was determined using the Log-rank test.




2.6 Single-cell analysis combined with CIBERSORT examination of immune infiltration

Subsequently, exploration of subpopulation clustering in SKCM at the single-cell level was carried out utilizing the TISCH2 single-cell database (23). Briefly, the ‘‘Seurat’’ package is employed for scrutinizing scRNA-seq data of SKCM (18). Initially, following the exclusion of cells expressing fewer than 250 or exceeding 6000 genes, a logarithmic normalization is performed on gene expression. Subsequently, employing the functions ‘‘FindNeighbors’’ and ‘‘FindClusters’’, individual cells are clustered into distinct subgroups. To further elucidate the roles of DSC2 and DSC3 in immune infiltration, the ‘‘CIBERSORT’’ algorithm was employed to calculate immune infiltration scores in each sample (24). Samples were dichotomized based on the median gene expression levels, comparing the infiltration of various types of immune cells between these two groups and assessing DSC2 and DSC3 respectively. The correlation analysis between gene expression and immune cell infiltration was visualized using the ‘‘ggplot2’’ package, including box plots and correlation scatter plots. Finally, the correlation between genes and immune checkpoints was analyzed using the ‘‘corrplot’’ package and visualized through heat maps. Furthermore, specific gene associations with immune checkpoint genes were evaluated.




2.7 Evaluation of immunotherapy response and chemotherapy resistance

In recent years, immunotherapy has emerged as a promising anti-tumor strategy (25), demonstrating favorable anti-tumor effects in SKCM treatment. Hence, further investigation into the role of oxidative stress-related genes in SKCM immunotherapy was conducted. The association between immunotherapy response and oxidative stress-related genes was explored using TIDE analysis. Additionally, the BEST database illustrated the impact of oxidative stress signaling pathways on chemotherapy drug resistance. Immunohistochemical staining and ROC curve analysis were employed to evaluate the protein expression levels of core genes in SKCM and normal samples, and their diagnostic value was determined through survival analysis (26).




2.8 Gene set variation analysis

GSVA is a non-parametric unsupervised analytical method used to assess the enrichment of gene sets in transcriptome data (27). The score of oxidative stress were determined by the ‘‘ssGSEA’’ using ‘‘GSVA’’ R package, and the certain signatures that respond to oxidative stress were obtained from database (http://www.informatics.jax.org/vocab/gene_ontology/GO:0006979). This method transforms gene expression data into an expression matrix characterized by a specific set of genes (28). Besides, Pearson correlation analysis was conducted to validate the correlation between hub genes and oxidative stress scores. Through this process, we could assess association between screened genes and oxidative stress.




2.9 Immunohistochemistry experiment

In an ambient laboratory environment, tissues were subjected to a 4% Paraformaldehyde fixation process. Subsequently, these specimens were encased within paraffin blocks and dissected into sections of 4 µm in thickness. The process of removing paraffin was conducted utilizing xylene at a temperature of 60°C, succeeded by a graded rehydration sequence employing ethanol concentrations of 100%, 80%, 60%, and 40%. To inhibit the intrinsic peroxidase reactions present in the samples, 3% H2O2 was utilized, while sodium served the purpose of facilitating antigen retrieval. Following a 16-hour incubation period at 4°C in a medium containing 5% bovine serum albumin, the sections underwent a further incubation with an array of primary antibodies (Santa Cruz, CA, USA), specifically (DSC2; 1:200), (DSC3; 1:200), (DSG1; 1:200), (KRT6B; 1:200), (PKP1; 1:200), and (PKP3; 1:400). Subsequent to this, for a duration of 2 hours at an ambient temperature, the sections were exposed to secondary antibodies targeted against mouse and rabbit immunoglobulins. Visual documentation of the samples was achieved using a high-resolution light microscopy technique, employing magnification levels of x200 and x400. Following this, a staining protocol involving 3,3’ diaminobenzidine and hematoxylin was applied for a minute at ambient temperature. The evaluation of the staining intensity for the genes of interest was performed, with scores assigned as follows: 0 indicating no staining, 1 for weak positivity, 2 for moderate positivity, and 3 for strong positivity, facilitating the quantification of protein expression. The Image Pro Plus software was employed to determine the scoring based on the proportion of positively stained cells, with a scoring rubric of 0-2 for low expression, 3-4 for moderate expression, and 5-6 denoting high expression. P-value < 0.05 was interpreted as indicative of a statistically significant variance.




2.10 Statistical analysis

All statistical analyses were conducted using packages in the R programming language (version 3.6.3). Prior to statistical analysis, normality tests were performed to determine the appropriate statistical methods. Analysis of normal and non-normal data was conducted using unpaired Student’s t-test and Wilcoxon test, respectively (29). Pearson method was employed for correlation analysis, with P < 0.05 considered statistically significant. * P < 0.05, ** P < 0.01, *** P < 0.001, **** P < 0.0001.





3 Results



3.1 Construction of WGCNA co-expression network

Upon downloading and integrating expression data along with clinical data, no aberrant samples were identified through the sample dendrogram, and most clinical features were documented (Figure 1A). Subsequently, the WGCNA network was constructed using the gene expression profile after filtering out low-expressed genes. The WGCNA algorithm was applied to construct co-expression networks and modules for 472 samples from TCGA. We selected the top 25% mutated genes from the TCGA-SKCM cohort and performed clustering analysis using the ‘WGCNA’ R package. With a soft threshold β set to 11, the scale independence of the topological network exceeded 0.85, and the average connectivity approached 0 (Figures 1B, C). Therefore, setting the soft threshold to β=11 satisfied the scale-free topology criterion, with R2 = 0.88 for the TOM (Figure 1D). The dynamic tree cutting algorithm based on TOM was employed to cluster all selected genes, resulting in the division of the tree into 12 modules (Figure 1E), each labeled with distinct colors.




Figure 1 | Analysis of SKCM weighted gene co-expression networks by WGCNA. (A) Dendrogram illustrating samples of SKCM along with clinical patient characteristics. (B) Evaluation of scale independence fit indexes through soft thresholding power analysis. (C) Soft thresholding power analysis depicting mean connectivity. (D) Demonstration of topology with scale-free scaling at β=11. (E) Identification of 12 gene co-expression modules utilizing a dissimilarity measure.






3.2 Identification of key modules and central genes associated with clinical features

Subsequently, we summarized the co-expression of feature genes and calculated the correlation between feature genes and clinical characteristics. Pathological diagnosis typically includes information on pathological stages M, N, and T at the time of diagnosis. Each module consists of distinct gene clusters, marked in an overlapping heatmap with different colors; red indicating positive correlation and green indicating negative correlation (Figure 2A). Among the co-expression modules and features we analyzed, we observed that the yellow module is most closely related to pathological stage M (R=0.43, P=1e-04); additionally, this module is positively correlated with age (R=0.25, P < 0.05) (Figure 2B). Therefore, we consider the yellow module containing 520 genes as a critical gene module and employ it for further analysis (Figure 2C).




Figure 2 | Relationship between modules and traits. (A, B) Correlation between modules and age, M state, N state, and T state. (C) Comparison of module membership and gene significance highlighted in yellow.






3.3 Analysis of KEGG pathways and GO enrichment

To elucidate the functional mechanisms of the yellow module, we conducted enrichment analyses of GO terms and KEGG pathways. In this study, we initially examined biological processes (BP), molecular functions (MF), and cellular components (CC) to identify the most enriched GO pathways. The results revealed that, in terms of biological processes, these genes are primarily involved in epidermal development, keratinocyte differentiation, and keratinization processes. Regarding cellular components, the main enrichment was observed in cornified envelope, extracellular region, and extracellular region part. Molecular function analysis indicated that these genes are predominantly enriched in epidermal structural components (Figure 3A). Subsequently, based on the enrichment results of KEGG pathways, we identified pathways closely associated with tumorigenesis, including central carbon metabolism, cell adhesion molecules, junctional protein binding, and melanogenesis, providing important clues for understanding the functional mechanisms of genes within the yellow module (Figures 3B, C).




Figure 3 | Exploration of KEGG and GO pathways. (A) GO analysis of core genes within modules. (B, C) KEGG pathway analysis of core genes within modules.






3.4 Relationship between central genes and oxidative stress characteristics

To explore the interrelations among genes and identify central genes, an initial analysis was conducted on genes within the yellow module, followed by visualization using STRING. After eliminating unconnected nodes, a PPI network was obtained (Figure 4A). Subsequently, employing ‘Cytoscape’, topological parameters for all nodes were computed, and the six highest-ranking node genes were identified as pivotal for subsequent analyses (Figure 4B). To investigate the association between central genes (DSC2, DSC3, DSG1, KRT6B, PKP1, and PKP3) and the response to oxidative stress, we employed GSVA to compute the oxidative stress scores for each sample. Pearson correlation analysis revealed a significant correlation between oxidative stress scores and DSC2 (R=0.45; P < 0.001) as well as DSC3 (R=0.094; P < 0.05), whereas other genes showed no involvement in the oxidative stress response (Figure 4C). This underscores the need for further exploration into the relationship between oxidative stress and DSC2, DSC3.




Figure 4 | Identification of hub genes in melanoma. (A) Construction of a protein-protein interaction network using modules containing core genes. (B) Recognition of top 6 node genes (DSC2, DSC3, DSG1, KRT6B, PKP1, PKP3) as key genes for further analysis. (C) Investigation into the relationship between gene expression and oxidative stress in SKCM patients. (D) Discovery of 12 genes predominantly correlated with DCS2 and the interconnectedness among them. (E) Examination of correlation with DCS3 and the interconnectedness among these genes.






3.5 Gene co-expression analysis and survival analysis

Through correlation analysis, we identified a set of 12 genes highly correlated with both DSC2 and DSC3, and delved into the interrelationships among them. Circular diagrams were presented for DSC2 (Figure 4D) and DSC3 (Figure 4E) separately to illustrate their associations. KM survival analysis was conducted on these selected central genes, revealing a significant association with the prognosis of SKCM patients (P < 0.05). As the expression levels of DSC2, DSC3, DSG1, KRT6B, PKP1, and PKP3 increased, the overall survival time of trunk subtype melanoma patients significantly decreased (Figure 5).




Figure 5 | Kaplan-Meier survival plot.






3.6 Immune infiltration

Immunohistochemical analysis revealed heightened infiltration levels of NK cells, with significant differences observed between groups with varying DSC2 expression levels. Likewise, significant disparities in dendritic cell activation and infiltration were evident between the two DSC3 expression level groups (Figure 6A). Furthermore, a positive correlation was identified between DSC2 expression and activation of CD4 memory T cells, dendritic cells, mast cells, and neutrophil infiltration. Conversely, DSC2 expression exhibited a negative correlation with regulatory T cells and activated NK cell infiltration (Figure 6B). Additionally, DSC3 expression showed a positive correlation with dendritic cell activation and neutrophil infiltration. Figure 6C depicts the association between DSC2 and DSC3 and highly correlated immune checkpoint genes.




Figure 6 | Correlation analysis. (A) Assessment of immune infiltration levels based on DSC2 and DSC3 expression groups. (B) Evaluation of immune relationship levels within DSC2 and DSC3 expression groups. (C) Examination of associations between DSC2, DSC3, and highly correlated immune checkpoint genes. *P < 0.05, **P < 0.01.






3.7 Analysis of GSVA

Subsequently, we compared the functional pathways associated with different oxidative stress scores in melanoma. Utilizing GSVA, we assessed the oxidative stress-related signaling pathways in melanoma and further explored them based on KEGG and GO datasets. Enriched genes, signaling pathways, and functions were highlighted using heatmap plots. In the KEGG analysis, we investigated the top 20 associated signaling pathways such as the MAPK signaling pathway, JAK STAT signaling pathway (Figure 7A). Additionally, GO analysis revealed significant differential functional pathways between the two oxidative stress groups, presenting the top 20 signals in Figure 7B, including muscle cell proliferation, growth factor receptor binding.




Figure 7 | GSVA analysis. (A) GSVA depicting the relationship between oxidative stress and KEGG pathways. (B) GSVA illustrating the relationship between oxidative stress and GO pathways.






3.8 Single-cell analysis reveals the expression patterns of oxidative stress in subpopulations of SKMC cells

We identified a close association between DSC2 and DSC3 with oxidative stress processes. Further investigation demonstrated a positive correlation between the expression of DSC2 and DSC3 and the infiltration of activated dendritic cells and neutrophils, while showing a negative correlation with memory B cells (Figures 8A, B). Subsequently, we delved deeper into the expression patterns of DSC2 and DSC3 at the single-cell level (Figure 8C). Remarkably, the average expression level of DSC2 was highest in monocytes, followed by pDCs (Figures 8D, E). Interestingly, DSC3 was predominantly enriched in NK cells, CD8 T cells, and CD4 T cells (Figures 8F, G), indicating distinct spatial distributions of these two oxidative stress molecules.




Figure 8 | Expression patterns of oxidative stress pathways in single-cell subtypes. (A, B) Correlation between DSC2, DSC3, and immune cell infiltration. (C) Subtypes of single cells in SKCM patients. (D, E) Expression patterns of DSC2 and DSC3 in subtypes of SKCM patient cells. (F, G) Expression patterns of DSC3 in subtypes of SKCM patient cells.






3.9 Impact of DSC2 on immunotherapy response and chemotherapy resistance

Immunotherapy, as a prominently featured anticancer strategy in recent years, has demonstrated significant efficacy in the treatment of SKCM. However, some patients exhibit insensitivity or even develop resistance to immunotherapy. Thus, we further investigated the role of oxidative stress-related genes in SKCM immunotherapy. It was observed that patients with high expression levels of DSC2 and DSC3 were more sensitive to immunotherapy (Figures 9A, B), possibly due to infiltration by macrophages and CD8 T cells (Figures 9C, D). Additionally, DSC2 could serve as an effective predictive biomarker for immunotherapy response in SKCM patients (Figure 10A). Intriguingly, SKCM patients with high expression of DSC2 exhibited poorer prognosis following Anti-PD-1/PD-L1 therapy compared to those with lower DSC2 expression (Figure 10B), which may be attributed to the pro-tumorigenic characteristics of DSC2. Furthermore, chemotherapy, as a crucial component of anticancer therapy, often fails ultimately due to the development of resistance. Therefore, we further investigated the expression of DSC2 in drug resistance. Results indicated that SKCM patients with high expression of DSC2 were more prone to developing resistance to Apitolisib, Motesanib, and Amuvatinib (Figure 11), suggesting DSC2 as one of the targeted strategies to enhance chemotherapy sensitivity.




Figure 9 | Immune response and infiltration landscape. (A, B) Expression levels of oxidative stress pathway genes in immune therapy responders and non-responders among SKCM patients. (C, D) Landscape of immune infiltration in SKCM patients with differential expression of oxidative stress pathway genes. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.






Figure 10 | Reliability of immune response prediction. (A) ROC curve demonstrating the predictive performance of oxidative stress pathway genes for immune therapy response. (B) Survival analysis of SKCM patients receiving immune therapy.






Figure 11 | Prediction of drug resistance in subgroups of SKCM patients.






3.10 Immunohistochemistry reveals distinct expression patterns of core proteins across trunk subtypes

Given the lack of expression profiles for adjacent normal tissues within the TCGA-SKCM cohort, a total of 92 SKCM samples were obtained, comprising both tumor and adjacent normal tissues. Differential expression analysis of these core proteins was subsequently performed through immunohistochemistry experiments (Figures 12A, 13A). The results indicate that in trunk subtype melanomas, the protein expression levels of DSC2, DSC3, DSG1, KRT6B, PKP1, and PKP3 are significantly higher than those in adjacent normal samples (Figures 12B, C), suggesting the crucial roles of these central genes in SKCM progression. However, in other subtype melanoma patients, only DSG1 and PKP1 exhibit significantly elevated protein expression levels compared to adjacent normal samples, with no observed differences in other genes between tumor and adjacent normal samples (Figures 13B, C).




Figure 12 | Expression patterns of core proteins in trunk-subtype. (A) Heatmap illustrating expression patterns. (B, C) Immunohistochemistry confirming high expression of DSC2, DSC3, DSG1, KRT6B, PKP1, and PKP3 in trunk-subtype SKCM. **P < 0.01.






Figure 13 | Expression patterns of core proteins in other-subtype. (A) Heatmap depicting expression patterns. (B, C) Immunohistochemistry confirming the expression of DSC2, DSC3, DSG1 in other-subtype SKCM. *P < 0.05, **P < 0.01.







4 Discussion

SKCM continues to challenge oncology, with its heterogeneity in clinicopathological and cytological features complicating prognosis and treatment (30). Recent advancements have highlighted the role of oxidative stress in melanoma progression, metastasis, and resistance to therapy (31). This study leveraged high-throughput data to unravel the complex interplay between hub genes, oxidative stress, and the immune landscape in SKCM, offering novel insights into its pathogenesis and potential therapeutic targets.

Our analysis, grounded in WGCNA and PPI networks, identified six genes (DSC2, DSC3, DSG1, KRT6B, PKP1, PKP3) with pivotal roles in melanoma’s oxidative stress response and immune infiltration (32, 33). Particularly, DSC2 and DSC3’s association with oxidative stress underscores their potential as biomarkers for SKCM prognosis and therapy response (34). The significant variation in their expression between melanoma subtypes and adjacent normal tissues suggests these genes influence melanoma development, possibly by modulating cell adhesion pathways crucial for tumor metastasis. SKCM can occur on various parts of the human body, indicating potential significant heterogeneity among them. Emi et al., using “anatomical location” as a variable, classified melanoma patients into three categories: limbs, trunk, and head/neck. They discovered that melanomas at different anatomical locations possess distinct risk factors (35). Epidemiological studies have shown that most melanomas are located on the lower limbs, followed by the trunk, with melanomas of the head and neck and those with unspecified anatomical locations having the poorest survival rates (36). Trunk SKCMs tend to have less sun exposure compared to facial SKCMs, and studies have confirmed that anti-PD-1 immunotherapy is particularly recommended for melanomas originating from areas of chronic sun exposure (37). This underscores the necessity of conducting separate research on trunk-SKCM and non-trunk SKCM. Our findings indicate that trunk-SKCMs, compared to normal tissue, exhibit higher activation of oxidative stress pathways, such as DSC2 and DSC3. Conversely, these differences are not significantly observed in other subtypes of SKCM.

In the progression and onset of cancer, the immune system assumes a pivotal role (38, 39), rendering immunotherapy research a promising therapeutic avenue (40, 41). Immune infiltration analysis revealed a significant correlation between the expression levels of DSC2, DSC3, and the infiltration of various immune cells, highlighting the intricate relationship between the tumor microenvironment and melanoma progression (42). High DSC2 expression correlated with increased infiltration of CD4 memory activated T cells, dendritic cells, mast cells, and neutrophils, while negatively correlating with regulatory T cells and activated NK cells. Similar to our study, Li et al. found that the proportion of CD4+ memory-activated T cells is higher in metastatic melanoma. These T cells may become exhausted due to excessive activation, exhibiting tumor immune suppression (17, 43). Early infiltration of mast cells is found in various human and animal tumors, particularly malignant melanoma (44). Within the tumor, mast cells interact with infiltrating immune cells, tumor cells, and ECM through direct cell-cell interactions or by releasing various mediators capable of reshaping the TME (44, 45). Mast cells can facilitate tumor angiogenesis and tumor cell proliferation by releasing pro-angiogenic and pro-tumorigenic factors (46–48). Similarly, DSC3’s expression positively correlated with dendritic cells and neutrophil infiltration (49, 50). Neutrophils play a crucial role in tumor development by promoting tumor cell proliferation, invasion, and metastasis (51, 52). These findings suggest that DSC2 and DSC3 not only contribute to the oxidative stress response but also play a central role in modulating the immune landscape of SKCM.

A multitude of variables exert influence on the progression of tumors (53–56), encompassing proliferation, metastasis (57), and resistance to treatment (58). The role of oxidative stress in tumor immune infiltration represents a focal point of contemporary research interest (59). Excessive oxidative stress can detrimentally impact the immune system. For instance, elevated levels of oxidative stress may precipitate apoptosis or impair functionality in immune cells, thereby diminishing the efficacy of immune infiltration (60–62). Moreover, oxidative stress may facilitate the proliferation and functional enhancement of immune suppressive cells within the tumor microenvironment, such as TAMs, further inhibiting the immune cells’ action against tumors (63, 64). Currently, immunotherapy is recognized as an effective treatment strategy for various cancers (65). Yu et al. have delineated the interactions between oxidative stress and the TME suggesting the potential of oxidative stress to augment immunotherapy (66). Our findings indicate that high expression of DSC2 and DSC3 is indicative of an improved immune response (Figures 9A, B). However, this is inversely related to survival in patients undergoing anti-PD-1/PD-L1 therapy, while positively correlated with survival benefits in patients treated with anti-CTLA-4 therapy (Figure 10B). This suggests that the oxidative stress pathway may influence the expression patterns of CTLA-4.

Moreover, our study delves into the impact of these genes on drug resistance and response to immunotherapy (67, 68). The expression of DSC2, in particular, was found to influence SKCM patients’ sensitivity to immunotherapy and chemotherapy drugs, pointing toward its potential as a predictive biomarker for treatment response (69). This is critical, considering the increasing application of immunotherapy in SKCM treatment and the challenge of overcoming drug resistance. It is worth noting that Sven et al. found that knockdown of DSC2 in mice resulted in damaged colonic mucosal repair, which was associated with decreased levels of integrins β1 and β4 (70, 71). Additionally, Vite et al. observed that low expression of DSC2 was associated with ventricular developmental abnormalities (72). Therefore, in future studies targeting DSC2 for the treatment of SKCM, it is necessary to consider its role in protecting myocardium and intestinal mucosa function.

However, this study is not without limitations. The reliance on TCGA data, with its scarce normal samples, introduces potential biases (73), and the six hub genes identified may not cover all genes associated with SKCM survival (74). Furthermore, our conclusions are primarily drawn from bioinformatic analyses and require validation through experimental studies and prospective cohorts to confirm these genes’ roles in SKCM pathogenesis and their therapeutic potential.

In conclusion, this investigation enriches our understanding of melanoma’s molecular underpinnings, emphasizing the significance of oxidative stress and immune infiltration in its progression. The identified hub genes offer promising directions for future research into targeted therapies for SKCM, aiming to improve patient prognosis and combat resistance to existing treatments. Further experimental validation and clinical trials are essential to translate these findings into clinical applications, potentially revolutionizing melanoma treatment strategies.
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Background

There was little evidence of autologous stem cell transplantation (ASCT) as consolidation therapy after remission of induction for patients with Peripheral T-cell lymphoma (PTCL). In this study, we conducted a comparative analysis of real-world survival outcomes between consolidation therapy and observation in patients with PTCL.





Methods

A total of 92 patients with peripheral T-cell lymphoma (PTCL) who were admitted to the Department of Hematology, Huadong Hospital Affiliated with Fudan University from January 2013 to April 2019 were divided into two groups based on whether they were treated with high-dose therapy (HDT) followed by autologous hematopoietic stem cell transplantation (ASCT): ASCT as consolidation therapy (n=30) and observation (n=62). Clinical characteristics, treatment patterns, and survival outcomes were analyzed between the two groups. Univariate and Cox multivariate regression analyses were also performed to detect prognostic factors of survival.





Results

With a median follow-up time of 41 months, the median overall survival (OS) of peripheral T-cell lymphoma patients treated with ASCT was not reached; the median progression-free survival (PFS) was 77.0 months, which was much higher than that of patients without ASCT (p<0.003 for OS, p=0.015 for PFS). Subgroup analysis found that patients with high risks benefited more from ASCT. Combination with hemophagocytic lymphohistiocytosis (HLH) (p<0.001), clinical stage more than III (p=0.014), IPI score above 3 (p=0.049), and bone marrow involvement (p=0.010) were the independent prognostic factors significantly associated with worse OS and PFS. Additionally, pegylated liposomal doxorubicin (PLD)–containing chemotherapy regimen could bring a higher overall response rate (ORR) and prolong the survival of patients with PTCL who underwent ASCT.





Conclusion

ASCT may improve the long-term survival of patients with PTCL as consolidation therapy after achieving complete or partial remission of induction treatment, particularly for those with high risks. The chemotherapy regimen containing pegylated liposomal doxorubicin may induce deeper remission than traditional doxorubicin in PTCL. It is crucial to identify the specific groups most likely to benefit from upfront ASCT.
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1 Introduction

Lymphomas are malignant tumors originating from the lymphopoietic system. Compared with B-cell lymphoma, Peripheral T-cell lymphoma (PTCL) is more aggressive, and the treatment efficacy for PTCL is suboptimal, leading to a poor prognosis (1). PTCL is more prevalent on the Asian continent and accounts for approximately 10%–20% of cases of NHL, warranting further concern and research (2). The first-line treatment for PTCL often involves induction chemotherapy containing anthracyclines followed by autologous stem cell transplantation (ASCT) in many countries, although not confirmed by large prospective randomized controlled studies. Prospective data from studies of upfront ASCT consolidation in PTCL (excluding ALK-positive ALCL) have shown that this approach can prolong patient survival (3, 4). However, this recommendation was based on several single-arm prospective or retrospective studies, and the conclusions drawn from them were contradictory (5–9). Therefore, the role of ASCT as consolidation therapy for PTCL needs further clarification and validation. Additionally, identifying predictors of efficacy to screen for populations that would benefit more from ASCT consolidation is worth exploring.

Herein, we conducted this retrospective study to examine the effectiveness and safety of ASCT for the treatment of T-cell lymphoma and to define prognostic factors predicting survival benefit using real-world data.




2 Materials and methods



2.1 Study design

This was a single-center, retrospective study conducted at the Department of Hematology, Huadong Hospital affiliated with Fudan University (Shanghai, China). Clinical records of patients diagnosed with peripheral T-cell lymphoma from January 2013 to April 2019 were collected and analyzed. The study was approved by the Huadong Hospital ethics committee (2024K150). Clinical variables included gender, age, clinical presentation, pathological type, clinical stage, Eastern Cooperative Oncology Group (ECOG) score, International Prognostic Index (IPI), Epstein-Barr virus(EBV) infection status, hemophagocytic lymphohistiocytosis (HLH), treatment regimen, response, adverse effects, progression-free survival (PFS), and overall survival (OS).




2.2 Inclusion and exclusion criteria

All patients were diagnosed following the 2008 WHO classification criteria for lymphoma hematopoietic tissue tumors (10). Inclusion criteria were as follows: 1) clear diagnosis of PTCL by histopathology, including peripheral T-cell lymphoma, not otherwise specified (PTCL, NOS), anaplastic large-cell lymphoma [ALCL, with or without expression of the anaplastic lymphoma kinase (ALK+, ALK-)], angioimmunoblastic T-cell lymphoma (AITL), hepatosplenic T-cell lymphoma; 2) received standard treatment at our hospital and achieved complete response (CR) or partial response (PR) to induction therapy. All patients who underwent upfront transplantation were required to be younger than 65 years old and must have an Eastern Cooperative Oncology Group performance status score of <2; 3) complete clinical data, including staging assessment tests at the time of consultation, evaluation of efficacy during treatment, and regular follow-up examinations. Exclusion criteria were as follows: patients with other malignant tumors, those with active infections, or patients with vital organ dysfunctions such as abnormal liver, kidney, and heart functions. Patients were also excluded if they had severe concomitant medical or psychiatric illnesses or if they were seropositive for human immunodeficiency virus.




2.3 Treatment regimen

Patients were treated based on the NCCN guidelines by pathological staging, stage, and general condition. The dose of chemotherapy drugs or dosing cycles could be adjusted depending on treatment toxicities and patient tolerance. The first-line treatment regimen for T-cell lymphoma in our hospital is CHOP (doxorubicin 50 mg/m2 d1, cyclophosphamide 750 mg/m2 d1, vincristine 1.4 mg/m2 d1, prednisone 100mg d1-5) regimen and CDOP (cyclophosphamide 750 mg/m2 d1, pegylated liposomal doxorubicin (PLD, Shanghai Fudan-Zhangjiagang Bio-Pharmaceutical Co., Ltd, China), 20-40 mg/m2 d1, vincristine 1.4 mg/m2 d1, prednisone 100mg d1-5). We chose pegylated liposomal doxorubicin (PLD) or traditional doxorubicin according to the patient’s willingness, economic situation, and presence of chronic disease, especially heart function failure.

After standardized chemotherapy treatment with at least 4–6 cycles and remission (CR+PR) evaluated by 18-fluorodeoxyglucose positron emission tomography/computed tomography (PET/CT), patients were divided into two groups based on whether they underwent ASCT. The choice of ASCT depended on the patient’s age, physical status, disease status, and willingness: (1) the non-ASCT group (62 patients); (2) the ASCT group (30 patients).

All patients in this study in our center received HSCT with a conditioning regimen: Chemo-mobilization (cyclophosphamide(CTX) 30mg/kg + Etoposide(VP-16) 15mg/kg) according to institutional standards of care. G-CSF mobilization was given to patients during the beginning of myelosuppression recovery, with 5ug/kg G-CSF administered daily for 6 days. BEAM (carmustine, 300 mg/m2, -7d; etoposide, 200 mg/m2/d, -6d~-3d; cytarabine, 200 mg/m2/d, -6d~-3d; melphalan 140 mg/m2, -2d) was used as high-dose therapy (HDT) for patients. And in our center, the graft source is PBSC. Collection of blood grafts: Apheresis was initiated from the fifth day and continued daily for 2 days until the predetermined minimal target yield (mononuclear cells ≥2.0 × 10^8/kg and CD34+ cells ≥1.0 × 10^6/kg) was achieved. The apheresis was carried out initially with the Spectra AutoPBSC (Terumo BCT, Lakewood, Colorado) apheresis machine. The number of CD34+ cells in each apheresis bag was measured by flow cytometry using an International Society of Hemotherapy and Graft Engineering protocol with a single platform method at the stem cell laboratory of each apheresis center. The antibodies against the following cell surface markers were used: CD34, CD38, CD133, and CD45. All antibodies were provided by Beckman Coulter. The graft was infused on Day 0 without freezing. Filgrastim was administered after the graft infusion.




2.4 Evaluation of efficacy and toxic side effects



2.4.1 Response criteria

Responses were categorized as complete remission (CR), partial remission (PR), stable disease (SD), disease progression (PD), and overall response rate (ORR=CR+PR) after completion of six cycles of treatment using the revised IWG criteria based on CT or PET/CT.




2.4.2 Endpoint and follow-up

All patients were followed up on an outpatient basis or by telephone until December 31, 2021, and survival was calculated from the date of pathological confirmation. The duration of response (DOR) was defined as the time from the first evaluation of response as CR or PR to the first evaluation of PD or death from any cause. Overall survival (OS) time was defined as the time interval from the date of diagnosis to the date of death from any cause or the date of the last follow-up visit. Progression-free survival (PFS) time was defined as the time interval from the date of patient diagnosis to the date of disease progression, death, or final follow-up. In this study, OS and PFS were calculated monthly.




2.4.3 Safety

All adverse events (AE) and serious adverse events (SAE) were collected and graded according to the Common Terminology Criteria for Adverse Events (CTCAE-Version 4.0).





2.5 Statistical analysis

Descriptive statistics were used to present patient and treatment characteristics. Categorical variables were presented as n (%) and continuous variables were presented as mean ± standard deviations or median (interquartile range, IQR). A comparison of the characteristics of the two groups was performed using Fisher’s exact test or Pearson’s chi-squared test for categorical variables and Student’s t-test for continuous variables. Kaplan-Meier survival analysis was used to evaluate the OS and PFS, with the log-rank test used to compare the survival rates between the two groups. Hazard ratios (HRs) and corresponding 95% confidence intervals (CIs) were derived from Cox proportional-hazard regression models. To investigate the prognostic factors of PFS and OS, univariate and multivariate Cox analyses were conducted. A two-tailed p-value < 0.05 was considered statistically significant. SPSS 19.0 software was utilized for data comparison between the two groups, and graphs were drawn using Prism Version 8.0.1 (San Diego, CA, USA).





3 Results



3.1 Patient and treatment characteristics

Out of the 92 patients included in this analysis, 30 were in the ASCT group and 62 were in the non-ASCT group. The median age for all patients was 49.5 years (range: 18–83) for the entire cohort. The clinical characteristics of patients in the two groups are summarized in Table 1. The median age of patients in the ASCT group was younger than that in the non-ASCT group (36 vs. 52 years; p<0.001), and a higher proportion of patients with HLH(p<0.001) was observed in the ASCT group compared to the non-ASCT group. However, there were no significant differences in gender, IPI score, EBV infection rate, the presence of elevated lactate dehydrogenase (LDH), B2 microglobulin, or bone marrow involvement between the two groups.


Table 1 | Patient characteristics at baseline and treatment characteristics.



Regarding the induction treatment regimen, 13 patients (43.4%) in the ASCT group and 30 patients (48.4%) in the non-ASCT group received the CHOP regimen, and no significant difference was observed (p=0.777). All patients achieved complete remission (CR) or partial remission (PR) after receiving chemotherapy.




3.2 Survival analysis

With a median follow-up time of 41 months (range: 1–217), the median overall survival (OS) was 103.0 months (95% confidence interval [95%CI]: 0.0-223.2), with a 5-year OS rate of 62.1%. The median progression-free survival (PFS) was 18.0 months (95%CI: 0.00-50.749), with a 3-year PFS rate of 54.3% (as shown in Figure 1) in the entire cohort.




Figure 1 | Kaplan–Meier survival analysis of patients in ASCT and non-ASCT groups. (A) overall survival. (B) progression-free survival.



We then investigated the impact of ASCT on survival. At the end of the follow-up time, the disease relapse rate following transplant is 33.3%; NRM after ASCT is 1 case. A significantly higher OS rate at 5 years was observed in the ASCT group [80.5% (95%CI: 80.3%-80.7%) vs 52.2% (95%CI: 52.0%-52.4%), Figure 1], with a median OS not reached (95%CI: not estimated) in the ASCT group compared to 87.0 months (95%CI: 3.6-202.4) in the non-ASCT group (p=0.003). The PFS was also significantly better in the ASCT group [59.8% (95%CI: 59.6%-60.0%) vs 38.2% (95%CI: 38.1%-38.3%)] at 3 years, with a median PFS of 77.0 months (95%CI: 0.1-153.9) in the ASCT group compared to 13.0 months (95%CI: 5.1-20.9) in the non-ASCT group (p=0.015).




3.3 Prognosis factors

In the univariate analysis (Table 2), IPI score (p=0.014), LDH elevation (p=0.024), B2-MGs elevation (p=0.009), bone marrow involvement (p=0.002), combination with HLH (p<0.001), and upfront auto-HSCT (p=0.007) were significantly associated with OS (p<0.05). Additionally, B2-MGs elevation (p=0.047), bone marrow involvement (p=0.002), combination with HLH (p=0.001), and ASCT consolidation therapy (p=0.020) were significantly associated with PFS (p<0.05).


Table 2 | Comparison of the effect of treatment in patients with different clinical features.



In the multivariate analysis, a combination with HLH (p<0.001) and ASCT consolidation therapy (p=0.005) were significantly associated with OS (p<0.05). Furthermore, clinical stage (p=0.014), IPI score (p=0.049), bone marrow involvement (p=0.010), combination with HLH (p<0.001), and ASCT consolidation therapy (p<0.001) were significantly associated with PFS (p<0.05).

Additionally, we conducted univariate analysis to evaluate the impact of ASCT on OS by subgroups (Table 3). A single-factor stratification study revealed that compared with the non-ASCT group, ASCT as a consolidation regimen was beneficial in increasing the long-term OS rate, particularly for males [p = 0.001, HR 0.15 (95% CI: 0.04–0.66)], patients with stage III or IV disease [p = 0.002, HR 0.15 (95% CI: 0.05-0.50)], patients with an IPI score ≥ 3 [p = 0.050, HR 0.13 (95% CI: 0.02-1.00)], those with high LDH [p= 0.024, HR 0.24 (95% CI: 0.07-0.83)] and high B2-MG [p= 0.034, HR 0.21 (95% CI: 0.05-0.89)], patients with bone marrow involvement [p= 0.033, HR 0.20 (95% CI: 0.05-0.88)], and EBV infection [p= 0.033, HR 0.20 (95% CI: 0.05-0.88)]. ASCT demonstrated a tendency to prolong OS in patients with HLH at diagnosis [p=0.052, HR 0.23 (95% CI: 0.05-1.02)]. Details are presented in Table 3.


Table 3 | Forest plot of overall survival stratified by baseline characteristics.



For PFS, univariate analysis by subgroups revealed that patients with stage III or IV disease [p= 0.005, HR 0.35 (95% CI: 0.17-0.72)], and those with an IPI score ≥ 3 [p= 0.028, HR 0.20 (95% CI: 0.05-0.84)] and high LDH [p=0.027, HR 0.33 (95% CI: 0.13-0.88)] would benefit from ASCT. Details are presented in Table 4.


Table 4 | Forest plot of progression-free survival stratified by baseline characteristics.






3.4 Additional analysis of patients who received ASCT

Further analysis was conducted in patients who received ASCT to determine which type of patients could benefit more. Patients treated with the PLD-containing chemotherapy as an induction regimen had significantly higher OS rates at 5 years [91.7% (95%CI: 91.5%-91.9%) vs. 71.4% (95%CI: 71.1%-71.7%)] and PFS rates at 3 years [76.0% (95%CI: 75.8%-76.2%) vs. 45.1% (95%CI: 44.8%-45.4%)] than those treated with traditional doxorubicin (pOS=0.038, pPFS=0.022) (Figure 2).




Figure 2 | Kaplan–Meier survival analysis of patients who received PLD or doxorubicin chemotherapy regimens followed by ASCT. (A) Overall survival. (B) Progression-free survival.



To further investigate the reasons for these results, we analyzed the overall response rate (ORR) of induction therapy in patients before ASCT. Patients in the PLD–containing chemotherapy regimen group had a higher ORR [82.6% (95%CI: 59.8%-102.7%) vs 60.9% (95%CI: 27.5%-86.8%), p=0.021]. Among them, 7 patients achieved complete remission (CR) in the PLD–containing chemotherapy regimen group, with a CR rate of 50.0%(95%CI: 20.0%-80.0%). In the CHOP group, 3 patients achieved CR with a CR rate of 37.5%(95%CI: -5.80%-80.8%). Although the CR rate of patients in the CDOP group was higher, the difference was not statistically significant (p=0.077), indicating a tendency towards benefit among patients with PTCL in terms of chemotherapy efficacy, resulting in better survival outcomes.




3.5 Safety

Safety during therapy was assessed for the 30 patients who underwent HSCT. All adverse events are presented in Table 5. The most common adverse events with grade 3-4 severity were febrile neutropenia (100%) and nausea and vomiting (76.7%). There were no occurrences of veno-occlusive disease/sinusoidal obstruction syndrome (VOD/SOS, 0%). Additionally, no cardiac adverse events were reported in the ASCT group during the long-term follow-up periods, as monitored by myocardial markers and cardiac echography.


Table 5 | Adverse Events related to the regimen (n=30).







4 Discussion

In this study, we collected real-world clinical data from 92 patients at Huadong Hospital affiliated with Fudan University. With similar baseline clinical characteristics between the ASCT group and non-ASCT group, multivariate analysis demonstrated a significant benefit of consolidation therapy with ASCT after remission of induction in PTCL, (median PFS of 77.0 months and a median OS not reached).

Peripheral T-cell lymphoma (PTCL), a heterogeneous disease with multiple pathological subtypes, is characterized by its aggressiveness and propensity for drug resistance and disease progression, resulting in unfavorable survival outcomes (11). Despite CHOP and CHOP-like chemotherapy regimens containing anthracyclines being the standard first-line treatment for TCL, their efficacy remains unsatisfactory (12). Autologous stem cell transplantation (ASCT), shown to significantly improve patient survival compared to chemotherapy alone in multiple studies (13–15), has demonstrated 5-year overall survival (OS) and progression-free survival (PFS) rates of 80% and 67%, respectively, in the consolidation set after the first remission in a retrospective study (16). Similar results have been observed in several prospective single-arm trials (4–7). However, conflicting results have emerged from another study (9), and the absence of randomized clinical trials has precluded the establishment of a definitive consensus regarding the role of ASCT as upfront consolidation therapy for PTCL patients.

In the present study, we directly compared the survival outcomes between patients who underwent ASCT and those who only received observation after remission of induction treatment. We found that ASCT was significantly associated with favorable survival outcomes. The median overall survival (OS) of patients who underwent ASCT was not reached, with a 5-year OS rate of 80.5%, a median progression-free survival (PFS) of 77 months, and a 3-year PFS rate of 59.8%, all of which were much higher than the rates observed in patients who did not undergo transplantation. These results are consistent with previous studies (17, 18), suggesting that ASCT can serve as effective consolidation therapy following induction chemotherapy remission in patients with PTCL, leading to a significant improvement in long-term survival.

In addition to ASCT, the multivariate analysis revealed that the presence of HLH in combination was also identified as an independent prognostic factor associated with worse progression-free survival (PFS) and overall survival (OS). HLH, characterized by an ineffective immune response resulting from abnormal overactivity accompanied by an inflammatory cytokine storm, leads to multisystem damage and rapid deterioration. In patients with lymphoma, the presence of HLH indicates a poor prognosis and early mortality (19). The 30-day survival rate in the acute phase of malignancy-associated HLH ranges from 18% to 70%, and the median survival time is reported to be between 36 and 230 days; T-cell lymphoma-associated HLH carries a worse prognosis compared to B-cell lymphoma-associated HLH (20).

Additionally, to identify the population that may benefit more from ASCT, we conducted a subgroup analysis. Although limited by a small sample size, patients with stage III or IV disease, an IPI score ≥ 3, or high LDH levels may achieve better progression-free survival (PFS) and overall survival (OS) from ASCT. Similar results were reported in a previous study (18).

Pegylated liposomal doxorubicin (PLD), a novel chemotherapeutic agent with targeted anticancer properties, acts directly at the tumor site, mitigating the drawbacks associated with the high cardiotoxicity of free anthracycline drugs, thereby achieving improved safety in clinical practice. Studies have indicated that combination therapy with PLD following ASCT is effective, and its use as a bridge to transplantation is deemed safe (21). PLD has demonstrated efficacy in certain lymphomas with acceptable adverse effects, particularly benefiting elderly patients (22, 23). In our study, patients treated with PLD-containing induction chemotherapy regimens exhibited a higher overall response rate (ORR) better progression-free survival (PFS), and overall survival (OS) compared to those treated with traditional doxorubicin. This finding is consistent with the results reported by Xia (24). Studies have indicated that PLD is less extruded by pegylation and inhibits pump activity compared to Adriamycin, suggesting that PLD may be more effective against drug-resistant lymphomas than conventional Adriamycin (25). Some studies have substituted pegylated liposomal doxorubicin (PLD) for doxorubicin in CHOP regimens for the treatment of lymphoma in older patients, reporting reduced cardiotoxicity and potentially improved disease control (26, 27). Thus, PLD could be considered an effective alternative for bridging high-risk patients to transplantation.

The retrospective design of the study implies that unintentional bias and confounding variables may unavoidably exist. There are three major limitations to consider. Firstly, the patients included in this study were exclusively from our hospital, potentially introducing selection bias. Secondly, the relatively small sample size limited the statistical power of the study, particularly in subgroup analyses. Finally, the decision not to undergo ASCT was partly influenced by patients’ general condition, which could be associated with worse survival outcomes.

Overall, autologous stem cell transplantation (ASCT) can serve as a consolidation therapy following chemotherapy in PTCL patients, substantially extending long-term survival with an acceptable safety profile. Certain subgroups, particularly those with high risks, may derive greater benefits. Additionally, chemotherapy regimens containing pegylated liposomal doxorubicin (PLD) for PTCL patients may yield higher remission rates compared to conventional doxorubicin-containing chemotherapy regimens. However, due to the limitations of this study, a large multicenter randomized trial is warranted to validate these conclusions.
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Before PSM After PSM
Variable TACE TACE
Patients 302 908 214 214
Male sex 260 (86.1) 764 (84.1) 0415 183 (85.5) 185 (86.4) 0.888
Age = 60 years 104 (34.4) 314 (34.6) 0.964 75 (35.0) 82 (38.3) 0558
Child-Pugh score 0718 0.192
i 5 130 (43.0) 399 (43.9) 101 (47.2) 91 (42.5)
6 94 (31.1) 265 (29.2) 63 (29.4) 65 (30.4)
7 48 (15.9) 151 (16.6) 6 (16.8) 39 (18.2)
8 14 (4.6) 56 (6.2) 6(2.8) 11 (5.1)
9 16 (53) 37 (41) 8(3.7) 8(37)
Number of tumors > 2 217 (719) 691 (76.1) 0.140 162 (75.7) 168 (78.5) 0451
Tumor diameter, cm <0.001 0974
25<7 108 (35.8) 212 (233) 63 (29.4) 65 (30.4)
27,<10 86 (28.5) 277 (305) 63 (29.4) 63 (29.4)
210 108 (35.8) 419 (46.1) 88 (41.1) 86 (40.2)
Serum AFP, ng/ml 0.386 0.078
<200 137 (45.4) 389 (42.8) 93 (43.5) 100 (46.7)
> 200, < 400 24 (7.9) 58 (6.4) 20 (9.3) 10 (4.7)
> 400 141 (46.7) 461 (50.8) 101 (47.2) 104 (48.6)
ALP levels > 125 U/L 196 (64.9) 632 (69.6) 0.128 137 (64.0) 146 (68.2) 0.407
Platelet count > 100 x 10°/L 232 (76.8) 700 (77.1) 0.923 170 (79.4) 161 (75.2) 0342
ALT levels > 40 U/L 170 (56.3) 509 (56.1) 0.943 120 (56.1) 120 (56.1) 1.000
Leukocyte > 4 x 10°/L 256 (84.8) 753 (82.9) 0.457 188 (87.9) 172 (80.4) 0.052
Number of TACE > 2 - 314 (34.6) - 63 (29.4)
Radiotherapy modalities
GKR 179 (59.3) - 146 (68.2) -
IMRT 101 (33.4) =~ 8 (27.1) -
SBRT 22(73) - 10 (4.7) -
BCLC stage <0.001 0200
A 19 (63) 106 (11.7) 16 (75) 9 (42)
B 30 (9.9) 181 (19.9) 7 (12.6) 28 (13.1)
¢ 253 (83.8) 621 (68.4) 171 (79.9) 177 (82.7)
Cheng’s type of PVTT 233 (772) 502 (55.3) <0.001 156 (72.9) 164 (76.6) 0494
-1 109 (36.1) 282 (31.1) 86 (40.2) 89 (41.6)
-1V 124 (41.1) 220 (242) 70 (32.7) 75 (35.0)
Etiology
HBV 196 (64.9) 546 (60.1) 0.140 135 (63.1) 131 (61.2) 0762
HCV 2(07) 20 (2.2) 0.083 6(2.8) 6(238) 1.000
I Alcohol 118 (39.1) 321 (354) 0244 83 (38.8) 74 (34.6) 0431
Lymph node metastasis 82 (27.2) 251 (27.6) 0.869 57 (26.6) 63 (29.4) 0581
Extrahepatic metastases 76 (25.2) 225 (24.8) 0.893 55 (25.7) 65 (30.4) 0308
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radiotherapy, GKR, gamma knife radiosurgery; BCLC, Barcelona Clinic Liver Cancer; PVTT, portal vein tumor thrombus; HBV, hepatitis B virus; HCV, hepatitis C virus; PD-1, programmed
death 1; EBRT, External beam radiation therapy; TACE, transcatheter arterial chemoembolization.
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Univariable Cox regression Multivariable Cox regression

Variable HR 95%Cl HR 95%Cl p
Sex (male/female) 0.904 0.638-1.280 0.569
Age (260/<60 years) 1012 0.789-1.299 0.924
Child-Pugh class (B/A) 2.066 1.574-2.712 <0.001 1614 1.193-2.184 0.002
Number of tumor (22/<2) 1.504 1.112-2.035 ‘ 0.008 1.254 0.883-1.780 0.206
Tumor diameter (210/<10 cm) 1.698 1.327-2.174 <0.001 1.185 0.905-1.550 0.217
AFP (2400/<400 ng/ml) 1457 1.141-1.859 0.003 LI111 0.854-1.446 0.432
ALP (2125/<125 U/L) 2.054 1.567-2.694 <0.001 1.494 1.105-2.021 0.009
Platelet (=100000/<100000/uL) 1.401 1.035-1.896 0.029 1.326 0.966-1.820 0.081
ALT (240/<40U/L) 1.565 1.219-2.010 <0.001 1171 0.894-1.534 0.251
Leukocyte (24000/<4000/uL) 1.038 0.743-1.450 0.827
BCLC <0.001 0.468
A 1.000 1.000
B 1274 0.665-2.441 0.465 0.914 0.435-1.921 0.813
C 2643 1.493-4.680 0.001 1.340 0.621-2.893 0.456
Cheng’s type of PVTT 2138 1.585-2.885 <0.001 1.147 0.685-1.919 0.603
HBV (positive/negative) 1192 0.927-1.533 0.170
HCV (positive/negative) 1.300 0.690-2.447 0417
Alcoholism (positive/negative) 1.151 0.898-1.476 0.266
Lymph node metastasis (yes/no) 1.288 0.987-1.681 0.062
Extrahepatic metastases (yes/no) 1.247 0.957-1.625 0.103
Treatment (EBRT/TACE) 0.689 0.540-0.880 0.003 0.705 0.551-0.902 0.005

PSM, propensity score matching; HR, hazard ratio; AEP, alpha fetoprotein; ALP, alkaline phosphatase; ALT, alanine transaminase; BCLC, Barcelona Clinic Liver Cancer; PVTT, portal vein
tumor thrombus; HBV, hepatitis B virus; HCV, hepatitis C virus; EBRT, External beam radiation therapy; TACE, transcatheter arterial chemoembolization.
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