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Background

Gliomas are the most common intracranial nervous system tumours that are highly malignant and aggressive, and mitochondria are an important marker of metabolic reprogramming of tumour cells, the prognosis of which cannot be accurately predicted by current histopathology. Therefore, Identify a mitochondrial gene with immune-related features that could be used to predict the prognosis of glioma patients.





Methods

Gliomas data were downloaded from the TCGA database and mitochondrial-associated genes were obtained from the MITOCARTA 3.0 dataset. The CGGA, kamoun and gravendeel databases were used as external datasets. LASSO(Least absolute shrinkage and selection operator) regression was applied to identify prognostic features, and area and nomograms under the ROC(Receiver Operating Characteristic) curve were used to assess the robustness of the model. Single sample genomic enrichment analysis (ssGSEA) was employed to explore the relationship between model genes and immune infiltration, and drug sensitivity was used to identify targeting drugs. Cellular studies were then performed to demonstrate drug killing against tumours.





Results

COX assembly mitochondrial protein homolog (CMC1), Cytochrome c oxidase protein 20 homolog (COX20) and Cytochrome b-c1 complex subunit 7 (UQCRB) were identified as prognostic key genes in glioma, with UQCRB, CMC1 progressively increasing and COX20 progressively decreasing with decreasing risk scores. ROC curve analysis of the TCGA training set model yielded AUC (Area Under The Curve) values >0.8 for 1-, 2- and 3-year survival, and the model was associated with both CD8+ T cells and immune checkpoints. Finally, using cellMiner database and molecular docking, it was confirmed that UQCRB binds covalently to Amonafide via lysine at position 78 and threonine at position 82, while cellular assays showed that Amonafide inhibits glioma migration and invasion.





Conclusion

Our three mitochondrial genomic composition-related features accurately predict Survival in glioma patients, and we also provide glioma chemotherapeutic agents that may be mitochondria-related targets.





Keywords: candidate drugs, glioma, mitochondria, prognostic, signature





Introduction

Gliomas are the most prevalent type of tumor found in the brain and spinal cord, with an estimated global incidence of 6 cases per 100,000 people annually (1). These tumors are classified into four grades, ranging from Grade I to Grade IV, with Grade II, III, and IV gliomas having progressively lower median overall survival rates (2, 3). Low-grade gliomas have a better prognosis than glioblastomas, with 70% of patients developing a glioblastoma within 10 years; however, overall, patients with gliomas have a poor prognosis and shorter survival (4). Early diagnosis and risk assessment are essential for the successful treatment of gliomas, and neuroimaging techniques such as magnetic resonance imaging (MRI) are commonly used for diagnosis and monitoring. However, imaging may not be able to differentiate between true tumor progression and pseudo-progression (5), leading to delays in treatment and possible clinical interventions. Current treatments for gliomas include maximal surgical resection of the neoplasm, postoperative radiotherapy, and chemotherapy; however, due to the aggressive nature of gliomas, which are resistant to both radiotherapy and chemotherapy (1), clinical treatment remains challenging. Therefore, the development of effective and innovative prognostic models and relevant drug targets is an urgent and critical task for the early diagnosis and drug treatment of gliomas.

Mitochondria are organelles involved in bioenergetics, biosynthesis, and signaling, and are also components of stress perception, providing a powerful guarantee of cellular adaptation to the environment. Recent evidence suggests that one of the reasons for the formation of treatment-resistant cells in gliomas with mitochondrial involvement is metabolic reprogramming, and that glioma cells frequently metabolize glucose to lactate even in the presence of oxygen (the Warburg effect), allowing tumor cells to use glucose-derived carbon to synthesize essential cellular components while still producing sufficient Adenosine triphosphate (ATP) to power cellular responses (6, 7). Glioma cells are highly reliant on mitochondrial oxidative phosphorylation (OXPHOS) for ATP generation, and glioma cells with a preference for aerobic glycolysis can produce OXPHOS in the absence of glucose (8, 9). This indicates that tumor cells can undergo metabolic reprogramming through the action of mitochondria and possess the ability to undergo different energy metabolic conversions depending on tumor microenvironmental conditions, which facilitates tumor growth. However, the relationship between mitochondria-related genes and the prognosis of glioma patients remains to be elucidated.

In this study, we first determined the expression of Mitochondrial related differentially expressed genes (Mit-DEGs)in glioma samples by obtaining mRNA expression data from the mitochondrial gene set and glioma and corresponding clinical data from patients, respectively, based on publicly available data. We then constructed prognostic models of mitochondria-associated genes in the TCGA dataset and validated them by characterizing the mitochondria-associated genes in the CGGA, kamoun, and gravendeel datasets. Additionally, we used three normal brain tissues and four glioma tissues to examine protein expression in the models, and further annotated the risk groups of the prognostic models for function and explored the mechanisms. Finally, we identified drugs as mitochondria-related therapeutic targets for gliomas and used molecular docking to demonstrate that UQCRB binds covalently to Amonafide via lysine at position 78 and threonine at position 82, and that cellular assays suggest that Amonafide inhibits migration and invasion of gliomas.





Materials and methods




Data download

RNA-seq data for 529 low-grade gliomas (LGG), 168 High grade gliomas (GBM) and 1152 normal brain samples were downloaded from the UCSC database (http://xena.ucsc.edu/)(10) and in the TCGA database (https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga) to download RNA-seq data for 693 glioma samples and corresponding patient clinical data, with clinical and RNA-seq data for 693 and 325 glioma samples downloaded from the CGGA database (http://www.cgga.org.cn/). Other glioma data from the GlioVis database (http://gliovis.bioinfo.cnio.es/)(11).were used as from the Mitochondrial Associated Gene Dataset (https://www.broadinstitute.org/mitocarta/mitocarta30-inventory-mammalian-mitochondrial-proteins-and-pathways.) to retrieve a total of 809 mitochondrial genes relevant in brain tissue (12) and the above glioma data include LGG and GBM





Differentially expressed gene search

Gene expression data from normal brain tissues of ucsc were merged with gene expression data from TCGA glioma, and differentially expressed genes were obtained by screening the tissues for high and low expression using R software (version 4.2.1), with the following screening conditions: (fdrFilter=0.05; logFCfilter=2). The mitochondria-related genes among the obtained brain tissues were intersected with the (TCGA-LGG and TCGA-GBM) differentially expressed genes and considered as differentially expressed mitochondria-related genes in glioma.





Prognostic model construction and validation

The differentially expressed mitochondrial-associated genes were extracted from the TCGA, CGGA, kamoun and gravendeel databases by R software, and the differentially expressed mitochondrial gene expression matrices were subjected to one-way Cox regression analysis to determine prognosis (p<0.05). One-way Cox regression of prognostic genes was included in the LASSO regression, which was performed by using the R package “glmnet” (13) and the R package “survminer” to compare Overall Survival (OS) between high and low risk groups. The above operations were performed on the CGGA, kamoun, gravendeel training set and validation set.

The availability and calibration curves of the nomogram graphs were evaluated by using R software to create Nomogram prognostic plots TCGA and CGGA cohorts of factors based on the independent prognostic model (14), by c-index of univariate and multivariate Cox regression analysis. Calibration curves were also plotted for 1-, 2- and 3-year predictions, assessing the maintenance of agreement between predictions and actual survival.





Prognostic model gene set enrichment analysis

GSEA has been widely used for the identification of potential pathways (15). Explore the impact of gliomas and their diagnostic genes on disease progression mechanisms, and the above results were visualized using the limma package.





Immunological correlation evaluation

As in our previous work, ssGSEA was used (16). In brief. Expression data (ESTIMATE) was used to estimate stromal and immune cells in malignant tumours used to calculate tumour purity, stromal score, immune score and ESTIMATE score in glioma cases. The relationship between immune function and immune cells and prognostic models was explored. Scoring files were merged with clinical data to explore the relationship between subgroups of the prognostic model and the survival of immune cells, and to explore the correlation between key differential genes in the prognostic model and immune cells in GBM versus LGG.





Exploring the expression and prognosis of key DEGs

These key DEGs were imported onto the Human Protein Atlas (HPA) for validation (http://www.proteinatlas.org/)(17). Three normal tissue and four glioma tissue samples were also used for Western Blot protein content validation.





Screening for potential small molecule drugs and molecular docking

The CellMiner database (https://discover.nci.nih.gov/cellminer/home.do) was used to find relevant drugs for the model genes (18). and the results were finally visualised using ggplot2. The 2D structures of potential active ingredients and key DEG targets were then downloaded from Pubchem (https://pubchem.ncbi.nlm.nih.gov/) and PDB database (http://www.rcsb.org/) respectively, and then, using autoDOCK software(19), the molecular target to small molecule drugs was completed docking analysis. Finally, the molecular docking of drug small molecules to protein macromolecules was verified using PyMOL software (v.2019.0102) to demonstrate their good interaction sites.





Cell culture

Human glioma cell line U251、 A172 and Human astrocytes SVGp12 were purchased from American Type Culture Collection (ATCC, USA). U251 and A172 cells were cultured in DMEM/high-glucose medium containing 10% FBS and 1% penicillin−streptomycin and placed in a 5% CO2 humidified incubator at 37°C.





Reagents

Amonafide (CAS No. 69408-81-7, 10 mM*1 mL in DMSO) was purchased from MedChemExpress (MCE, Shanghai, China) and stored at -20°C. Amonafide was diluted at a concentration of 500 μM as the working solution and stored at -4°C. Dulbecco’s modified Eagle’s medium (DMEM)/high glucose and phosphate-buffered saline (PBS) were purchased from Servicebio (Wuhan, China). Foetal bovine serum (FBS) was purchased from HYCEZMBIO (Wuhan, China). Penicillin−streptomycin was purchased from Gibco (Grand Island, NY, USA). GAPDH antibody (AC001), CMC1 antibody (A21111), and HRP Goat Anti-Rabbit IgG (AS014) were purchased from ABclonal (Wuhan, China). UQCRB antibody (10756-1-AP), COX20 antibody (25752-1-AP) were purchased from Proteintech Group, Inc (Wuhan, China).





Cell viability assay

Cells were resuspended and seeded in 96-well plates at a density of 3000 cells per well. After cell adherence, cells were treated with serial concentrations of Amonafide for 24 h and 48 h. According to the protocol of the Cell Counting Kit-8 (Servicebio, Wuhan, China), the absorbance value of each well was measured by using a multifunctional microplate reader (SpectraMax iD3, USA) at 450 nm after adding 10 μl CCK-8 reagent. Cell viability was calculated based on the absorbance values by using the formula: cell viability (%) = (Adrug - Ablank)/(Acontrol- Ablank) × 100%.





Colony formation assay

A total of 1000 cells per well were plated in a 6-well plate. After cell adherence, the cells were pretreated with Amonafide for 24 h. Then, the cells were cultured with 2 ml medium containing 10% foetal bovine serum in an incubator and refreshed every three days. Fourteen days later, the cells were fixed in 4% paraformaldehyde and stained with crystal violet solution (Servicebio, Wuhan, China). Colonies were captured using a camera and calculated using Image J software.





Wound healing assay

Cells were resuspended with serum-free medium and plated into 6-well plates at a density of 1×106 cells per well overnight. Next day, a 200-μl sterile pipette tip was used to make three scratches in the bottom of each well at roughly equal distance from each scratch. Exfoliated cells were washed with PBS for three times. Scratches were imaged under a microscope to define as the control condition after washing the exfoliated cells thoroughly. Then, the cells were treated with different concentrations of Amonifade (0, 2.5, 5 μM) for 24 h. Scratches were observed and imaged using microscope and the migration distance was calculated by using Image J software.





Transwell invasion assay

Transwell chambers (8-μm micropores, 6.5 mm diameter, Corning Costar, USA) were placed above 24-well plates for invasion assay. Matrigel was dissolved at 4°C overnight and diluted to 1 mg/ml in the medium. 50 μl Matrigel (1 mg/ml, Corning, USA) was added into the upper chambers. After the Matrigel solidified, cells were suspended in medium containing Amonifade (0, 2.5, 5 μM) and seeded at a density of 1×105 cells per well in the upper chambers, and 600 μl medium containing 20% FBS was added to the lower chambers. The upper chambers were placed into the lower chambers, and all systems were incubated at 37°C for 24 h. Next, the upper chambers were rinsed with PBS thrice and fixed in 4% paraformaldehyde for 15 min. Superfluous cells and Matrigel on the upper chambers above the membrane were wiped off. Then, 0.1% crystal violet was used to stain the penetrated cells for 30 min. The migratory cells were captured under a microscope and counted by ImageJ software.





Western blot analysis

Western blotting was performed as previously described (20), and proteins from cells or tumour tissues were extracted with RIPA lysis buffer containing PMSF or protease inhibitor cocktail (Beyotime, Shanghai, China). The concentration of protein was determined by a BCA protein assay kit (Beyotime, Shanghai, China), and proteins were denatured before storage at -20°C. In brief, the samples were separated by 10% SDS−PAGE and transferred to PVDF membranes. Then, the membranes were sealed with QuickBlock™ Western blocking buffer (Beyotime, Shanghai, China) for 1 h. After rinsing with tris buffered saline with Tween-20 (TBST) three times, the membranes were incubated with primary antibodies overnight at 4°C. The next day, the membranes were rinsed with TBST and incubated with secondary antibodies at room temperature for 1 h. For detection, the membranes were soaked in enhanced ECL solution (Beyotime, Shanghai, China), and images were captured using a UVP BioSpectrum Imaging System (BioSpectrum 510, USA).





Statistical analysis

In this study, all statistical analyses were performed using Perl software and the R. The Wilcoxon rank sum test was used to compare the two paired groups. p-values < 0.05 were considered statistically significant. All data were expressed as mean ± standard deviation (SD) and analysed using GraphPad Prism software (version 8.0). Statistical analysis was performed by one-way ANOVA or Dunnett’s post hoc test. Statistical significance was shown as P<0.05.






Results




Research course

Figure S1 shows the general process of the study: firstly, the UCSC database was used to screen the glioam DEGS, and a total of 809 mitochondrial genes associated with brain tissue were retrieved from the mitochondrial-associated gene dataset, and the differential genes were taken with the mitochondrial genes, and the biology of the intersecting differential genes leading to the disease and the possible mechanisms leading to the disease were explored by Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG). Lasso regression analysis was then used to find mitochondrial model genes and the model was validated using CGGA, kamoun and gravendeel datasets. The final analysis was performed using single gene GSEA pathway analysis. Correlations between individual model genes and immune cells were then explored, and the CellMiner database was used to predict the drug sensitivity of the final model markers screened for possible drugs to treat gliomas, and molecular docking was used to explore the mechanisms of their interactions. Ultimately, the proliferation, migration and invasive ability of predicted drugs on cells was explored through tissue samples and U251 and A172 cell lines.





Identification of differentially expressed DEGs

As shown in Figure 1. brain and spinal cord tissue mitochondria-related genes were collated from the MitoCarta 3.0 database of 809. We then matched the 809 MRGs with LGG, GBM-associated differentially expressed mRNA data, and Figure 1A shows a volcano map of DEGs in GBM. Figure 1B shows the volcano map of DEGs in LGG. The results in Figure 1C are:Venn diagram of GBM and LGG mitochondria-associated differentially expressed genes. Forty-seven DEGs were identified, including 45 down-regulated DEGs and 2 down-regulated DEGs shared by LGG and GBM. (|logFC|>2.0, fdrP value <0.05)




Figure 1 | Differential analysis of glioma mitochondria-related genes. (A) Volcano map of differentially expressed genes in glioblastoma. Figure (B) Volcano map of differentially expressed genes in low-grade gliomas. Figure (C) Venn diagram of mitochondria-associated differentially expressed genes in glioblastoma and low-grade glioma.







GO and KEGG enrichment analysis of Mit-DEGs

Forty-seven DEGs were subjected to GO and KEGG enrichment analyses, with GO analysis mainly enriching for mitochondrial respiratory chain complex assembly, oxidative phosphorylation, mitochondrial translation (Figures 2A, B), KEGG analysis was mainly enriched in the Oxidative phosphorylation pathway (Figures 2C, D).




Figure 2 | GO and KEGG enrichment analysis of mitochondria-associated differentially expressed genes. (A) bubble plot of GO enrichment analysis of 47 mitochondria-associated differentially expressed genes; (B) loop of GO enrichment analysis; (C) bubble plot of KEGG enrichment analysis of 47 mitochondria-associated differentially expressed genes; (D) loop of KEGG enrichment analysis.







Protein-protein interaction network of Mit-DEGs

The results of the protein-protein interaction network analysis (Figures S2A, B) showed that the proteins encoded by the top 10 hub genes were cytochrome c oxidase subunit 4 isoform 1 (COX4I1), succinate dehydrogenase cytochrome b560 subunit (SDHC), NADH dehydrogenase [ubiquinone] 1β subcomplex subunit 8 (NDUFB8), cytochrome c oxidase sub unit 6C (COX6C), cytochrome b-c1 complex subunit 7 (UQCRB), NADH dehydrogenase [ubiquinone] 1α subcomplex subunit 13 (NDUFA13), NADH dehydrogenase [ubiquinone] 1α subcomplex subunit 7 (NDUFA7), NADH dehydrogenase [ubiquinone] flavoprotein 2 (NDUFV2), NADH dehydrogenase [ubiquinone]1α subcomplex subunit 11 (NDUFA11), mitochondrial contact point and cristae organizing system subunit 10 (MINOS1).





Mit-DEGs prognostic model construction

we identified 16 significantly associated DEGs (P<0.001); (Figure 3A) of which 11 genes, including Mitochondrial ribosomal protein S24 (MRPS24), Ferritin heavy chain (FTH1), CMC2, NDUFA11, Microsomal glutathione S-transferase 3 (MGST3), CMC1, D-beta-hydroxybutyrate dehydrogenase (BDH1), Proline dehydrogenase 1 (PRODH), SDHC, NADH dehydrogenase [ubiquinone] 1 alpha subcomplex subunit 3 (NDUFA3), Enoyl-CoA hydratase domain-containing protein 2 (ECHDC2), were identified as risk factors (P< 0.001). While five, including COX20, Carnitine O-palmitoyltransferase 1 (CPT1B), Mitochondrially encoded atp synthase membrane subunit 8 (MT-ATP8), UQCRB and Creatine kinase (CKMT1A), were considered as protective factors (P< 0.001). To prevent overfitting and eliminate the highly correlated Mit-DEGs lasso regression analysis was performed (Figures 3B, C). Three DEGs were identified by multifactorial Cox regression analysis, namely: UQCRB, CMC1, COX20 and used to tap into mitochondria-related prognostic features. A signature was created to assess the prognostic risk score for each glioma patient = (-0.27065 x UQCRB expression) + (0.28075 x CMC1 expression) + (-0.475444 x COX20 expression), and the results are shown in (Figure 3D): HR for UQCRB = 0.763 (0.721-0.807) HR=1.324 (1.213-1.445) for CMC1 and 0.622 (0.477-0.811) for COX20. p<0.001.




Figure 3 | Mitochondrial-associated differential gene prognostic model construction. (A) One-way Cox risk regression for mitochondria-associated differential genes; (B) vertical coordinate is Binomial Deviance (dichotomous abnormality). (C) Each curve in the figure represents the trajectory of each independent variable coefficient. The vertical coordinate is the value of the coefficient, the lower horizontal coordinate is log(λ), and the upper horizontal coordinate is the number of non-zero coefficients in the model at this point. (D) Mitochondria-associated differential genetic multifactorial Cox risk regression.







Development of Mit-DEGs related features

The risk scores of the 693 glioma patients were calculated as described above, and the patients were divided into high and low risk groups according to the median risk score. CMC1 was highly expressed in the high-risk group, while UQCRB and COX20 were highly expressed in the low-risk group (Figure 4A). The scatter plot of the model in the TCGA training set divided the samples into high-risk and low-risk groups (Figure 4B); the survival status distribution of all samples in the TCGA training set (Figure 4C); the 1-year, 2-year and 3-year ROC curves of the model in the TCGA training set The ROC curves for the TCGA training set model yielded acceptable AUC values of 0.832, 0.867 and 0.862 for 1, 2 and 3 year survival, respectively (Figure 4D).




Figure 4 | Validation of the mitochondria-associated differential gene prognostic model. (A) Expression of UQCRB, CMC1, and COX20 in the TCGA training set; (B) Scatter plot of the model in the TCGA training set dividing the samples into high-risk and low-risk groups; (C) Distribution of survival status of all samples in the TCGA training set; (D) ROC curves of the model at 1, 2, and 3 years in the TCGA training set; (E–H) Verification of CGGA validation set; (I–L) Verification of kamoun validation set; (M–P)Verification of gravendeel validation set.



While the results of our CGGA validation dataset remain consistent (Figures 4E–H),ROC curve analysis of the CGGA validation set model yielded acceptable AUC values of 0.660, 0.677, and 0.675 for 1, 2, and 3 year survival, respectively.

The same method was used above to calculate and visualise the results for the kamoun dataset, see (Figures 4I–L); while the gravendeel database results are shown in (Figures 4M–P).These show similar trends to those observed in the TCGA training set and the validation sets of CGGA, kamoun, and gravendeel. In conclusion, the three mitochondria-related signatures by UQCRB, CMC1, and COX20 have the ability to predict OS in gliomas.





Relationship between risk scoring and clinicopathological factors

In addition, Figure 5 shows the expression of 3 key genes and clinicopathological factors in the TCGA database in the high risk group versus the low risk group. The results of the TCGA database, (Figure 6A), showed that as the risk score decreased UQCRB, CMC1 gradually increased and COX20 gradually decreased. Significant differences in pathological grading and age were found between the high- and low-risk groups. (Figures 6B, C) TCGA univariate and Multi-factor Cox analysis showed that: Grade, Age (p<0.001), could be used as independent prognostic factors. (Figures 6D–F) as: Age, gender, and Grade differed from the model, with Age > 65 years having a higher risk of developing the disease and a worse prognosis (p < 2.22e-16) and G3 having a worse prognosis than G2 stage in Grade (p = 0.00012); while gender made no difference to patient prognosis. Due to the richer clinical information within the CGGA database, the correlation results of analyses performed using the same methodology are shown in Figure S3, where (Figure S3A) demonstrates the correlation between UQCRB, CMC1 risk and 1p19q_codeletion_status, IDH_mutation_status, Age, Grade, Histology PRS_type was associated with a reduction in risk score, Figure S3B shows the univariate independent prognostic analysis for clinical traits: results for: Histology, Grade, Gender,PRS_type,Age,IDH_mutation_status,Chemo_status,1p19q_codeletion_status status, riskScore factor P<0.001. and multifactorial independent prognostic analysis of clinical traits Figure S3C suggests: Grade, Age, RS_type, Chemo_status, 1p19q_codeletion_status,IDH_mutation_status, P ≤ 0.05, (Figures S3D-K) for Histology, PRS_type,Grade, Gender, Age, IDH_mutation_status, Chemo_status, Radio_status and 1p19q_codeletion_status risk scores, respectively. The risk of age >65 years is higher and the prognosis is worse p=0.0047, the ranking of risk in Grade is: WHO IV > WHO III > WHO II, G3 has a worse prognosis than G2 (p=0.00012) and the risk of Secondary is higher than Recurrent and Primary in PRS_type; in 1p19q_codeletion_status codeletion_status Non-codel had a higher risk than Codel; for IDH_mutation_status Wildtype had a higher risk than Mutant.




Figure 5 | Validation of protein expression by HPA database and Western Blot.(A, B) Expression of COX20 in normal brain tissue and glioma; (C, D) Expression of CMC1 in normal brain tissue and glioma; (E, F) Expression of UQCRB in normal brain tissue and glioma. (G, H) Expression of COX20, CMC1 and UQCRB in three normal tissues and four tumor tissues and differential analysis. P values (* < 0.05; *** < 0.001).






Figure 6 | Mitochondrial-associated differential gene prognostic model in clinicopathological performance and independent prognostic analysis (A) Heat map of prognostic model and clinicopathological performance in TCGA database; (B) TCGA univariate Cox analysis and independent prognostic analysis of clinicopathology; (C) multifactorial Cox regression analysis and independent prognostic analysis of clinicopathology; (D) differential relationship between age clinical traits in risk group; (E) differential relationship between sex clinical traits in risk group; (F) differential relationship between staged clinical traits in risk group.



The risk is higher for Wildtype than Mutant. There were significant differences between them all with p-values <0.05.





Validating the performance of mitochondria-related features

(Figure 7A)Our nomogram are scored according to each prognostic indicator, and by scoring this and adding the scores together to obtain an overall score. (Figure 7B) Calibration plots showing that the nomogram graphs are consistent with the ideal model runs. (Figure 7C) ROC curves for predicting clinical trait and risk scores for the training set, with AUC values of 0.832 for the risk model, 0.803 for age, 0.486 for gender and 0.693 for staging. In general, AUC values of 0.5 indicate no difference, AUC values of 0.7-0.8 indicate acceptable sensitivity and sensitivity, and AUC values of 0.8-0.9 indicate good sensitivity and specificity, and AUC values above 0.9 indicate excellent sensitivity and specificity. The results of the ROC analysis indicate that the metrics of our nomogram graphs are an acceptable predictive model.




Figure 7 | Construction of a nomogram to predict the individualized probability of survival in glioma patients. (A) Columnar line plot; (B) Columnar line plot calibration curve; (C) ROC curve for predicting clinical traits and risk scores in the training set. P values (***P < 0.001).







Mitochondria-related gene signatures are with immune

The immune response heat map based on CIBERSORT-ABS, CIBERSORT, XCELL, MCPcounter, QUANT The heat map of the immune response based on seven algorithms, including CIBERSORT-ABS,CIBERSORT, XCELL, QUANT, MCPcounter, EPIC,ISEQ and TIMER, is shown in Figure 8A. three mitochondrial models to reflect the state of the immune microenvironment in glioma based on the TIMER algorithm using 22 immune cell types (Figure 8B). Unsurprisingly, the content of the immune response scored higher in the high-risk group, and the immune cells that were highly expressed in the high-risk group compared to the low-risk group were: Macrophages, aDCs, CD8+_T_cells, B_cells,iDCs, Th1_ cells, pDCs, Neutrophils,T_helper_cells, Tfh, Th2_cells, Treg and TIL (P < 0.05). While the immune cells that were highly expressed in the low risk group were: NK_cells (P < 0.05), (Figure 8C) displayed the relationship between the model and immune function, where the high and low risk group populations with immune-related functions were MHC_class_I, HLA,Type_I_IFN_Reponse, CCR,Check -point,APC_co_stimulation, Cytolytic_activity, Parainflammation, T_cell_co- inhibition, T_cell_co-stimulation, Inflammation-promoting, APC_co_inhibition and Type_II_IFN_Reponse. while (Figure 8D) demonstrates the expression of immune checkpoint related genes with risk models, where high expression in high risk populations are. CD86, NRP1, CD28, TNFRSF18, LAIR1, CTLA4, CD40LG, TNFRSF14, PDCD1, KIR3DL1, HHLA2, BTLA, CD40, TNFSF15, CD276, VTCN1, CD200, CD80, CD48, CD44, CD27 CD200R1, TNFRSF4, PDCD1LG2, TNFSF14, BTNL2, ICOSLG, HAVCR2, CD70, ADORA2A, CD274, TNFRSF8, CD160, ICOS, IDO1, TMIGD2, TNFRSF9, TNFSF4, CD244, LGALS9.




Figure 8 | Relationship between mitochondria-associated differential gene prognostic models and immune cell infiltration: (A) Heat map of immune responses in high and low risk groups based on CIBERSORT, CIBERSORT-ABS, XCELL, MCPcounter, QUANTISEQ, EPIC and TIMER algorithms. (B) High- and low-risk groups with immune cell scores; (C) High- and low-risk group populations with immune-related functions. (D) Immune checkpoint expression in high and low risk groups. P values (*P < 0.05; **P < 0.01; ***P < 0.001). ns, not statistically significant.



Figures S4A-C shows the correlation between UQCRB, CMC1 and COX20 in LGG and GBM tissues, while Figures S4D-F shows the correlation between UQCRB, CMC1 and COX20 in GBM tissues. It can be seen that UQCRB was negatively correlated in Natural killer cells and Type 1 T helper cell, Central memory CD4 T cells, Natural killer T cells, Plasmacytoid dendritic cells, Interestingly, Eosinophil, Type 17 T helper cells, Effector memory CD4 T cells, and Activated CD8 T cells were positively correlated with GBM. COX20 was positively correlated with Type 2 T helper cell in both GBM and LGG, while COX20 was positively correlated with Central memory CD4 T cell,Mast cell, Type 1 T helper cell, MDSC in both GBM and LGG. helper cell, Macrophage, Central memory CD4 T cell and Natural killer cell.

Overall, there was an increase in survival in patients at low risk, perhaps due to the activation of Monocytes, Mast cells activated, Eosinophils and NK cells activated. These results suggest that the three gene signature models are intimate related to the immune cells and function of gliomas. This provides some theoretical basis for mitochondrial targeting of gliomas when immune cells and other therapies are used.

These results suggest that the three gene signature models are intimate related to the immune cells and function of gliomas. This provides a theoretical basis for mitochondrial targeting of gliomas when immune cells are involved in treatment.





Model tumour mutational load (TMB) and stem cells are widely associated

The results showed that the percentage of mutations in many genes was lower in the low risk group compared to the high risk scoring group for PTEN (11%), EGFR (19%) (Figures S5A, B). Analysis of survival rates after dividing patients into high and low mutation groups showed a meaningful difference between these two groups (Figure S5C, D). And the stem cell index was inversely correlated with the risk score (Figure S5E). These results suggest a correlation between mutational load and glioblastoma stem cells (GSCs) and mitochondria.





Exploring the expression of key DEGs

The expression of COX20, CMC1 and UQCRB in normal brain tissue and glioma proteins was analysed using the HPA database Figures 5A–F. The immunohistochemistry of UQCRB protein in normal brain tissue is shown. Figures 5G-H shows that the levels of COX20, CMC1 and UQCRB are lower in normal brain tissue than in glioma tissue. These results confirm that these three proteins are highly expressed in glioma tissues. This is in general agreement with the results of the HPA database.





Drug sensitivity analysis and molecular docking

A drug sensitivity analysis was used to develop a therapeutic agent suitable for all glioma patients. Drug sensitivity results were UQCRB positively correlated with Ifosfamide, Amonafide, Chelerythrine and Pyrazoloacridine, CMC1 positively correlated with Chelerythrine and Pyrazoloacridine, and CMC1 negatively correlated with Everolimus (Figure 9A).Correlation analysis of UQCRB, CMC1 expression and corresponding drug sensitivity showed that only Amonafide sensitivity differed from UQCRB expression, p < 0.05 (Figure 9B).The docking of UQCRB to the Amonafide molecule was carried out showing that the protein is able to bind through residues at a static potential energy of around 54.936 (Figure 9C); details of the local amplification of the docking of the UQCRB to the Amonafide molecule show that Amonafide is covalently bonded to UQCRB through LYS (lysine) THR (threonine) at position 78 (Figure 9D).




Figure 9 | Mitochondria-related prognostic genes and drug sensitivity analysis with molecular docking. (A) Correlation analysis of UQCRB, CMC1 corresponding to drug sensitivity in the CellMiner database; (B) Correlation analysis of UQCRB, CMC1 expression and corresponding drug sensitivity in the CellMiner database (C) UQCRB and Amonafide molecular docking in general; (D) UQCRB and Amonafide molecular docking local amplification details.







Amonifade inhibits the proliferation of SVGp12, U251 and A172 cells

To confirm the inhibited effect of Amonifade on glioma cells, CCK-8 assay and Colony formation assay were used to detect the proliferation of U251 and A172 cells. The results of CCK-8 assay suggested that Amonifade significantly reduced the viability of U251 and A172 cells in a dose- and time-dependent manner (Figures 10A–C). Then, the results of colony formation assay showed that the clonogenicity of glioma cells decreased with increasing concentrations of Amonifade. Compared with the control groups, the clonogenicity rates of U251 and A172 cells exposed to 5 µM and 10 µM Amonifade were significantly decreased (Figures 10D, E). As shown in (Figures 10F, G), compared with the control group, 20 μM Amonifade-treated cells (24 h) showed flattened and loosened in morphology, and most cells gradually break down or die.




Figure 10 | Amonifade inhibits the proliferation, invasion and migration of U251 and A172 cells. (A) Effect of Amonifade at concentrations of 0 μM and 20 μM on proliferating cell viability of U251 and A172 cells; (B, C) Effect of Amonifade at concentrations of 0 μM, 1.25 μM, 2.5 μM, 5 μM, 10 μM and 20 μM on proliferating cell viability of U251 and A172 cells after 24 and 48 hours of incubation; (D, E) Effect of different concentrations of Amonifade on the clonogenic ability of U251, A172 cells after 24 h of treatment; (F, G) Effect of different concentrations of Amonifade on the healing ability of U251, A172 cells after 24 h of treatment. (H, I) Effect of different concentrations of Amonifade treatment for 24 h on the mailbox of U251, A172 migration invasion. The * symbol means P values < 0.05, the ** symbol means P values < 0.01, and the ## symbol means P values <0.01.



Next examined the effect of amo on SVGp12 cells by CCK-8 assay, and found that amofide had an inhibitory effect on SVGp12 cells at concentrations above 5 μM (p < 0.01) (Figure 6S), indicating that amo has a certain toxic effect on normal astrocytes. after 10 μM amo intervention for 24 h and 48 h, the SVGp12 The survival rate was 88.7% and 82.3%, respectively, and most of the SVGp12 cells survived (>80%) when amo had a strong inhibitory effect on glioma cells, so we concluded that the toxic effect of 10 μM amo on normal astrocytes was within an acceptable concentration range.





Amonifade suppresses migration and invasion of U251 and A172 cells

To avoid the inhibitory effects of high concentrations of Amonifade on the proliferation of glioma cells, we chose the concentrations of 2.5 μM and 5 μM Amonifade (the cell viability was over 75% for 24 h) to detect the migratory and invasive abilities of glioma cells. These results in (Figures 10H, I) showed that 2.5 μM and 5 μM Amonifade suppressed the migration and invasion of glioma cells significantly compared with the control group.






Discussion

In this study, we conducted a systematic analysis of the expression and prognosis of mitochondria-associated genes in brain tissue in relation to glioma, and identified three mitochondria-associated genes to construct a novel prognostic model for glioma. The CGGA dataset, kamoun dataset and gravendeel dataset were used to validate the model. The characteristic prognostic nomogram constructed from mitochondria-related genes can be used in the management of glioma patients to guide decisions on the choice of treatment options. Furthermore, mitochondrial features have relatively better sensitivity and specificity as independent prognostic predictors compared to traditional clinicopathological features. We also examined the immune profile between risk groups and the correlation between the corresponding three genes and immune cells in GBM and LGG, respectively, and found that mitochondria-related genes were closely associated with tumour-infiltrating immune cells such as aDCs, B_cells and CD8+_T_cells in gliomas. The higher expression of immune checkpoints in the high-risk group compared to the low-risk group may provide new insights into the role of mitochondria in the immunotherapy of glioma. While there is a wealth of research on the metabolic aspects of tumours, mitochondria are less commonly used as a starting point to study tumour prognosis-related models, and they may still be used as novel biomarkers for glioma.

In recent years, mitochondria have played an important role in the development of cancer. For example, cancer cells lacking mitochondrial DNA (mtDNA) lose their tumourigenic potential unless the tumour cells produce OXPHOS through mitochondria acquired from the host stroma (21). Furthermore, the metabolic activity of mitochondria and their associated ROS production is greatly increased in tumour cells, which require more glucose for energy supply and exhibit higher anabolic activity than normal cells(22). In addition, the metabolic conversion of aerobic glycolysis also promotes cancer cell proliferation by inducing hypoxic activation(23). Toadstatin induces mitochondrial surface membrane association protein A2 and DRP1 zwitterionization, disrupting mitochondrial division/fusion homeostasis and inducing apoptosis in U251 cells (24). One of the most characteristic features of cancer cells is their ability to evade apoptosis, and pro-oncogenic alterations in the MEK/ERK signalling pathway lead to Mfn-1 phosphorylation, thereby preventing apoptosis (25, 26). These results suggest that mitochondria play an important role in many tumours and may be involved in the development and progression of gliomas. However, the specific functions and molecular mechanisms of these mitochondria-related genes require further experimental studies.

On the other hand, activation of immunity is an important mechanism in the fight against cancer growth, and mitochondrial dynamics can have an impact on cancer growth through immune system activity, for example by linking to new evidence on T cells (27). Whereas our immune infiltration and immune cell correlation analysis showed that T cells such as CD8+_T_cells, Th1_cells and Th2_cells are highly correlated among high risk. A new peptide, IFN-γ ELISPOT assays showed that FMACSPVAL efficiently induced sox11-specific CD8 T cells (28). Thus, this novel antigenic peptide epitope appears to be promising as a target for T cell-based immunotherapy in GBM. In contrast, another study has shown that M1 macrophages may induce tumourigenesis by altering the microenvironment, in the same way as the Warburg effect in tumour cells, (29). Macrophage infiltration was significantly increased in the high-risk group in this study, which may have contributed to the poor prognosis of the high-risk group. In a study revealing immune cell infiltration and immunotherapy in low-grade gliomas, high immune infiltration scores were significantly associated with increased levels of CD4 naïve T cell infiltration, and high CD4 naïve T cell expression suggested a good prognosis for patients (30). DEGIn addition, Altered somatic Mitochondrial DNA (mtDNA) or low mtDNA copy number promotes cancer progression and metastasis by activating retrograde mitochondrial signalling (31, 32). In contrast, elimination of mtDNA limits tumourigenesis (33), and in childhood glioblastomas, the average mtDNA content in tumours is significantly lower than in normal brains. mtDNA deletion in pHGG cells promotes cell migration, invasion and therapeutic resistance, and targeted reduction of mtDNA numbers is effective in treating pHGG(34). These results suggest that glioma can activate the immune response of glioma through CD4 T cells,CD8 T cells and macrophages, and regulate the metabolic reprogramming of glioma by reducing mtDNA content and enhancing glycolysis, which may be a new approach for effective treatment of glioma.

Patients treated with radiotherapy have a high recurrence rate due to the radiation resistance of glioma cells. Therapies that target mechanisms of resistance to radiotherapy are urgently needed to improve the radiation response in glioma and thus improve overall patient survival. One study found in radiation-resistant glioma cells that the expression of the NADH ubiquinone oxidoreductase (complex I) subunit was upregulated in mitochondria, where the copy number of mitochondria was increased in radiation-resistant glioma cells, and after treatment of glioma cells with drugs such as mitochondrial complex I inhibitors, drug-resistant glioma cells were found to be resensitised to radiation(35), On the one hand tumour hypoxia and altered metabolic status promote the malignant progression and drug resistance of cancer cells. On the other hand, glioma stem cells are preferentially dependent on mitochondrial metabolism, and therapies targeting mitochondria may be useful for the treatment of glioma stem cells (36). Drug sensitivity analysis showed that Ifosfamide, Amonafide, Chelerythrine and Pyrazoloacridine were positively correlated with mitochondrial gene UQCRB. Chelerythrine, Pyrazoloacridine and other drugs were positively correlated with mitochondrial related gene CMC1. CMC1 and UQCRB mitochondrial related proteins may improve the radiosensitivity of glioma and reduce the ability of drug resistance, providing new hope for the treatment of recurrent glioma patients. This needs to be further investigated through clinical trials.

Panthenol-cytochrome c reductase-binding protein (UQCRB) is the 13.4-kDa subunit of complex III in the mitochondrial respiratory chain, which inhibits hypoxia-induced reactive oxygen species production (37), and mutations in UQCRB cause mitochondrial defects and exhibit potent anti-angiogenic activity through reactive oxygen species (ROS)-mediated signaling in vivo and in vitro(38). On the other hand, downregulation of UQCRB expression inhibited the tumour stem cell-like properties of human glioblastoma cells, and synthetic small molecule drugs targeting UQCRB significantly inhibited the self-renewal capacity, migration and invasion of U87MG and U373MG-derived glioblastoma stem-like cells (GSCs)(39). These studies suggest that UQCRB and its inhibitors may be new therapeutic targets and lead compounds for tumor stem cells in glioblastoma. In turn, UQCRB has been studied in tumour prognosis, with both its gene and protein levels in CRC being higher in tumour tissue than in adjacent non-tumour tissue(40). These results suggest that UQCRB expression is expected to be a biomarker for tumours. Next, we performed drug sensitivity analysis of this gene and our results showed that UQCRB was positively correlated with Amonafide; Amonafide sensitivity differed from UQCRB expression, p<0.05. and Amonafide was associated with UQCRB through the 78-position LYS (Amonafide is a novel imine derivative with broad preclinical antitumour activity, reaching significant cerebrospinal fluid levels in animal models. A phase II clinical trial was conducted in one study. Of the 22 eligible and evaluable patients treated, tumour regression persisted for more than 1 year in 2 (9%). The remaining patients did not experience tumour regression; one case had stable disease for more than 6 months (41). However, the study used a small study sample and a larger clinical trial should be conducted or could be combined with temozolomide.To demonstrate the anti-glioma activity of Amonafide at the cellular level, we examined the proliferation of U251 and A172 cells by means of a CCK-8 assay and a plate-clone formation assay. The results of the CCK-8 assay showed that Amonifade significantly reduced the viability of U251 and A172 cells in a dose- and time-dependent manner. Scratch healing also decreased with increasing concentrations of Amonifade. Scratches on U251 and A172 cells exposed to 2.5 μM and 5 μM Amonifade were less likely to heal compared to the control group. And 2.5 μM and 5 μM Amonifade inhibited the migration and invasion of glioma cells. These studies suggest that this Amonifade is expected to be a clinical drug for glioma treatment, providing some new treatment options and new individualized treatment modalities for glioma treatment.

However, the study has several shortcomings. Firstly, The data in this study were obtained from a database and the results should be further verified in the clinic to assess the reliability of the predictions of mitochondria-related genes in the clinical setting. Secondly, the effect of mitochondrial changes on glioma immunophenotype has not been studied, which is also our next focus to confirm the role of mitochondrial related genes in glioma immune escape mechanism. In addition, the sensitivity drugs suggested in this study need to be validated in laboratory and clinical trials.





Conclusion

This study explored the molecular characteristics of mitochondria in gliomas and their prognostic potential(The above includes all grades of LGG and GBM), revealing three mitochondrial prognostic-related biological functions and key signalling pathways that will contribute to further understanding of the molecular mechanisms underlying glioma development. This study develops a new prognostic signature as well as screens for personalised therapeutic agents. This will enrich the diagnostic and therapeutic strategies for glioma patients, thus providing a new strategy for targeting mitochondria and immunotherapy.
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Background

Melanoma is a malignant tumor that originates from the canceration of melanocytes with a high rate of invasiveness and lethality. Immune escape has been regarded as an important mechanism for tumor development, while the treatment of immune checkpoint inhibitors (ICIs) is beneficial in restoring and enhancing the body’s anti-tumor immune response to kill tumor cells. To date, ICIs therapy has achieved remarkable efficacy in treating melanoma patients. Despite the significant clinical benefits of ICIs, multiple complications such as rashes, thyroiditis, and colitis occur in melanoma patients. In this study, we aim to explore the development process and trends in the field of ICIs-related complications in melanoma, analyze current hot topics, and predict future research directions.





Methods

We screened the most relevant literatures on ICIs-related complications in melanoma from 2011 to 2021 in the Web of Science Core Collection (WoSCC). Using VOSviewer, CiteSpace and R language packages, we analyzed the research trends in this field.





Results

A total of 1,087 articles were screened, and the USA had the highest number of publications (publications = 454, citations = 60,483), followed by Germany (publications = 155, citations = 27,743) and Italy (publications = 139, citations = 27,837). The Memorial Sloan Kettering Cancer Center had the most publications, but the Angeles Clinic and Research Institute had the highest average citation rate. Lancet oncology (IF, 2021 = 54.43) was the most prominent of all journals in terms of average citation rate. Reference and keyword cluster analysis revealed that anti-tumor efficacy, adjuvant treatment, clinical response, clinical outcome, etc. were the hotspots and trends of research in recent years.





Conclusions

This study offers a comprehensive summary and analysis of global research trends on ICIs-related complications in melanoma. Over the past decade, there has been a significant increase in the number of publications on this topic. However, the safety and benefits of retreatment after the recovery of ICIs-related complications remain unknown. Therefore,the establishment of related prediction models, as well as the immunotherapy of melanoma with ICIs in combination with other adjuvant therapies, are future research hotspots.





Keywords: immune checkpoint inhibitor, immunotherapy, complication, melanoma, bibliometric analysis




1 Introduction

Melanoma is a type of cancer that arises from the malignant transformation of melanocytes, which occurs in the skin mucosa and skin pigmentation (1). Despite accounting for only 1% of skin tumors, the mortality rate of melanoma ranks first in skin tumors (2). Currently, surgery is the preferred treatment for stage I-II melanoma, with up to 80% of patients surviving for 5 years. However, for advanced and distantly metastatic malignant melanoma, the 5-year survival rate is less than 10%, making it the leading cause of melanoma-related deaths (3). Melanoma is extremely insensitive to radiotherapy, so chemotherapy has been the mainstay of treatment for surgically unresectable or advanced melanoma. However, the low therapeutic efficiency and serious toxic side effects of chemotherapeutic drugs have greatly limited their use (4, 5).

Immune checkpoints are cell surface molecules that regulate the strength and quality of the body’s immune response, including checkpoint molecules that upregulate the immune response, such as CD28 and OX-40, and inhibitory checkpoint molecules that downregulate the immune response, such as CTLA- 4 and PD-1 (6–8). Immune checkpoints play a crucial role in immune tolerance, allowing tumor cells to escape surveillance by the host immune system (9). Tumor immune escape mechanisms are extremely crucial to the development of tumorigenesis (9). Thus, the use of immune checkpoint inhibitors (ICIs) is beneficial in restoring and enhancing the body’s anti-tumor immune response to eliminate tumor cells. To date, ICIs such as the CTLA-4 inhibitor (ipilimumab), the PD-1 inhibitor (nivolumab and pembrolizumab) have been approved by the U.S. Food and Drug Administration for the treatment of metastatic melanoma and have demonstrated significant efficacy (10–12).

Despite the significant clinical benefits of ICIs, they are associated with a range of adverse effects that can affect multiple organs throughout the body (13). For example, gastrointestinal adverse reactions are more common with CTLA-4 inhibitors, and pneumonia and thyroiditis are more common with PD-1 inhibitors. Furthermore, the incidence of adverse events in immunocombination therapy is significantly higher than that in monotherapy (10, 14, 15). Numerous studies have been reported on complications related to ICIs in melanoma, but no reverent studies have analyzed the overall trend of complications.

Bibliometric analysis combines mathematics and statistics to quantitatively describe the current state of scientific research, research topics, and research trends based on unique parameters of published literature, such as country, institution, author, etc. (16). As such, this study provides a comprehensive quantitative and qualitative evaluation of studies on ICIs-related complications in melanoma over the last 10 years using bibliometrics. The aim of this analysis is to continuously explore hot topics and research trends in this field and provide directions for future research.




2 Materials and methods



2.1 Data collection

The Web of Science Core Collection (WoSCC) was performed to collect data on ICIs related complications in melanoma from 2011 to 2021. Search strategies were set as follows: TS (title/abstract) = (ICI* OR immune-checkpoint inhibitor* OR immune checkpoint inhibitor* OR immune-checkpoint blockade* OR immune checkpoint blockade* OR checkpoint inhibitor* OR CPI* OR ipilimumab OR nivolumab OR pembrolizumab OR toripalimab OR lambrolizumab OR atezolizumab OR avelumab OR durvalumab) AND TS (title/abstract) = (adverse event* OR complication* OR side effect*) AND TS (title/abstract) = (melanoma OR chronic melanoma OR metastatic melanoma OR malignant melanoma OR advanced melanoma) AND Publication Date = (2011-01-01 to 2021-12-31) AND Language = (English). Subsequently, the studies most relevant to ICIs related complications in melanoma were manually screened. The detail of the search process and included studies was shown in Figure 1 and Supplementary Material S1. All literature searches were conducted within one day (03 July 2022) to avoid bias related to database updates. The types of original article and review publication were screened to include them. The first and second authors independently retrieved data and all data, including the number of publications and citations, titles, countries/regions, affiliations, etc., were downloaded from WoSCC for further analyses.




Figure 1 | Flow chart of data collection strategies for ICIs related complications in melanoma.






2.2 Bibliometric analysis

The bibliometric analysis was performed by using Microsoft Excel 2021, VOSviewer (version 1.6.17), CiteSpace V (version 6.1.2) and R language package from the online tool website (http://www.bioinformatics.com.cn/srplot). Based on the data downloaded from the WoSCC, the annual of publications and citation was performed by Microsoft Excel 2021; The bibliometric network or density map of intercountry and organisation cooperation, linkage of journal, and cooccurrence of keywords was visualised by VOSviewer. In term of the county/region and journal analysis, the minimum threshold of inclusion criteria was set as 5, 33 countries and 49 journals were included and visualized, respectively. In term of organization, author and keyword analysis, the minimum threshold of inclusion criteria was set as 10 with 83 organizations, 69 authors and 162 keywords included and visualized, respectively; The cooperation among authors, cluster analysis and bursts of references and keywords were employed by CiteSpace V; The geographical distribution of publications worldwide, the radar charts of the top 10 productive institutions, and journals were used by using R language packages. The latest impact factors (IF) and zoning were obtained from the newest edition of the Journal Citation Report (JCR, 2021).





3 Results



3.1 Overall distribution and global contributions

A total of 890 original articles and 197 reviews associated with complications related complications in melanoma were selected. The annual trend of the publication and citation has been increasing steadily since 2011 (publications = 16, citations = 98), with citations peaking in 2021 (publications = 221, citations = 14, 182), although publications are slightly decrease in 2018 (publications = 135, citations = 8, 775) and 2020 (publications = 172, citations = 14, 060) (Figure 2A). The rapid growth in the number of publications and citations means that more researchers are investing and paying attention to this field.




Figure 2 | Publications distribution about ICIs related complications in melanoma worldwide. (A) Global annual publication and citation status of ICIs related complications in melanoma. (B) Geographical distribution of global publications. (C) Annual publication trends in top 10 country/region with the most publications. (D) Annual citation trends in top 10 country/region with the most publications. (E) The cluster network visualization of the country/region by VOSviewer.



Based on the publishing number, as shown in the country/region distribution map (Figure 2B) and top 10 most productive countries/regions were listed in Table 1, the top 3 countries were USA (n = 454, 41.77%), Germany (n = 155, 14.26%) and Italy (n = 139, 12.79%), respectively. The annual trend for publications and citations in the United States from 2012 to 2021 has been steadily increasing and consistently well above other countries (Figures 2C, D). At the peak of publications in 2021, the number of publications in the USA (publications = 81) was 2.7 times that of the second-placed Italy (publications = 30); at the peak of citations in 2020, the number of citations in the USA (citations = 10, 559) was 2.09 times that of the second-placed Germany (citations = 5, 161). The annual trend of publications in top 10 most productive countries except the USA is generally upward, but there are small fluctuations from year to year. The annual trend of citations for the top 10 most productive countries, all with significant year-over-year increases through 2021. Furthermore, an extensive network of cooperation between countries is shown in Figure 2E. The United States is located at the central node of the cooperation network and has close cooperation with many countries such as England, France, Canada, and Australia. It can be seen that the USA is the leader in the field of ICIs-related complications in melanoma, with a much higher number of publications and citations than any other country.


Table 1 | Contributed publications in the top 10 countries.






3.2 Analysis of institutions and authors

A total of 1, 919 institutions have conducted studies on ICIs-related complications in melanoma. The top 10 institutions with the most publications were listed in Table 2. Memorial Sloan Kettering Cancer Center (n = 69) is the most productive institution, followed by Dana-Farber Cancer Institute (n = 55) and H. Lee Moffitt Cancer Center and Research Institute (n = 41) (Figure 3A). VOSviewer was then used to analyze and visualize the extensive network and density map of cooperation between institutions (Figures 3B, C). Memorial Sloan Kettering Cancer Center, Dana-Farber Cancer Institute, University of Texas MD Anderson Cancer Center and Sydney University were the hottest publication centers with the strongest ties to other institutions.


Table 2 | Top 10 institutions with the most publications.






Figure 3 | Visualization analysis of institutions and authors. (A) Radar map of the top 10 productive institutions. (B) The cluster network visualization of cooperation among institutions. (C) Density map of cooperation among institutions. (D) The cluster network visualization of authors.



A total of 6, 140 authors have published articles on ICIs-related complications in melanoma, with the top 10 authors listed in Table 3. Hodi, F. Stephen was the most productive author with 41 publications, followed by Wolchok, Jedd D. with 40 publications, and Robert, Caroline with 35 publications. Based on the number of citations, Wolchok, Jedd D. was the most influential author with 17, 191 citations, followed by Robert, Caroline with 15, 984 citations and Postow, Michael A. with 10, 104 citations (publications = 29). The extensive network of cooperation between authors showed that the number of author publications determines, to a certain extent, the closeness of cooperation between authors (Figure 3D).


Table 3 | Top 10 authors with the most publications.






3.3 Analysis of journals

A total of 325 journals accepted and published articles on ICIs-related complications in melanoma, with the top 10 journals listed in Table 4. Melanoma research (IF = 3.20) was the most productive journal with 79 publications, followed by Journal for Immunotherapy of Cancer (IF = 12.47) with 62 publications and Cancer Immunology Immunotherapy (IF = 6.63) with 31 publications (Figure 4A). The extensive network and density map of cooperation between journals were analyzed (Figures 4B, C), which showed that Melanoma Research and Journal for Immunotherapy of Cancer were the most thermal publication centers with the strongest ties to other journals.


Table 4 | Top 10 journals with the most publications.






Figure 4 | Visualization analysis of journals. (A) Radar map of the top 10 productive journals. (B) The cluster network visualization of journals. (C) Density map of journals.






3.4 Analysis of cited and co-cited references

Citation and co-citation analysis of the literature can help understand the most influential research in the field and guide the basic direction of future research. The top 10 publications with the most citations are listed in Table 5, and the top 10 publications with the most co-citations are presented in Table 6. The article with most citation (n = 5, 104) and co-citation (n = 293) was published by Larkin J et al. (14) in 2015 who revealed that compared to ipilimumab, Nivolumab alone or in combination with ipilimumab in patients with previously untreated metastatic melanoma significantly improved progression-free survival by enabling complementary activity between PD-1 and CTLA-4 blockade. Followed by Robert C et al. (17) in 2015 (citation = 3, 602, co-citation = 267) who revealed that pembrolizumab significantly prolongs progression-free survival and overall survival in patients with advanced melanoma and has less high-grade toxicity than ipilimumab.


Table 5 | Top 10 publications with the most citations.




Table 6 | Top 10 publications with the most co-citations.



Based on the cocitation network, a reference burst analysis was performed, and the top 25 cocited references with the strongest citation bursts are shown in Figure 5A. The article with highest bursts strength (49.15) was published by Robert C et al. (18) in 2011 who revealed that the combination of ipilimumab with dacarbazine significantly improved overall survival in patients with previously untreated metastatic melanoma, but increased the incidence of hepatic impairment. Then, a title cluster analysis was performed to summarize the references in the co-citation network to understand the frontier directions. Thirteen different clusters were divided from the cocitation network of references, including the expanded access programme, antitumour efficacy, adjuvant treatment, motor polyradiculopathy, adjuvant therapy, clinical response, current systemic therapy, review of the literature, clinical outcome, brain metastases of melanoma, metastatic uveal melanoma, targeted nanoparticles and targeting cancer-associated fibroblast (Figure 5B). According to the clustering display of the timeline (Figure 5C), anti-tumor efficacy, adjuvant treatment, clinical response, literature review, clinical outcome and metastatic uveal melanoma were recent research topics of strong concerned to researchers.




Figure 5 | Visualization analysis of cited and co-cited references. (A) The top 25 co-cited references with the strongest citation bursts. (B) Cluster analysis of co-cited references. (C) Timeline visualization of co-cited references cluster analysis result from 2011 to 2021.






3.5 Analysis of keywords

Keywords are a generalization of the central idea of the research, and keyword co-occurrence analysis is helpful to understand the internal relationship between keywords in the field of ICIs related complications in melanoma. The extensive network of co-occurrence keywords was visualized by VOSviewer (Figure 6A). Ipilimumab, metastatic melanoma, survival, nivolumab, pembrolizumab and adverse event were the most co-occurrence keywords with the strongest ties to other keywords. Based on the keyword co-occurrence network, a keyword burst analysis was performed, and the top 25 keyword co-occurrence with the strongest citation bursts are shown in Figure 6B. It showed that the keywords with the highest burst strength were untreated melanoma (15.93), followed by safety (11.13) and phase II (8.15). Then, a cluster analysis of keywords was performed, and nine different clusters were divided from the co-occurrence network of keywords, including checkpoint blockade, adjuvant therapy, antibody, dabrafenib, immune checkpoint inhibitors, phase I, pd-1 and expanded access (Figure 6C). According to the timeline clustering display (Figure 6D), checkpoint blockade, adjuvant therapy, antibody, dabrafenib, pd-1, and expanded access were the key points of research that researchers have been paying close attention to since 2011.




Figure 6 | Visualization analysis of keywords. (A) The cluster network visualization of keywords. (B) The top 25 keywords with the strongest citation bursts. (C) Cluster analysis of keywords. (D) Timeline visualization of keywords cluster analysis result from 2011 to 2021.







4 Discussion

Melanoma ranks first in invasiveness and lethal type of skin tumors, and its incidence is increasing (19). While over 95% of early-stage melanomas go into remission with surgical treatment, but the prognosis for advanced and metastatic melanoma is extremely poor, with a median survival of 6-9 months and an overall survival rate of less than 10% at 5 years (2). Therefore, the development of drugs for the treatment of progressive or advanced melanoma has always been a hot research topic.

Immune escape has been regarded as an important mechanism for tumor development (9). Tumor cells suppress T-cell immune function for immune escape by activating immune checkpoints and blocking the antigen-presenting function in the tumor immune process (20). Tumor immunotherapy is a treatment method that recognizes and kills tumor cells by mobilizing the immune system to activate adaptive or innate immunity (21–23). Among these methods, ICIs therapy has achieved remarkable efficacy in the treatment of melanoma patients (24). Despite its significant clinical benefits of ICIs, multiple complications such as rashes, thyroiditis, and colitis occur in melanoma patients (25). To date, numerous studies have been reported on ICIs-related complications in melanoma, but no reverent studies have analyzed the overall trend of complications. In order to explore the development process and trends in the field of ICIs-related complications in melanoma, analyze current hot topics and predict future research directions, a bibliometric analysis of relevant literatures from 2011 to 2021 was conducted.

A bibliometric analysis of global publications and citations in the field of ICIs related complications in melanoma over the past 10 years found that the number of articles and citations in the last decade showed an overall increasing trend, although the number of papers published in 2020 has declined slightly compared with 2019 (Figure 2A). Interestingly, to exclude the interference of publication volume on being cited, we calculated the annual of average citation rate, which was much higher in 2020 (81.74) than in 2019 (66.01) and 2021 (64.17). Then, the annual and overall trend of publications and citations in top 10 most productive countries were analyzed and showed that the USA is significantly higher than other countries in all aspects. This result is consistent with the institution analysis, where 90% of the top 10 most productive institutions are located in the USA (Table 2). In particular, although Canada has only 83 publications, its average citation rate (342.19) is much higher than that of the USA (133.22), followed by France (307.01). It is evident that although the USA is a leader in the field of ICIs-related complications in melanoma, it still needs to pay attention to improving the overall quality of its publications.

In terms of author distribution (Table 3), Hodi, F. Stephen (Dana-Farber cancer institute) from USA is the most productive and has a certain number of citations. Wolchok, Jedd D. (Memorial Sloan Kettering Cancer Center) from USA ranked second in the number of published papers, but has the most citations among the top publishing authors. Robert, Caroline (Institut Gustave Roussy) from France ranked third in the number of publications and citations, but has the most average citation rate among the top publishing authors. Robert, Caroline team found that nivolumab significantly improved overall and progression-free survival compared to dacarbazine in previously untreated patients with metastatic melanoma without BRAF mutations (26). However, the study found that the combination of nivolumab and ipilimumab increased the incidence of grade 3-4 adverse events, with colitis, diarrhea, and elevated alanine aminotransferase being the most common (26). This result is consistent with the findings of Larkin, James team (14). In the same year, Robert, Caroline team found that pembrolizumab significantly prolongs progression-free survival and overall survival in patients with advanced melanoma and has less high-grade toxicity than ipilimumab (17). Among them, the most common immune-related adverse events with pembrolizumab were hypothyroidism and hyperthyroidism, and colitis and hypophysitis with ipilimumab (17). It is evident that the efficacy of combination therapy with ICIs is superior to that of monotherapy, but with a significantly higher incidence of associated adverse events.

Based on the references burst analysis and keywords burst analysis, the highest bursts strength in recent years (23.03) article was published by Wolchok JD et al. (27) in 2017 who revealed that the combination of nivolumab with ipilimumab or with nivolumab alone significantly improved overall survival compared with ipilimumab alone in patients with advanced melanoma. However, the study found that the combination of nivolumab and ipilimumab increased the incidence of adverse events, with select adverse events being the most common with skin-related adverse events; grade 3-4 adverse events were most common with gastrointestinal adverse events (27). Similarly, combined nivolumab is the keyword with the highest burst strength (7.12) that has appeared in recent years. A title cluster analysis of the references and a keyword co-occurrence cluster analysis of the publications were performed to analyze the current hot topics of ICIs related complications in melanoma. For the grouping analysis of references on the timeline (Figure 5C), researchers seemed to focus more on antitumour efficacy, adjuvant treatment, clinical response, literature review, clinical outcome, and metastatic uveal melanoma. For instance, identification of biomarkers in patients benefiting from ICIs is a current research priority, and adverse events associated with ICIs are considered as a potential clinical biomarker. Das S et al. (28) found a correlation between immune-related adverse events and antitumor efficacy of immune checkpoint inhibitors, with patients experiencing adverse events showing significant improvements in progression-free survival, overall survival, and overall response rate. For the cluster analysis of keywords on the timeline (Figure 6D), it is not difficult to find that ICIs in combination with other adjuvant therapies for the immunotherapy of melanoma are a current research hotspot.

This study identified the relevant publications on ICIs related complications in melanoma in the WoSCC database in the past 10 years, and comprehensively analyzes the current hotspot trend. However, this study still has some limitations. For example, we only included publications in English, which will result in the exclusion of many non-English quality publications. Therefore, a multicentre collaboration with researchers from other countries could be followed up to conduct a broader and more in-depth study.




5 Conclusion

In summary, this study offers a thorough quantitative and qualitative evaluation of studies about complications related to ICIs in melanoma from 2011 to 2021. Over the past decade, there has been a substantial increase in the number of publications on this topic. ICIs-related complications can be used as clinical markers for the anti-tumor efficacy of ICIs, thus the establishment of related prediction models and the immunotherapy of melanoma with ICIs in combination with other adjuvant therapies are the future research hotspots.
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Background

Glutamine metabolism (GM) is known to play a critical role in cancer development, including in lung adenocarcinoma (LUAD), although the exact contribution of GM to LUAD remains incompletely understood. In this study, we aimed to discover new targets for the treatment of LUAD patients by using machine learning algorithms to establish prognostic models based on GM-related genes (GMRGs).





Methods

We used the AUCell and WGCNA algorithms, along with single-cell and bulk RNA-seq data, to identify the most prominent GMRGs associated with LUAD. Multiple machine learning algorithms were employed to develop risk models with optimal predictive performance. We validated our models using multiple external datasets and investigated disparities in the tumor microenvironment (TME), mutation landscape, enriched pathways, and response to immunotherapy across various risk groups. Additionally, we conducted in vitro and in vivo experiments to confirm the role of LGALS3 in LUAD.





Results

We identified 173 GMRGs strongly associated with GM activity and selected the Random Survival Forest (RSF) and Supervised Principal Components (SuperPC) methods to develop a prognostic model. Our model’s performance was validated using multiple external datasets. Our analysis revealed that the low-risk group had higher immune cell infiltration and increased expression of immune checkpoints, indicating that this group may be more receptive to immunotherapy. Moreover, our experimental results confirmed that LGALS3 promoted the proliferation, invasion, and migration of LUAD cells.





Conclusion

Our study established a prognostic model based on GMRGs that can predict the effectiveness of immunotherapy and provide novel approaches for the treatment of LUAD. Our findings also suggest that LGALS3 may be a potential therapeutic target for LUAD.
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1 Introduction

Based on the latest global cancer statistics, lung cancer (LC) remains the leading cause of cancer-related mortality worldwide, with more than 350 deaths per day in 2022, despite the acceleration in the decline of its morbidity and mortality (1). Non-small cell lung cancer (NSCLC) and small cell lung cancer (SCLC) are the two major subtypes, with NSCLC accounting for approximately 80% of all LC cases. Among NSCLC, LUAD is the most frequently observed histological subtype (2). Although treatment options including surgery, chemotherapy, radiotherapy, and chemoradiotherapy have continuously advanced, the clinical outcomes for LC patients remain unfavorable, with a 5-year survival rate of only approximately 21% (3). In light of the rapidly developing field of precision medicine, novel strategies, particularly immunotherapies and targeted therapies, have been proposed as potential means of extending the survival of LUAD patients.

Metabolism is a fundamental process that governs cellular functions. The Warburg effect, a well-established phenomenon, has provided ample evidence to support the critical role of metabolism in malignant cell proliferation. Glutamine (Gln), a non-essential amino acid, plays a unique nutritional role in cancer cell proliferation by contributing carbon and nitrogen to a series of growth-promoting pathways (4). While glucose serves as the primary energy source for tumor cell metabolism, glutamine is also essential and is known as “glutamine addiction” (5). Glutamate can directly contribute to the biosynthesis of proline and glutathione, which are important intracellular antioxidant molecules, or it can be deaminated to α-ketoglutarate, which acts as a carbon source to replenish the tricarboxylic acid (TCA) cycle. However, this results in the formation of a hypoxic and acidic tumor microenvironment (TME), which is unfavorable to antitumor immune responses (6, 7). Glutamine addiction plays a crucial role in acquired drug resistance and metastasis of NSCLC and targeting the glutamate dehydrogenase 1 (GLUD1) pathway may provide a promising therapeutic strategy for NSCLC (8). Therefore, we hypothesize that inhibiting glutamine metabolism could limit tumor growth and facilitate the restoration of antitumor immunity. However, the therapeutic efficacy of single-targeted blockade of glutaminase against tumors is generally limited.

In recent years, an increasing number of researchers have turned to combined therapies for the treatment of a variety of cancers, including but not limited to prostate cancer, breast cancer, and ovarian cancer (9–11). While several therapies have shown initial promise, most are still in the clinical trial stage. Recent studies have identified crucial transcription factors that regulate glutamine metabolism (GM) in LUAD cells, such as NRF2. These transcription factors can activate the expression of genes involved in glutamine uptake and metabolism, thereby promoting the development and progression of LUAD. Gaining a deeper understanding of the mechanisms underlying GM in LUAD cells could provide valuable insights into the development of new therapeutic strategies (12).

Artificial intelligence (AI) comprises of a range of technologies that aim to replicate human intelligence using computing systems. Machine learning (ML), a subset of AI, utilizes mathematical algorithms to identify patterns in data and is utilized to make predictions. ML has demonstrated significant efficacy across diverse fields, including wireless communication, speech recognition, and search engines (13, 14). There is mounting evidence suggesting that AI and ML have the potential to aid clinicians in improving clinical diagnosis and treatment decisions or even supplant human judgment (15, 16). With the increasing application of genomics in healthcare, it is anticipated that AI and ML will become more widespread tools in facilitating precision oncology in this digital age.

The objective of this study was to identify GMRGs in LUAD and elucidate their role in the tumor immune microenvironment and prognosis of LUAD. Our findings have the potential to enhance the precision of glutamine-dependent therapeutic schedules, offering new perspectives on prognostic biomarkers and therapeutic targets for LUAD.




2 Materials and methods



2.1 Data sources

We obtained scRNA-seq data for LUAD from the Gene Expression Omnibus (GEO) database (accession number GSE150938), which comprised 12 LUAD samples. For the training cohort, we obtained LUAD RNA expression patterns and relevant clinical data from The Cancer Genome Atlas (TCGA) database. To validate our findings, we downloaded expression profiles from eight GEO datasets, including GSE13213 (n=117), GSE26939 (n=115), GSE29016(n=39), GSE30219 (n=85), GSE31210 (n=226), GSE37745 (n=106), GSE42127 (n=133), and GSE68465 (n=442). To ensure comparability across datasets, all expression data was normalized to transcripts per million (TPM), and batch effects were removed using the “sva” package (17). Prior to analysis, all data was log2 transformed. We identified GMRGs using the GeneCards database and selected 141 GMRGs with correlation scores greater than 15 for further study.




2.2 Flow of scRNA-seq data analysis

The accuracy of the scRNA-seq data was verified using the “Seurat” R package (18, 19), with the following screening criteria: genes expressed in at least three cells, 200-7000 genes expressed in each cell, and less than 10% mitochondrial gene expression. A total of 46,286 suitable cells were identified. The “FindVariableFeatures” tool was used to identify the top 3000 highly variable genes. Batch effects that could interfere with downstream analysis were removed using the “findintegrationanchors” function of the canonical correlation analysis (CCA). To properly integrate and expand the data, the “IntegrateData” and “ScaleData” functions were utilized. Principal component analysis (PCA) was conducted to determine anchor points, followed by t-distribution random neighborhood embedding (t-SNE) algorithm testing on the first 20 principal components to identify significant clusters (20). Using the “FindNeighbors” and “FindClusters” functions (resolution = 0.8), we obtained 20 cell clusters. The cell cycle heterogeneity along the cell clusters was assessed using cell cycle markers included in the “Seurat” package. Cell cycle scores were determined using the “CellCycleScoring” tool, based on the expression of G2/M- and S-phase markers. Differentially expressed genes (DEGs) for each cluster were identified using the “FindAllMarkers” tool. A cut-off threshold with modified P < 0.01 and log2 (foldchange) > 0.25 criteria were used to determine which genes were used as markers for each cluster. Cell types were identified based on typical marker genes for each cluster. GM activity scores were assigned to each cell using the “AUCell” R package to analyze gene set activity status. The cells were segregated into high- and low-GM-AUC groups based on the median AUC score, and the “ggplot2” R package was used for visualization.




2.3 Acquiring key genes for regulating GM activity in bulk RNA-Seq

To calculate the absolute enrichment percentage of a particular gene set in each sample, we used ssGSEA (21). In this study, we used ssGSEA to determine the TCGA-LUAD GM enrichment values for each individual. We utilized the “WGCNA” R package as a biological methodology to construct the gene co-expression network (22). The specific procedures were as follows: the tumor samples were pooled, a cut-off line of 120 was established, outliers were removed, and missing value genes were deleted using the “goodSamplesGenes” function. The appropriate soft threshold for adjacency calculation was then visually determined. The expression matrix was transformed into an adjacency matrix and subsequently into a topological overlap matrix (TOM) to determine the genetic connectivity of the network. Average linkage hierarchical clustering was performed based on the variances in TOM. The hierarchical clustering tree was dynamically pruned to identify related modules and to combine modules with strong correlation values (R > 0.25). The module eigengene (ME) was the main component of gene modules, which could substitute for all other genes in a specific module. The correlation between eigengene values and clinical traits was assessed using Pearson correlation. Finally, module genes with the most significant correlation to GM score were selected for further analysis.




2.4 Signature produced using integrative machine learning methods

To develop a consensus signature with excellent accuracy and stability performance, we incorporated 10 machine learning algorithms and 117 algorithm combinations. These integrative methods included Lasso, elastic network (Enet), Ridge, stepwise Cox, CoxBoost, partial least squares regression for Cox (plsRcox), RSF, SuperPC, generalized boosted regression modeling (GBM), and survival support vector machine (survival-SVM). The process for creating signatures was as follows: the 173 key genes regulating GM activity were used to fit prediction models based on the leave-one-out cross-validation (LOOCV) framework in the TCGA-LUAD cohort using 117 algorithm combinations (23). All models were evaluated in eight validation datasets (GSE13213, GSE26939, GSE29016, GSE30219, GSE31210, GSE37745, GSE42127, GSE68465).




2.5 Model evaluations and nomogram establishment

A heatmap was generated by integrating the model gene expression and clinical features using the R package “pheatmap”. The proportion of clinical stages (Stage I, Stage II, and Stage III-IV) in different risk groups was displayed using a stacked bar chart drawn with the “ggplot2” R package. To better estimate the 1-, 3-, and 5-year OS probability, clinical information (age and clinical stage) and risk scores were integrated to construct a nomogram using the “rms” R package (24). The nomogram’s prediction accuracy was assessed by using the receiver operating characteristic (ROC) curve (25), calibration curve, and concordance index curves.




2.6 Assessment of immune infiltration

To further investigate the differences in TME components between different risk groups, we performed gene set enrichment analysis (GSEA) on the hallmark gene sets using the “clusterProfiler” R package (26). Additionally, we compared the mutation landscape of high- and low-risk groups using the “maftools” R package (27) and identified the top 20 mutated genes in each group. Finally, we explored the correlation between risk scores and the response to immunotherapy by analyzing the expression of immune checkpoint genes in different risk groups using the “limma” R package (28).




2.7 Mutation landscape

We obtained gene mutation profiles of LUAD patients from the TCGA database and utilized the “ComplexHeatmap” R package to visualize the mutation landscape and immune infiltration scores. Based on the median risk score and the median tumor mutational burden, TCGA-LUAD patients were stratified into four groups, namely H-TMB+high-risk, H-TMB+low-risk, L-TMB+high-risk, and L-TMB+low-risk. We then compared the survival differences among these groups.




2.8 Immunotherapy comparisons

Immune checkpoints are a group of molecules expressed on immune cells that regulate the level of immune activation and are critical in limiting excessive immune activation. We compared the expression levels of well-known immune checkpoint genes (ICGs) between the high- and low-risk groups. We also investigated the correlation between ICG expression and both model genes and risk scores. Additionally, we retrieved the Immunophenoscores (IPS) for LUAD from The Cancer Immunome Atlas (TCIA) database (29).




2.9 Enrichment analysis

To calculate the enrichment scores of infiltrating immune cells and immunological function, we utilized the ssGSEA method (21, 30). Additionally, to identify enriched GO terms, we analyzed DEGs between the low-risk and high-risk groups using the “clusterProfiler” and “org.Hs.eg.db” R packages (31). GSEA was also employed to determine the signaling pathways and biological activities that were predominantly enriched in both the high- and low-risk groups (32).




2.10 Protein interaction network and Core Gene

We utilized the String database to investigate the protein-protein interaction (PPI) network among model genes (33). Furthermore, based on the expression levels of core genes, patients were classified into high- and low-expression groups to compare the differences in survival.




2.11 Tissue collection and cell lines culture

Ten paired tissue samples, including tumor tissue (T) and adjacent non-tumor tissue (N), were collected from patients with LUAD who underwent tumor resection after obtaining approval from the Medical Ethics Committee (2019-SR-156). The samples were preserved at -80°C. Human LUAD cell lines A549 and H1299 and normal human lung epithelial cells (BEAS-2B) were obtained from the Cell Resource Center of Shanghai Life Sciences Institute and cultured in F12K or RPMI-1640 (Gibco BRL, USA) supplemented with 10% fetal bovine serum (FBS) and 1% penicillin-streptomycin (Gibco, Invitrogen, Waltham, MA, USA) under 5% CO2, 95% humidity, and 37°C.




2.12 Cell transfection

To generate LGALS3 knockdown, small interfering RNAs (siRNAs) were used (34). The siRNA sequences for LGALS3 are listed in Supplementary Table S1. In brief, cells were seeded at 50% confluence in a 6-well plate and transfected with negative control (NC) or LGALS3 siRNA using Lipofectamine 3000 (Invitrogen, USA).




2.13 Extraction of RNA and real-time PCR

RNA was extracted from the tissues using TRIzol (15596018, Thermo) according to the manufacturer’s instructions. Subsequently, PrimeScriptTMRT kit (R232-01, Vazyme) was used to generate cDNA. Real-time polymerase chain reaction (RT-PCR) was performed using SYBR Green Master Mix (Q111-02, Vazyme), and mRNA expression levels were normalized to the level of GAPDH mRNA. The expression levels were calculated using the 2−ΔΔCt method. The primers used in this study were provided by Tsingke Biotech (Beijing, China) and are listed in Supplementary Table S1.




2.14 Cell counting kit-8 experiment

A cell suspension with a density of 3×103 cells per well was seeded in 96-well plates. Subsequently, the plate was incubated in the dark at 37°C for 2 hours with 10 mL of CCK-8 labeling agent (A311-01, Vazyme) added to each well. The absorbance of the cells at 450 nm was measured using an enzyme-labeled meter (A33978, Thermo) at 0, 24, 48, 72, and 96 hours to determine cell viability.




2.15 Colony formation

1×103 cells were transfected into each well of a 6-well plate and incubated for 14 days. The cells were then washed twice with PBS and fixed with 4% paraformaldehyde for 15 minutes prior to Crystal violet staining (Solarbio, China).




2.16 EdU

For the experiment, we seeded 2×104 treated cells in each well of a 96-well plate after the cells had adhered to the wall. We then performed the 5-Ethynyl-2’-deoxyuridine (EdU) assay using the kit purchased from Ribobio (China). Finally, the number of proliferating cells was counted using an inverted microscope.




2.17 Wound-healing assay

Transfected cells were seeded in 6-well plates and cultured until they reached 95% confluency. A sterile 20-L plastic pipette tip was used to make a single straight scratch in each well, and unattached cells and debris were gently washed away with PBS. The width of the scratch wounds was measured using Image J software by taking photos at 0 and 48 hours.




2.18 Transwell assay

Transwell assays were used to investigate the migration and invasion ability of treated A549 and H1299 cells. Specifically, the top chamber of a 24-well plate was filled with 2×105 cells and incubated for 48 hours. To evaluate the invasion and migration capabilities, the top layer was either coated with matrigel solution (BD Biosciences, USA) or left untreated. After removing the cells on the top surface, the remaining cells on the bottom layer were fixed with 4% paraformaldehyde and stained with 0.1% crystal violet (Solarbio, China).




2.19 Animal models

Animal experiments were carried out in accordance with the guidelines of the Animal Experiment Ethics Committee of Nanjing Medical University. To establish a xenograft model, LGALS3-stably transfected H1299 cells and control cells were implanted into the left and right groin of 5-week-old BALB/c nude mice, respectively. Tumor size was measured every 5 days, and the xenograft tumors were harvested and weighed after 25 days.




2.20 Statistical analysis

Data processing, statistical analysis, and visualization were performed using R 4.2.0 software. The optimal cut-off value was determined using the “survminer” R package, and Kaplan-Meier analysis was conducted using the survival program (31, 35). The accuracy of the model was assessed using a ROC curve generated by the “timeROC” R package (36). For normally distributed variables, significant quantitative differences were identified using a two-tailed t-test or a one-way ANOVA, while for non-normally distributed data, a Wilcoxon test or a Kruskal Wallis test was used. Correlations between two continuous variables were assessed using Pearson’s correlation coefficients. A significance level of P < 0.05 was used.





3 Results



3.1 Analysis Process of scRNA-seq

The research process was illustrated in Figure 1. After filtering and quality control, 46,286 high-quality cells were retained for further analysis. Supplementary Figure S1A showed the expression patterns of each sample. The sequencing depth and total intracellular sequences had a significant positive correlation (R=0.94, Supplementary Figure S1B). The PCA plot revealed no apparent cell cycle changes (Supplementary Figure S1C). The study included 12 samples, and the cell distribution within each sample was relatively consistent, indicating no notable batch effect across the samples, which could be used for future studies (Supplementary Figure S1D). Next, dimensionality reduction techniques, including t-SNE, were used to classify all cells into 20 clusters (Figure 2A). Bubble plots displayed the typical marker genes (21) of different cell types and their association with various clusters (Figure 2B). We presented a t-SNE plot to show the distribution of each cell population (Figure 2C). We evaluated the GM activity of each cell, and cells that expressed more glutamine metabolism-related genes (GMRGs), mainly orange-colored myeloid cells, exhibited higher AUC values (Figure 2D). We assigned an AUC score for the GMRGs to all cells and classified them into high- and low-GM-AUC groups based on the median AUC score (Figure 2E). Subsequently, we performed differential analysis to identify DEGs associated with glutamine metabolism in the high- and low-GM-AUC groups. Moreover, we conducted correlation analysis to investigate the most closely associated genes with GM activity (Figure 2F), and the top 150 genes with the highest correlation coefficients were included in further research. The DEGs and the genes obtained from the correlation analysis were integrated into single-cell analysis to identify the genes that had the most significant impact on GM activity (a total of 449 genes).




Figure 1 | The workflow of the present study.






Figure 2 | Single-cell data annotation. (A) The t-SNE plot revealed that all cells were classified into 20 distinct clusters. (B) A bubble plot was created to display the typical marker genes for each cell cluster. (C) The t-SNE map was used to identify 8 different cell types in the TME, as represented by different colors. (D, E) The AUCell score and groups of GM activity for each cell were visualized. (F) Correlation analysis was performed between the SM-AUCell score and genes.






3.2 Identification of the most relevant genes for GM activity

To enhance data consistency, we removed the batch effect from both the GEO-obtained data and the TCGA data. Figure 3A depicts the distribution ratio of the nine data sets, while Figures 3B, C shows the PCA plots before and after removing the batch effect, respectively. We obtained the GM score of each TCGA-LUAD sample using ssGSEA and searched for gene sets covariant with the GM score using WGCNA. Supplementary Figure S2A indicates that the data tends to be more consistent with the power-law distribution when the soft domain value is set to 7. Furthermore, when the minimum number of modules was set to 100, deepSplit to 3, and the modules with similarity less than 0.25 were merged (Supplementary Figure S2B), nine non-gray modules were generated (Figure 3D). We examined the relationship between the expression of each module and clinical features. Finally, the red and blue modules were identified as the most relevant to GM. We intersected the 449 genes most associated with GM activity identified in the scRNA-seq analysis with the two module genes most associated with GM activity identified in WGCNA, resulting in a total of 173 overlapping genes for further analysis (Figure 3E).




Figure 3 | Construction of the GMAS. (A) The sources of samples and the proportion of sample size in 10 datasets were analyzed. (B, C) PCA plots before and after removal of batch effects for 10 datasets. (D) WGCNA analysis searched for the modules most associated with GM activity. (E) Venn plots identified the genes most associated with GM activity. (F) A total of 117 kinds of prediction models via LOOCV framework and further calculated the C-index of each model across all validation datasets.






3.3 Building a consensus signature

We utilized a machine learning-based integrative approach to establish a consensus GM-associated signature (GMAS) using the 173 overlapping genes. We employed the LOOCV framework to evaluate the performance of the GMAS by fitting 117 different prediction models to the TCGA-LUAD dataset and assessing the C-index of each model across all validation datasets (Figure 3F). Notably, the best model with the highest average C-index (0.639) was a combination of RSF and superPC, and this combined model demonstrated the best C-index in all validation datasets. Using the RSF algorithm, we identified 22 genes with high importance, and based on these genes, the SuperPC algorithm calculated a risk score for each sample.




3.4 Survival analysis and model evaluation

We categorized patients into high- and low-risk groups based on their median risk values and observed significant differences in overall survival (OS) for TCGA-LUAD patients as well as in eight GEO datasets, as depicted in Figure 4A. To assess the discriminative ability of the GMAS, ROC analysis was performed, yielding AUCs of 0.846, 0.885, 0.866, 0.869, and 0.880 for TCGA-LUAD at 1-, 3-, 5-, 7-, and 10-year time points, respectively. The AUCs for GSE13213 (lacking LUAD patients with survival > 10 years) were 0.894, 0.705, 0.683, and 0.688, while for GSE26939, the AUCs were 0.771, 0.673, 0.702, 0.721, and 0.739. In the case of GSE29016, the AUCs were 0.657, 0.811, 0.721, 0.667, and 0.666, and for GSE30219, the AUCs were 0.669, 0.697, 0.707, 0.699, and 0.723. For GSE31210 (lacking LUAD patients with survival < 1 year), the AUCs were 0.604, 0.706, 0.675, and 0.706, and for GSE37745, the AUCs were 0.588, 0.635, 0.604, 0.589, and 0.613. Finally, for GSE42127, the AUCs were 0.613, 0.616, 0.655, 0.562, and 0.638, while for GSE37745, the AUCs were 0.680, 0.615, 0.585, 0.585, and 0.610, respectively, as presented in Figure 4B.




Figure 4 | Assessment of risk models. (A) Kaplan-Meier survival analysis of signatures in the TCGA and eight GEO datasets. (B) The ROC curve was used to evaluate the performance of the model in the TCGA and eight GEO datasets.






3.5 Construction and validation of prognostic nomogram

A heatmap was generated to display the relationship between the model genes and clinical features. Significant differences (P < 0.001) were observed between the high- and low-risk groups in terms of clinical parameters such as T stage, N stage, clinical stage, and survival status (Figure 5A). Furthermore, we compared the distribution of different stages among the groups and presented it as a percentage bar plot. The high-risk group was found to have a higher proportion of clinical stage II and III-IV patients, whereas stage I patients dominated the low-risk group (Figure 5B). We developed a predictive nomogram that incorporated the risk score and clinicopathological factors (age and clinical stage) based on the TCGA-LUAD dataset to better predict prognosis (Figure 5C). Clinical outcomes, such as survival status at 1, 3, and 5 years, were used as parameters. The calibration plot indicated that the GMAS had excellent predictive performance for 1-, 3-, and 5-year survival rates (Figure 5D). The C-index curves indicated that the nomogram predicted prognosis better than the risk score and any other clinical parameter (Figure 5E). We also performed ROC analysis to evaluate the predictive performance of the nomogram score, risk score, and other clinical features. The AUC values of the nomogram score at 1, 3, and 5 years were 0.855, 0.890, and 0.885, respectively, which were higher than those of the risk scores and other clinical parameters (Figure 5F).




Figure 5 | Developing an accurate nomogram. (A) A heatmap was generated to integrate clinical data with the expression of model genes. (B) The proportion of clinical stage was visualized in different risk groups. (C) The nomogram was constructed by combining clinical features with risk score. (D) Calibration plots were used to assess the consistency between actual OS rates and predicted survival rates. The 45° line represents the best possible prediction. (E) C-index curves were utilized to evaluate the predictive performance of different clinical characteristics, nomogram scores, and risk scores. (F) ROC curves were generated for 1, 3, and 5 years to illustrate AUC values for various clinical factors, risk scores, and nomogram scores. *P < 0.05, ***P < 0.001.






3.6 Differences in the immune microenvironment and immunotherapy response

Seven different algorithms were employed to demonstrate that high-risk tumors had more infiltration of immune cells such as T cells, B cells, NK cells, and activated mast cells, as depicted in Figure 6A. We utilized the ESTIMATE method to assess the level of immune infiltration in different risk groups. Spearman correlation analysis was conducted to explore the association between the risk score and immune infiltration score. The risk scores were found to be significantly and negatively correlated with stromal (R = -0.26, FDR < 0.001), immune (R = -0.29, FDR < 0.001), and ESTIMATE scores (R = -0.30, FDR < 0.001), while positively correlated with tumor purity (R = 0.30, FDR < 0.001, Figure 6B). Likewise, Figures 6C–F confirmed the earlier findings, with the low-risk group displaying higher stromal, immune, and ESTIMATE scores (combined stromal and immune score). According to the results, the risk score was associated with the level of immune cell infiltration and the amount of each component in the tumor microenvironment. Different levels of immune infiltration can lead to varying disease progression and effectiveness of immunotherapy. Based on the above findings, we investigated whether the prognostic model could predict the response of LUAD patients to immune checkpoint inhibitors (ICIs). We first analyzed the relationship between the risk score and well-established immunotherapy biomarkers in the TCGA-LUAD cohort. The analysis revealed that almost all ICGs, such as CD40LG, TIGIT, and CTLA4, were highly expressed in the high-risk group (Figure 7A). Subsequently, the correlations between modeling genes, risk scores, and ICGs were examined and shown in the bubble plot (Figure 7B), with blue and orange representing negative and positive correlations, respectively, with larger bubbles and darker colors indicating a higher degree of association. The IPS has been utilized to identify individuals who may be highly responsive to immunotherapy. Based on this score, tumor samples were evaluated to determine if they would exhibit a favorable immune response to either PD-1/PD-L1 or CTLA4 inhibitors, or both (as illustrated in Figures 7C–F). Notably, patients classified in the low-risk group demonstrated significantly higher IPS scores, indicating that they may derive the greatest benefit from this type of immunotherapy. These findings hold important clinical implications and suggest that the IPS score could serve as a useful tool in the identification and stratification of patients who are most likely to benefit from immunotherapy.




Figure 6 | Analysis of immune infiltration. (A) Seven algorithms assess differences in immune infiltration status between different risk groups. (B) The correlations in Stromal Score, Immune Score, ESTIMATE Score, and tumor purity calculated using the ESTIMATE algorithm between the two risk subgroups. (C-F) The violin plot demonstrated the difference in Stromal Score, Immune Score, ESTIMATE Score, and tumor purity calculated using the ESTIMATE algorithm between the two risk subgroups.






Figure 7 | Immune checkpoint and TCIA analysis. (A) A box plot showed that differences in immune checkpoint gene expression between high- and low-risk groups. (B) Correlation between model genes and immune checkpoint. (C-F) The low-risk group has significantly greater IPS, IPS-CTLA4-neg-PD-1-neg, IPS-CTLA4-pos-PD-1-neg, IPS-CTLA4-neg-PD-1-pos, and IPS-CTLA4-pos-PD-1-pos. *P < 0.05, **P < 0.01, ***P < 0.001.






3.7 Mutational landscape

Genetic mutations are crucial in personalized cancer treatment. Therefore, we analyzed somatic mutation profiles of different risk groups. The top 20 frequently mutated genes, such as TP53, TTN, and CSMD3, had a higher mutation frequency in the high-risk group, as shown in Figure 8A. In addition, there was a significant difference in tumor mutation burden (TMB) between high- and low-risk groups, with higher TMB in the high-risk group (Figure 8B). Spearman correlation analysis revealed a positive correlation between risk score and TMB (R = 0.12, P < 0.001, Figure 8C). We further divided patients into four groups based on the median TMB and median risk values. LUAD patients in the H-TMB+low-risk group had the best prognosis, while those in the L-TMB+high-risk group had the worst prognosis, as shown in Figure 8D.




Figure 8 | Landscape of LUAD sample mutation profiles. (A) Mutation landscape of the top 20 genes with mutation frequency in differential risk subgroups. (B) Comparison of tumor mutation burden (TMB) between different risk groups. (C) Correlation analysis between risk score and TMB. (D) Survival differences for four different subgroups (H-TMB+high-risk, H-TMB+low-risk, L-TMB+high-risk, and L-TMB+low-risk).






3.8 Functional enrichment analysis

To investigate immune status variations across different risk groups, we used the ssGSEA algorithm. Low-risk LUAD patients showed increased infiltration of various immune cells, including aDCs, B cells, CD8+ T cells, DCs, iDCs, Mast cells, neutrophils, pDCs, Th1/Th2 cells, TILs, and Tregs. Moreover, the low-risk group exhibited significantly higher levels of Checkpoints, Cytolytic activity, HLA, Inflammation promoting, T cell co-inhibition, T cell co-stimulation, and Type II IFN response compared to the high-risk group (Figures 9A, B). Differential expression analysis revealed genes that were differentially expressed in both high- and low-risk groups (P < 0.05 and log2 (FC) > 1). Subsequently, the DEGs were subjected to GO enrichment analysis (Figure 9C), which showed that the top three enriched pathways in Biological Processes (BP) were signaling receptor activator activity, receptor-ligand activity, and endopeptidase activity; Cellular Component (CC) included collagen-containing extracellular matrix, external side of the plasma membrane, and apical part of the cell; and Molecular Function (MF) involved humoral immune response, defense response to the bacterium, and epidermis development. Additionally, GSEA enrichment analysis revealed that DNA Repair (NES = 1.39, p = 0.04), Glycolysis (NES = 1.75, p = 0.000), and Hypoxia (NES = 1.71, p = 0.000) were primarily enriched in the high-risk group (Figure 9D).




Figure 9 | Enrichment analysis. (A, B) The ssGSEA algorithm was employed to quantify the immune cell infiltration and immune function between the high-risk and low-risk groups. *P < 0.05, **P < 0.01, ***P < 0.001; ns, not significant, p value > 0.05. (C) A bar plot showed GO enrichment analysis. (D) GSEA showed pathway differences between high- and low-risk groups.






3.9 Experimental verification

Using the String database (37), we constructed a protein interaction network plot (Supplementary Figure S3A), which showed that LGALS3 was highly connected to other model genes, indicating its importance as a core gene in the network. LGALS3 was found to be highly expressed in tumors (Figures 10A,  B), and its overexpression was associated with worse prognosis in LUAD patients in the TCGA database. The prognostic significance of LGALS3 was also confirmed using the GSE31210 dataset (Supplementary Figure S4A). Further GSVA enrichment analysis revealed that patients with high LGALS3 expression were significantly enriched in P53 pathway, interferon alpha response and apoptosis pathway (Supplementary Figure S5). To further validate these findings, we conducted functional experiments both in vitro and in vivo. Firstly, we verified the expression levels of LGALS3 in LUAD and adjacent non-tumor samples and found that LGALS3 was highly expressed in LUAD samples (Figure 10C). Next, we assessed the efficiency of siRNA knockdown of LGALS3 in A549 and H1299 cell lines using qRT-PCR (Figure 10D). CCK-8 and EdU assays showed that knockdown of LGALS3 led to decreased proliferation of A549 and H1299 cells compared to the control group (Figures 10E–G), suggesting that LGALS3 plays a role in promoting the proliferation of LUAD cell lines. Clonogenic assays demonstrated that knockdown of LGALS3 reduced the ability of LUAD cells to form colonies (Figure 11A), while wound healing and transwell assays showed that LGALS3 knockdown significantly inhibited the migration and invasion of LUAD cells (Figures 11B, C). Finally, in vivo experiments showed that LGALS3 knockdown suppressed tumor growth, with smaller tumor volume and weight compared to the control group (Figure 11D), suggesting that LGALS3 functions as a pro-oncogenic regulator in LUAD tumorigenesis and progression.




Figure 10 | Cell experiment. (A) Survival analysis showed the effect of LGALS3 expression on prognosis. (B) The difference in LGALS3 expression between normal samples and tumor samples was found in the TCGA database. (C) Relative expression of LGALS3 in tumor and paracancerous tissues in LUAD and LGALS3 was highly expressed in tumor tissues compared with adjacent tissues (D) qRT-PCR to evaluate the level of LGALS3 expression 5 days after transfection and siRNA sequences could result in a significant decrease in LGALS3 expression (P < 0.001). (E, F) CCK8 assay showed that, after LGALS3 knockdown, the cells showed a significant reduction in viability. (G) EdU staining assay indicated that downregulation of LGALS3 expression repressed cell proliferation in LUAD cell lines. *P < 0.05, ***P < 0.001.






Figure 11 | Xenograft tumor in Nude Mice. (A) Colony formation assay displayed that cell with reduced LGALS3 expression exhibited a significant reduction in the numbers of colonies, compared with the NC group. (B) Scratch-wound healing assay depicted that a significantly slower wound healing rate was observed in cells with a decreased expression of LGALS3. (C) Transwell assay showed that downregulation of LGALS3 expression inhibited the migration and invasion capacity of LUAD cells. (D) Nude mice experiments. LGALS3 knockdown inhibited tumor growth, and tumor volume and weight were smaller than those in the control group. To demonstrate the accuracy and reproducibility of the results, all experiments were repeated in two LUAD (A549, H1299) cell lines and all data were presented as the means ± SD of three independent experiments. *P < 0.05, **P < 0.01, ***P < 0.001.







4 Discussion

Despite advancements in diagnostic methods and treatment protocols, lung cancer (LC) still accounts for the highest cancer-related morbidity and mortality globally (38). In the case of early-stage LUAD patients, surgery is commonly recommended. However, for those with advanced LUAD, a combination of chemotherapy, radiotherapy, immunotherapy, targeted therapy, or a combination of these treatments may be more effective (39). Studies have shown that immunotherapy is prone to immune tolerance and is not always successful, hence, there is an urgent need to explore new immune targets.

Glutamine, a non-essential amino acid, plays a crucial role in tumorigenesis and the tumor microenvironment (TME). Various therapeutic targets and specific blockers targeting metabolic dysregulation have been reported (40). However, inhibiting a single metabolic target is often inadequate to restrain cancer growth in preclinical trials. Therefore, novel targets and synergistic therapies are promising. In this study, we investigated a novel diagnostic signature of GMRGs and immunotherapy targets, which provides prospects for reversing immune resistance and improving the prognosis of patients.

In this study, single-cell RNA sequencing was utilized to evaluate 12 LUAD samples, which allowed identification of eight distinct cell types. By using the AUCell method and GM gene set retrieved from GeneCards, we discovered that myeloid cells exhibited the highest levels of GM activity, which implies that GM may have a crucial role in regulating carcinogenesis and development through the modulation of myeloid cells. Key genes that regulate GM activity were identified, and an integrative workflow was developed to create a consensus GMAS using the expression profiles of 173 such genes. To generate the GMAS, 117 different models were fit to the training dataset using the LOOCV framework. The RSF and SuperPC algorithms were found to produce the best results. Our prognostic analysis indicated that the high-risk group had a worse prognosis. Additionally, ROC analysis showed that the GMAS had high accuracy and consistent performance across eight public GEO datasets. To enhance the predictive power of our analysis, we incorporated clinical information and created a nomogram. Our findings demonstrated that the nomogram scores had a better predictive performance for survival compared to risk scores and other clinical characteristics.

The tumor microenvironment (TME) comprises diverse components, including the extracellular matrix, cancer-associated fibroblasts, new blood vessels, endothelial cells, and tumor-infiltrating immune cells. These components can have either positive or negative impacts on tumor prognosis, depending on their roles in promoting tumor destruction, increasing tumor invasiveness, or enhancing anti-therapeutic response (41). In this study, we evaluated immune cell infiltration in high- and low-risk LUAD patients to understand how the TME influences tumor prognosis. Seven different algorithms were used to measure immune cell infiltration in different risk groups, and the results showed that tumors in the low-risk group had higher levels of immune cell infiltration. Using the ESTIMATE method, we also found that low-risk samples had higher immune cell infiltration, and the risk score was negatively correlated with stromal, immune, and ESTIMATE scores (FDR < 0.001). Furthermore, we observed that most of the known immune checkpoint genes were highly expressed in the low-risk group, and correlation analysis indicated that risk scores were significantly negatively correlated with most of the immune checkpoint genes. To assess the variances in immunotherapy efficacy in different risk groups, we explored the effects of PD-1 and CTLA-4 treatment using TCIA. The findings suggested that LUAD patients in the low-risk group were likely to benefit more from immunotherapy since their IPS score was significantly higher than that of the high-risk group.

Recent studies have highlighted the connection between genetic alterations, neoantigen production, and immunotherapeutic response (42). Surprisingly, our findings showed that patients in the low-risk group had lower TMB levels, while those in the high-risk group had a greater frequency of mutations in high-risk genes. Based on the median TMB values and median risk values, we divided the patients into four categories: H-TMB+high-risk, H-TMB+low-risk, L-TMB+high-risk, and L-TMB+low-risk. The H-TMB+low-risk group exhibited the most favorable prognosis, which may provide new recommendations for the clinical assessment of patient outcomes.

Various pathway enrichment analyses were conducted to unravel the underlying mechanisms responsible for survival disparities between the two risk groups. GSEA analysis revealed that pathways involved in DNA repair, glycolysis, and hypoxia were predominantly enriched in the high-risk group. The DNA repair pathway is essential in maintaining genomic stability, and its defects may contribute to tumorigenesis (43). Glycolysis is a unique metabolic pathway that takes place mainly in the cytoplasm and does not require oxygen molecules. It produces ATP, which has become the primary source of energy for the growth and metabolism of cancer cells. However, oxygen is a crucial energy metabolite that drives cellular biological functions. The rapid and uncontrolled proliferation of tumors results in a limited availability of oxygen, leading to hypoxia, a common microenvironmental feature in almost all solid tumors. Hypoxia has been considered a promising therapeutic target (44).

By analyzing the String database through protein-protein interaction analysis, LGALS3 was found to be a core gene in the gene network. In the TCGA database, LGALS3 was highly expressed in tumor groups, and high expression of LGALS3 was associated with poor prognosis in LUAD patients. To further investigate the underlying mechanism, we conducted several experiments and found that knockdown of LGALS3 significantly reduced the invasion, migration, and proliferation of LUAD cell lines. However, it should be noted that further research is necessary to validate these findings and explore the potential therapeutic implications of targeting LGALS3 in LUAD.

It is important to note some limitations of this study. Firstly, the prognostic signature was developed based on existing datasets and requires validation in larger prospective clinical trials. Furthermore, although our results indicate that the signature could potentially serve as a prognostic biomarker and predictor of immunotherapy response, additional research is needed to verify these results. Nevertheless, our integrated analysis utilizing machine learning provides valuable insight into the prognostic significance and potential therapeutic implications of GMRGs in LUAD.
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Background

The use of surgery is controversial in patients with stage T3 or T4 triple-negative breast cancer (TNBC). We aimed to explore the effect of surgical treatment on overall survival (OS) of these patients.





Methods

A total of 2,041 patients were selected and divided into the surgical and non-surgical groups based on the Surveillance, Epidemiology, and End Results database from 2010 to 2018. Propensity score matching (PSM) and inverse probability of treatment weighting (IPTW) were applied to balance covariates between different groups. The OS of the two groups were assessed by Kaplan–Meier survival curves and Cox proportional hazards regression models.





Results

A total of 2,041 patients were included in the study. After PSM and IPTW, baseline characteristics of the matched variables were fully balanced. Kaplan–Meier survival curves showed that the median survival time and OS of TNBC patients with stage T3 or T4 in the surgical group were significantly improved compared with those in the non-surgical group. Multivariate Cox proportional hazards regression analysis showed that surgery was a protective factor for prognosis.





Conclusion

Our study found that surgery prolonged the median survival and improved OS compared with the non-surgical group of TNBC patients with stage T3 or T4.





Keywords: triple-negative breast cancer, median survival, overall survival, surgical group, non-surgical group




1 Introduction

Currently, breast cancer is the most common malignant tumor in women, and its incidence is increasing year by year (1–3). With the increase of women’s life expectancy, a significant number of high-risk tumors have been detected (4, 5). Breast cancer is biologically aggressive and its prognosis is highly variable (6, 7). Triple-negative breast cancer (TNBC) is a highly heterogeneous tumor, accounting for approximately 15% to 20% of all subtypes of breast cancer (8). TNBC is characterized by the lack of expression of estrogen receptor (ER) and progesterone receptor (PR), and no amplification or deletion of human epidermal growth factor receptor 2 (HER2) (9). Compared with other breast cancer subtypes, TNBC patients tend to have higher rates of recurrence, distant metastasis, and lower overall survival (10, 11). Chemotherapy protocols based on anthracyclines and taxanes were considered to be the mainstay of treatment for patients with TNBC because of the lack of hormone receptor targets (12). Previous studies have shown that there are little data exploring the benefits of surgical treatment of patients with stage T3 or 4 TNBC, and the available data have reported controversial results. Several retrospective studies have shown that local surgery is associated with better overall survival in patients with metastatic or specific subtypes of breast cancer (13). However, there was a selection bias in the surgical group. Patients undergoing surgery were generally characterized by younger age, better systemic status, smaller tumors, fewer comorbidities, or lower burden of metastatic disease (14). Nevertheless, two studies, including the prospective phase III trial ABCSG-28 and an open-label randomized controlled trial (RCT), did not find an overall survival benefit in patients with primary stage IV breast cancer after surgical resection (15, 16). The possible reasons for the inconsistent results of RCTS are heterogeneity and selection bias in patients with primary stage IV breast cancer. Therefore, it is important to investigate potential subgroups of patients who may benefit from surgical treatment for primary breast tumors. Even if surgery is not recommended as a routine treatment for all breast cancer patients, selected patients may still benefit.

To date, whether surgery should be the standard of care for patients with TNBC in stage T3 and T4 is a controversial issue. Therefore, the purpose of this study was to evaluate the effect of surgery on overall survival by performing propensity score matching (PSM), inverse probability of treatment weighting (IPTW), multivariate Cox proportional hazards regression analysis, and Kaplan–Meier survival curve for TNBC patients with stage T3 or T4 in the Surveillance, Epidemiology, and End Results (SEER) database. Subgroup analyses were performed to explore population characteristics associated with overall survival.




2 Methods



2.1 Database and patient characteristics

Patients’ clinical information was extracted from the national cancer database (SEER), which covered approximately 28% of the US population and was grouped by race and ethnicity. The SEER database included patient demographic and clinicopathological variables, first course of treatment, and follow-up data. From 1 January 2010 to 31 December 2018, 18,932 cases diagnosed as TNBC were identified in the SEER data resource. The inclusion criteria are as follows (1): patients who were negative for estrogen, progesterone, and HER2 (2); female; and (3) the TNM stage classification limited to T3 or T4 stage. The exclusion criteria were as follows (1): the primary site was staged as T1 or T2; (2) missing follow-up data; and (3) incomplete clinicopathological information including race, marital status, grade, TNM stage, and therapy.

We conducted a retrospective study of patients with stage T3 or T4 TNBC in the SEER between 2010 and 2018. Demographic and clinicopathological variables included age, race, marital status, tumor grade, location, T stage, N stage, M stage, surgery, radiotherapy, chemotherapy, tumor size, bone metastases, brain metastases, liver metastases, lung metastases, and vital status. About 2,041 patients with stage T3 or T4 TNBC were enrolled in the study. To estimate the effect of surgery on overall survival, the enrolled datasets were stratified into two groups: the surgical and non-surgical. Overall survival, defined as death from any cause, from the date of diagnosis to the last exposure or death, was the primary outcome of the study. Patients who lost the follow-up were reviewed at the last contact. Participants’ consent is not required to access and use SEER data.




2.2 Statistical analysis

The numerical variables age and tumor size were summarized as the mean and median [interquartile range (IQR)]. The Shapiro–Wilk test was used to test normality. Categorical variables were presented as counts (%). Demographic and clinicopathological variables were compared between the surgical and non-surgical groups using chi-square test or Fisher’s exact test. The baseline characteristics of the surgical and non-surgical groups were balanced by PSM, and the hazard ratio (HR) was calculated to assess the survival benefit of both groups. Baseline characteristics included age, race, marital status, tumor grade, laterality, N stage, tumor size, radiotherapy, chemotherapy, bone metastases, brain metastases, liver metastases, lung metastases, and other surgery-related factors. A one-to-one (1:1) PSM was conducted to construct a matching sample consisting of pairs of surgical and non-surgical subjects by an optimal matching algorithm to reduce confounding bias. When the absolute value of the mean standardized difference was greater than 0.2 (17), the imbalance is considered unacceptable. The HR and median survival time were calculated to generate Kaplan–Meier survival curves. The log-rank test was employed to compare the survival probability over time between the surgical and non-surgical groups over. IPTW is considered to be a precise method for assessing treatment effects on time-to-event outcome (18). It balanced the baseline variables without losing samples and was used to further reduce the impact of selection bias. Multivariate Cox proportional hazards regression analysis was performed to compare the covariates and explore the relationship between the overall survival rates before and after matching. Proportional hazard assumptions were examined the by Schoenfeld residuals test. Subgroup analyses were performed according to age (≥65 vs <65) and stage (T34M0 vs. T34M1). Statistical analysis was conducted using R statistical software in version 4.1.2 (www.r-project.org). A two-sided p-value < 0.05 was considered statistically significant.





3 Results

A total of 2,041 patients with stage T3 or T4 TNBC between 2010 and 2018 were enrolled in this study. As shown in Table 1, 413 patients (20.24%) did not receive surgical treatment and 1,628 patients (79.76%) were treated with surgery. Among these patients, the median age was 58, 67.32% were white, 48.41% were married, 60.56% had T3 stage TNBC, 38.90% had N1 stage TNBC, 81.77% had M0 stage, 79.76% had received surgery, 58.26% had received radiotherapy, 80.74% had received chemotherapy, 7.59% had bone metastases, 1.81% had brain metastases, 5.05% had liver metastases, 7.01% had lung metastasis, and 50.76% survived. There were significant differences in age, race, marital status, T stage, N stage, M stage, surgery, radiotherapy, chemotherapy, bone metastases, brain metastases, liver metastases, lung metastases, and status between the non-surgical group and surgical group (p < 0.05). Patients who underwent surgery were younger and had longer overall survival than those who did not. Regarding treatment, patients who had surgery were more likely to receive radiation and chemotherapy. Detailed information is shown in Table 1.


Table 1 | The baseline characteristics of 2,041 patients with stage T3 or T4 TNBC from the SEER database.



To further assess the differences between the surgical and non-surgical groups, one-to-one (1:1) PSM was performed for variables (age, race, marital status, grade, laterality, radiotherapy, chemotherapy, tumor size, N stage, bone metastases, brain metastases, liver metastases, and lung metastases) (Table 2). After PSM, the surgical and non-surgical groups consisted of 350 patients respectively. After matching, the baseline characteristics were adequately balanced. Kaplan–Meier curves of the overall survival in the surgical and non-surgical groups before PSM are presented in Figure 1A.


Table 2 | The baseline characteristics of 2,041 patients with stage T3 or T4 TNBC pre- and post-PSM.






Figure 1 | (A) Kaplan–Meier survival analysis of 2,041 patients with stage T3 or T4 TNBC in the surgery and non-surgery groups before PSM. (B) Kaplan–Meier survival curves of TNBC in the surgery and non-surgery groups after PSM. (C) Kaplan–Meier survival curves of patients with TNBC in the surgery and non-surgery groups after IPTW.



The survival analysis showed that before PSM, the median survival time was 52 months in the surgical group and 12 months in non-surgical groups. The 3-year survival rate was 58.3% (95% CI: 0.558, 0.610) in the surgical group and 16.9% (95% CI: 0.131, 0.219) in the non-surgical group. The 5-year survival rates were 48.0%, (95% CI: 0.452, 0.509) and 14.6%, (95% CI: 0.107, 0.199), respectively. There were statistically significant difference in median survival time and survival rate between the surgical and non-surgical groups (Log-rank p < 0.0001, Figure 1A). Surgical treatment significantly improved the median survival time and survival rate of patients with stage T3 or T4 TNBC. After PSM, the median survival time was 37 months and 13 months, respectively (Log-rank p < 0.0001, Figure 1B). The 3-year survival rate was 51.1% (95% CI: 0.457, 0.571) in the surgical group and 19.0% (95% CI: 0.146, 0.247) in the non-surgical group. The 5-year survival rates were 41.3% (95% CI: 0.359, 0.476) and 16.2% (95% CI: 0.118, 0.223), respectively.

Variables in the raw data were matched using IPTW. The details are shown in Table 3. After IPTW, the distributions of most demographic and clinicopathological characteristics were similar between two groups. Kaplan–Meier survival analysis showed that median survival time was 30 months in the surgical group and 15 months in non-surgical groups. Kaplan–Meier curves (Figure 1C) showed that the 3- and 5-year overall survival rate in the surgical group (47.1%, 38.6%) were significantly higher than those in the non-surgical groups (25.9%, 23.6%). This is similar to the results of the PSM-matched study cohort.


Table 3 | The baseline characteristics of patients with TNBC pre- and post-IPTW.




Subgroup analysis (Figure 2) showed that surgery had a significant survival benefit for TNBC patients aged < 65 years in comparison with the non-surgical group (median survival time: 54 vs. 16 months) (HR = 0.59, 95% CI: 0.40–0.86). For TNBC patients older than 65 years, there was no significant benefit from surgery (HR: 0.68, 95% CI: 0.4–1.16). Subgroup analysis showed a significant survival benefit (HR: 0.55, 95% CI: 0.38–0.80) for patients with stage T34M0 TNBC. However, there were adverse effects in T34M1 patients receiving surgical treatment (HR: 1.11, 95% CI: 0.60–2.06). After PSM, Kaplan–Meier survival curves of TNBC patients with stage T34M0 (Figure 3A) showed that there was a significant difference between the surgical group and the non-surgical group (p < 0.001). For TNBC patients with stage T34M1, the Kaplan–Meier survival curves (Figure 3B) showed a similar survival benefit in the surgery group (p = 0.0041).




Figure 2 | Subgroup analysis after PSM.






Figure 3 | (A) Kaplan–Meier survival curves of patients with stage T34M0 TNBC in the surgery and non-surgery groups after PSM. (B) Kaplan–Meier survival curves of patients with stage T34M1 TNBC in the surgery and non-surgery groups after PSM.



Multivariate Cox proportional hazards regression analysis was performed to identify independent predictors of overall survival. Results showed that age, race, marital status, T stage, M stage, N stage, surgery, radiotherapy, chemotherapy, bone metastases, brain metastases, and liver metastases were significantly associated with overall survival (Table 4). Age ≥65, T4 stage, N1–3 stage, M1 stage, bone metastases, brain metastases, and liver metastases were associated with poorer overall survival, while race (other), marital status (yes), surgery, radiotherapy, and chemotherapy significantly improved the overall survival (Table 4). After PSM, age ≥65 years, T4 stage, N1–3 stage, M1 stage, bone metastases, and liver metastases were associated with lower overall survival, while races (other: not white or black), surgery, and chemotherapy improved overall survival (Table 4).


Table 4 | Multivariate Cox proportional hazards regression analysis before PSM and after PSM.






4 Discussion

Multiple retrospective studies have revealed the potential benefits of surgery for advanced breast cancer (19, 20). A study based on the National Cancer Database (NCDB) highlighted that surgery can benefit patients with stage IV breast cancer. In this large cohort (11,694), even after PSM, the overall survival of the surgical group was improved compared with the non-surgical group (HR = 0.68, 95% CI: 0.63–0.72, p < 0.001) (13). This is because surgery may substantially reduce the overall tumor burden and improve survival by activating the immune responsiveness (21). However, other studies held different opinions. TATA, TBCRC013, and positive clinical trials suggested that surgical treatment had a similar prognosis for patients with stage IV breast cancer compared with the non-surgical treatment (15, 16, 22). Xie et al. found that most patients with metastatic breast cancer have benefited from local regional primary tumor surgery. However, the PSM dataset showed that surgery did not prolong the breast cancer-specific survival of TNBC patients. At present, there are few studies on the surgical treatment of TNBC patients with stage T3 or T4, and there is no clear clinical consensus. Therefore, it is important to study the potential subgroup of patients with favorable features for surgical treatment of the primary breast tumors. We had investigated whether there was a survival benefit from surgical treatment in patients with stage T3 or T4 TNBC.

In this cohort study, we sought to reveal distinct outcomes of patients with or without surgical treatment for TNBC at stage T3 or T4, based on population data from SEER. To our knowledge, this is the first study to compare the impact of surgery on patients with stage T3 or 4 TNBC. We found that TNBC patients with stage T3 or T4 had a higher proportion of surgery and better overall survival than those who did not. Before PSM, the median survival time, 3-year overall survival rate, and 5-year overall survival rate of patients were significantly higher in the surgical group than those in the non-surgical group. Log-rank test of the Kaplan–Meier curve revealed that there were significant differences in the median survival time and overall survival between two groups (p < 0.001). Surgery significantly improved overall survival in the study population compared with the non-surgical group. In order to reduce the bias caused by confounding factors, PSM was conducted. Kaplan–Meier curves still showed the same results after PSM when baseline characteristics of the surgical and non-surgical groups were completely balanced (p < 0.001). We matched the variables in the original data with IPTW, resulting in a similar distribution of most demographic and clinicopathological characteristics between the two groups. We found that surgery significantly improved overall survival definitely.

To explore the effect of surgery on overall survival among TNBC patients with different ages (<65 vs. ≥65) and stages (T34M0 vs. T34M1), we performed subgroup analyses. We found that for TNBC patients aged < 65 years, the median survival time was significantly longer in the surgical group than in the non-surgical group. It may be caused by the small sample size, the HR was 0.68 (95% CI: 0.4–1.16) of TNBC patients aged >65 years, and the HR value was 1.11 (95% CI: 0.60–2.06) of TNBC patients at stage T34M1. Subgroup analysis showed that TNBC patients at stage T34M0 had a significant survival benefit after surgery. After matching, Kaplan–Meier survival curves of patients with stage T34M0 TNBC showed statistical difference between two groups (p < 0.001), and surgery had significant survival benefit. After matching, Kaplan–Meier survival curves of the two groups of TNBC patients at stage T34M1 was statistically different (p = 0.0041), and there was survival benefit from surgical treatment. The two curves were close. In multivariate Cox proportional hazards regression analysis, we found that surgery was an independent predictor of overall survival. This is consistent with the results of a propensity score matching analysis based on the SEER population (23). However, Li et al. proposed that surgical resection could reduce the burden of the local tumor, thereby improving the overall survival rate. For patients with visceral or multiple metastases, local lesion size and number of lymph node metastasis had little influence on systemic tumor burden, and local surgery had limited impact (24). Our study found that for patients with distant metastasis, surgery can reduce tumor burden, control local symptoms, and improve quality, but individualized treatment is required.

However, several limitations should also be mentioned in this study. Firstly, the selection bias regarding the retrospective design remains even when PSM and IPTW were utilized. Secondly, the status of disease burden is incomplete (the SEER database does not provide information on the number of metastases, only on major sites, such as bone, lung, liver, brain, and distant lymph nodes). We were unable to control for these potential modifiers. Finally, we were unable to assess recurrence because SEER does not collect this information. Despite these limitations, our study, which used population-based data, provided valuable new information on the effectiveness of surgical treatment in patients with stage T3 or T4 TNBC.




5 Conclusion

Our study found that surgical treatment prolonged median survival and improved overall survival of patients with stage T3 or T4 TNBC compared with the non-surgical group in patients. Nevertheless, these findings need to be further validated and explored in future large-scale observational clinical studies.
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Background

Intracerebral hemorrhage (ICH) is the deadliest subtype of stroke, with a 30-day case fatality rate of approximately 40%. Timely and accurate treatment is essential to facilitate recovery. The introduction of stereotactic instruments and navigation systems has greatly improved the accuracy of surgical treatment. In this study, we explored the application and effects of a three-dimensional (3D) laser combined with C-arm computed tomography (CT) on ICH puncture.





Materials and methods

According to the principle of randomness, 118 patients with ICH were divided into control and experimental groups. The control group was treated with CT-guided puncture, and the experimental group was treated with 3D laser combined with C-arm CT puncture. The hematoma clearance rates at 3, 5, and 7 days after surgery and the prognosis at 1, 3, and 6 months after surgery were compared between the two groups.





Results

The hematoma clearance rates of the group using 3D laser combined with C-arm CT at 3, 5, and 7 days after surgery were significantly higher than those of the control group, and the difference was statistically significant (p < 0.05). One month postoperatively, the daily living ability (ADL) grading and recovery of the patients in the test group was significantly better than those of the control group (p < 0.05), but there was no statistically significant difference in ADL 3 and 6 months after surgery (p > 0.05).





Conclusion

3D laser combined with C-arm CT puncture has the advantages of real-time guidance, accurate positioning, and simple operation. It is an effective minimally invasive surgical method that is easy to master.
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1 Introduction

Intracerebral hemorrhage (ICH) accounts for approximately 10%–20% of all strokes and is associated with greater morbidity and mortality compared to that of ischemic strokes (1). Hypertensive arteriopathy (deep perforator arteriopathy) and cerebral amyloid angiopathy are the two major risk factors of spontaneous ICH (2). Rapid identification and treatment are essential to facilitate recovery (3). Most patients who survive ICH have disabilities and are at risk of cognitive decline, recurrent stroke, and even systemic vascular disease. To date, no specific interventions have been shown to improve clinical outcomes after ICH (4). ICH is a great burden for patients, caregivers, family members, and society (5, 6). Surgical hematoma drainage has many theoretical advantages, such as prevention of cerebral herniation, reduction in intracranial pressure, and a decrease in excitotoxicity and neurotoxicity of blood products. Currently, the common surgical methods for ICH include craniotomy, decompressive craniectomy, neuroendoscopy, and minimally invasive catheter drainage after thrombolysis (7). Increasing evidence suggests that with minimally invasive procedures, the potentially adverse effects of open surgery in patients with ICH can be avoided, and a beneficial effect on the functional outcome may be achieved (8). We adopted a three-dimensional (3D) laser combined with C-arm computed tomography (CT) technology to puncture ICH, and compared it with the traditional CT-guided puncture of ICH to explore the reliability and effectiveness of 3D laser combined with C-arm CT puncture technology for minimally invasive puncture and drainage of hypertensive ICH.




2 Materials and methods



2.1 Patient selection

Data from 118 individuals with ICH treated at our center from January 2018 to June 2020 were analyzed retrospectively. The inclusion criteria were as follows: (A) all patients were definitely diagnosed with the first cerebral hemorrhage by brain CT, (B) patients had 30–60 ml basal ganglia hemorrhage without cerebral hernia, and (C) hematoma site was relatively concentrated. The exclusion criteria consisted of the following: (A) unstable blood pressure and heart rate, (B) severe underlying diseases, or (C) coagulation dysfunction. There were 59 men and 59 women, aged 40–88 years, with an average age (± standard deviation) of 61.25 ± 10.94 years. According to the random number table, the patients were divided into a control group and a test group, with 59 patients in each group. There were 27 men and 32 women in the control group, aged 42–86 years, with an average age of 61.54 ± 10.96 years. The experimental/test group consisted of 32 men and 27 women, aged 40–88 years, with an average age of 60.95 ± 11.01 years. The control group underwent hematoma puncture under CT guidance. The hematoma in the experimental group was punctured using 3D laser and C-arm CT. On statistical analysis, the general data of the two groups showed no significant differences (p > 0.05). The procedure was reviewed and approved by the Ethics Committee of the Binzhou Medical University Hospital. Consent for the operations was obtained from each patient and patient’s family.




2.2 Experimental instrument

Instrumentation employed included Xper CT equipment (UNIQ FD20, made by Philips Medical Systems Nederland B.V.) and Laser locator (ZhonNa NX-9575-675, made by ZhonNa Electronics Company of Zhongshan) (Figure 1).




Figure 1 | (A) Xper CT equipment. (B) Laser locator.






2.3 The control group underwent hematoma puncture under CT guidance

Points were marked on the frontal and temporal parts of the head of patients, and brain CT was used to ensure that the two marked points were located on the largest section of the hematoma. The connecting line between the two marked points was designated as Line A. The line between the hematoma center and the forehead marking point was defined as Line B, for which the length was measured, and the angle between line B and the center line was α. When puncturing, the forehead mark point was set as the puncture point, the drainage tube was punctured with a needle core along the direction of line A, and the angle between the drainage tube and midline was α. Simultaneously, we ensured that the depth of the drainage tube was the length of line B.




2.4 The experimental group underwent hematoma puncture under the guidance of 3D laser navigation and C-arm CT



2.4.1 Software operation

The surgical incision site was marked with a metal object on the forehead, approximately 2 cm from the midline and 3 cm from the orbit on the hematoma side (Figure 2). The priority was to make an incision in the frontal stria and avoid the frontal sinus to prevent cerebrospinal fluid leakage after surgery and ensure an aesthetically pleasing appearance after wound healing. A hole was drilled in the bone at the metal mark (Figure 3). The C-arm CT function of the digital subtraction angiography (DSA) machine was used to collect the original data for processing; display the coronal, sagittal, and axial CT images; mark the center of the hematoma; and set it as the target site for the puncture (Figure 4). The 3D reconstruction of brain tissue was performed using the 3D reconstruction software Xper CT of the DSA machine, and the bone hole displayed in gray scale was adjusted as the puncture point. Subsequently, the 3D stereo image was rotated, overlapping the puncture point and puncture target. The laser emission direction was determined using the principle of “two points and one line,” and the real-time 3D reference image working angle was recorded (Figure 5). The skull was cut along the coinciding point, and the distance between the puncture point and the puncture target was measured as the puncture depth (Figure 6).




Figure 2 | (A) The percutaneous puncture point was marked. (B) Confirming the puncture point in the CT image.






Figure 3 | Skull burr hole.






Figure 4 | Setting the puncture.






Figure 5 | Overlapping the puncture point and puncture target.






Figure 6 | Measurement of the puncture depth.






2.4.2 DSA machine panel operation

The 3D APC function was used in the Xper APC automatic position control module to automatically position the rack movement to the angle displayed by the 3D reference image (Figure 7) (9).




Figure 7 | (A) Setting the puncture angle. (B) Xper CT rotation positioning.






2.4.3 Surgical procedure

A surgical incision was planned on the forehead scalp at the metal marker, with a length of approximately 2 cm. We stuck the bottom of the laser emitter on the FD plate, making the laser emitted from it perpendicular to the FD plate, then moved the laser emitter, and focused the cross-laser on the puncture point. Consequently, the direction of laser emission passed through the puncture point and puncture target simultaneously, which was determined as the puncture direction, and the puncture needle was held at the puncture point to conduct the puncture. During puncture, the laser focus was continuously placed at the center of the needle tail. At this time, the puncture of the trocar was continuously directed toward the center of the hematoma. Puncture depth was defined as the distance from the puncture point to the puncture target measured before surgery (Figure 8). Dark red blood flowed out through the drainage tube after the tube core was pulled out.




Figure 8 | Puncture process.






2.4.4 Rechecking the position of the drainage tube

The DSA machine was used for CT scanning, collecting data, and transmitting the information to a computer. It was ensured that the drainage tube was located at the center of the hematoma (Figure 9).




Figure 9 | (A) Reexamining the puncture results in the coronal position. (B) Rechecking the puncture results at the axial position.







2.5 Postoperative treatment

Both groups underwent the same postoperative treatments. A drainage tube was placed approximately 10 cm above the auricle for continuous drainage. No intracranial hemorrhage was found after 24 h on brain CT examination. Subsequently, 30,000 units of urokinase were completely dissolved in 5 ml of 0.9% sodium chloride and injected into the hematoma cavity. The drainage tube was closed for 2 h and then reopened. The urokinase solution was injected twice daily for 3 consecutive days. During the observation period, if the patient’s vital signs and consciousness deteriorated, drainage was performed promptly. On postoperative days 3, 5, and 7, brain CT was re-examined, and the change in the hematoma volume was observed and measured. The drainage tube was removed within 7–10 days according to drainage of the hematoma.




2.6 Efficacy evaluation



2.6.1 Hematoma clearance rate

Hematoma clearance rate (10) = (preoperative hematoma volumeresidual — hematoma volume) / preoperative hematoma volume × 100%. Hematoma clearance rates at 3, 5, and 7 days after surgery were statistically analyzed.




2.6.2 Clinical efficacy

The ADL grading (11) method was used to evaluate the clinical efficacy of the treatment, and the prognosis at 1, 3, and 6 months after surgery was calculated.





2.7 Statistical analysis

SPSS 21.0 software was used for statistical analysis. The t-test and rank sum test were used for data analysis, and the difference was considered statistically significant at p < 0.05.





3 Results



3.1 Comparison of hematoma clearance rate between the two groups

The hematoma clearance rates of the test group at 3, 5, and 7 days after surgery were significantly higher (p < 0.05) than those of the control group (Table 1). This result shows that the hematoma and pressure on the brain were significantly reduced at an early stage in the experimental group, with the restoration of the local blood supply to the brain tissue.


Table 1 | Comparison of the hematoma clearance rates between the two groups.






3.2 Comparison of ADL grading evaluation results between the two groups at 1, 3, and 6 months postoperatively

One month postoperatively, the ADL grading of the patients in the test group was significantly better than that in the control group (p < 0.05), and the recovery of patients in the test group was also better than that in the control group.

However, at 3 and 6 months postoperatively, there was no significant difference in the ADL grading between the two groups (p > 0.05) Table 2), although there were more patients in the test group who recovered well (Grade I to Grade III) than those in the control group.


Table 2 | Comparison of ADL grading between the two groups.







4 Discussion

Hematoma puncture is an essential and effective surgical method for treating cerebral hemorrhage (12, 13). It has the advantages of a short operation time, simple operation, and minimal trauma. However, there are inevitable differences in the experience level of operators, resulting in variations in the puncture position, angle, and depth, as well as damage to the brain tissue and blood vessels by repeated punctures. At present, the commonly used penetration navigation methods include optical navigation, mechanical navigation, and electromagnetic navigation, but they all have some limitations (14). We used a 3D laser combined with C-arm CT to provide a convenient and accurate navigation method.

C-arm CT is a medical imaging technology that combines the advantages of two advanced technologies: the rotation of the DSA flat panel detector and computer reconstruction (15). Compared to CT-guided puncture, C-arm CT has certain advantages in the puncture of cerebral hemorrhage. Firstly, during the process of CT-guided puncture, the operator can only puncture according to the CT image through experience, which is subjective and can easily lead to repeated punctures and damage to the normal brain tissue and blood vessels.

C-arm CT integrates the effective functions of CT and DSA, plans the puncture path at multiple levels and angles, obtains the puncture information in real time during the puncture process, and observes the positional relationship between the puncture needle and hematoma at any time, providing real-time guidance during the puncture process (16). It not only reduces the puncture time but also ensures the accuracy and effectiveness of the puncture. Secondly, compared to spiral CT, the radiation dose in C-arm CT is reduced by approximately 60%–80% (17), thus reducing radiation damage to the target organs. Thirdly, patients need to be transferred to the traditional CT machine for routine postoperative CT re-examination. C-arm CT can be used to assess the intracranial condition of the patients immediately after surgery, without requiring transfer, and allows timely observation of surgical complications such as intracerebral rebleeding, which not only saves time but also allows faster treatment of complications.

Semiconductor lasers have the advantages of good monochromaticity, directivity, and brightness. Using the characteristics of high brightness and strong directivity of the laser, we fixed the semiconductor laser emitter to the flat panel detector of the DSA machine, making the laser beam perpendicular to the flat panel detector. Therefore, the laser beam could be parallel to the x-ray emitted by the flat panel detector, thus visualizing the x-ray that could not be observed. When the laser beam irradiates the puncture point on the head, it forms a bright cross-shaped stereo effect projection light that guides the puncture needle direction. During the operation, the laser direction, puncture needle, and target should be kept in the same line to achieve real-time guidance. Under laser guidance, the operator can accurately place the drainage tube at a predetermined position, which solves the shortcomings of minimally invasive puncture and drainage.

We used 3D laser navigation combined with C-arm CT puncture and drainage for early fibrinolysis treatment of hypertensive ICH. The hematoma clearance rates at 3, 5, and 7 days after surgery were significantly higher than those in the control group, indicating that this technology has a positive effect on reducing early hematoma and brain compression. There was also a statistically significant difference in the ADL grading between the test and control groups 1 month postoperatively. Although there was no statistically significant difference in ADL grading between the test group and control group at 3 and 6 months after surgery, there were more patients in the test group who recovered well (grades I to III) than in the control group. Therefore, compared to conventional CT guidance, 3D laser navigation combined with C-arm CT for intracerebral hemorrhage puncture is more time-saving, safer, more effective, and less traumatic, and results in faster recovery, a shorter hospital stay, and fewer complications, which is conducive to the development of minimally invasive technology and has considerable clinical value. In future studies, more clinical data will be collected and analyzed to further improve the reliability of the study.
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Osteosarcoma is a highly aggressive and metastatic malignant tumor. It has the highest incidence of all malignant bone tumors and is one of the most common solid tumors in children and adolescents. Osteosarcoma tissues are often richly infiltrated with inflammatory cells, including tumor-associated macrophages, lymphocytes, and dendritic cells, forming a complex immune microenvironment. The expression of immune checkpoint molecules is also high in osteosarcoma tissues, which may be involved in the mechanism of anti-tumor immune escape. Metabolism and senescence are closely related to the immune microenvironment, and disturbances in metabolism and senescence may have important effects on the immune microenvironment, thereby affecting immune cell function and immune responses. Metabolic modulation and anti-senescence therapy are gaining the attention of researchers as emerging immunotherapeutic strategies for tumors. Through an in-depth study of the interconnection of metabolism and anti- senescence in the tumor immune microenvironment and its regulatory mechanism on immune cell function and immune response, more precise therapeutic strategies can be developed. Combined with the screening and application of biomarkers, personalized treatment can be achieved to improve therapeutic efficacy and provide a scientific basis for clinical decision-making. Metabolic modulation and anti- senescence therapy can also be combined with other immunotherapy approaches, such as immune checkpoint inhibitors and tumor vaccines, to form a multi-level and multi-dimensional immunotherapy strategy, thus further enhancing the effect of immunotherapy. Multidisciplinary cooperation and integrated treatment can optimize the treatment plan and maximize the survival rate and quality of life of patients. Future research and clinical practice will further advance this field, promising more effective treatment options for patients with osteosarcoma. In this review, we reviewed metabolic and senescence characteristics in the immune microenvironment of osteosarcoma and related immunotherapies, and provide a reference for development of more personalized and effective therapeutic strategies.
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1 Introduction

Osteosarcoma is a highly aggressive bone tumor that originates as a malignant tumor in bone tissue, usually in adolescents and young adults, and can be extremely disruptive to the physical and mental health of patients (1–3). Osteosarcoma usually originates in the epiphysis of long bones, such as the femur, tibia and humerus, but can also occur in other skeletal sites. It is one of the most common malignant tumors in the skeletal system, accounting for approximately 20% of all bone tumors, and is prone to recurrence and early lung metastases (1, 4, 5). The tumor cells of osteosarcoma are highly proliferative and infiltrative, often rapidly invading surrounding bone tissue and adjacent structures, leading to bone destruction and functional impairment. The treatment of osteosarcoma is complicated by its highly aggressive nature and early onset of pulmonary metastasis (6, 7). Despite the current comprehensive treatment strategies including surgical resection, radiotherapy and chemotherapy, the prognosis of osteosarcoma is still not optimistic (8–10).

Recent studies have shown that the immune microenvironment plays a key role in the development and progression of osteosarcoma (11–13), and Figure 1 briefly shows an overview of the tumor microenvironment. Osteosarcoma tissues are often richly infiltrated with inflammatory cells, including tumor-associated macrophages, lymphocytes, and dendritic cells, forming a complex immune microenvironment (3, 14). The expression of immune checkpoint molecules such as PD-L1 and CTLA-4 is also high in osteosarcoma tissues, which may be involved in the mechanism of anti-tumor immune escape (15–17). Osteosarcoma cells evade recognition and attack by the immune system in several ways. On the one hand, osteosarcoma cells can reduce the expression of antigens and decrease the chance of attack by immune cells. On the other hand, osteosarcoma cells can also produce immunosuppressive factors, such as immune checkpoint inhibitors and immunosuppressive cells, thereby inhibiting the activity of immune cells and reducing the attack on tumor cells (18, 19). In addition, the inflammatory response can lead to infiltration and activation of immune cells, releasing a variety of cytokines and chemokines that stimulate the growth, invasion and metastasis of tumor cells (20–22). It can also lead to increased expression of antigens by tumor cells, thus increasing recognition and attack by the immune system. Besides immune cell infiltration also plays an important role in osteosarcoma. It has been found that the type, number and activity of immune cells in the tumor microenvironment have an important impact on the growth and metastasis of osteosarcoma (23, 24). Immune cell infiltration can contribute to an immune attack of tumor cells, but at the same time, immune cells may also be suppressed by immunosuppressive factors produced by tumor cells, thus limiting the effect of the immune system on the tumor.




Figure 1 | A brief overview of the tumor microenvironment.



Metabolism and senescence are closely related to the immune microenvironment, and disturbances in metabolism and senescence may have important effects on the immune microenvironment, thereby affecting immune cell function and immune response (25–27). Metabolic disorders affect the biological activity and function of immune cells by altering their energy metabolic pathways, such as glycolysis and mitochondrial respiration. In addition, the accumulation of metabolites may affect the signaling pathways such as endoplasmic reticulum stress and oxidative stress in immune cells, thus affecting immune regulation and anti-inflammatory responses of immune cells (22, 28–30). For senescence, age-related biological changes may lead to alterations in the quantity and quality of immune cells, thus affecting the immune response and the balance of the immune microenvironment. In addition, senescence may lead to alterations in surface markers, antigen presentation and signaling of immune cells, thus affecting the function of immune cells and the effectiveness of the immune response (25, 26, 31).

In this review, we reviewed the metabolic and senescence characteristics in the immune microenvironment of osteosarcoma and related immunotherapies, with the aim of providing a reference for studying the interconnection of metabolism and senescence in the immune microenvironment of osteosarcoma, the mechanisms regulating immune cell function and immune response, and the development of more precise therapeutic strategies.




2 Metabolic characteristics of the immune microenvironment in osteosarcoma



2.1 Mechanism of interaction between metabolism and immune regulation

There is a complex mechanism of interaction between tumor metabolism and immune regulation. The metabolic pathways and metabolites of tumor cells can directly or indirectly affect the function of immune cells and immune regulation, thus having an impact on the immunotherapy of tumors (28, 32–34).

The metabolic pathways of tumor cells can affect the biological activity of immune cells (35). Tumor cells often exhibit high levels of glycolysis and lactate production, leading to low pH and hypoxic conditions in the tumor microenvironment (36). These metabolic features affect immune cell function, such as altering immune cell growth, proliferation, antigen recognition and antigen presentation capabilities. In addition, the metabolic activity of tumor cells leads to the accumulation of some metabolites, such as lactate, adenosine and pyruvate, which have an immunosuppressive effect on immune cells and thus attenuate the immune response (37).

Metabolites of tumor cells can modulate the immune response by altering the signaling pathways of immune cells (35, 38). For example, metabolites such as lactate and adenylate can inhibit immune cell function by binding to the corresponding receptors on immune cells (39, 40). Adenosine and adenosine receptors may play an important immunosuppressive role in the tumor microenvironment, affecting immune cell proliferation, differentiation, antigen recognition and antigen presentation. In addition, some metabolites such as pyruvate and ketone bodies can also modulate the immune response by affecting the metabolic pathways and signaling pathways of immune cells (41).

The metabolic pathways and metabolites of tumor cells can also indirectly affect immune regulation by altering the composition and function of immune cells in the tumor microenvironment (11, 35, 42). For example, the metabolic profile of tumor cells may lead to alterations in the number and activity of immune cells in the tumor microenvironment, such that the functions of T cells, natural killer cells (NK cells), and dendritic cells can be suppressed, thus weakening the immune system’s ability to attack the tumor (43, 44). In addition, metabolites of tumor cells can also have an impact on immune tolerance of immune cells, leading to a decrease in the ability of immune cells to recognize and attack tumor cells.

Osteosarcoma tumor cells exhibit metabolic specificities such as increased glycolysis, altered mitochondrial function, and increased lactate production. These metabolic alterations produce an acidic, hypoxic, and nutrient-deprived microenvironment (45). The acidic microenvironment can inhibit the function of immune cells such as T cells and natural killer cells by altering the pH-sensitive signaling pathways that are necessary for their activation and proliferation (46). For example, the acidic microenvironment can inhibit the activity of enzymes involved in T cell receptor signaling, leading to impaired T cell activation and cytokine production (47). Additionally, the acidic microenvironment can promote the survival and proliferation of immunosuppressive cells such as regulatory T cells and myeloid-derived suppressor cells, which can further inhibit the function of infiltrating immune cells (48). Hypoxia can promote the expression of immune checkpoint molecules such as PD-1 and CTLA-4, which can inhibit the function of infiltrating immune cells and promote immune escape of osteosarcoma cells (49). In a nutrient-poor microenvironment, immune cells may become metabolically stressed and unable to carry out their normal functions. This can result in decreased cytokine production, impaired cytotoxicity, and reduced activation and proliferation of immune cells (42). Additionally, nutrient deprivation can lead to the activation of stress response pathways, such as the unfolded protein response (UPR) and the integrated stress response (ISR), which can further impair immune cell function and promote the survival of osteosarcoma cells (50).




2.2 Metabolic regulatory mechanisms of the immune microenvironment in osteosarcoma



2.2.1 Glucose metabolism regulation

Osteosarcoma cells are highly glucose-dependent and their metabolic pathways include mainly glycolysis and gluconeogenesis (51). In the immune microenvironment, osteosarcoma cells escape from immune cells by regulating glycolytic pathways. For example, osteosarcoma cells can promote glycolysis to produce lactate through the high expression of key glycolytic enzymes such as phosphofructokinase (PFK) and lactate dehydrogenase A (LDHA), thereby allowing immune cells to form an acidic microenvironment around the tumor and inhibit the killing function of immune cells (52–55). In addition, osteosarcoma cells can also meet their own energy and biosynthetic needs and reduce the energy supply to immune cells by increasing glucose production from the gluconeogenic pathway (51).




2.2.2 Ammonia metabolism regulation

Osteosarcoma cells typically exhibit a high degree of ammonia metabolism, with metabolic pathways including ammonia degradation and glutamate metabolism (56). In the immune microenvironment, osteosarcoma cells influence the function of immune cells by regulating ammonia metabolic pathways (57, 58). For example, osteosarcoma cells can inhibit immune cell activity by increasing the expression of glutamate acidifying enzyme (GLUD1), which drives the conversion of ammonia to glutamate. In addition, ammonia can inhibit the metabolic activity of immune cells by activating ketoacid dehydrogenase (BCAT1) in immune cells, thereby reducing the attack of immune cells on tumor cells (59, 60).




2.2.3 Lipid metabolism regulation

Regulation of lipid metabolism by osteosarcoma cells in the immune microenvironment affects the function of immune cells mainly by regulating processes such as lipid acid synthesis, storage and oxidation (61, 62). For example, osteosarcoma cells can increase lipid acid synthesis and storage by increasing lipid acid synthases such as fatty acid synthase (FASN) and lipoyl-CoA synthase (ACSL), which provide energy and raw materials required for tumor cell growth and biosynthesis (63). In addition, osteosarcoma cells can also reduce the oxidative metabolic activity of immune cells by inhibiting lipid acid oxidase enzymes such as hydroxy acyl-coenzyme A dehydrogenase (HADHA) and hydroxy acyl-coenzyme A lyase (HADHB) in immune cells, thereby weakening the ability of immune cells to attack tumor cells (63, 64).




2.2.4 Oxidative stress regulation

Osteosarcoma cells produce large amounts of reactive oxygen species (ROS) when they are in a state of high oxidative stress. In the immune microenvironment, osteosarcoma cells influence the function of immune cells by regulating the production and clearance of ROS (65–67). For example, osteosarcoma cells can increase ROS production by increasing the expression of ROS-producing enzymes such as members of the NADPH oxidase (NOX) family. These ROS can lead to impaired immune cell function by directly oxidizing key proteins within the immune cells. In addition, ROS can also inhibit the immune effects of immune cells by regulating their signaling pathways and transcription factor activity (68–71).




2.2.5 Immune cell metabolism regulation

The ability of immune cells in the immune microenvironment to attack tumor cells is also influenced by metabolic modulation (32, 72). For example, immune cells in the tumor microenvironment such as cytotoxic T lymphocytes (CTLs) and natural killer cells (NK cells) play a key role in antitumor immunity (73). The metabolic state of these immune cells in the immune microenvironment is regulated by osteosarcoma cells. For example, osteosarcoma cells can reduce the metabolic activity of immune cells by releasing metabolic products such as lactate and adenylate. Lactate can reduce the energy supply of immune cells by inhibiting oxidative phosphorylation of mitochondria within immune cells, thereby reducing their antitumor activity (74). Adenosine can suppress tumor immune response by activating adenosine receptors on immune cells, leading to the suppression of immune cells and an increase in immune antigen-specific T cells (Tregs) (75, 76). Figure 2 describes the bidirectional interactions between tumor cells and the immunosuppressive component of the tumor microenvironment.




Figure 2 | Immunosuppressive Cells in the Tumor Microenvironment.








3 Senescence characteristics of the immune microenvironment in osteosarcoma



3.1 Concepts and mechanisms of immune senescence

Immunosenescence is the phenomenon of gradual decline in the function of the human immune system with age, which is mainly manifested by a decrease in the body’s immune response to endogenous and exogenous antigens, a lack of responsiveness to new antigens, and a blunted response to the protective effects of vaccines and established immune memory, resulting in a decrease in the individual’s ability to defend against infectious diseases, anti-tumor capacity, and the ability to clear senescent cells with age (77–81). It is a physiological phenomenon, but may also accelerate the onset and progression of disease. As an epidemiological study of osteosarcoma shows that the second peak in osteosarcoma is over 65 years of age (82). The age of the patient is correlated with the survival, with the poorest survival among older patients (82, 83). Therefore, the exploration of the mechanism of age-related immune senescence may provide new ideas for the treatment of this population.

Immunosenescence is associated with a decrease in the number and function of immune cells (84–86). With aging, there is a gradual decrease in the number and activity of immune cells in the body, including T cells, B cells, natural killer cells, and other immune cells. This may lead to a weakened immune response of the body to pathogens and tumor cells, thus increasing the risk of infection and tumor development.

Alterations in immune cell function also play a role in immunosenescence (84, 85, 87). With aging, immune cell functions are affected, including antigen presentation, antibody production, and cytotoxic activity. For example, T cells in the elderly may exhibit reduced proliferation and activity and a diminished response to novel antigenic stimuli, resulting in diminished immune memory and a decreased antigen-specific immune response.

Immunosenescence is related to altered inflammatory status (88). With advancing age, the body may develop a chronic inflammatory state called “inflammatory aging”. This chronic inflammatory state leads to an excessive inflammatory response of immune cells in response to pathogens and tumor cells, thus affecting the function and regulation of immune cells.

Alterations in immune regulatory networks also have an impact on immunosenescence (89–91). The normal function of the immune system depends on complex immune regulatory networks, including the interactions between immune cells, the production and action of cytokines, and the signaling between immune cells and target cells. As we age, these immune regulatory networks may change, leading to abnormal immune responses and disruption of immune tolerance.




3.2 Effects of the senescence characteristics in osteosarcoma immune microenvironment

With aging, the immune microenvironment of osteosarcoma will exhibit some senescence characteristics, which will have an impact on the immune response and disease process of osteosarcoma (31, 77, 92). As the aging process of the body continues to progress, the number and function of immune cells in the body will decline, including T cells, B cells, natural killer cells, and other immune cells (84, 87, 93, 94). This will lead to a weakened immune response in patients with osteosarcoma, which will increase the escape and survival of tumor cells. The function of immune cells will also be affected, including antigen presentation, antibody production, and cytotoxic activity. T cells will show reduced proliferation and activity, and a diminished response to new antigenic stimuli, resulting in a decreased immune response. At the same time, the immune microenvironment in osteosarcoma can develop a chronic inflammatory state (88, 95, 96). This chronic inflammatory state leads to an excessive inflammatory response of immune cells in response to tumor cells, which affects the function and regulation of immune cells. In addition, chronic inflammation may also promote the survival and proliferation of tumor cells (97). The immune regulatory network in the immune microenvironment of osteosarcoma will also be altered, including the interaction between immune cells, the production and action of cytokines, and the signaling between immune cells and tumor cells (98). This will lead to abnormal immune response and disruption of immune tolerance, thus affecting the immune surveillance and anti-tumor immune response to tumor cells in patients with osteosarcoma

With aging of the immune microenvironment, tumor cells can escape from immune surveillance by various mechanisms, such as reduced antigen presentation and antigen expression, altered evasive expression of antigens, and reduced recognition and killing of tumor antigen-specific T cells, thereby shielding tumor cells from immune attack (85, 86, 93). Figure 3 briefly describes the process mechanism of cancer initiation, elimination, equilibrium and escape under the influence of immune cells in the immune microenvironment. Senescence of the immune microenvironment may also lead to disruption of immune tolerance mechanisms, enabling tumor cells to escape clearance in the immune system, thus promoting tumor cell survival and proliferation (99). Senescence of the immune microenvironment may also lead to an increase in immunosuppressive factors, such as an increase in anti-inflammatory cytokines and an increase in immunosuppressive cells, which may inhibit the activity and function of immune cells and affect the antitumor immune response (100). Aging may lead to a decrease in the memory function of immune cells, thus reducing the specific attack on osteosarcoma cells (101). Decreased immune memory may lead to a reduced ability of immune cells to re-attack osteosarcoma cells, thus affecting the effectiveness of immunotherapy (102).




Figure 3 | A brief overview of tumor immune evasion mechanism.



The immune microenvironment of osteosarcoma exhibits features such as diminished immune cell numbers and functions, altered immune regulatory networks, and altered inflammatory status during aging, which affect the immune response and disease process in osteosarcoma (103). Several studies have shown that intervening in the senescence features of the immune microenvironment in osteosarcoma (104), may help to enhance the effectiveness of immune cell attack on osteosarcoma cells and thus improve the efficacy of immunotherapy (105–107). For example, some studies have shown that by inhibiting immunosuppressive pathways such as PD-1/PD-L1 and CTLA-4, the ability of immune cells to attack osteosarcoma cells can be restored, thereby improving the efficacy of immunotherapy (15, 16, 108–110).





4 Strategies against immunosenescence or metabolic regulation



4.1 Compounds and drugs against immunosenescence

Several compounds and drugs are used to counteract immunosenescence, the age-related decline in immune function. Some of the most common ones include: 1) Thymosin alpha 1 (Tα1): Tα1 is a peptide that has been shown to enhance T-cell function and modulate the immune response (111). It can improve the production and maturation of T cells, which decline with age, thus counteracting immunosenescence (112). 2) Interleukin-7 (IL-7): IL-7 is a cytokine that plays a crucial role in the development and maintenance of T cells (113). Recombinant IL-7 therapy has been shown to increase T cell numbers and improve immune function in aged individuals (114). 3) PD-1/PD-L1 inhibitors: These drugs, such as pembrolizumab and nivolumab, target the immune checkpoint proteins PD-1 and PD-L1 (115). These proteins are often upregulated in aged immune cells and contribute to immune senescence. By blocking the interaction between PD-1 and PD-L1, these inhibitors can enhance the immune system’s ability to recognize and attack pathogens and cancer cells. 4) CTLA-4 inhibitors: Ipilimumab is a monoclonal antibody that targets the immune checkpoint protein CTLA-4 (116). CTLA-4 is expressed on the surface of T cells and acts as a negative regulator of T cell activation (117). By blocking CTLA-4, ipilimumab can enhance T cell activation and promote a more robust immune response (118). 5) Senolytics: These compounds selectively target and eliminate senescent cells, which accumulate with age and contribute to immunosenescence (119). Examples of senolytics include dasatinib, quercetin, and navitoclax. By removing senescent cells, senolytics can reduce inflammation and improve immune function (120). 6) Rapamycin (sirolimus): Rapamycin is an immunosuppressive drug that specifically targets the mTOR pathway (121). By inhibiting the mTOR pathway, rapamycin can suppress age-related changes in immune cells and improve immune function, although its use as an anti-immunosenescence agent should be approached with caution due to its immunosuppressive properties (122). These drugs and compounds have different mechanisms of action, but they all aim to improve immune function and counteract immunosenescence.




4.2 Compounds and drugs of metabolic regulation

Several compounds and drugs can be used for metabolic regulation of the immune microenvironment of tumor cells. Some of the most common ones include: 1) Metformin: Metformin is a widely used drug for treating type 2 diabetes. It has been shown to have anti-cancer properties by modulating the tumor microenvironment (123). Metformin activates AMP-activated protein kinase (AMPK), which regulates cellular metabolism and inhibits the mammalian target of rapamycin (mTOR) pathway (124). This can lead to reduced nutrient availability for tumor cells and improved immune cell function within the tumor microenvironment (125). 2) 2-Deoxy-D-glucose (2-DG): 2-DG is a glucose analog that inhibits glycolysis, a key metabolic pathway used by cancer cells for energy production (126). By inhibiting glycolysis, 2-DG can alter the metabolic landscape of the tumor microenvironment, making it less favorable for tumor growth and more supportive of immune cell infiltration and function (127). 3) Dichloroacetate (DCA): DCA is a small molecule that targets pyruvate dehydrogenase kinase (PDK), an enzyme involved in the regulation of glucose metabolism. By inhibiting PDK, DCA can shift cancer cell metabolism from glycolysis to mitochondrial oxidative phosphorylation, reducing lactate production and acidification of the tumor microenvironment (128). This can improve immune cell function and enhance anti-tumor immunity. 4) Indoleamine 2,3-dioxygenase (IDO) inhibitors: IDO is an enzyme that degrades the essential amino acid tryptophan, leading to immunosuppression within the tumor microenvironment (129). IDO inhibitors, such as epacadostat and indoximod, can restore tryptophan levels and improve immune cell function, promoting anti-tumor immunity (130). 5) Adenosine receptor antagonists: Adenosine is an immunosuppressive molecule that accumulates in the tumor microenvironment (131). Adenosine receptor antagonists, such as CPI-444 and AZD4635, can block the interaction between adenosine and its receptors on immune cells, enhancing immune cell activation and anti-tumor responses (132). 6) CD73 inhibitors: CD73 is an enzyme that generates adenosine in the tumor microenvironment, contributing to immunosuppression (133). CD73 inhibitors, such as oleclumab and NZV930, can block adenosine production and improve immune cell function, promoting anti-tumor immunity (134). These compounds and drugs target different aspects of tumor cell metabolism and the immune microenvironment, aiming to improve immune cell function and promote anti-tumor responses. It is important to note that some of these compounds are still under investigation, and their long-term safety and efficacy have not been fully established.





5 Therapeutic strategies for the immune microenvironment of osteosarcoma



5.1 Current status and challenges of immunotherapy in osteosarcoma

As a highly aggressive tumor, traditional treatments for osteosarcoma include surgery, radiotherapy and chemotherapy, but their efficacy remains limited in advanced or recurrent osteosarcoma (135–137). Therefore, in recent years, immunotherapy has attracted much attention as a new treatment strategy (1, 105). Immunotherapy uses the body’s immune system to attack tumor cells by enhancing the ability of immune cells to recognize and attack tumors. In osteosarcoma, immunotherapy mainly includes immune checkpoint inhibitors, tumor vaccines, cellular immunotherapy and gene editing immunotherapy.

Currently, immune checkpoint inhibitors have made some progress in the clinical application of osteosarcoma as the most used immunotherapeutic agents (1, 72, 107, 138, 139). Immune checkpoint inhibitors, such as PD-1, B7-H3 and CTLA-4 inhibitors, enhance the ability to attack tumors by relieving the suppression of immune cells and activating the body’s immune response (104, 108, 110, 140, 141). Several clinical trials have shown that immune checkpoint inhibitors have achieved some clinical efficacy in a subset of patients with osteosarcoma (108, 142–147). However, overall, the sensitivity of osteosarcoma to immune checkpoint inhibitors is not high, and further validation of the therapeutic effect is needed (140, 147, 148).

Tumor vaccines have also shown potential as an individualized immunotherapeutic strategy in osteosarcoma (149, 150). Tumor vaccines can stimulate a tumor-specific immune response by directing the body’s immune system to recognize and attack tumor cells. Tumor vaccines are mainly classified as autologous cancer and immune cell-based vaccines and non-cell-based vaccines (149, 151, 152). Among these types, immune cell-based vaccines make full use of innate immune cells to activate effector T lymphocytes (153, 154). However, the feasibility of regulating migration and activation is a major issue, as these processes are regulated by immunosuppressive substances in the tumor microenvironment as well as by the quantity and quality of the patient’s immune effector cells (149).

Cellular immunotherapy, such as CAR-T cell therapy, has achieved remarkable efficacy in some tumors, especially hematologic tumors, but its application in solid tumor such as osteosarcoma remains challenging (Figure 4) (155–161). The complex immune microenvironment of osteosarcoma and the high heterogeneity of tumor cells have limited the application of cellular immunotherapy in osteosarcoma (158, 162). In addition, there are certain resistance mechanisms of osteosarcoma cells to CAR-T cell attack, including T cell suppression, cytokine tolerance, and immune escape from the tumor microenvironment (158, 163).




Figure 4 | Challenges for CAR T-cell Immunotherapy in Solid Tumors (1). heterogeneous expression of tumor-associated antigens (TAA), leading to the growth of antigen-negative tumor variants (2); inefficient trafficking of CAR T cells at tumor sites (3); a poorly metabolized tumor microenvironment, including immunosuppressive molecules and cells are present, which can lead to CAR T-cell exhaustion.



Gene editing immunotherapy is an emerging immunotherapeutic strategy that includes technologies such as CRISPR-Cas9 that can target specific genes in tumor cells for editing, thereby enhancing the ability of immune cells to attack tumors (161, 164–166). Although gene editing immunotherapy in osteosarcoma is still in its early stages of research, it has made some breakthroughs in treating other types of tumors, offering new hope for immunotherapy of osteosarcoma (166–168).





6 Conclusions and perspectives

Osteosarcoma is a highly aggressive osteosarcoma with an immune microenvironment that plays an important role in tumor growth and progression. At present, many compounds and drugs have been found to interfere with immune senescence and metabolic regulation of tumor cells. Metabolic modulation and anti-senescence therapy are gaining the attention of researchers as emerging immunotherapeutic strategies for tumors.

However, there are still some challenges in the application of metabolic modulation and anti-senescence therapy in osteosarcoma. These include the lack of sufficient clinical trial data and long-term follow-up data, and the safety and efficacy of the treatment are yet to be validated; the selection and optimization of treatment strategies still need further research; the complexity and diversity of the tumor immune microenvironment lead to individual differences and requires personalized treatment approaches; and the cost and feasibility of treatment also need to be considered.

Future research could explore the following directions to advance the prospects of metabolic modulation and anti-senescence therapies in the immune microenvironment of osteosarcoma:1) Clinical trial design and implementation: Conduct more clinical trials to validate the safety, efficacy and long-term efficacy of metabolic modulation and anti-aging therapies in osteosarcoma patients. Obtain more reliable clinical data through multi-center, large sample clinical trials to further clarify the optimization and application of treatment strategies. 2) In-depth study on the metabolic regulation mechanism of immune cells: In-depth study on the metabolic regulation mechanism of immune cells in the immune microenvironment of osteosarcoma, revealing the role of different metabolic pathways in immune cell function and immune response, and providing the theoretical basis for the development of new metabolic regulation strategies. 3) Personalized treatment strategies: Considering the complexity of the tumor immune microenvironment and individual differences, develop personalized treatment strategies, and select appropriate metabolic regulation and anti-aging therapies according to patients’ pathological characteristics, immune status and metabolic status to improve treatment effects.4) Multidisciplinary cooperation and integrated treatment: The application of metabolic modulation and anti-aging therapy in the immune microenvironment of osteosarcoma requires multidisciplinary cooperation, including experts in oncology, immunology and metabolism, to integrate different therapeutic approaches and form an integrated treatment strategy to maximize the therapeutic effect. 5) Biomarker screening and application: Research and application of biomarkers for screening patients suitable for metabolic modulation and anti-senescence therapy, monitoring treatment effects and predicting efficacy, thus guiding clinical practice.

Overall, metabolic modulation and anti- senescence therapies show potential application in the immune microenvironment of osteosarcoma. Future research and clinical practice will further advance this field and hopefully, provide more effective treatment options for osteosarcoma patients.
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Background

Liver resection (LR) and local tumor destruction (LTD) are effective treatments, but not commonly recommended for patients with intermediate/advanced hepatocellular carcinoma (HCC). This study aimed to explore whether LR/LTD could improve overall survival (OS) of these patients, and to identify the patients who will most likely benefit from LR/LTD.





Methods

Data of patients with intermediate/advanced HCC between 2001 and 2018 were extracted from Surveillance, Epidemiology, and End Results database. OS was compared between HCC patients who received LR/LTD and those who did not. A nomogram was constructed for predicting OS, and it was then validated.





Results

A total of 535 eligible patients were included, among which 128 received LR/LTD while 407 did not. Significantly higher OS in patients who received LR/LTD was observed (P<0.001). Based on independent prognostic factors obtained from univariate and multivariate analyses, a nomogram was constructed. The C-indices of nomogram were higher than those of the TNM staging system (training cohort: 0.74 vs. 0.59; validation cohort: 0.78 vs. 0.61). Similarly, areas under receiver operating characteristic curves and calibration curves indicated good accuracy of the nomogram. Decision curve analysis curves revealed good clinical practicability of the nomogram. Furthermore, low-risk patients (nomogram score: 0-221.9) had higher OS compared with high-risk patients (nomogram score: higher than 221.9) (P<0.001).





Conclusion

LR/LTD significantly improves OS in patients with intermediate/advanced HCC. The nomogram developed in the present study shows high predicating value for OS in patients with intermediate/advanced HCC, which might be useful in selecting patients who are most suitable for LR/LTD.





Keywords: liver resection, local tumor destruction, hepatocellular carcinoma, survival, nomogram





Introduction

With approximately 906,000 new cases and 830,000 deaths globally, primary liver cancer is the sixth most commonly diagnosed cancer and the third leading cause of cancer death in 2020 (1). Hepatocellular carcinoma (HCC) is the dominant type of liver cancer, leading to around 75% of all liver cancer cases (2). Due to the insidious onset, many patients were diagnosed with HCC at the intermediate/advanced stage. Considerable progresses have been made in the HCC treatment over the past years, and the current guidelines of the American Association for the Study of Liver Diseases (AASLD) and the European Association for the Study of Liver (EASL) recommend the transarterial chemoembolization (TACE), transarterial radioembolization (TARE), liver transplantation and systemic treatment [tyrosine kinase inhibitors (TKIs), PD-1 inhibitors] for intermediate/advanced HCC (3–5). However, the outcomes of patients with intermediate/advanced HCC were still unsatisfactory. Thus, better treatment strategies are greatly needed for outcome improvement.

Liver resection (LR) and local tumor destruction [LTD, including heat-radio-frequency ablation (RFA), etc.] were usually recommended as first-line treatment modality only for early-stage HCC, but not for intermediate/advanced HCC (3–5). As the effective improvement of survival in patients with early HCC after LR/LTD (surgery) have been reported (6, 7), it would also be of clinical significance to explore whether LR/LTD could improve the prognosis of patients with intermediate/advanced HCC, and to identify which intermediate/advanced HCC patients are the best candidates for LR/LTD from the prognostic standpoint.

In this study, eligible patients with intermediate/advanced HCC [primary tumor (T) 3/4] were included from the Surveillance, Epidemiology, and End Results (SEER) Program of the National Cancer Institute (8). The overall survival (OS) of the patients who received LR/LTD was compared with that of the patients who did not. A nomogram was constructed and validated to predict the OS of the patients to help predict which patients would be most suitable for LR/LTD.





Methods




Patient inclusion

Data of eligible patients from 2001 to 2018 were extracted from SEER database using SEER∗Stat software (version 8.3.8). The inclusion criteria were as follows: 1) International Classification of Diseases for Oncology, 3rd Edition (ICD-O-3) code 8170 to 8175; and 2) T3/T4. The exclusion criteria were as follows: 1) race unknown; 2) histological grade unknown; 3) tumor size unknown; 4) regional lymph nodes (N) unknown; 5) distant metastasis (M) unknown; 6) alpha fetoprotein (AFP) unknown; 7) liver fibrosis unknown; and 8) survival time unknown. After screening, a total of 535 eligible patients with intermediate/advanced HCC were eventually included in this study (Figure 1). The institutional review board approval and written patient consent were not required for this study, as the data for all patients are deidentified in the publicly available SEER database.




Figure 1 | Flowchart of patient inclusion.







Statistical analysis

Propensity score matching (PSM) was performed with 1:1 nearest neighbor method to balance the characteristics of the patients who received LR/LTD (surgery) and those who did not. Chi-square test and Mann-Whitney U test were used to compare the difference of characteristics between the two groups. Kaplan–Meier curves and log-rank tests were applied for survival comparison.

Univariate and multivariate Cox proportional hazards regression analyses were used to obtain independent factors that significantly affected OS. The obtained independent factors were used for the nomogram construction. The concordance index (C-index) and receiver operating characteristic (ROC) curve were applied to reflect the discrimination and predictive accuracy of the nomogram, and their values range from 0 and 1.0. 1.0 represents perfect predicting accuracy (9). Calibration curves using a bootstrap approach with 1,000 resamples were used to compare the predicted survival with the observed survival (10). Decision curve analysis (DCA) was used to assess the clinical practicability of the nomogram (11). The cutoff value was obtained based on the log-rank test results, and then based on cutoff value, patients were divided into low-risk and high-risk groups.

R software (4.1.2, R Core Team) and relevant packages (“Matching,” “nonrandom,” “tableone,” “plyr,” “rms,” “DynNom,” “nomogramFormula,” “survival,” “foreign,” “survivalROC,” “ggDCA,” “survminer,” “glmnet,” “riskRegression”) were used for statistical analyses and plotting. The cutoff value was obtained using log-rank test. A two-sided P-value < 0.05 was considered statistically significant.






Results




Patient characteristics

The characteristics of the 535 eligible patients with intermediate/advanced HCC were summarized in Table 1. Of these, 128 (23.9%) patients received LR/LTD (surgery), while 407 (76.1%) patients did not. Most (85.8%) patients were at T3 stage, while 14.21% of them were at T4. 83.36% of patients were at N0, and 79.63% of them were at M0. Then, PSM was performed to balance the characteristics between the patients who received surgery and the patients who did not. Finally, 118 patients who received surgery and 118 patients who did not were enrolled for further analysis (Table 2).


Table 1 | Characteristics of patients with intermediate/advanced HCC before PSM.




Table 2 | Characteristics of patients with intermediate/advanced HCC after PSM.







Surgery improved the survival of patients with intermediate/advanced HCC

The OS were compared between the patients with intermediate/advanced HCC who received surgery and those who did not. Before PSM, the OS was significantly higher in patients with intermediate/advanced HCC who received surgery than in patients who did not (median months: 21.0 vs. 5.0, P<0.001) (Figure 2A). The 1-, 3-, and 5-year OS rates were all higher in patients who received surgery than in patients who did not (1-year: 73.9% vs. 27.5%, 3-year: 34.3% vs. 10.2%, 5-year: 13.0% vs. 5.9%, respectively). Similarly, after PSM, the OS (median months: 21.0 vs. 4.0, P<0.001) (Figure 2B), and the 1-, 3-, and 5-year OS rates were all higher in patients who received surgery than in patients who did not.




Figure 2 | Overall survivals of patients receiving/not receiving surgery. (A, B) The overall survivals of patients receiving/not receiving surgery (LR/LTD) before PSM (A), and after PSM (B). Log-rank tests were used for survival comparison. LR, liver resection; LTD, local tumor destruction; PSM, propensity score matching.







Univariate and multivariate analyses for independent prognostic factors

Univariate and multivariate analyses were performed to obtain the factors that significantly affected the OS. The variable was included in the multivariate analyses when its P-value was < 0.01. The results showed that grade, M, surgery (LR/LTD), radiation, chemotherapy, AFP, and tumor size significantly affected the OS of patients with intermediate/advanced HCC (Table 3).


Table 3 | Univariate and multivariate analyses for OS-related factors.







Construction and validation of the nomogram

The independent prognostic factors above were included in the nomogram for predicting the 1-, 3-, and 5-year OS of patients with intermediate/advanced HCC (Figure 3A). To construct and validate the nomogram, 70% (n = 380) and 30% (n = 155) of all included patients were randomly assigned to the training and validation cohorts, respectively (Supplementary Tables 1, 2). The C-indices of the nomogram were higher than those of the American Joint Committee on Cancer (AJCC) TNM staging system (training cohort: 0.74 vs. 0.59; validation cohort: 0.78 vs. 0.61). The 1-, 3-, and 5-year areas under the ROC curves (AUCs) of the nomogram were 0.77(95%CI:0.72-0.82), 0.73(95%CI:0.66-0.80), and 0.72(95%CI:0.61-0.83), respectively, in the training cohort (Figure 3B). The 1-, 3-, and 5-year AUCs in the validation cohort were 0.87(95%CI:0.81-0.92), 0.81(95%CI:0.71-0.91), and 0.64(95%CI:0.50-0.78), respectively (Figure 3C). Similarly, the calibration curves showed moderate-to-high consistency between the nomogram predictions and the actual survivals both in training and validation cohorts (Figures 3D, E). Furthermore, the DCA curves demonstrated that the nomogram tended to have better positive net benefits than the TNM staging system, suggesting good clinical practicability (Supplementary Figure 1).




Figure 3 | Construction and validation of the nomogram. (A) The nomogram for predicting the 1-, 3-, and 5-year OS of patients with intermediate/advanced HCC. (B, C) The 1-, 3-, and 5-year AUCs of the nomogram in the training cohort (B) and validation cohort (C). (D, E) Calibration curves of the nomogram for 1-, 3-, and 5-year OS in the training cohort (D) and validation cohort (E).







Overall survival in low-risk and high-risk patient groups

According to the log-rank test results of OS, patients were divided into a low-risk group (nomogram scores ranged from 0 to 221.9) and a high-risk group (nomogram scores higher than 221.9). Kaplan–Meier curves revealed that the OS were significantly higher in the low-risk group than in the high-risk group (P <0.001) (Figures 4A–C). And the 1-, 3-, and 5-year OS rates were all higher in the low-risk group than in the high-risk group in all cohort, training cohort, and validation cohort (Supplementary Table 3). The results indicated good discrimination and clinical practicability of our nomogram.




Figure 4 | Kaplan-Meier curves for predicting the OS of low- and high-risk patients. (A–C) The OS of low- and high-risk patients in all cohort (A), training cohort (B), and validation cohort (C).







Web application for OS prediction

Based on the Nomogram prediction model constructed in this study, we have developed and deployed a web-based application for predicting the overall survival of patients with intermediate/advanced liver cancer. The application can be accessed at https://advancedlivercancer.shinyapps.io/DynNomapp/. By entering the clinicopathological characteristics of the patient, the application immediately provides the predicted survival probability for the current patient. It is designed to be simple to operate and easy to understand.






Discussion

This study mainly explored whether surgery (LR/LTD) could significantly improve the OS of patients with intermediate/advanced HCC. Furthermore, a nomogram was constructed and validated to predict the OS of the patients, which could help to identify the patients who would most likely benefit from LR/LTD.

Previous studies have shown that both LR and LTD improved the OS and disease-free survival of patients with HCC, especially those with early HCC (6, 7). LTD is usually an alternative to LR. To date, the guidelines of AASLD and EASL still recommend LR and LTD as first-line treatment for patients with early-stage HCC, but not for patients with intermediate/advanced HCC (3–5). However, the guidelines of the Asian Pacific Association for the Study of the Liver (APASL) (12) and China (13) both point out that LR could be performed in some eligible patients with intermediate/advanced HCC. Moreover, some studies have shown that LR improved the survival in selected patients with advanced HCC (14, 15). Similarly, in this study, LR/LTD was proved to significantly improve the OS of patients with intermediate/advanced HCC, indicating good clinical benefits. Furthermore, surgery (LR/LTD) was identified to be the most important prognostic factor in our nomogram, which also suggested that receiving surgery could significantly improve the OS of patients with intermediate/advanced HCC. Though considerable progresses have been made in the HCC treatment in recent years, patients with intermediate/advanced HCC still have poor prognosis. Hence, LR/LTD might be used in certain patients to improve their OS.

A nomogram is a reliable predictive tool to calculate and predict individual survival by integrating cancer-related prognostic factors (10, 11). The results of C-indices, AUCs, calibration curves in training and validation cohorts all indicated good predictive accuracy of the nomogram developed in this study, which is better than that of the TNM staging system. Similarly, the DCA curves suggested that this nomogram tended to have better clinical practicability than the TNM staging system. Therefore, the nomogram constructed in the present study could provide great clinical value in prognostic evaluation, and assist clinicians and patients in the therapeutic strategy selection.

To further explore the values of the nomogram, the low-risk patients and high-risk patients were categorized based on their nomogram scores. It revealed that the OS was significantly higher in low-risk patients than in high-risk patients. Our results also suggested that patients with certain characteristics (low grade, M0, radiotherapy received, chemotherapy received, negative AFP, and small tumor size), namely the patients with low risk, may have good survival when receiving surgery. Therefore, surgery (LR/LTD) might be an appropriate alternative treatment in the eligible patients with intermediate/advanced HCC.

This study had several advantages. First, this is the first study to explore the effect of LR/LTD in the OS of patients with intermediate/advanced HCC in a relatively large cohort. Second, a nomogram with good accuracy and clinical practicality was constructed to predict the OS of patients with intermediate/advanced HCC. And patients with low risk (based on the nomogram) were demonstrated to be eligible for LR/LTD, which may be helpful for clinical practice. However, limitations also existed. First, data from the SEER database did not include some clinical variables, such as liver function parameters. Second, although LR/LTD were proved to improve the OS of patients with intermediate/advanced HCC, the specific treatment strategies for different patients still needed further investigation.

In summary, this study revealed that surgery (LR/LTD) could significantly improve the OS of patients with intermediate/advanced HCC, especially the low-risk patients. Our nomogram with good accuracy and clinical practicality may be used to predict the OS of patients with intermediate/advanced HCC, and to help identify the patients who would most likely benefit from LR/LTD.
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Introduction

Female breast cancer has risen to be the most common malignancy worldwide, causing a huge disease burden for both patients and society. Both senescence and oxidative stress attach importance to cancer development and progression. However, the prognostic roles of senescence and oxidative stress remain obscure in breast cancer. In this present study, we attempted to establish a predictive model based on senescence-oxidative stress co-relation genes (SOSCRGs) and evaluate its clinical utility in multiple dimensions.





Methods

SOSCRGs were identified via correlation analysis. Transcriptome data and clinical information of patients with breast invasive carcinoma (BRCA) were accessed from The Cancer Genome Atlas (TCGA) and GSE96058. SVM algorithm was employed to process subtype classification of patients with BRCA based on SOSCRGs. LASSO regression analysis was utilized to establish the predictive model based on SOSCRGs. Analyses of the predictive model with regards to efficacy evaluation, subgroup analysis, clinical association, immune infiltration, functional strength, mutation feature, and drug sensitivity were organized. Single-cell analysis was applied to decipher the expression pattern of key SOSCRGs in the tumor microenvironment. Additionally, qPCR was conducted to check the expression levels of key SOSCRGs in five different breast cancer cell lines.





Results

A total of 246 SOSCRGs were identified. Two breast cancer subtypes were determined based on SOSCRGs and subtype 1 showed an active immune landscape. A SOSCRGs-based predictive model was subsequently developed and the risk score was clarified as independent prognostic predictors in breast cancer. A novel nomogram was constructed and exhibited favorable predictive capability. We further ascertained that the infiltration levels of immune cells and expressions of immune checkpoints were significantly influenced by the risk score. The two risk groups were characterized by distinct functional strengths. Sugar metabolism and glycolysis were significantly upregulated in the high risk group. The low risk group was deciphered to harbor PIK3CA mutation-driven tumorigenesis, while TP53 mutation was dominant in the high risk group. The analysis further revealed a significantly positive correlation between risk score and TMB. Patients in the low risk group may also sensitively respond to several drug agents. Single-cell analysis dissected that ERRFI1, ETS1, NDRG1, and ZMAT3 were expressed in the tumor microenvironment. Moreover, the expression levels of the seven SOSCRGs in five different breast cancer cell lines were quantified and compared by qPCR respectively.





Conclusion

Multidimensional evaluations verified the clinical utility of the SOSCRGs-based predictive model to predict prognosis, aid clinical decision, and risk stratification for patients with breast cancer.
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1 Introduction

The number of patients diagnosed with breast cancer is rising at an alarming rate, and nearly 2.3 million new cases are reported annually (1). Thus the disease burden of breast cancer is rapidly accumulating and evolving to be a global public-health topic. Among the diverse histological types, breast invasive carcinoma (BRCA) accounts for over 70% of total breast cancer cases, including lobular invasive carcinoma and ductal invasive carcinoma (2). Currently, multidisciplinary treatments including chemo/radiotherapy, immunotherapy, targeted therapy, and traditional surgical resection provide renewal for the clinical management of breast cancer (3). With the aid of collaborative treatments, the mortality of breast cancer is now less than it was at previous times (4). However, the whole prognosis of breast cancer remains unfavorable due to tumor heterogeneity, and some patients have even died in the early stage (5, 6). Therefore, seeking potential novel biomarkers may contribute to improving the prognosis of patients with breast cancer, and in the meanwhile, robust predictive signature renders the clinical treatment more personalized based on the risk stratification of patients.

Reactive oxygen species (ROS) refer to a group of radicals that are generated as byproducts during normal cell metabolism, including O2·, H2O2, hydroxyl radical (OH·), etc., which are highly aggressive and harmful (7). To offset the cellular damage by ROS, antioxidants are employed as major power to prevent ROS-induced cellular damage by means of forming a dynamic balance with ROS (8). Once the balance is cracked, free radicals spray around and cause structural destruction, thereby inducing oxidative stress. One of the most lethal subsequences is irreversible DNA damage, which significantly affects genome mutation and instability, as well as epigenetic dysregulation (9). Consecutive DNA damage and a weakened genome repair system may lead to the mutation of pivotal oncogenes and tumor suppressor genes and finally trigger carcinogenesis (10). Moreover, previous studies have verified the potential and value of preventing ROS-related carcinogenesis by enhancing antioxidative defense, which demonstrates that ROS is important to cancer initiation (11–13).

Aging is another intriguing topic in life science. It is worth mentioning that Carlos et al. (14) summarized the top twelve hallmarks of aging. Several hallmarks of aging, such as genomic instability, epigenetic alterations, loss of proteostasis, and mitochondrial dysfunction, are significantly linked with oxidative stress, as a cause and/or subsequence. Current opinion lies that oxidative stress results in aberrant activation of pivotal signaling pathways, genome mutation and instability, and accumulation of impaired proteins thereby inducing subsequent outcomes like cancer and senescence (15). Furthermore, the morbidity of cancer is higher in older populations. This indicates the potential link between oxidative stress, senescence, and cancer, and that oxidative stress contributes to both senescence and cancer while aging originally correlates with cancer. According to this, several studies have evaluated the role of senescence or oxidative stress in predicting the prognosis of patients with breast cancer (16–18). Nevertheless, in breast cancer, the prognostic role of oxidative stress-senescence co-relation remains obscure and awaits further clarification.

Increasing evidence suggests that oxidative stress, senescence, and cancer are closely linked (15). In the present study, we aimed to detect the prognostic value of oxidative stress-senescence co-relation in BRCA by constructing a prognostic model. Comprehensive analyses including subtype identification, immune infiltration, immune checkpoint expression, functional characterization, mutation landscape, drug sensitivity, and single-cell analysis were orchestrated. The results of the present study may contribute to clinical risk stratification and personalized therapy, thereby improving the prognosis of patients with BRCA.




2 Materials and methods



2.1 Data collection and identification of genes characterized by senescence-oxidative stress co-relation

Transcriptome data and clinical information of patients with BRCA were downloaded from the TCGA database (http://cancergenome.nih.gov/) and the GSE96058 dataset was from the GEO database (https://www.ncbi.nlm.nih.gov/geo). The large cohort and high throughput sequencing method used in GSE96058 were taken as the reason for selecting it. The single-cell profile GSM5354529 was also accessed from the GEO database. Male BRCA samples and samples without survival information were excluded. In total, 965 BRCA samples from TCGA and 3409 BRCA samples from GSE96058 were finally enrolled. Then, 280 senescence-related genes (SRGs) were acquired from CellAge (http://genomics.senescence.info/cells) and 1401 oxidative stress-related genes (OSRGs) were obtained from a previous study (19). Pearson correlation analysis was conducted between each SRG and each OSRG. SRGs with r > 0.3 and P < 0.05 were considered to be significantly relevant to oxidative stress. The correlation network between SRGs and OSRGs are displayed in Supplementary Figure S1. We obtained 246 genes characterized by senescence-oxidative stress co-relation, which were named senescence-oxidative stress co-relation genes (SOSCRGs). SOSCRGs were further subject to Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional enrichment analyses based on clusterProfiler and org.Hs.eg.db R packages.




2.2 Determination of distinct subtypes in BRCA

We employed a non-negative matrix factorization (NMF) algorithm to divide the TCGA-BRCA cohort into different subtypes based on SOSCRGs. The optimal number of subtypes was determined according to cophenetic, dispersion, evar, residuals, rss, silhouette, and sparseness. Survival differences in the progression free survival (PFS) and overall survival (OS) between different subtypes were compared with survminer and survival R packages. Single sample gene set enrichment analyses (ssGSEA) were applied to quantify the level of immune activities and immune cell infiltration. The differences in immune activities and immune cell infiltration between different subtypes were also investigated. Next, we employed the ESTIMATE algorithm to calculate four indexes (TumorPurity, ESTIMATEScore, ImmuneScore, and StromalScore) and compared the level of the four indexes between different subtypes.




2.3 Construction and validation of the prognostic model

We randomly divided the TCGA-BRCA cohort into the training cohort (70%) and the internal validation cohort (30%). The transcriptome data of GSE96058 were supported by high throughput sequencing, which is compatible with TCGA. Thus GSE96058 was used as the external validation cohort. We subsequentially processed univariate Cox regression analysis and LASSO regression analysis of the SOSCRGs to further screen meaningful prognostic factors for BRCA in the training cohort. Multivariate Cox regression analysis in the glmnet R package was used to construct the prognostic model that contained seven SOSCRGs. The risk score was calculated as: Risk score = β1 * Gene1Exp + β2 * Gene2Exp + ··· + βn * GenenExp. The low risk group and the high risk group were evenly divided according to the median risk score value. Survival difference between the low risk group and the high risk group was compared. We also evaluated the predictive capability of the prognostic model by depicting receiver operating characteristic (ROC) curves with the timeROC R package. The analyses described above were performed in internal and external validation cohorts respectively.




2.4 Subgroup analysis and establishment of prognostic nomogram

To testify to the applicability of the prognostic model in a broader way, we applied the prognostic model in ten different clinical subgroups. Univariate and multivariate Cox regression analyses were processed to decipher independent prognostic predictors from risk score and other clinical factors in the TCGA-BRCA cohort. Next, we established a prognostic nomogram based on risk score and other clinical factors to further amplify the prognostic value of SOSCRGs. The predictive accuracy of the nomogram was verified by calibration curves.




2.5 Analyses of immune infiltration and immune checkpoint expression

We quantified the infiltration levels of diverse immune cells by both CIBERSORT and ssGSEA algorithms, thereby comparing the difference in immune cell infiltration and immune activities between the low risk group and the high risk group. The correlations between the seven SOSCRGs and infiltration levels of immune cells were analyzed by Pearson correlation analysis. Moreover, we investigated the expression pattern of immune checkpoints between the two risk groups to ascertain the potential value of the prognostic model in immunotherapy.




2.6 Functional enrichment analysis and drug sensitivity analysis

The differentially expressed genes (DEGs) between the low risk group and the high risk group were deciphered. Gene Set Enrichment Analysis (GSEA) was performed based on the DEGs to check out the functional characterizations in the two risk groups. The pRRophetic R package was used to process wide drug screening based on the GDSC database (https://www.sanger.ac.uk/tool/gdsc-genomics-drug-sensitivity-cancer) to ascertain the drugs that the two risk groups may sensitively respond to.




2.7 Mutation landscapes of the two risk groups

The mutation landscapes of the low risk group and high risk group were obtained via the maftools R package respectively. The top twenty most frequently altered genes in the two risk groups were displayed respectively. The difference in tumor mutation burden (TMB) between the low risk and high risk groups were then examined. The low TMB group and high TMB group were also divided according to the median cut-off value of TMB. The survival differences between patients in the low-TMB group and high-TMB group with or without a combination of risk groups were further uncovered. Furthermore, Pearson correlation analysis was conducted to determine the correlation between risk score and TMB.




2.8 Single-cell analysis

We took the single-cell profile GSM5354529 for single-cell analysis. Approximately 8402 high quality cells were filtered from GSM5354529. The filter conditions were as follows: subset = nFeature_RNA > 100 & nFeature_RNA < 5000 & percent.mt < 25 & nCount_RNA > 100. The expression pattern of the seven SOSCRGs in the tumor microenvironment were then determined by the Seurat R package.




2.9 Cell culture

Five human breast cancer cell lines MCF-7, BT-20, MDA-MB-231, HCC1806, and HCC1937 were purchased from Wuhan Procell Life Science and Technology Co., Ltd. (Wuhan, China). Each cell line was cultured in its dedicated medium (Wuhan Procell Life Science and Technology Co. Ltd., Wuhan, China). Cells were cultured in RPMI-1640 (Gibco-BRL), supplemented with 10% fetal bovine serum (Bioserum), 100 U/mL penicillin G, and 100 μg/mL streptomycin.




2.10 Quantitative PCR

Total RNA was extracted from each cell line using TRIzol Reagent (Cat. No. P118-05, GenStar, Beijing, China) according to the manufacturer’s instructions. The total RNA was amplified by qPCR using SYBR Green Master Mix (Cat#: C0006, TOPSCIENCE, Shanghai, China) according to the manufacturer’s instructions, and the mRNA levels of CRGs and CRLncs were detected. The primer pairs of the seven SOSCRGs were synthesized by Accurate Biology (Changsha, China) and are listed in the Supplementary Materials.




2.11 Statistical analysis

Bioinformatic analyses were all conducted by R 4.0.3. The comparison of the K-M survival curve was achieved by Cox regression analysis. The differences in expression level between groups were compared by the Wilcoxon rank sum test. Pearson correlation was taken for correlation analysis. |r| > 0.1 was considered to be relevant and P < 0.05 was deemed as statistically significant. “*” indicates P < 0.05, “**” indicates P < 0.01 and “***” indicates P < 0.001 throughout this study.





3 Results



3.1 Two distinct subtypes were identified in BRCA based on senescence-oxidative stress co-relation

GO/KEGG functional enrichment analysis strengthened the idea that the SOSCRGs are closely relevant to cell aging, DNA binding, DNA damage, protease activity, and breast cancer, which verified that the identified SOSCRGs were senescence-oxidative stress double functional in BRCA (Figure 1). Supporting vector machine (SVM) learning consensus matrix heatmap was depicted and the optimal number of subtypes was identified as 2 (k = 2) according to the cophenetic, dispersion, and silhouette curves (Figures 2A, B). Kaplan-Meier survival analysis revealed that subtype 2 harbored worse overall survival (OS) and progression free survival (PFS) compared with subtype 1 (Figures 2C, D). Subsequently, we dissected the tumor microenvironment characteristics of the two subtypes. We found that both the immune activities and immune cell infiltration levels of subtype 2 were poorer than subtype 1 (Figures 2E, F). Further investigation showed that, compared with subtype 1, subtype 2 had higher tumor purity as well as lower ESTIMATE score, immune score, and stromal score (Figure 2G).




Figure 1 | Functional enrichment analysis of the identified SOSCRGs. (A) GO functional enrichment analysis of SOSCRGs. (B) KEGG functional enrichment analysis of SOSCRGs.






Figure 2 | Determination of breast cancer subtypes based on SOSCRGs. (A) Consensus matrix heatmap by SVM algorithm. (B) Relationship between cophenetic, dispersion, evar, residuals, rss, silhouette, and sparseness coefficients with respect to the number of subtypes. Survival difference in OS (C) and PFS (D) between subtype 1 and subtype 2. Differences in immune activities (E) and immune cell infiltration (F) between subtype 1 and subtype 2. (G) Differences in four tumor microenvironment indexes between subtype 1 and subtype 2. “*” indicates P < 0.05, “**” indicates P < 0.01 and “***” indicates P < 0.001.






3.2 A seven-SOSCRGs prognostic model was constructed and validated

A total of nine SOSCRGs were found to be prognostic in BRCA by univariate Cox regression analysis in the training cohort (Figure 3A). None of the nine prognostic SOSCRGs were excluded by subsequent LASSO regression analysis (Figures 3B, C). Next, seven SOSCRGs were screened by multivariate Cox regression analysis to construct the prognostic model with the exclusion of two insignificant SOSCRGs. Risk score = (-0.149) * ALOX15B + (-0.376) * ERRFI1 + (-0.439) * ETS1 + 0.385 * G6PD + (-0.380) * MAP2K6 + 0.266 * NDRG1 + 0.966 * ZMAT3. The survival difference between the low risk group and the high risk group in the training cohort, internal validation cohort, and external validation cohort were significantly differentiated respectively (Figures 3D–F). The area under the curve from the ROC curve was used to evaluate the predictive efficacy of the model. The AUCs at 1-, 3-, and 5 years were 0.831, 0.79, and 0.711 in the training cohort (Figure 3G). The AUCs at 1-, 3-, and 5 years were 0.664, 0.741, and 0.743 in the internal validation cohort (Figure 3H). The AUCs at 1-, 3-, and 5 years were 0.623, 0.593, and 0.579 in the external validation cohort (Figure 3I). We also compared the predictive efficacy of the risk score and other clinicopathological features via ROC curves in the training cohort, internal validation cohort, and external validation cohort respectively (Supplementary Figure S2). The expression pattern of the seven SOSCRGs between different risk groups and distribution of survival time with risk score in the training cohort, internal validation cohort, and external validation cohort were displayed respectively (Figures 4A–C). These results indicated the robust predictive efficacy of the prognostic model.




Figure 3 | Construction and validation of the SOSCRGs-based prognostic model in breast cancer. (A) Univariate Cox regression of the SOSCRGs. (B, C) LASSO regression analysis of the SOSCRGs. (D-F) Survival differences between the low risk group and the high risk group in the training cohort, internal validation cohort, and external validation cohort. (G-I) ROC curves at 1-, 3-, and 5 years in the training cohort, internal validation cohort, and external validation cohort.






Figure 4 | Expression pattern of the seven SOSCRGs between different risk groups and distribution of survival time with risk score. (A) Training cohort. (B) Internal validation cohort. (C) External validation cohort.






3.3 The prognostic model was generally applicable and a predictive nomogram was established

The distribution of risk score and clinicopathological features between the low risk group and the high risk group were displayed (Supplementary Figure S3). The results from subgroup analysis verified that the prognostic model can generally be applied regardless of multiple clinicopathological characteristics apart from patients that are male (Figure 5). Univariate and multivariate Cox regression analyses determined the risk score as an independent prognostic predictor for BRCA in both the training cohort and internal validation cohort, indicating the strong prognostic power of the predictive model (Figures 6A, B). Moreover, we established a predictive model to further explore the prognostic value of the risk score and other clinicopathological features (Figure 6C). Calibration curves showed that the predictive lines were close to the ideal line at 1-, 3-, and 5 years (Figure 6D).




Figure 5 | Subgroup analysis of the prognostic model in nine clinical subgroups.






Figure 6 | Construction of the predictive nomogram. (A) Univariate and multivariate Cox regression analyses in the training cohort. (B) Univariate and multivariate Cox regression analyses in the internal validation cohort. (C) Predictive nomogram based on the risk score and other clinicopathological features. (D) Calibration curves at 1-, 3-, and 5 years.






3.4 Low risk group harbored more abundant immune infiltration levels and higher immune checkpoints expressions

Results from ssGSEA ascertained that several immune activities (cytolytic activity, T cell co-stimulation, and type II IFN response, etc.) and immune infiltrating cells (B cells, CD8+ T cells, NK cells, and TIL, etc.) were higher in the low risk group (Figures 7A, B). CIBERSORT consistently suggested that the infiltration levels of B cells naive, T cells CD8, and T cells CD4 memory resting were higher in the low risk group (Figures 7C, D). Correlations between the seven SOSCRGs and 22 immune infiltrating cells were also unfolded (Figure 7E). Diverse immune infiltrating cells were significantly correlated with the seven SOSCRGs, such as T cells CD4 memory resting, T cells regulatory, B cells naive, and NK cells activated, etc., indicating potential functional associations. Furthermore, we found that the expression levels of a majority of immune checkpoints were significantly higher in the low risk group compared with the high risk group, including PDCD1, CTLA4, and TIGIT. (Figure 7F). These results indicated that the low risk group rendered immune-active, whereas the high risk group was relatively immune-cold. Patients in the low risk group may better benefit from immunotherapy based on their active tumor microenvironment.




Figure 7 | Dissection of the tumor microenvironment of the two risk groups. (A, B) Estimation of immune activities and immune infiltrating cells between the low risk group and the high risk group by ssGSEA. (C) Proportion of 22 immune infiltrating cells for each BRCA sample by CIBERSORT. (D) Estimation of 22 immune infiltrating cells between the low risk group and the high risk group by CIBERSORT. (E) Correlations between seven SOSCRGs and 22 immune infiltrating cells. (F) The expression pattern of immune checkpoints between the low risk group and the high risk group. “*” indicates P < 0.05, “**” indicates P < 0.01 and “***” indicates P < 0.001. "ns" indicates non-significant.






3.5 The two risk groups were characterized by distinct functional strengths

We selected the top ten significantly strengthened functional annotations of the two risk groups via GSEA to display (Figures 8A–D). Epidermal cell differentiation, keratinization, skin development, amino sugar and nucleotide metabolism, fructose and mannose metabolism, glycolysis gluconeogenesis, pentose phosphate pathway, and proteasome were strengthened in the high risk group. Cytokine-cytokine receptor interaction, hematopoietic cell lineage, primary immunodeficiency, tight junction, viral myocarditis, muscle system process, contractile fiber, myosin complex, and T cell receptor complex were strengthened in the low risk group.




Figure 8 | GSEA functional enrichment analysis of the two risk groups. (A, B) Functional strengthens in the high risk group. (C, D) Functional strengthens in the low risk group.






3.6 The mutation features of the two risk groups were different

We displayed the top 20 most frequently altered genes in the low risk group and high risk group. PIK3CA (36%) and TP53 (36%) were deciphered to be the most frequently altered genes in the low risk and high risk groups respectively, and the most common mutation type was observed to be missense mutation (Figures 9A, B). We also compared the TMB difference between the two risk groups which turned out to be statistically significant (Figure 9C). Patients with high TMB harbor poorer clinical outcomes compared to patients with low TMB (Figure 9D). Survival analysis combining risk score and TMB revealed that patients carrying low TMB and low risk score have the best prognosis, while patients carrying high TMB and high risk score suffered from the worst prognosis (Figure 9E). In addition, the risk score was significantly positively correlated with TMB (Figure 9F).




Figure 9 | The mutation characteristics of the two risk groups. (A) The mutation landscape of the low risk group. (B) The mutation landscape of the high risk group. (C) Difference in TMB between the two risk groups. (D) Survival difference between low TMB group and high TMB group. (E) Survival difference between low TMB group and high TMB group combined with risk groups. (F) Correlation between the risk score and TMB.






3.7 Patients in the low risk group were potentially sensitive to several drug agents

We processed wide drug screening to determine potential drug agents that patients may sensitively respond to. These analyses determined three types of drug agents for patients in the low risk group: traditional chemotherapeutic drug agents (cyclophosphamide, epirubicin, and oxaliplatin) (Figures 10A–C), PARP inhibitors (olaparib and niraparib) (Figures 10D, E), and tyrosine kinase inhibitor (axitinib) (Figure 10F).




Figure 10 | Drug sensitivity analysis. (A) Cyclophosphamide. (B) Epirubicin. (C) Oxaliplatin. (D) Olaparib. (E) Niraparib. (F) Axitinib.






3.8 Single-cell analysis

A total of eight cell subgroups were identified in the tumor microenvironment of breast cancer, and endothelial cells, epithelial cells, and fibroblasts appeared to be the main cell subgroups (Figure 11A). The expression pattern of the seven SOSCRGs were subsequently determined. ERRFI1 was expressed in endothelial cells, epithelial cells, and fibroblasts. ETS1 was expressed in endothelial cells and T cells. NDRG1 was expressed in endothelial cells and fibroblasts. ZMAT3 was expressed in fibroblasts (Figure 11B).




Figure 11 | Single-cell analysis. (A) Identification of cell subgroups in the tumor microenvironment of breast cancer. (B) Expression pattern of the seven SOSCRGs in the tumor microenvironment.






3.9 The mRNA levels of seven SOSCRGs in breast cancer cell lines

We demonstrated the mRNA levels of the seven SOSCRGs in five breast cancer cell lines respectively using qPCR (Figure 12).




Figure 12 | The mRNA levels of the seven SOSCRGs in five breast canceer cell lines. “*” indicates P < 0.05, “**” indicates P < 0.01 and “***” indicates P < 0.001. "ns" indicates non-significant.







4 Discussion

Carcinogenesis increases with aging, which can be partially explained by it sharing several similar hallmarks, such as genomic instability, epigenetic alterations, loss of proteostasis, altered intercellular communication, and chronic inflammation (14, 20). Current opinion also suggests that epigenetic entropy increases with aging and is relevant to DNA damage (21). Meanwhile, oxidative stress is one of the most important origins that induce DNA damage (22). Therefore, the intimacy between senescence, oxidative stress, and cancer is intriguing and should be further explored. The need for established predictive models for these diverse clinical end events in cancer is growing more urgent, including information on survival, recurrence, and metastasis. Several previous studies have reported on how models were used to predict the prognosis of patients with breast cancer based on unilateral senescence-related or oxidative stress-related genes (16–18). Compared with these models, the predictive model constructed in the present study may have the following advantages: the first being that the genes characterized by senescence-oxidative stress co-relation were used to construct the present model, meaning it was initiative. Secondly, AUCs from the time-dependent ROC curves of the present model exhibited the highest, which were 0.831, 0.79, and 0.711 at 1-, 3-, and 5 years. Additionally, we dissected the expression pattern of the seven SOSCRGs in the tumor microenvironment of breast cancer by single-cell analysis.

SVM classification is a powerful machine learning method that is widely applied in cancer subtyping (23). We identified two subtypes by SVM classification in BRCA based on SOSCRGs. Interestingly, subtype 1 exhibited active immune activities and abundant immune cell infiltration in the tumor microenvironment (immune-active), whereas subtype 2 showed much lower immune activities and immune cell infiltration levels (immune-cold). Higher infiltration levels of immune cells in the tumor microenvironment infer priority to mobilize the intratumoral immune system to slash cancer cells, which also means better response to immunotherapy (24). Thus patients in the SOSCRGs-based subtype 1 may potentially better benefit from immunotherapy, which can contribute to clinical decisions.

Immune infiltrating cells in the tumor microenvironment are attributed to their important roles in affecting the prognosis of cancer, especially tumor-infiltrating lymphocytes (TILs) (25–27). High infiltration levels of T cells are often supposed to be associated with a better prognosis (28, 29). Studies have examined whether CD4 + T cells alleviate CD8 + T cells exhaustion, and high infiltration levels of CD4 + T cells and CD8 + T cells predicted better survival for patients with breast cancer (30, 31). We also identified higher infiltration levels of both CD8 + T cells and CD4 + T cells memory resting in the low risk group that harbored favorable clinical outcomes.

In recent years, immunotherapy has risen to become a first-line anti-cancer strategy. Identification of the expression patterns of immunotherapy targets may provide potential survival priority for patients (32). Studies have shown that the combined blockade of PD1 and CTLA4 achieves better prognosis improvement compared to monotherapy in several cancer types (33–35). Our results showed that the expression levels of PD1, TIGIT, and CTLA4 were higher in the low risk group, suggesting co-blockade of these molecules as a new immune checkpoint blockade strategy for patients in the low risk group. This also indicates the value of the present model in aiding clinical treatment.

Metabolic reprogramming has been widely observed in diverse cancer types to facilitate cell growth and proliferation. Aberrant enhancement of glycolysis is an important component in cancer metabolic reprogramming, which also refers to the Warburg effect (36). Elevated glycolysis level generally infers an unfavorable prognosis (37, 38). We found several strengthened functional terms relevant to sugar metabolism in the high risk group (amino sugar and nucleotide metabolism, fructose and mannose metabolism, glycolysis gluconeogenesis, and pentose phosphate pathway), which may explain the corresponding worse prognosis. Besides, targeting glycolysis may also serve as a potential therapeutic strategy for patients in the high risk group.

Excessive mutation of tumor suppressor genes originally accelerates carcinogenesis (39). Both PIK3CA and TP53 are common mutated oncogenes in breast cancer (40). We identified PIK3CA and TP53 as potential carcinogenic driving genes in the low risk group and the high risk group respectively. A previous study found that the prognostic effects of PIK3CA and TP53 mutations were different in patients with early breast cancer (41). Patients with PIK3CA-only mutation harbored relatively favorable disease-free interval (DFI), whereas patients with TP53-only mutation harbored worse DFI, more importantly, patients with PIK3CA-TP53 co-mutation exhibited the worst DFI (41). This also proved that the prognosis of patients with dominant TP53 mutation in the high risk group was worse than patients with dominant PIK3CA mutation in the low risk group. Additionally, patients in the high risk group had higher TMB than patients in the low risk group, and the risk score was significantly positively correlated with TMB. This indicated that patients in the high risk group suffered from more mutation accumulation, thereby contributing to unsatisfactory clinical results.

Single-cell transcriptome data is sequenced from annotated cells with high quality, which renders it more precise than common bulk RNA-sequencing data. Thus it is widely applied to dissect the tumor microenvironment to further understand the intratumoral heterogeneity (42–44). In the present study, we dissected the expression pattern of SOSCRGs in the tumor microenvironment of breast cancer based on single-cell analysis. We found that endothelial cells, epithelial cells, and fibroblasts appeared to be the main cell subgroups. Only the expressions of ERRFI1, ETS1, NDRG1, and ZMAT3 were detected in the tumor microenvironment. Furlan et al. (45) reported the pivotal role of ETS1 in modulating the links between breast cancer cells and endothelial cells and facilitating intratumoral angiogenesis. Thus it is that these SOSCRGs that may serve as media molecules during cancer cells-tumor microenvironment interactions to affect tumor development and progression. However, more experimental evidence is waiting to be accomplished.

The present study has several limitations. Above all, it would be better to verify the expressions of the seven SOSCRGs in breast cancer using clinical specimens. Apart from that, the application of the SOSCRGs-based predictive model in a prospective cohort would further prove its clinical utility. In addition, as we mentioned above, the regulatory network and mechanisms of the SOSCRGs in breast cancer require further elucidation by more experimental evidence.




5 Conclusion

Two distinct BRCA subtypes were determined based on SOSCRGs, among which subtype 1 was immune-active and subtype 2 was immune-cold, and the clinical outcomes between patients in the two subtypes were significantly different. A seven-SOSCRGs-based predictive model was constructed and validated to fairly predict the prognosis for patients with BRCA. Subgroup analysis verified the applicability of the predictive model. The risk score was deciphered as an independent prognostic predictor by univariate and multivariate Cox regression analysis. A prognostic nomogram integrated with the risk score and clinicopathological characteristics was established and identified to harbor robust predictive efficacy for patients with BRCA. We further found that the two risk groups had distinct immune infiltration patterns, immune checkpoint expression patterns, functional strengths, and mutation landscapes. Three types of drug agents were predicted to be potentially sensitive to patients in the low risk group. Furthermore, the expression patterns of the seven SOSCRGs in the tumor microenvironment were dissected by single-cell analysis. Multidimensional investigations verified that the SOSCRGs-based predictive model may provide new insights into prognosis prediction, risk stratification, and clinical decision for patients with BRCA.





Data availability statement

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





Ethics statement

Written informed consent was obtained from the individual(s), and minor(s)’ legal guardian/next of kin, for the publication of any potentially identifiable images or data included in this article.





Author contributions

YY conducted the bioinformatic analysis and qPCR experiments. YY, YL, and TG drafted the manuscript. CZ, YS, AX, and LJ integrated all the data and edited the manuscript. JO and SYW outlined the study and gave final approval of the manuscript. All authors have agreed to be accountable for the content of this study. All authors contributed to the article and approved the submitted version.





Funding

This study was supported by the National Natural Science Foundation of China (Grant No. 82000739 to SYW), Guangdong Basic and Applied Basic Research Foundation (Grant No. 2019A1515110128 to SYW), San-ming Project of Medicine in Shenzhen (Grant No. SZSM201812088).





Conflict of interest

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





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fendo.2023.1179050/full#supplementary-material




References

1. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer J Clin (2021) 71(3):209–49. doi: 10.3322/caac.21660

2. Tao, Z, Shi, A, Lu, C, Song, T, Zhang, Z, and Zhao, J. Breast Cancer: Epidemiology and Etiology. Cell Biochem Biophys (2015) 72(2):333–8. doi: 10.1007/s12013-014-0459-6

3. McDonald, ES, Clark, AS, Tchou, J, Zhang, P, and Freedman, GM. Clinical Diagnosis and Management of Breast Cancer. J Nucl Med (2016) 57 Suppl 1:9S–16S. doi: 10.2967/jnumed.115.157834

4. Ganz, PA, and Goodwin, PJ. Breast Cancer Survivorship: Where Are We Today? Adv Exp Med Biol (2015) 862:1–8. doi: 10.1007/978-3-319-16366-6_1

5. Ciriello, G, Gatza, ML, Beck, AH, Wilkerson, MD, Rhie, SK, Pastore, A, et al. Comprehensive Molecular Portraits of Invasive Lobular Breast Cancer. Cell (2015) 163(2):506–19. doi: 10.1016/j.cell.2015.09.033

6. Harbeck, N, Penault-Llorca, F, Cortes, J, Gnant, M, Houssami, N, Poortmans, P, et al. Breast cancer. Nat Rev Dis Primers (2019) 5(1):66. doi: 10.1038/s41572-019-0111-2

7. Lü, JM, Lin, PH, Yao, Q, and Chen, C. Chemical and molecular mechanisms of antioxidants: experimental approaches and model systems. J Cell Mol Med (2010) 14(4):840–60. doi: 10.1111/j.1582-4934.2009.00897.x

8. Jelic, MD, Mandic, AD, Maricic, SM, and Srdjenovic, BU. Oxidative stress and its role in cancer. J Cancer Res Ther (2021) 17(1):22–8. doi: 10.4103/jcrt.JCRT_862_16

9. Zhou, F, Shen, Q, and Claret, FX. Novel roles of reactive oxygen species in the pathogenesis of acute myeloid leukemia. J Leukoc Biol (2013) 94(3):423–9. doi: 10.1189/jlb.0113006

10. Smith, J, Tho, LM, Xu, N, and Gillespie, DA. The ATM-Chk2 and ATR-Chk1 pathways in DNA damage signaling and cancer. Adv Cancer Res (2010) 108:73–112. doi: 10.1016/B978-0-12-380888-2.00003-0

11. Chikara, S, Nagaprashantha, LD, Singhal, J, Horne, D, Awasthi, S, and Singhal, SS. Oxidative stress and dietary phytochemicals: Role in cancer chemoprevention and treatment. Cancer Lett (2018) 413:122–34. doi: 10.1016/j.canlet.2017.11.002

12. Lin, PH, Aronson, W, and Freedland, SJ. An update of research evidence on nutrition and prostate cancer. Urol Oncol (2019) 37(6):387–401. doi: 10.1016/j.urolonc.2017.10.006

13. Kim, J, Kim, H, Lee, J, Choi, IJ, Kim, YI, and Kim, J. Antioxidant-Rich Diet, GSTP1 rs1871042 Polymorphism, and Gastric Cancer Risk in a Hospital-Based Case-Control Study. Front Oncol (2021) 10:596355. doi: 10.3389/fonc.2020.596355

14. López-Otín, C, Blasco, MA, Partridge, L, Serrano, M, and Kroemer, G. Hallmarks of aging: An expanding universe. Cell (2023) 186(2):243–78. doi: 10.1016/j.cell.2022.11.001

15. Kudryavtseva, AV, Krasnov, GS, Dmitriev, AA, Alekseev, BY, Kardymon, OL, Sadritdinova, AF, et al. Mitochondrial dysfunction and oxidative stress in aging and cancer. Oncotarget (2016) 7(29):44879–905. doi: 10.18632/oncotarget.9821

16. Zhou, Y, Xiao, L, Long, G, Cao, J, Liu, S, Tao, Y, et al. Identification of senescence-related subtypes, establishment of a prognosis model, and characterization of a tumor microenvironment infiltration in breast cancer. Front Immunol (2022) 13:921182. doi: 10.3389/fimmu.2022.921182

17. Wang, Z, Liu, H, Gong, Y, and Cheng, Y. Establishment and validation of an aging-related risk signature associated with prognosis and tumor immune microenvironment in breast cancer. Eur J Med Res (2022) 27(1):317. doi: 10.1186/s40001-022-00924-4

18. Zhang, K, Ping, L, Du, T, Wang, Y, Sun, Y, Liang, G, et al. A Novel Systematic Oxidative Stress Score Predicts the Prognosis of Patients with Operable Breast Cancer. Oxid Med Cell Longev (2021) 2021:9441896. doi: 10.1155/2021/9441896

19. Wu, Z, Wang, L, Wen, Z, and Yao, J. Integrated analysis identifies oxidative stress genes associated with progression and prognosis in gastric cancer. Sci Rep (2021) 11(1):3292. doi: 10.1038/s41598-021-82976-w

20. Hanahan, D. Hallmarks of Cancer: New Dimensions. Cancer Discovery (2022) 12(1):31–46. doi: 10.1158/2159-8290.CD-21-1059

21.. Available at: https://www.wdiarium.com/en/cancer-evolution-is-mathematical-how-random-processes-and-epigenetics-can-explain-why-tumor-cells-shape-shift-metastasize-and-resisttreatments (Accessed 20, 2023).

22. Barnes, RP, Fouquerel, E, and Opresko, PL. The impact of oxidative DNA damage and stress on telomere homeostasis. Mech Ageing Dev (2019) 177:37–45. doi: 10.1016/j.mad.2018.03.013

23. Huang, S, Cai, N, Pacheco, PP, Narrandes, S, Wang, Y, and Xu, W. Applications of Support Vector Machine (SVM) Learning in Cancer Genomics. Cancer Genomics Proteomics (2018) 15(1):41–51. doi: 10.21873/cgp.20063

24. Pitt, JM, Marabelle, A, Eggermont, A, Soria, JC, Kroemer, G, and Zitvogel, L. Targeting the tumor microenvironment: removing obstruction to anticancer immune responses and immunotherapy. Ann Oncol (2016) 27(8):1482–92. doi: 10.1093/annonc/mdw168

25. Zhang, L, Conejo-Garcia, JR, Katsaros, D, Gimotty, PA, Massobrio, M, Regnani, G, et al. Intratumoral T cells, recurrence, and survival in epithelial ovarian cancer. N Engl J Med (2003) 348(3):203–13. doi: 10.1056/NEJMoa020177

26. Ino, Y, Yamazaki-Itoh, R, Shimada, K, Iwasaki, M, Kosuge, T, Kanai, Y, et al. Immune cell infiltration as an indicator of the immune microenvironment of pancreatic cancer. Br J Cancer (2013) 108(4):914–23. doi: 10.1038/bjc.2013.32

27. Stanton, SE, and Disis, ML. Clinical significance of tumor-infiltrating lymphocytes in breast cancer. J Immunother Cancer (2016) 4:59. doi: 10.1186/s40425-016-0165-6

28. Pagès, F, Berger, A, Camus, M, Sanchez-Cabo, F, Costes, A, Molidor, R, et al. Effector memory T cells, early metastasis, and survival in colorectal cancer. N Engl J Med (2005) 353(25):2654–66. doi: 10.1056/NEJMoa051424

29. Sato, E, Olson, SH, Ahn, J, Bundy, B, Nishikawa, H, Qian, F, et al. Intraepithelial CD8+ tumor-infiltrating lymphocytes and a high CD8+/regulatory T cell ratio are associated with favorable prognosis in ovarian cancer. Proc Natl Acad Sci U.S.A. (2005) 102(51):18538–43. doi: 10.1073/pnas.0509182102

30. Kmieciak, M, Worschech, A, Nikizad, H, Gowda, M, Habibi, M, Depcrynski, A, et al. CD4+ T cells inhibit the neu-specific CD8+ T-cell exhaustion during the priming phase of immune responses against breast cancer. Breast Cancer Res Treat (2011) 126(2):385–94. doi: 10.1007/s10549-010-0942-8

31. Matsumoto, H, Thike, AA, Li, H, Yeong, J, Koo, SL, Dent, RA, et al. Increased CD4 and CD8-positive T cell infiltrate signifies good prognosis in a subset of triple-negative breast cancer. Breast Cancer Res Treat (2016) 156(2):237–47. doi: 10.1007/s10549-016-3743-x

32. Cao, Z, and Zhang, S. An integrative and comparative study of pan-cancer transcriptomes reveals distinct cancer common and specific signatures. Sci Rep (2016) 6:33398. doi: 10.1038/srep33398

33. Amin, A, Plimack, ER, Ernstoff, MS, Lewis, LD, Bauer, TM, McDermott, DF, et al. Safety and efficacy of nivolumab in combination with sunitinib or pazopanib in advanced or metastatic renal cell carcinoma: the CheckMate 016 study. J Immunother Cancer (2018) 6(1):109. doi: 10.1186/s40425-018-0420-0

34. Hellmann, MD, Rizvi, NA, Goldman, JW, Gettinger, SN, Borghaei, H, Brahmer, JR, et al. Nivolumab plus ipilimumab as first-line treatment for advanced non-small-cell lung cancer (CheckMate 012): results of an open-label, phase 1, multicohort study. Lancet Oncol (2017) 18(1):31–41. doi: 10.1016/S1470-2045(16)30624-6

35. Larkin, J, Chiarion-Sileni, V, Gonzalez, R, Grob, JJ, Cowey, CL, Lao, CD, et al. Combined Nivolumab and Ipilimumab or Monotherapy in Untreated Melanoma. N Engl J Med (2015) 373(1):23–34. doi: 10.1056/NEJMoa1504030

36. Li, Z, and Zhang, H. Reprogramming of glucose, fatty acid and amino acid metabolism for cancer progression. Cell Mol Life Sci (2016) 73(2):377–92. doi: 10.1007/s00018-015-2070-4

37. Hong, J, Guo, F, Lu, SY, Shen, C, Ma, D, Zhang, X, et al. F. nucleatum targets lncRNA ENO1-IT1 to promote glycolysis and oncogenesis in colorectal cancer. Gut (2021) 70(11):2123–37. doi: 10.1136/gutjnl-2020-322780

38. Li, W, Xu, M, Li, Y, Huang, Z, Zhou, J, Zhao, Q, et al. Comprehensive analysis of the association between tumor glycolysis and immune/inflammation function in breast cancer. J Transl Med (2020) 18(1):92. doi: 10.1186/s12967-020-02267-2

39. Vogelstein, B, Papadopoulos, N, Velculescu, VE, Zhou, S, Diaz, LA Jr, and Kinzler, KW. Cancer genome landscapes. Science (2013) 339(6127):1546–58. doi: 10.1126/science.1235122

40. Cancer Genome Atlas Network. Comprehensive molecular portraits of human breast tumours. Nature (2012) 490(7418):61–70. doi: 10.1038/nature11412

41. Kotoula, V, Karavasilis, V, Zagouri, F, Kouvatseas, G, Giannoulatou, E, Gogas, H, et al. Effects of TP53 and PIK3CA mutations in early breast cancer: a matter of co-mutation and tumor-infiltrating lymphocytes. Breast Cancer Res Treat (2016) 158(2):307–21. doi: 10.1007/s10549-016-3883-z

42. Ding, S, Chen, X, and Shen, K. Single-cell RNA sequencing in breast cancer: Understanding tumor heterogeneity and paving roads to individualized therapy. Cancer Commun (Lond) (2020) 40(8):329–44. doi: 10.1002/cac2.12078

43. Bartoschek, M, Oskolkov, N, Bocci, M, Lövrot, J, Larsson, C, Sommarin, M, et al. Spatially and functionally distinct subclasses of breast cancer-associated fibroblasts revealed by single cell RNA sequencing. Nat Commun (2018) 9(1):5150. doi: 10.1038/s41467-018-07582-3

44. Chung, W, Eum, HH, Lee, HO, Lee, KM, Lee, HB, Kim, KT, et al. Single-cell RNA-seq enables comprehensive tumour and immune cell profiling in primary breast cancer. Nat Commun (2017) 8:15081. doi: 10.1038/ncomms15081

45. Furlan, A, Vercamer, C, Heliot, L, Wernert, N, Desbiens, X, and Pourtier, A. Ets-1 drives breast cancer cell angiogenic potential and interactions between breast cancer and endothelial cells. Int J Oncol (2019) 54(1):29–40. doi: 10.3892/ijo.2018.4605




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


Copyright © 2023 Ye, Luo, Guo, Zhang, Sun, Xu, Ji, Ou and Wu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 18 August 2023

doi: 10.3389/fendo.2023.1222072

[image: image2]


Expression patterns and immunological characterization of PANoptosis -related genes in gastric cancer


Xin Qing 1,2, Junyi Jiang 1, Chunlei Yuan 1, Kunke Xie 1* and Ke Wang 1*


1 Clinical Laboratory, Boai Hospital of Zhongshan Affiliated to Southern Medical University, Zhongshan, China, 2 West China Hospital, Sichuan University, Chengdu, China




Edited by: 

Houjuan Zhu, Institute of Materials Research and Engineering (A*STAR), Singapore

Reviewed by: 

Zhijun Dai, Zhejiang University, China

Farzan Vahedifard, Rush University, United States

*Correspondence: 

Ke Wang
 bayywk2022@163.com

Kunke Xie
 15015079724@163.com


Received: 13 May 2023

Accepted: 03 August 2023

Published: 18 August 2023

Citation:
Qing X, Jiang J, Yuan C, Xie K and Wang K (2023) Expression patterns and immunological characterization of PANoptosis -related genes in gastric cancer. Front. Endocrinol. 14:1222072. doi: 10.3389/fendo.2023.1222072






Background

Accumulative studies have demonstrated the close relationship between tumor immunity and pyroptosis, apoptosis, and necroptosis. However, the role of PANoptosis in gastric cancer (GC) is yet to be fully understood.





Methods

This research attempted to identify the expression patterns of PANoptosis regulators and the immune landscape in GC by integrating the GSE54129 and GSE65801 datasets. We analyzed GC specimens and established molecular clusters associated with PANoptosis-related genes (PRGs) and corresponding immune characteristics. The differentially expressed genes were determined with the WGCNA method. Afterward, we employed four machine learning algorithms (Random Forest, Support Vector Machine, Generalized linear Model, and eXtreme Gradient Boosting) to select the optimal model, which was validated using nomogram, calibration curve, decision curve analysis (DCA), and two validation cohorts. Additionally, this study discussed the relationship between infiltrating immune cells and variables in the selected model.





Results

This study identified dysregulated PRGs and differential immune activities between GC and normal samples, and further identified two PANoptosis-related molecular clusters in GC. These clusters demonstrated remarkable immunological heterogeneity, with Cluster1 exhibiting abundant immune infiltration. The Support Vector Machine signature was found to have the best discriminative ability, and a 5-gene-based SVM signature was established. This model showed excellent performance in the external validation cohorts, and the nomogram, calibration curve, and DCA indicated its reliability in predicting GC patterns. Further analysis confirmed that the 5 selected variables were remarkably related to infiltrating immune cells and immune-related pathways.





Conclusion

Taken together, this work demonstrates that the PANoptosis pattern has the potential as a stratification tool for patient risk assessment and a reflection of the immune microenvironment in GC.





Keywords: PANoptosis, gastric cancer, molecular patterns, immune infiltration, machine learning





Introduction

Regulated cell death (RCD) is mediated by multiple signal transduction pathways and presented a clear action mechanism in the pathophysiologic process (1, 2). As non-apoptosis RCD forms, autophagy, ferroptosis, pyroptosis, and necroptosis have been observed to serve a crucial role in the maintenance of homeostasis and disease progression (3–5). Meanwhile, A growing insight into the interaction between pyroptosis, apoptosis, and necroptosis has contributed to the aggregation of these three RCD modalities into one concept: PANoptosis (6, 7). Once an RCD pathway is terminated in the tumor, PANoptosis can immediately initiate an alternative mechanism to act as a tumor suppressor (8). Several reports have confirmed that PANoptosis drives the development of a variety of diseases such as colorectal cancer, ARDS, and ischemia injury (9–11). Although numerous reports have revealed the importance of pyroptosis, apoptosis, and necroptosis respectively in tumors, the relationship between PANoptosis and antitumor immunity remains unknown. Identifying the PANoptosis-related molecular mechanisms can provide potential opportunities to generate promising insights for tumor immunotherapy.

Gastric cancer (GC) is one of the most prevalent magnificence in the digestive system (12). GC at an early stage has an excellent prognosis with a 5-year survival probability of over 90%, while the 5-year survival probability of progressive GC is only about 30% (13, 14). Early management of GC is crucial to improve the survival status and reduce the mortality probability of patients, and it is essential to precisely identify GC with specific molecular patterns and establish a multivariate prediction signature (15, 16). Meanwhile, growing evidence from the multi-omics advancement enables us to access a landscape insight into RCDs in GC (17–19). Therefore, additional studies on the molecular levels of PANoptosis-related genes (PRGs) may offer a novel perspective into GC heterogeneity.

In this study, we investigated gene expression and immune landscape differences between control and GC specimens. GC patients were categorized into two PANoptosis-related clusters, and cluster-specific DEGs were determined with the WGCNA algorithm. Subsequently, a predictive model for classifying patients with distinct molecular patterns and evaluating its reliability with various methods and external validation cohorts, thereby offering promising perspectives into the prediction of GC patterns and risk.





Materials and methods




Data collection and preprocessing

The available data were obtained from the Gene Expression Omnibus (GEO) public database (20), including GSE54129, GSE65801, GSE66229, and GSE13911. These datasets focused on the gene sequencing results of GC patients, and each dataset contains more than 60 samples (Table 1). GSE54129 and GSE65801 were further integrated, and the batch effects between different reports and platforms were eliminated with the combat algorithm in the sva package (21). The integrated dataset was applied for further analysis, and GSE66229 and GSE13911 were regarded as external validation cohorts.


Table 1 | Information on microarray datasets obtained from GEO database.







Correlation analysis between PRGs and immune infiltration analysis

14 PRGs were acquired from the prior report (22), and 10 genes were identified as differentially expressed genes. The CIBERSORT algorithm was further utilized to evaluate the abundant levels of 22 kinds of immune cells in individual samples (23). To reveal the relationship between PRGs and GC-related immunological features, we explored the correlation between the PRGs and the abundance of immune cells. p < 0.05 indicated a statistical significance.





Unsupervised clustering of GC patients

Based on these PRGs’ expression data, the unsupervised clustering analysis (“ConsensusClusterPlus” package) categorized the 143 GC samples into distinct clusters with the k-means algorithm for 1,000 iterations (24). The optimal cluster variable was systematically assessed based on the cumulative distribution function (CDF) curve, consensus matrix, and consistent cluster score (>0.9).





Weighted gene co-expression network analysis (WGCNA)

WGCNA is a bioinformatics approach for introducing patterns of gene correlations between different specimens and revealing gene module information with biological significance (25, 26). First, the correlation parameter between paired genes was computed to establish the correlation matrix. Next, this matrix was transferred into a weighted neighborhood matrix based on the soft threshold feature. Afterward, the neighborhood matrix was further converted into a topological overlap matrix (TOM) revealing the correlative levels between genes. 1-TOM was regarded as the distance for clustering the genes, and the dynamic tree chopping was constructed to determine the module. The least gene number in the modules was set to 100. After the individual module was identified according to the key gene expression data and the sample classification, the association of the module key genes with sample classifications was also identified.





Establishment of the prediction model based on machine learning algorithms

Based on two distinct PRGs clusters, the “caret” package was utilized to propose machine learning models including random forest model (RF), support vector machine model (SVM), generalized linear model (GLM), and eXtreme Gradient Boosting (XGB) (27). According to various dependent decision trees from a training pool, the RF algorithm promotes the precision of the model by randomly limiting the overfitting of individual decision trees (28). SVM can identify optimal parameters by removing the SVM-derived eigenvectors (29). An SVM module based on the “e1071” package was created to further evaluate the diagnostic value of the selected biomarker in GC (30). GLM could dynamically assess the association between normally distributed dependent traits and categorical or continuous independent traits (31). XGB is a collection of boosted trees based on gradient boosting, thus making detailed comparability between classification error and model sophistication (32). The different clusters were regarded as the response parameter and the cluster-specific DEGs were identified as interpretative parameters. The caret package dynamically adjusted the variables in these models by grid identification, and these machine learning models were executed with default factors and evaluated with 5-fold cross-validation. The “DALEX” package was performed to illustrate the abovementioned four machine learning models and visualize the residual distribution and feature importance among these machine learning models (33). The “pROC” package was executed to quantify the area under ROC curves (34). Finally, the appropriate machine learning model was identified and the top 5 parameters were regarded as the crucial predictive indicators correlated with GC. The predictive model was confirmed for its diagnostic value using ROC curves analysis in the validation datasets.





Diagnostic nomogram construction and validation

A diagnostic nomogram was obtained for the risk evaluation of GC with the “rms” package (35). Nomogram presented individual risk values for individual variables; a final value was acquired by merging the value of 5 selected variables. Afterward, the risk of GC could be obtained based on the final value. The diagnostic reliability of the nomogram was evaluated with the calibration curve, DCA, and external cohorts.





Correlation between selected variables and infiltrating immune cells

Based on the CIBERSORT algorithm, correlation evaluation was executed to investigate the association between infiltrating immune cells and selected variables. These results were visualized with the “ggplot2” package (36). P-values < 0.05 demonstrated statistical significance. Meanwhile, immune-check points and HLA molecules were also discussed in immunological analysis.






Results




Dysregulation of PANoptosis regulators and immunological status in GC

To explore the molecular activity of PANoptosis modulators in the development of GC, we comprehensively assessed the abundant levels of 14 PRGs between GC and control samples using the merged dataset. 10 PRGs were identified as the differentially expressed PANoptosis genes. The relative levels of ZBP1, RIPK3, CASP6, and RNF31 were lower, whereas NLRP3, CASP8, PYCARD, MAP3K7, TNFAIP3, and RBCK1 were significantly higher in GC than that in control samples (Figures 1A, B). Figure 1C presents the site of CNV alterations of these regulators on chromosomes. Afterward, we conducted a correlation examination between these differentially expressed PRGs to investigate whether PANoptosis modulators serve a vital function in the evolution of GC. Interestingly, a significant synergistic impact was observed in most of the regulators, such as NLRP3 and TNFAIP3 (coefficient = 0.63) (Figure 1D).




Figure 1 | Identification of dysregulated PRGs in GC. (A) The expression landscape of 10 DEGs was presented in the heatmap. (B) Boxplots illustrated the expression of 14 PRGs between GC and control samples. (C) The location of 14 PRGs on chromosomes. (D) Correlation analysis of 10 differentially expressed PRGs. (E) The relative abundances of 22 infiltrating immune cells between GC and control samples. (F) Boxplots showed the differences in immune infiltration between GC and control samples. (G) Correlation analysis between 10 differentially expressed PRGs and infiltrating immune cells. *p < 0.05, **p < 0.01, ***p < 0.001.



To clarify whether there are immunological differences between the GC and control samples, the CIBERSORT method was executed to identify the enrichment difference of immune infiltration cells between GC and control samples (Figure 1E). The findings revealed that GC patients demonstrated greater enrichment levels of naïve B cells, naïve CD4 T cells, activated memory CD4 T cells, follicular helper T cells, activated NK cells, M0 Macrophages, M1 Macrophages, and Neutrophils (Figure 1F), indicating that variations in the immunological status could serve a critical role in the progression of GC. Additionally, we also explored the association between differentially expressed PANoptosis regulators and infiltrating immune cells. The majority of immune cells were markedly associated with these regulators (Figure 1G). These findings demonstrated that PRGs may be the vital variables in modulating the molecular and immunological landscape of GC patients.





Immunological features of PANoptosis clusters

To clarify the PANoptosis-related patterns in GC, we categorized the GC samples from the expression status of 10 differentially expressed PRGs. The k-value was adjusted to 2 (Figure 2A), and GC patients were finally classified into two clusters, including Cluster1 (n = 73) and Cluster2 (n = 70). The findings of the principal component analysis (PCA) analysis confirmed that there was a remarkable discrepancy between these clusters (Figure 2B).




Figure 2 | Identification of molecular and immune characteristics between the two PANoptosis clusters. (A) Consensus clustering matrix when k = 2. (B) PCA visualizes the distribution of two clusters. (C, D) Expression landscape of 10 DEGs between two PANoptosis clusters. (E) The relative levels of 22 infiltrating immune cells between two clusters. (F) Estimated immune microenvironment scores between the two clusters. (G) The differences in immune infiltration between two clusters. *p < 0.05, **p < 0.01, ***p < 0.001.



To further investigate the molecular properties of clusters, we fully discussed the enrichment differences of 10 PRGs between clusters. Different PRGs expression patterns were clarified between the two PANoptosis clusters (Figure 2C). PANoptosis Cluster1 was typified by elevated expressions of ZBP1, RIPK3, CASP, CASP8, PYCARD, TNFAIP3, RNF31, and RBCK1, while PANoptosis Cluster2 presented high expression levels of NLRP3 and MAP3K7 (Figure 2D). Similarly, the immune infiltration analyses indicated a distinct immune microenvironment between the two clusters (Figure 2E). Cluster1 demonstrated decreased Stromal score and ESTIMATE score, consistent with the prior results (Figure 2F). Specifically, Cluster1 presented a greater ratio of Plasma cells, activated CD4 memory T cells, follicular helper T cells, Tregs, resting NK cells, M0 Macrophages, M1 Macrophages, activated Dendritic cells, and activated Mast cells, whereas the infiltration of γδ T cells, activated NK cells, Monocytes, M2 Macrophages, and resting Mast cells were relatively higher in Cluster2 (Figure 2G). Furthermore, we also discussed additional immunogenic signatures to identify the immunological characteristics of these clusters. As demonstrated in Figure S2, diverse immune-checkpoint molecules and HLA molecules were differently expressed in these clusters. These abovementioned findings suggested that PANoptosis Cluster1 may exhibit a more predominant degree of immune abundance.





Construction of gene modules and co-expression network

To determine the critical gene modules linked to GC, the WGCNA algorithm was utilized to construct a co-expression network and modules for the control and GC samples. We obtained the variance of gene expression in the merged dataset and identified the top 25% of genes with the greatest variance for additional analysis. Co-expressed gene modules were established when the value of soft power was 6 and the scale-free R2 was set to 0.9 (Figure 3A). A total of 10 specific




Figure 3 | Co-expression network of DEGs in GC. (A) The identification of soft threshold power. (B) Cluster tree dendrogram of co-expression modules. (C) Representative of clustering of module eigengenes. (D) Representative heatmap of the correlations among 10 modules. (E) Correlation analysis between module eigengenes and clinical status. (F) Scatter plot between module membership in blue module and the gene significance for GC.



Co-expression modules with distinct colors were identified with the dynamic cutting approach and the heatmap of the topological overlap matrix (TOM) was also displayed (Figures 3B–D). Afterward, all genes in the 10 modules were further utilized for determining the similarity and adjacency of module-clinical characteristics (Control and GC) co-expression. Finally, the blue module presented the greatest connection with GC, which included 280 genes (Figure 3E). Meanwhile, we found a close relationship between the blue module and module-related genes (Figure 3F).

Additionally, we also investigated the vital gene modules associated with PANoptosis clusters with the WGCNA approach. We selected β = 4 and R2 = 0.9 as the optimal soft threshold variables to establish a scale-free network (Figure 4A). More critically, 9 modules were identified as valuable modules and the heatmap portrayed the TOM of each module-related gene (Figures 4B–D). Module-clinical characteristics (Cluster1 and Cluster2) relationship indicated the significant association between the turquoise module (750 genes) and GC clusters (Figures 4E, F). The findings demonstrated that turquoise module genes had a tight correlation with the screened module.




Figure 4 | Co-expression network of DEGs between the two PANoptosis clusters. (A) The identification of soft threshold power. (B) Cluster tree dendrogram of co-expression modules. (C) Representative of clustering of module eigengenes. (D) Representative heatmap of the correlations among 9 modules. (E) Correlation analysis between module eigengenes and clinical status. (F) Scatter plot between module membership in turquoise module and the gene significance for Cluster2.







Selection of cluster-specific DEGs and functional enrichment

37 cluster-specific DEGs were found by exploring the overlapping genes between module-related genes of PANoptosis clusters and module-related genes of GC and control samples (Figure 5A). The functional enrichment analysis was applied to investigate the functional annotations correlated with cluster-specific DEGs. The findings revealed that angiogenetic status and endoderm cell activity were closely associated with these DEGs based on GO pathways (Figure 5B). Meanwhile, we found these DEGs participated in diverse signaling processes, such as focal adhesion, PI3K-Akt signaling pathway, and ECM-receptor interaction (Figure 5C). Meanwhile, The GSVA analysis was applied to further investigate the functional differences related to cluster-specific DEGs between the two clusters (Figure S1).




Figure 5 | Identification of cluster-specific DEGs and their biological functions. (A) The intersections between module-related genes of PANoptosis clusters and module-related genes. (B, C) Functional enrichment analysis of overlapping genes based on GO and KEGG pathways.







Establishment and evaluation of machine learning models

To further determine pattern-specific genes with excellent diagnostic significance, we performed four machine learning algorithms (RF, SVM, GLM, and XGB) based on the expression data of 37 cluster-specific DEGs in the GC training cohort. The “DALEX” package was utilized to present the four algorithms and show the residual distribution of all models in the validation cohort. SVM and RF machine learning characteristics demonstrated a relatively smaller residual (Figures 6A, B). Afterward, the top 10 characteristic genes of the individual model were ranked based on the root mean square error (RMSE) (Figure 6C). Meanwhile, the receiver operating characteristic (ROC) curves were plotted to reveal the reliable status of these models, and we observed that SVM had the greatest performance (Figure 6D). Finally, the SVM model was presented to best distinguish patients with distinct patterns, and the top five critical genes (IGFBP4, GEM, KIAA1522, COL6A3, and STYK1) were identified as predictor variables for additional analysis.




Figure 6 | Establishment and evaluation of RF, SVM, GLM, and XGB machine models. (A) Cumulative residual distribution of each machine learning model. (B) Boxplots showed the residuals of each machine learning model. Red dot represented the root mean square of residuals (RMSE). (C) The important traits in RF, SVM, GLM, and XGB machine models. (D) ROC analysis of four machine learning models based on 5-fold cross-validation in the testing cohort.



To validate the predictive reliability of the SVM model, we established a nomogram to assess the risk of PANoptosis patterns in GC patients (Figure 7A). The calibration curve further presented the predicted and actual pattern risks of GC (Figure 7B), and the DCA demonstrates that this nomogram




Figure 7 | Validation of the 5-gene-based SVM model. (A) Establishment of a nomogram for predicting the risk of GC clusters based on the SVM model. (B, C) Construction of calibration curve (B) and DCA (C) for assessing the predictive efficiency of the nomogram model. (D, E) ROC analysis of the model based on 5-fold cross-validation in GSE13911 (D) and GSE66229 (E) datasets.



has excellent accuracy (Figure 7C), which may guide clinical decision-making. Subsequently, we confirmed the 5-gene predictive model on the external datasets (GSE13911 and GSE66229) including control samples and GC patients. ROC curves presented excellent performance of the 5-gene predictive model with an AUC value of 0.970 and 0.916, respectively (Figures 7D, E), suggesting this diagnostic model is equally valuable in distinguishing GC from normal samples.





The biological activity and immune landscape of biomarkers

We also discussed the associations between 5 characteristic genes and distinct immune cell types, the findings revealed that IGFBP4 had positive associations with resting mast cells, naïve B cells, monocytes, activated NK cells, M2 Macrophages, γδ T cells, naïve CD4 T cells, and negative associations with memory B cells, activated Mast cells, resting NK cells, resting CD4 memory T cells, and plasma cells (Figure 8A). Similarly, a significant correlation was also observed between additional biomarkers (GEM, GEM, KIAA1522, COL6A3, and STYK1) and infiltrating immune cells (Figures 8B–E). These findings demonstrated some kinds of immune cells are dysregulated in the progression of GC. Additionally, The GSEA analysis results showed that the cell cycle and focal adhesion were crucial biological activities in the development of GC (Figures 9A–E), consistent with the abovementioned results.




Figure 8 | Correlation map of 22 types of immune cells and 5 selected genes. A positive and negative correlation was respectively shown in the right and left direction, whereas the size of the circle represents the strength of correlation, the larger the size, the stronger the correlation. (A) IGFBP4. (B) GEM. (C) KIAA1522. (D) COL6A3. (E) STYK1.






Figure 9 | GSEA analysis of 5 selected genes. (A) IGFBP4. (B) GEM. (C) KIAA1522. (D) COL6A3. (E) STYK1.








Discussion

At present, the diagnosis of GC has relied on gastroscopy and pathological judgment of biopsy tissue, and these methods are limited by their complexity and invasiveness (13, 37) with the development of high-throughput histology technology, systematically identifying the molecular biomarkers of GC is a promising approach from multi-omics levels (38). Therefore, the identification of more valuable molecular patterns is critical to guide the personalized treatment of GC. PANoptosis is a harmonious network where the three programmed cell death-related pathways can be surrogates for each other and interact together in response to tumor microenvironment stimulation (39, 40). However, the specific functions of PANoptosis and its relevant mechanisms in different diseases have not been sufficiently explored. Therefore, we aimed to discuss the detailed role of PRGs in GC phenotyping and the immune microenvironment. Furthermore, gene signatures associated with PANoptosis were applied for predicting the GC patterns.

In this work, we comprehensively discussed the expression characteristics of PANoptosis modulators between normal samples and GC patients. The dysregulated PRGs were observed in GC patients more than those in control samples, indicating an essential part of PRGs in the development of GC. Afterward, we assessed the relationship among PRGs to determine the association between PANoptosis modulators and GC. We found that some PANoptosis regulators demonstrated considerable interactions, as proven by the presence of PRG interactivity in GC patients. Meanwhile, the infiltrating levels of immune cells were different between control samples and GC patients. GC patients presented greater abundant ratios of naïve B cells, naïve CD4 T cells, activated memory CD4 T cells, follicular helper T cells, activated NK cells, M0 Macrophages, M1 Macrophages, and Neutrophils, consistent with the prior reports. Moreover, we employed an unsupervised cluster approach to present the distinct PANoptosis regulation patterns in GC patients according to the expression status of PRGs, and two different PANoptosis -related patterns were determined. Cluster-specific DEGs demonstrated that Cluster1 was largely engaged in immune-related biological processes, such as TGF-b signaling and Notch signaling pathway, while Cluster2 was featured by metabolic activity. Consistently, Cluster1 had a greater level of Chemokine signaling and JAK-STAT signaling. Therefore, it would be valuable to consider that Cluster1 may present more activated B cells and T cells to eliminate the development of GC and further demonstrate a better prognosis.

The available machine learning algorithms enable bioinformatic technology to more accurately and rapidly identify promising biomarkers correlated with disease initiation and development, allowing for disease diagnosis, treatment, and therapeutic agents’ investigation (41). In this work, we examined the predictive ability of four machine learning algorithms (RF, SVM, GLM, and XGB) predicated on the expression level of cluster-specific DEGs and constructed an SVM-based prediction signature, which demonstrated the greatest predictive performance in the testing cohort, indicating the SVM-based machine learning signature has promising properties in depicting the patterns of GC. Afterward, five special variables (IGFBP4, GEM, KIAA1522, COL6A3, and STYK1) were selected to establish an SVM-based model. The 5-gene-based SVM model can reliably predict GC in the external cohorts (AUC = 0.970 and 0.916), which gives new perspectives for the diagnosis of GC. Moreover, we also established a nomogram model for the diagnosis of GC patterns with these 5 predictor genes, and this model presented dramatic predictive value, suggesting the significance of this predictive model for clinical utilities.

As the most prevalent IGFBP in circulation, IGFBP4 has been reported to serve a crucial role in tumor development regulation by inhibiting IGF activities (42). Bioinformatics analysis presented that IGFBP4 could play a critical biomarker and prognostic predictor for GC (43). GEM is a regulative protein that might be involved in the receptor-activated signaling pathway at the plasma membrane, thus serving a pivotal role in fundamental cellular actions (44). Dysregulated KIAA1522 might facilitate the carcinogenesis and metastasis of diverse gastrointestinal tumors through different signaling pathways, such as the Notch signaling pathway (45, 46). And KIAA1522 serves a tumorigenic function in the metastasis of gastrointestinal tumors and might be a promising molecular target for further management. COL6A3 has been reported to be participated in the development of GC by modulating the PI3K/AKT signaling pathway (47), and some research demonstrated that inhibition of COL6A3 would make a great prognosis in GC patients (48, 49). Low STYK1 expression presented an unfavorable prognosis for GC, and STYK1 could be a diagnostic and prognostic predictor in GC patients (50).

Currently, PANoptosis can stimulate powerful anti-tumor immunity, and facilitating PANoptosis could have remarkable therapeutic significance in GC (51). Meanwhile, accumulative studies have observed that immunological disorders are essential pathobiological factors responsible for the proliferation and unfavorable prognosis of GC (52, 53). Therefore, we conducted a correlation analysis between these selected PANoptosis pattern-related genes with infiltrating immune cells. The findings indicated differential levels of Plasma cells, resting CD4 memory T cells, Monocytes, resting and activated NK cells, M2 Macrophages, naive B cells, resting and activated Mast cells, and γδ T cells between control and GC. Plasma cells, naive B cells, and Mast cells participated in antibody production and further mediated the tumor progression (54–56). The positive activity of NK cells is responsible for the therapeutic outcome and prognostic significance of GC, while the volume and spread of the tumor also affect the NK cell functions in patients (57). Polarization of M2 macrophages in the GC microenvironment could stimulate tumor metastasis by promoting the EMT process in GC (58). γδ T cells in GC tissue can regulate gastric carcinogenesis by secreting different cytokines (59). Moreover, resting CD4 memory T cells modulated immunological status, and Monocytes mediated prognostic evaluation are reported from prior studies during the GC (60, 61).

Inevitably, there are certain deficiencies and limitations in this research. The findings of our study should be further confirmed in vivo or in vitro studies. Also, the prognostic value of this SVM-based model is pending to be evaluated in the external database with complete survival information. Therefore, further experimental and prospective studies are necessary in the future.





Conclusion

In summary, this work revealed the association between PRGs and immune cell infiltration and demonstrated the considerable immunological heterogeneity between GC patients with different PANoptosis patterns. A 5-gene-based SVM model was identified as the valuable machine learning signature, which can reliably evaluate GC patterns and the pathophysiologic process of GC patients. Our research provides the first identification of the potential value for PANoptosis in GC and reveals the potential molecular characteristics contributing to GC heterogeneity, and improve personalized therapy in GC based on PANoptosis patterns.
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Supplementary Figure 1 | Biological characteristics between two PANoptosis clusters. (A) Differences in hallmark pathway activities between Cluster1 and Cluster2 samples ranked by t-value of GSVA method. (B) Differences in KEGG pathways between Cluster1 and Cluster2 samples ranked by t-value of GSVA method.

Supplementary Figure 2 | Immunological characteristics between two PANoptosis clusters. (A, B) Differences in HLA and immune-checkpoint molecules between Cluster1 and Cluster2. (C) Differences in immune activity between Cluster1 and Cluster2.
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Background

Senescence have emerged as potential factors of lung cancer risk based on findings from many studies. However, the underlying pathogenesis of lung cancer caused by senescence is not clear. In this study, we try to explain the potential pathogenesis between senescence and lung cancer through proteomics and metabonomics. And try to find new potential therapeutic targets in lung cancer patients through network mendelian randomization (MR).





Methods

The genome-wide association data of this study was mainly obtained from a meta-analysis and the Transdisciplinary Research in Cancer of the Lung Consortium (TRICL), respectively.And in this study, we mainly used genetic complementarity methods to explore the susceptibility of aging to lung cancer. Additionally, a mediation analysis was performed to explore the potential mediating role of proteomics and metabonomics, using a network MR design.





Results

GNOVA analysis revealed a shared genetic structure between HannumAge and lung cancer with a significant genetic correlation estimated at 0.141 and 0.135, respectively. MR analysis showed a relationship between HannumAge and lung cancer, regardless of smoking status. Furthermore, genetically predicted HannumAge was consistently associated with the proteins C-type lectin domain family 4 member D (CLEC4D) and Retinoic acid receptor responder protein 1 (RARR-1), indicating their potential role as mediators in the causal pathway.





Conclusion

HannumAge acceleration may increase the risk of lung cancer, some of which may be mediated by CLEC4D and RARR-1, suggestion that CLEC4D and RARR-1 may serve as potential drug targets for the treatment of lung cancer.





Keywords: senescence, lung cancer, Network Mendelian randomization, proteomics and metabolomics, therapeutic target, genetic complementarity method senescence, genetic complementarity method




1 Introduction

In recent research, a new multi-system based aging measurement method, called epigenic clock, has been widely recognized as a potential biological marker of senescence (1). Horvath et al. reported that the epigenetic clock is a measure of organismal aging that is indicated by DNA methylation (DNAm) patterns, which exhibit heritability. Each clock has unique DNAm levels at corresponding CpG sites, which reveal key features of age-related genetic changes (2). The first generation of epigenetic clocks, such as HannumAge and endogenous HorvathAge, were developed based on the DNAm levels of age-related CpG sites (3, 4). HannumAge uses a model trained on 71 age-related CpG sites found in blood samples, while endogenous HorvathAge selects from 353 CpG sites discovered in human tissues and cells, and corrects for differences in blood cell counts (3). Recently, second-generation clocks such as PhenoAge and GrimAge have been used to predict the epidemiological information related to age-related diseases (1, 5). PhenoAge was developed based on data from 513 CpG sites associated with mortality and 9 clinical biomarkers, while GrimAge incorporates data from 1030 CpG sites associated with smoking and 7 blood plasma proteins including cystatin C and growth differentiation factor (6). Depending on the sample source and prediction requirements, HannumAge is better suited for age-related predictions while PhenoAge and GrimAge are more suitable for health-related predictions (3, 7).

The relationship between epigenetic clocks and diseases is not yet fully understood. However, observational studies have found that when epigenetic age accelerates, meaning that a person’s biological age is greater than their chronological age, it may lead to increased mortality and cancer incidence (8, 9). For example, Levine et al. analyzed a dataset from the Women’s Health Initiative that included 2029 women and found that standardized measurements of intrinsic epigenetic age acceleration were significantly associated with increased cancer incidence (HR: 1.50, P = 3.4×10−3) (10). In contrast, some argue that the evidence supporting this claim is weak or nonexistent. For instance, Dugué et al. used Cox regression analysis to examine the relationship between five measures of age acceleration and 3216 cancer patients, finding no association between the two (11). The primary reason for the controversy may be due to the biases of observational studies, such as reverse causality and residual confounding.

In this study, we employed a range of complementary genetic approaches, covering genetic correlation and Mendelian randomization, to comprehensively explore the causal relationship between epigenetic clocks and lung cancer, using large-scale GWAS summary statistics. Additionally, incorporating transcriptome and proteomics data into this study using network MR design may provide valuable insights into disease mechanisms and potential therapeutic targets. A flow chart detailing our study design can be found in Figure 1.




Figure 1 | Schematic diagram of this study.






2 Methods

This study utilized a genome-wide association study (GWAS) data of four epigenetic clocks, including HannumAge, PhenoAge, and GrimAge, as well as epigenetic surrogate markers to assess their correlation with cancer risk (12). And single nucleotide polymorphisms (SNPs) were extracted from large-scale GWAS databases in the TRICL consortium (ieu-a-987, ieu-a-986, ieu-a-985). In this GWAS, TRICL consortium classified lung cancer patients as follows smoking, ever smoking, and never smoking. Finally, 85449 (smokers), 9298 (never smokers), 40453 (ever smokers) were identified for subsequent analysis. For blood proteins data (Table S1), we mainly used protein GWAS data published by Sun BB (1352 proteins), Folkersen L (2352 proteins), and Suhre K (352 proteins) (13–15). For blood metabolites data (Table S2), we mainly used protein GWAS data published by Shin SY (1352 metabolites), Roederer M (2352 metabolites), and Kettunen J (352 metabolites) (16–18).



2.1 Genetic correlation analysis

To assess the contribution of SNPs to the heritability of Epigenetic clocks and lung cancer, we employed GNOVA. This involved regressing the product of z-statistics obtained from two independent studies of these traits, which were derived from LD scores precomputed using 1000 Genomes European data (19, 20). Through this approach, we estimated both the SNP heritability (h2) of Epigenetic clocks and lung cancer and the overall genetic correlation (rg) between them.




2.2 Mendelian randomization design

Firstly, to ensure a strong correlation between IVs and Epigenetic clocks, we selected IVs significantly relationship with Vitamin (P < 5×10−8, r2 < 0.001, genetic distance = 10000KB, minor allele frequency > 0.01) at the genome-wide level. Secondly, to satisfy the independence of genetic variation and confounders, we searched in Catalog and PhenoScanner databases to ensure that each IVs included was unrelated to known confounders. Finally, we calculated the F statistic to avoid the bias of weak IVs and ensured that these results were not affected by weak IVs (21, 22).




2.3 Mendelian randomization analyzes

Multiple Mendelian randomization (MR) methods were employed in this study, including inverse-variance weighted (IVW), maximum likelihood, MR using robust adjusted profile score (MR-RAPS), MR multivariate residual and outlier test (MR-PRESSO), MR-Egger, and weighted median, to estimate the causal effects of epigenetic clocks on cancer (21–25).

IVW was firstly employed to evaluate the potential impact of epigenetic clocks on tumorigenesis (22). The fixed-effect model was used in the absence of heterogeneity, while the random-effect model was adopted in case of heterogeneity. Subsequently, maximum likelihood estimation, MR-RAPS, MR-PRESSO, MR-Egger, and weighted median were utilized to further elucidate the relationship between epigenetic clocks and cancer. The objective of maximum likelihood estimation was to describe the distribution of probabilities by maximizing the likelihood ratio with low standard error (23). MR-PRESSO was essentially a variation of IVW, which could eliminate indicators that differed from causal associations with other IVs. Accurate results could be provided by MR-PRESSO when the horizontal pleiotropy existed in less than half of the IVs. On the other hand, MR-RAPS was relatively robust for various pleiotropic effects (25).




2.4 Heterogeneity and pleiotropy analysis

To ensure the third MR hypothesis that the IVs were independent of the outcome except for exposure, we used different methods for assessing potential effects. Cochran Q statistics and MR-Egger regression was used to explain the heterogeneity and pleiotropy in this study (26, 27). Then, the MR-PRESSO, leave-one-out analysis, and funnel plot were also used as additional multiplicity controls to global, outlier, and distortion tests.




2.5 Mediation analysis

This study was to explore potential mediating pathways of specific blood metabolites and proteins in the causal pathway from the epigenetic clock to cancer. We used a Mendelian randomization (MR) design with three independent steps (a-c) (28):

Step a: We first estimated the causal effect of the epigenetic clock, determined by genetics, on cancer. This step was similar to our preliminary analysis.

Step b: We utilized independent single nucleotide polymorphisms (SNPs) encoding protein-coding genes to estimate the causal effects of blood metabolites and proteins in the described GWAS summary data.

Step c: For any potential mediators with a causal relationship identified in Step b, we employed the inverse variance weighted (IVW) method to undertake one-to-one assessments.

If we found a clear causal relationship in all three steps, we could infer that specific blood metabolites and proteins mediated the pathway linking the epigenetic clock with cancer. Next, we derived the indirect effect of the epigenetic clock on cancer through each mediator by multiplying the results of Steps b and c. Finally, we estimated the weight of each mediator by dividing the mediated effect by the total effect.




2.6 Ethical approval

The sampling procedures, diagnostic criteria, quality control measures, and imputation techniques were delineated in their respective publications, and each GWAS study design does not require further ethical approval.





3 Results



3.1 Genetic correlation analysis

Through GNOVA analysis, we found there was significant genetic correlation implying shared genetic architecture between HannumAge and smokers (rg=0.135, P=1.080×10-5), ever smokers (rg=0.141, P=4.745×10-5) in lung cancer (Figure 2). However, we did not find a common genetic architecture between Horvath Intrinsic Age, PhenoAge, and GrimAge and lung cancer. Therefore, in the following analysis, we mainly analyzed the relationship between HannumAge and smokers, ever smokers (Figure 2).




Figure 2 | Correlation between epigenic clocks and lung cancer.






3.2 Genetic instrumental variables for HannumAge

In this MR, 11 LD-independent IVs (after the clumping process) associated with HannumAge were included. The F statistics of each IV included were more significantly than 19.751, suggesting that we effectively excluded the effect of weak Ivs, which made these results more stable (Table 1).


Table 1 | Genetic instrumental variables for HannumAge.






3.3 MR analysis of HannumAge and lung cancer

Causal effects are defined as odds ratio (OR) and can be interpreted as the logarithmic increase in the odds of lung cancer among current or former smokers with increasing HannumAge. For instance, using the IVW method, the OR estimate for current or former smokers with HannumAge and lung cancer was 1.067 (OR: 1.067, 95%CI: 1.007-1.131), suggesting that the average risk of developing HannumAge-related lung cancer is increased by 6.7% (Figure 3). We further found compelling evidence of a causal relationship between HannumAge and lung cancer (OR: 1.067, 95%CI: 1.002-1.137) (Figure 4). Additionally, estimates of the causal effect of HannumAge on lung cancer among current or former smokers using other MR methods were nearly the same as those obtained from the IVW method. Finally, while results from MR-Egger did not show a significant causal relationship between HannumAge and lung cancer, they suggest a positive correlation between the two.




Figure 3 | Association of epigenic clocks with lung cancer (smokers) in two-sample Mendelian randomization.






Figure 4 | Association of epigenic clocks with lung cancer (ever smokers) in two-sample Mendelian randomization.



To further evaluate the presence of heterogeneity and pluripotency in our MR analysis, we employed a series of methods. The Cochran’s Q test revealed significant heterogeneity in smokers (P=0.001), thus we used a random-effects model to account for heterogeneity and conducted further analysis. Remarkably, the consistent results were obtained (OR: 1.067, 95%Cl: 1.007-1.131 vs. OR: 1.026, 95%Cl: 1.008-1.044). Similarly, we found significant heterogeneity in ever smokers (P=0.001), so we again used a random-effects model to account for heterogeneity and found consistent results (OR: 1.067, 95%Cl: 1.002-1.137 vs. OR: 1.056, 95%Cl: 1.024-1.089). We also employed the MR-Egger regression, which supported that MR analysis was not impacted by horizontal pleiotropy (P=0.950, 0.426). Moreover, MR-PRESSO analysis revealed that the included instrumental variables (IVs) did not have significant outliers. Finally, the leave-one-out sensitivity analysis and funnel plot indicated that each included IV did not significantly impact our study results.




3.4 The potential mediator role of blood metabolites and proteins

Table S3 displays the causal relationship between HannumAge - a gene-based predictor of age - and blood metabolites and proteins, assessed using the MR method. A significant positive correlation was observed between the two. Further evaluation of whether blood metabolites and proteins have a causal relationship with cancer is presented in Tables S4–S6. We found Retinoic acid receptor responder protein 1, C-type lectin domain family 4 member D was significantly positively associated with lung cancer. Finally, we consider blood metabolites and proteins as risk factors as sleep apnea. And we speculate on the potential pathogenesis as shown in Figure 5.




Figure 5 | The potential pathogenesis in this study.







4 Discussion

Our study represents the first application of complementary genetic approaches and mediator MR to investigate the potential relationship between cancer and the epigenetic clock. The results demonstrate a strong association between HannumAge and increased risk of cancer. Furthermore, mediator MR analysis reveals that retinoic acid receptor responder protein 1 and C-type lectin domain family 4 member D play a critical mediating role in the causal pathway from HannumAge to cancer, which suggesting that retinoic acid receptor response protein 1 and C-type lectin domain family 4 member D may serve as a potential drug target for the treatment of lung cancer

In order to establish causal relationships in our study, it was essential to anticipate and address any methodological deviations, and to ensure consistency with previous research. Therefore, we first compared our results with those of existing observational studies and conducted a reliability assessment. Our study results on the relationship between HannumAge and cancer were consistent with Li et al., 2022 prospective cohort study, which revealed a strong dose-response relationship between epigenetic clock and cancer risk (29). Similarly, a case-control study of lung cancer (n=332) reported a strong positive correlation (Beta=0.13, P<2.2×10-16) between methylation and both age and lung cancer risk (30). In addition, a 2019 study demonstrated a significant correlation between standardized measurements of rapid epigenetic aging and cancer incidence (HR: 1.50, P=3.4×10−3) (10).

The exact mechanism by which epigenetic clocks mediate lung cancer remains unclear. However, we speculate that they may influence cancer risk through two mechanisms. Firstly, evidence suggests that the association between cancer and age may be due to the accumulation of difficult-to-repair damage caused by exposure to carcinogens, such as those found in cigarette smoke (31). Levine et al. found a significant correlation between epigenetic clocks and cancer incidence in current smokers (P=7.4×10−3) and former smokers (P=0.039) (10). In our study, we observed a positive correlation between epigenetic clocks and lung cancer risk in patients who smoked or had previously smoked, which suggests that smoking may be an even larger risk factor for individuals with accelerated aging phenotypes. Although the mechanism underlying the co-occurrence of lung cancer and epigenetic clocks with cigarette smoke remains elusive, numerous genome-wide association researches have indicated associations between the 5p15 and 15q25 regions and cancer risk among smokers (32–34). Given the strong heritability of epigenetic age acceleration, these findings suggest the possible existence of inherent differences in susceptibility to endogenous stressors (35). Thus, further exploration of the association between gene loci implicated in lung cancer risk and lifespan in smokers and epigenetic clocks may have important clinical implications. If confirmed, epigenetic clocks could serve as useful markers for targeting cessation interventions.Secondly, some studies have suggested that abnormal immune system function and accelerated cellular aging may also be linked to lung cancer risk (36). With increasing age, the immune system may be more susceptible to dysfunction, leading to decreased immune surveillance and increased cancer risk (36). However, the exact pathophysiological mechanisms driving these associations remain to be elucidated.

In study, the results of mediator MR imaging showed that Epigenic Clockscould increase the concentration of proteins such as C-type lectin domain family 4 member D (CLEC4D), Retinoic acid receptor responder protein 1, leading to lung cancer.

CLEC4D, also known as DCIR (Dendritic Cell Immunoreceptor), is a protein belonging to the C-type lectin receptor family. It is primarily expressed on the surface of dendritic cells and macrophages, which are important components of the immune system. This receptor is involved in regulating immune responses, particularly in the context of antigen presentation and activation of immune cells (37). In the field of cancer research, CLEC4D has garnered attention due to its potential role in tumor immunity and cancer progression. A number of studies have investigated the relationship between CLEC4D and cancer. For example, in hepatocellular carcinoma (HCC), increased expression of CLEC4D has been observed and correlated with poor prognosis and tumor invasiveness (38). One possible mechanism is that CLEC4D enhances the migration, invasion, and metastasis of tumor cells by promoting epithelial-to-mesenchymal transition and activating signaling pathways involved in tumor progression (38). The exact mechanisms by which CLEC4D contributes to cancer development are still not fully understood, but they may involve its interactions with various ligands and complex signaling networks (39). Additionally, the expression and function of CLEC4D may be influenced by genetic and epigenetic changes, as well as the tumor microenvironment, further suggesting its involvement in cancer through Epigenetic Clocks mediating CLEC4D expression (40). However, extensive research is still needed to fully understand the mechanisms of action of CLEC4D in cancer and its potential as a therapeutic target. By elucidating its exact function and signaling pathways, strategies can be developed to modulate CLEC4D activity for therapeutic purposes.

Notably, compared with previous studies, this study has many strengths. First, with the help of complementary genetic and mediator MR methods, this study assessed the causal relationship of Epigenetic Clocks with lung cancer. Furthermore, we synchronized the use of multiple models based on different hypotheses to prevent erroneous reporting resulting from faulty assumptions in a single model.

Several limitations should be acknowledged in our study. Firstly, the study was restricted to a European population, which may restrict generalization to other populations. Secondly, unobserved pleiotropies were not accounted for, as is common in other MR studies. Lastly, the IVW effect estimates may be prone to bias caused by the presence of horizontal pleiotropy within some IVs.




5 Conclusions

In conclusion, a possible causality of Senescence with lung cancer risk was observed in the present study. However, the exact mechanism of senescence with lung cancer is still unclear and more studies will be conducive to explore it.
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Background

The five major RNA methylation modifications (m6A, m1A, m6Am, m5C, and m7G) exert biological roles in tumorigenicity and immune response, mediated mainly by “writer” enzymes. Here, the prognostic values of the “writer” enzymes and the TCP1 role in drug resistance in breast cancer (BC) were explored for further therapeutic strategies.





Methods

We comprehensively characterized clinical, molecular, and genetic features of subtypes by consensus clustering. RNA methylation modification “Writers” and related genes_risk (RMW_risk) model for BC was constructed via a machine learning approach. Moreover, we performed a systematical analysis for characteristics of the tumor microenvironment (TME), alisertib sensitivity, and immunotherapy response. A series of experiments in vitro were carried out to assess the association of TCP1 with drug resistance.





Results

One “writer” (RBM15B) and two related genes (TCP1 and ANKRD36) were identified for prognostic model construction, validated by GSE1456, GSE7390, and GSE20685 cohorts and our follow-up data. Based on the patterns of the genes related to prognosis, patients were classified into RMW_risk-high and RMW_risk-low subtypes. Lower RMW_Score was associated with better overall survival and the infiltration of immune cells such as memory B cells. Further analysis revealed that RMW_Score presented potential values in predicting drug sensitivity and response for chemo- and immunotherapy. In addition, TCP1 was confirmed to promote BC alisertib-resistant cell proliferation and migration in vitro.





Conclusion

RMW_Score could function as a robust biomarker for predicting BC patient survival and therapeutic benefits. This research revealed a potential TCP1 role regarding alisertib resistance in BC, providing new sights into more effective therapeutic plans.
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1 Introduction

Breast cancer (BC) is a complex disease affected by multiple risk factors, including genetic and environmental factors, recognized as the most common cause of cancer-related deaths among women worldwide (1–3). Recent studies have focused on investigating the underlying association of the tumor microenvironment (TME) with BC. The TME, composed of tumor cells and multiple non-malignant cell types (immune cells, fibroblasts, and endothelial cells), exerts influences at all disease stages, including tumor initiation, metastatic progression, and response to therapies (4–6). Evidence indicates that significant differences could be derived from various cellular compositions of immune infiltration in BC, thus offering prognostic and predictive values (7). In D. Hammerl and T. Karn’s investigations, tumor-infiltrating leukocytes (TILs) could serve as a sensitive biomarker, a high level of which indicated better survival, especially in patients with triple-negative breast cancer (TNBC) (8, 9). However, apart from the apparent progress achieved in immunotherapies, clinical benefits from these applications are restricted to a minority of patients (10). TILs and other components of the TME in BC were demonstrated to predict response to anticancer immunotherapies (11). Thus, a comprehensive understanding of the TME in BC will assist in enhancing clinical prediction and developing effective individual strategies.

Recent years have witnessed the identification of over 100 types of RNA modifications including methylations, cytosine modifications, isomerization of uridine, and ribose modification (12, 13). Among them, RNA methylation modifications are involved in the pathogenesis of various diseases including cancer through the dysregulation of epigenetic pathways (14, 15). Here, most attention has been focused on five major RNA methylation modifications, i.e., N6-methyladenosine (m6A), N1-methyladenosine (m1A), N6,2′-O-dimethyladenosine (m6Am), 5-methylcytosine (m5C), and 7-methylguanosine (m7G), reckoned to be activated by “writers” enzymes (16–23). The valid associations of the five major RNA modifications and related enzymes with the TME are reported in recent studies (24–26). However, given only one or two RNA modification “writers” contained in these studies, the antitumor effect of RNA modifications through multiple regulators lacks attention, especially in BC. Thus, our study sheds light on the correlations between numerous “writers” and the TME in BC for a holistic understanding.

Alisertib (MLN8237), an Aurora A inhibitor, has been shown to prevent Aurora A from being phosphorylated. This drug has been reported to prevent N-myc signaling and tumor growth by inhibiting the interaction between N-myc and the factor AURKA (27). By modifying the expression of the BCL-2 family (Bcl-xL), the drug might cause apoptosis (28). In a randomized clinical trial, the safety and effectiveness of weekly paclitaxel therapy with alisertib addition in metastatic breast cancer patients were assessed (29). This phase 2 study found that compared with paclitaxel, weekly paclitaxel plus oral alisertib presented improved progression-free survival (PFS) significantly, and the toxic impacts were manageable. Nevertheless, studies concerning the potential mechanism of BC cells resistant to alisertib remain few.

In this work, the prognostic roles of RNA methylation modification “writers” were explored using bioinformatics and statistical analysis, based on cases from The Cancer Genome Atlas (TCGA), the Gene Expression Omnibus (GEO) dataset, and our follow-up data. One “writer” and two related genes were identified to construct the RNA methylation modification “writers” and related genes_risk score (RMW_Score) model. It was observed that the risk signature was related to immune infiltration, therapeutic response, and genetic and molecular features. Interestingly, we also proposed the TCP1 role in resistance to alisertib, which may offer a novel target for overcoming drug resistance.




2 Materials and methods



2.1 Data collection and processing

Complete clinical information and gene expression data of BC patients were extracted from TCGA and GEO databases. With the use of the “caret” R package, the 1,089 BC patients from TCGA database (https://portal.gdc.cancer.gov/) were randomly assigned to training and validation cohorts in a 1:1 ratio. GSE1456, GSE7390, and GSE20685 cohorts were retrieved from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). A total of 194 BC samples from our follow-up data were used for further validation. The IMvigor210 cohort was included to evaluate the role of RMW_Score in predicting immunotherapy benefits. The expression of data and clinical details of the IMvigor210 cohort were obtained from http://research-pub.gene.com/IMvigor210CoreBiologies.




2.2 Clustering pattern

Unsupervised clustering algorithm was performed to identify the robust clustering of BC using the “ConsensusClusterPlus” package. According to previously published literature, 20 acknowledged RNA methylation modification “writers” were collated to explore potential prognostic biomarkers. These “writers” consist of seven m6A enzymes (METTL14, METTL16, WTAP, RBM15, RBM15B, ZC3H13, and VIRMA), five m1A enzymes (TRMT61A, TRMT61B, TRMT10C, TRMT6, and TRPM5), one m6Am enzyme (PCIF1), five m5C enzymes (NSUN2, NSUN3, NSUN4, NSUN5, and NSUN6), and two m7G enzymes (METTL1 and WDR4).




2.3 Enrichment analysis

We identified differentially expressed genes (DEGs) via Bioconductor packages “DESeq2” and “limma”. “GSEA” and “GSVA” R packages were utilized respectively for gene set enrichment analysis (GSEA) and gene set variation analysis (GSVA) to study the variation of RNA modification patterns in biological processes. The gene sets were available from the MSigDB database.




2.4 Immune infiltration

The infiltrating level of 28 immune cell types was quantified using single-sample gene set enrichment analysis (ssGSEA). ssGSEA employed an enrichment score to represent the relative abundance of each immune cell type by package “gsva”. The normalized distribution was from 0 to 1. Via TIMER, CIBERSORT, and xCell algorithms, the levels of immune infiltrating cells were calculated. The related data were downloaded from the TIMER2.0 website (http://timer.comp-genomics.org/).




2.5 Construction of the RMW_Score and drug sensitivity

The RMW_Score of each BC patient was calculated by the formula Risk score =  , where i represents the RNA modification phenotype-related genes and Xi represents the expression value of each gene. Coefi is the coefficient of each gene in the RMW_Score model. The Coefi for RBM15B, TCP1, and ANKRD36 were −0.101981953, 0.017033828, and −1.224417758, respectively. Genomics of Drug Sensitivity in Cancer (GDSC; http://www.cancerrxgene.org/downloads) provided the antitumor drugs in cancer cell lines and relative drug targets/pathways for investigation. Spearman’s correlation analysis was applied to calculate the correlation of RMW_Score with drug sensitivity (|Rs| > 0.2 and false discovery rate (FDR)<0.05).




2.6 Cell culture and cell transfection

The MDA-MB-231, BT-549, alisertib-resistant MDA-MB-231, and BT-549 cells were cultured in Dulbecco’s modified Eagle’s medium (DMEM) (Gibco, Grand Island, NY, USA) medium containing 10% fetal bovine serum (FBS; Gibco) and 1% penicillin/streptomycin (Gibco, USA) at 37°C in a 5% CO2 incubator. MDA-MB-231/alisertib and BT-549/alisertib cells were also cultured in 2 μg/ml of alisertib to maintain drug resistance. Small interfering RNA (siRNA) (GenePharma, Shanghai, China) was utilized to silence transiently the expression of TCP1. Based on the producer’s instructions, we conducted transfection with Lipofectamine 2000 (Invitrogen, Carlsbad, CA, USA).




2.7 Alisertib-sensitive assay

Cell Counting Kit-8 (CCK-8) was used to determine the half-maximal inhibitory concentration (IC50) for the drug-sensitivity test to alisertib. Fresh media were used to cultivate 1.5 * 104 MDA-MB-231 and BT-549 cells in 96-well plates. The corresponding concentration of alisertib (0.1, 0.5, 1, 5, 10, 20, and 40 μM) was administrated to cells. Cell Counting Kit-8 (Dojindo, Japan) was used at the specified time to measure the in vitro drug sensitivity using a fluorometric microplate reader (Thermo Fisher Scientific, Waltham, MA, USA) set at 450 nm. With GraphPad 8.0, the IC50 was visually determined.




2.8 Quantitative reverse transcription polymerase reaction

TRIzol reagent (Invitrogen, USA) was used to extract total RNA from cells in accordance with the producer’s protocol. RNA was reverse transcribed into cDNA through a reverse transcription kit (Takara, Maebashi, Japan). The primers sequences were listed as follows: GAPDH-F: 5′-GACAGTCAGCCGCATCTTCT-3′; GAPDH-R: 5′-TTAAAAGCAGCCCTGGTGAC-3′; TCP1-F: 5′-CGGGATCCATGGCGGTGAAGGCCCTT-3′; TCP1-R: 5′-GCTTCTAGATCAGCCTTTAAGAGATGAC-3′.




2.9 EdU assay

BeyoClick™ EdU Cell Proliferation Kit with Alexa Fluor 594 (Beyotime, Shanghai, China) was utilized. Cells were washed with phosphate-buffered saline (PBS). DMEM (Gibco, USA) and 10 μM of EdU were then added to the plate. After 2-h incubation at 37°C/5% CO2, the medium containing DMEM and EdU was removed by washing the cells with PBS. A solution of 4% paraformaldehyde was used as a fixative solution at room temperature for 30 min. The cells were then stained with DAPI for 3 min. At last, the cells were washed with PBS and observed with an inverted microscope.




2.10 Cell proliferation assay

MDA-MB-231/alisertib cells receiving si-NC or si-TCP1 treatment were seeded in 96-well plates. CCK-8 solution (RiboBio, Guangzhou, China) measuring 10 μl was added per well at a specified time (0, 24, 48 h, etc.) based on the protocol. We used a microplate reading element (Synergy4, USA) to measure the cell absorbance at 450 nm.




2.11 Transwell assay

The methods of the migration assay were similar to those of the invasion assay except for the membrane type in the upper transwell. The membrane for migration detection was normal, while that for invasion detection was a Matrigel-coated membrane (BD Biosciences, San Jose, CA, USA). MDA-MB-231/alisertib cells receiving si-NC or si-TCP1 were cultured with serum-free DMEM medium in the upper chamber. A complete medium including 10% FBS was placed into the bottom chamber as a chemotactic agent. After 48-h incubation, the cells were fixed with 4% paraformaldehyde and then stained with crystal violet. At last, we used a microscope to observe the difference.




2.12 Colony formation assay

The single-layer culture cell suspension during the logarithmic growth phase was diluted due to multiple gradients, and the culture plate was inoculated with the appropriate cell density. After the supernatant was discarded, PBS was used to wash the cells twice. Pure methanol measuring 5 mL was added at room temperature for 15 min to fix cells. After removal of the fixative solution, Giemsa stain was added to establish a staining solution for 10–30 min. Finally, the plate was turned upside down with a grid of transparencies overlaying, and the clones were directly counted by the naked eye.




2.13 Western blotting

radioimmunoprecipitation assay (RIPA) buffer (Beyotime, China) with protease inhibitors (Sigma-Aldrich, St. Louis, MO, USA) was used to lyse the cells. The protein lysates were separated by the 10% sodium dodecyl sulfate–polyacrylamide gel electrophoresis (SDS-PAGE) and then transferred by polyvinylidene fluoride (PVDF) membranes (Millipore, Billerica, MA, USA). Membranes were exposed under primary (anti-TCP1 antibody, Proteintech, Wuhan, China; anti-α-tubulin antibody, Proteintech, China) and secondary antibody incubation. After washing, the chemiluminescence system (Bio-Rad, Hercules, CA, USA) and Image Lab Software (NIH) were respectively utilized for obtaining signals and processing them.




2.14 Cell cycle arrest and apoptosis measurement by flow cytometry

MDA-MB-231/alisertib cells treated differently were washed with PBS. The cells were then fixed with 75% ethanol and kept at −20°C overnight. The cell cycle detection kit (MultiSciences, Hangzhou, China) and Annexin V-APC/PI Apoptosis Detection Kit (MultiSciences, China) were used respectively for cell cycle distribution and apoptotic cell staining. The different cells were ultimately analyzed by flow cytometry.




2.15 Statistical analysis

Spearman’s correlation analysis was used to estimate the correlation coefficient of RNA modification “writers”. Moreover, univariate Cox regression assisted in identifying statistically significant genes related to prognostic value. The association between the RMW_Score signature and prognosis was analyzed via the Kaplan–Meier survival analysis with “survival” and “survminer” packages. The cutoff point of survival information was used for dichotomy RMW_Score. Then, potential points were tested to obtain the maximum rank statistic. In addition, the classification performance of the RMW_Score signature in prognosis was evaluated through the receiver operating characteristic (ROC) curve and the area under the curve (AUC) values via the “ROC” R package. Univariate and multivariate Cox regression were employed to demonstrate the role of RMW_Score in predicting prognosis independently. A nomogram model was constructed by the “rms” R package. All statistical analyses were performed via R software (Version 4.2.1), GraphPad Prism 8.0 (GraphPad Software, San Diego, CA, USA), and SPSS 26.0 (IBM, Armonk, NY, USA). Statistical significance was defined as p< 0.05.





3 Results



3.1 Consensus clustering for BC patients in TCGA cohort

The flowchart of our work is shown in Figure 1. With consensus clustering performed based on RNA methylation modification (k = 2), 1,089 BC patients from TCGA dataset were stratified into two subgroups: cluster 1 (n = 321) and cluster 2 (n = 768, Figure 2A). Noticeably, the Kaplan–Meier curves revealed that patients in cluster 2 had better overall survival (OS; p = 0.013). To explain the significant difference in OS, Gene Ontology (GO) enrichment analysis was performed, showing that DEGs between the clusters were identified enriched in organelle fission, nuclear division, and amide binding (Figure 2B). We also observed the proportions of 28 immune cell types between clusters 1 and 2 by leveraging the ssGSEA algorithm. The distribution of 28 immune cell types is illustrated in Figure 2C, supporting that cluster 1 was associated with higher proportions of activated CD4 T cell, gamma delta T cell, memory B cell, and type 2 T helper cell. However, the proportions of most immune cell types were higher in cluster 2 than those in cluster 1, such as central memory CD4 T cell, central memory CD8 T cell, effector memory CD8 T cell, T follicular helper cell, type 1 T helper cell, type 17 T helper cell, CD56bright natural killer cell, CD56dim natural killer cell, eosinophil, macrophage, mast cell, monocyte, natural killer cell, natural killer T cell, neutrophil, and plasmacytoid dendritic cell. In addition, Figure 2D displays the distribution of immune cells in different subtypes, including clusters, tumor purity, estimate score, immune score, and stromal score.




Figure 1 | Flowchart of the study design.






Figure 2 | (A) Consensus clustering matrix for k = 2 and Kaplan–Meier curve revealed OS of patients in cluster 1 (red) and cluster 2 (blue). (B) Gene Ontology (GO) based on differentially expressed genes (DEGs) between two clusters. (C) The infiltrating levels of 28 immune cell types were compared between cluster 1 (red) and cluster 2 (blue). ns, no significance,*p < 0.05, **p < 0.01 and ***p < 0.001. (D) Heatmap for the landscape of immune cell types (rows) in patients (columns). Column annotations represent cluster, Tumor Purity, ESTIMATE Score, Immune Score, and Stromal Score. (E) The box plot compared the expression of different immune targets between cluster 1 (red) and cluster 2 (blue). ns,no significance,*p < 0.05, **p < 0.01 and ***p < 0.001. Waterfall maps revealed genetic alterations of BC patients in cluster 1 (F) and cluster 2 (G). (H) Relative distribution of tumor mutational burden (TMB) in cluster 1 versus cluster 2 exhibited in the boxplot. (I) Venn diagram indicating 69 survival-related pathways. (J–L) Kaplan–Meier curves for three pathways highly associated with survival, including regulation of autophagy, JAK/STAT signaling pathway, and drug metabolism cytochrome p450. OS, overall survival; BC, breast cancer.



Subsequently, more molecular and genetic insights were focused on clustering. Related gene expressions such as CD274 and CTLA4 were upregulated in cluster 1 over cluster 2 except TBX2 (Figure 2E). The results from Figures 2F, G revealed that PIK3CA accounted for 36%, the highest incidence in cluster 2, whereas TP53 had the highest incidence (51%) of mutations in cluster 1. Of note, compared with cluster 2, tumor mutational burden (TMB) was significantly enriched in cluster 1 (Figure 2H). Moreover, 69 differentially expressed pathways in two clusters were identified as related to survival (Figure 2I). GSVA was performed to investigate these differentially expressed pathways between the cluster subtypes. In that matter, BC patients with low expression of regulation of autophagy pathway had favorable prognosis, whereas high expressions of JAK/STAT signaling and drug metabolism cytochrome p450 pathways were significantly associated with worse outcomes (Figures 2J–L). Other major pathways were exhibited in the heatmap (Figure 3A). Furthermore, as displayed in Figure 3B, PCIF1 and NSUN2 had a widespread frequency of copy number variation (CNV) gain in both clusters.




Figure 3 | (A) A heatmap showing KEGG pathways (rows) for each sample (columns) in both clusters via gene set variation analysis (GSVA). (B) The CNV gain and loss frequency of RNA modification “writers” in cluster 1 and cluster 2. (C) Box plots compared the expression distribution of 20 “writers” between paired tumor (red) and normal (blue) tissues. ns, no significance, *p < 0.05, **p < 0.01, ***p < 0.001. (D) Heatmap displaying the correlations among 20 “writers” of five types of RNA methylation modification in BC by Spearman’s correlation analysis. Red, negative correlation; blue, positive correlation. *p< 0.05, **p< 0.01, ***p< 0.001. (E, F) Identification of prognostic “writers” and related genes in forest plots using univariate and multivariate Cox regression. (G) Kaplan–Meier curves for BC patients in the training cohort and validation cohort from TCGA database. (H) DEGs in the volcano plot. Red and blue dots represent upregulated and downregulated genes, respectively. (I) Gene set enrichment analysis (GSEA) for the association of hallmarks, biological process, and molecular function with DEGs. (J) Analyses for the expression of 20 “writers” in different RMW_Score groups. ns, no significance, *p < 0.05, **p < 0.01, ***p < 0.001. (K) Heatmap for the landscape of immune cell types (rows) in patients (columns). Column annotations represent risk group, risk score, Tumor Purity, ESTIMATE Score, Immune Score, and Stromal Score. (L) Correlations of RMW_Score with six immune cell types. KEGG, Kyoto Encyclopedia of Genes and Genomes; CNV, copy number variation; BC, breast cancer; TCGA, The Cancer Genome Atlas; DEGs, differentially expressed genes.






3.2 Investigation of five types of RNA methylation modification “writers”

The findings based on the cluster subtype supported the roles of RNA methylation modification in prognosis and immune infiltration. To quantify the RNA methylation modification patterns in individual BC patients, we attempted to develop a prognostic score model. The roles of 20 RNA modification “writers” were explored in this work. According to current investigations (19, 23, 30, 31), seven m6A modification “writers”, five m1A modification “writers”, one m6Am modification “writer”, five m5C modification “writers”, and two m7G modification “writers” were included. First, we observed that compared with normal samples, the expression of “writers” such as TRMT61A, TRPM5, TRMT10C, and NSUN2 was significantly upregulated in BC samples, whereas “writers” like TRMT61B and ZC3H13 were apparently decreased in BC samples (Figure 3C). Additionally, pairwise correlations among the expression of the 20 writers were calculated to estimate their relationships (Figure 3D). Obviously, a remarkable correlation existed in the same categories. Significant correlations were also observed among different types of RNA modification writers. The expressions of METTL1, TRMT61A, NSUN5, and NSUN3 were positively correlated with other writers. On the contrary, negative correlations were present in the expression of NSUN6, RBM15, NSUN2, TRMT6, TRMT10C, and WTAP with other writers. Thus, negative correlations occurred more frequently than positive ones.




3.3 Construction and validation of a prognostic signature for BC

We then performed univariate Cox regression analysis to evaluate the relationship between these writers and the prognosis of BC patients (Figure 3E). Further analysis of these writers, 20 writers, and 82 related genes were curated (p< 0.05,  . Then, machine learning was utilized to identify three genes (RBM15B, TCP1, and ANKRD36) linked with BC prognosis (Figure 3F). In that matter, TCP1 was correlated with m6A modification “writer” WTAP. According to the results, a scoring model termed as RMW_Score (RNA methylation modification “writers” and related genes_risk score) was constructed to quantify RNA modification patterns of individual BC patients. The RMW_Score of each patient could be calculated, and 1,089 BC cases from TCGA database were divided into RMW_Score-high and RMW_Score-low groups. Then, the Kaplan–Meier survival analysis was performed, suggesting that patients in the RMW_Score-high group had a worse outcome than the RMW_Score-low group in both the training cohort (n = 545) and validation cohort (n = 544) (p< 0.001, Figure 3G).




3.4 Immune landscapes of RMW_Score signature

To explore the potential mechanisms underlying the different prognoses of RMW_Score-high and RMW_Score-low groups, we first investigated the DEGs in the two groups. As indicated in the volcano plot (Figure 3H), a total of 1,272 DEGs consisting of 1,053 upregulated and 219 downregulated genes were identified. Then, we observed that these genes were enriched in biological processes, such as the interleukin-1-mediated signaling pathway and nucleoside triphosphate metabolic process by GSEA (Figure 3I). These DEGs were also found related to hallmarks like mTORC1 signaling and reactive oxygen species pathways. We also compared the expression of 20 “writers” in the two groups (Figure 3J) and found that in the RMW_Score-low group, NSUN6, TRMT61B, PCIF1, ZC3H13, METTL14, NSUN4, RBM15B, METTL16, NSUN3, and VIRMA were upregulated while TRMT10C, METTL1, NSUN5, and WTAP were downregulated.

Next, the ssGSEA approach was applied to estimate the infiltrating levels of immune cells in BC. The association of immune cell distribution with different subtypes (RMW_Score, tumor purity, estimate Score, immune score, and stromal score) is depicted in the heatmap (Figure 3K). In that matter, the infiltrating levels of major immune cells were positively linked with RMW_Score, including monocyte, gamma delta T cell, and activated CD4 T cell. The correlations of the six types of immune cells (activated CD4 T cell, gamma delta T cell, monocyte, activated CD8 T cell, activated dendritic cell, and CD56bright natural killer cell) with RMW_Score could be viewed in Figure 3L. Furthermore, the significant association of RMW_Score with nine immune checkpoints including CTLA4 was observed (Figure 4A). We also set sight on the distribution of TMB and found that patients with high RMW_Score had higher TMB (p< 0.001, Figure 4B). In addition, a positive correlation was observed between RMW_Score and TMB (Figure 4C). The prognosis of BC patients with high immune scores was better than that of patients with low immune scores (p = 0.019, Figure 4D). We also investigated the distribution of immune infiltrating cells among RMW_Score-high and RMW_Score-low groups via TIMER, CIBERSORT, and xCell (Figure 4E). These results suggested the involvement of the RMW_Score signature in the BC immune microenvironment.




Figure 4 | (A) The difference in the expression of different immune targets between RMW_Score-high (red) and RMW_Score-low (blue) groups. ns, no significance, *p < 0.05, **p < 0.01, ***p < 0.001. (B) The TMB of two RMW_Score groups is compared and plotted. (C) The correlation of TMB with RMW_Score is shown. (D) Kaplan–Meier curves analyses revealed that high immune scores were associated with more favorable OS (p = 0.019). (E) A heatmap designed for the normalized scores of immune and stromal cell infiltrations. Blue, lower infiltration; red, higher infiltration. Wilcoxon test was used to compare the difference between the groups. *p< 0.05, **p< 0.01, ***p< 0.001. Meanwhile, gene mutation patterns and clinical characteristics are exhibited as an annotation. TMB, tumor mutational burden; OS, overall survival.






3.5 Mutation status associated with RMW_Score signature

Moreover, 69 differentially expressed pathways linked with OS were selected (Figure 5A). A heatmap with GSVA was established to visualize and evaluate the major relative pathways, including amino sugar and nucleotide sugar metabolism, oxidative phosphorylation, and galactose metabolism pathways (Figure 5B). Of note, CNV mutations existed prevalently. PCIF1, NSUN2, and TRMT6 exhibited an extensive frequency of CNV gain no matter in the RMW_Score-high or RMW_Score-low group, as shown in Figure 5C.




Figure 5 | (A) Venn diagram for 69 distinct pathways related to survival in two subgroups. (B) The survival-related pathways (rows) for each patient (columns) are shown in the heatmap. Red represents high expression, and blue represents low expression. (C) The CNV gain and loss frequency in RMW_Score-high and RMW_Score-low groups. (D) ROC curve analyses were performed to evaluate the predictive value of RMW_Score in patients (AUC of 0.659, 0.619, and 0.615 for 5-, 7.5-, and 10-year overall survival, respectively). (E, F) Forest plots for the independence of RMW_Score as a prognostic predictor by univariate and multivariate Cox regression. (G) ROC curves for RMW_Score, age, gender, stage, T, M, N, and PAM50. (H) Heatmap depicting the relationships between three patterns (one RNA modification “writer” and two related genes) and RMW_Score and clinical characteristics. (I) RMW_Score, age, stage, T, N and PAM50 were used to construct a nomogram (*, p< 0.05; ***, p< 0.001). (J) Comparison of RMW_Score expression in different PAM50 subgroups. (K) Alluvial diagram of survival status in groups with different clusters and RMW_Score. (L) The Kaplan–Meier curves for 194 patients from our follow-up data. (M) Kaplan–Meier curves suggested that the RMW_Score-low group all had better OS in the GSE1456 cohort (n = 159, p< 0.001), GSE7390 cohort (n = 198, p = 0.005), and GSE20685 cohort (n = 327, p = 0.003). (N) The Kaplan–Meier curves of OS for predicting the immunotherapeutic and chemotherapeutic benefits respectively in the IMvigor210 cohort and TCGA cohort. CNV, copy number variation; ROC, receiver operating characteristic; AUC, area under the curve; OS, overall survival.






3.6 RMW_Score signature for nomogram construction

The AUC values of the signature for predicting 5-, 7.5-, and 10-year OS were respectively 0.659, 0.619, and 0.615 (Figure 5D). To further confirm the predictive capacity of the RMW_Score signature, we employed univariate Cox regression analysis based on clinicopathological features including age, gender, stage, T, M, N, and PAM50 (Figure 5E). It implied that RMW_Score could serve as a prognostic biomarker (HR = 1.210, 95%CI 1.102–1.329, p< 0.001). Moreover, with multivariate Cox regression analysis performed, RMW_Score was an independent and robust predictive factor (Figure 5F, HR = 1.109, 95%CI 1.003–1.227, p = 0.043). The AUC of the RMW_Score signature was 0.632, validating its predictive advantage compared with other factors (Figure 5G). Additionally, a heatmap in Figure 5H showed the association of RNA modification patterns with clinical features and RMW_Score. As expected, a nomogram was constructed according to RMW_Score, PAM50, age, stage, N, and T stage (Figure 5I). As Figure 5J shows, the distribution of RMW_Score in PAM50 subtypes was different significantly. The alluvial diagram in Figure 5K reveals associations between two clusters and two RMW_Score groups in TCGA patients.




3.7 External validation and potential therapeutic value for RMW_Score signature

A total of 194 BC samples from our follow-up data were further analyzed (Figure 5L). As expected, patients with high RMW_Score had worse outcomes, verifying the reliability of the prognostic model. Consistent with these results, patients in the RMW_Score-low group from the GSE1456 cohort (n = 159, p< 0.001), GSE7390 cohort (n = 198, p = 0.005), and GSE20685 cohort (n = 327, p = 0.003) also showed an obvious survival advantage (Figure 5M). We also confirmed the predictive role of RMW_Score in immunotherapeutic benefits for BC patients. Considering the lack of published datasets of BC patients receiving immunotherapy, the urothelial cancer patients (IMvigor210) receiving anti-PD-L1 therapy were used in our study. It was noticed that patients with high RMW_Score in the IMvigor210 cohort had inferior prognoses than those with low RMW_Score (p = 0.030, Figure 5N). Moreover, 236 BC patients receiving chemotherapy selected from TCGA dataset were divided into RMW_Score-high and RMW_Score-low groups. The Kaplan–Meier curves showed that patients in the RMW_Score-low group had more survival benefits (p = 0.011, Figure 5N). Together, RMW_Score could function as an effective biomarker for managing suitable and satisfactory treatment strategies.

We evaluated the relationship between the RMW_Score and the response to medications in BC cell lines in order to better understand the implications of the RMW_Score on drug response. In the Genomics of Drug Sensitivity in Cancer database, we found 43 substantially linked relationships between RMW_Score and drug sensitivity from 345 drugs by using Spearman’s correlation analysis (Figure 6A) (32). In that matter, 41 pairs displayed drug resistance associated with the RMW_Score, including alisertib (Rs = 0.526, p< 0.001), Ara-G (Rs = 0.51, p< 0.001), and LDN-193189 (Rs = 0.492, p< 0.001). Drug sensitivity related to the RMW_Score could be noticed in two pairs, including AZD6482 (Rs = −0.212, p< 0.05) and pictilisib (Rs = −0.273, p< 0.01). As illustrated in Figure 6B, drug sensitivity correlated with RMW_Score-high was mainly targeting PI3K/mTOR signaling pathway, whereas drug sensitivity correlated with RMW_Score-low was targeting apoptosis regulation and RTK signaling pathway.




Figure 6 | (A) Spearman’s analysis estimating the correlation between RMW_Score and drug sensitivity. Each column indicates a drug. Rs > 0, drug resistance; Rs< 0, drug sensitive. (B) Drug-targeted signaling pathways based on the RMW_Score. Red represents resistance; blue represents sensitivity. The significance of the correlation was indicated by the size of the point. (C) The Kaplan–Meier curves for subgroups with different TCP1 expressions. (D) The cell viability assay was used to compare drug resistance between BC cells and their respective drug-resistant cells. (E) The expression levels of TCP1 were detected by qRT-PCR. (F) The effects of expression of TCP1 on the inhibiting rate were calculated by CCK-8 assay after 48-h treatment of alisertib, and the IC50 was calculated by SPSS. (G) The efficiency of TCP1 knockdown was confirmed by Western blotting analysis. (H) EdU assays indicated the effects of TCP1 knockdown on cell proliferation in MDA-MB-231/alisertib cells. Scale bars = 100 μm. (I) Colony formation assay of siRNA-treated MDA-MB-231/alisertib cells. (J) Apoptosis analysis of the effects of TCP1 knockdown and statistical analysis are shown. (K) Cell cycle analysis of the effects of TCP1 knockdown and the cell cycle distribution is shown. (L) CCK-8 assays showed the effects of TCP1 knockdown on MDA-MB-231/alisertib cell proliferation. (M, N) Effects of TCP1 knockdown on cell migration and invasion in MDA-MB-231/alisertib cells by transwell assay. Scale bars = 100 μm. Data were analyzed with the mean ± SD of three replicates. *p< 0.05, **p< 0.01, and ***p< 0.001. BC, breast cancer; CCK-8, Cell Counting Kit-8.






3.8 TCP1 expression positively correlated with alisertib resistance

The RMW_Score model of this work was constructed based on RBM15B, TCP1, and ANKRD36, in which TCP1 was the most significant element for its lowest p-value (p< 0.001). The Kaplan–Meier analysis of TCP1 supported that TCP1 was a risk factor for BC patients, and its high expression was apparently associated with poor OS (Figure 6C, p< 0.001). Moreover, the potential role of TCP1 in regulating drug resistance of various tumors including acute myeloid leukemia (AML) and lung adenocarcinoma (LUAD) has been investigated in recent studies (33, 34). In our work, the cell viability assay and quantitative reverse transcription polymerase reaction (qRT-PCR) results respectively confirmed that MDA-MB-231/alisertib and BT-549/alisertib cells were more resistant to alisertib and had higher TCP1 expression than their parental cells significantly (Figures 6D, E). These findings suggested that TCP1 may contribute to BC cells’ resistance to alisertib. Therefore, we transiently transfected MDA-MB-231/alisertib and BT-549/alisertib cells, which have considerably greater TCP1 expression, with TCP1-specific siRNA vector to reduce TCP1 expression to investigate whether the cellular TCP1 level is connected to the resistance of BC cells to alisertib. According to evidence from cell viability assays, knocking down TCP1 in MDA-MB-231/alisertib and BT-549/alisertib cells increased alisertib’s capacity to suppress cell viability and reduced the drug’s half-life (IC50) (Figure 6F). We constructed TCP1 siRNA and verified the knockdown efficiency in MDA-MB-231/alisertib cells through Western blotting (Figure 6G).




3.9 The effects of TCP1 knockdown in MDA-MB-231/alisertib

For evaluating the effects of TCP1 knockdown in MDA-MB-231/alisertib, a series of experiments in vitro were conducted. It was observed that TCP1 knockdown significantly weakened MDA-MB-231/alisertib cell proliferation through EdU (Figure 6H). The amount of MDA-MB-231/alisertib colonies was lower in the si-TCP1 group than that in the negative control (NC) group, suggesting that the colony formation capacity could be affected by TCP1 knockdown (Figure 6I). Additionally, we discovered that the quantity of apoptotic MDA-MB-231/alisertib cells was dramatically increased in the si-TCP1 group (Figure 6J). As shown in Figure 6K, TCP1 knockdown increased the percentage of MDA-MB-231/alisertib in the S and G2 phases while decreasing the G1 phase population by flow cytometry analyses. Furthermore, the result in Figure 6L indicated the effect of TCP1 on promoting the MDA-MB-231/alisertib cell proliferation through CCK-8 assays. We also found that compared with the NC group, the si-TCP1 group was less invasive and migrated (Figures 6M, N). Collectively, these data revealed the effects of TCP1 on promoting the proliferation and migration of MDA-MB-231/alisertib and drug resistance.





4 Discussion

Increasing evidence has revealed the essential roles of RNA methylation modifications in the TME through interaction with numerous “writers”. The single type of RNA methylation modification “writer” was the main concern in most reported works of literature. However, a clear view of the functions of multiple types of “writers” in BC has not been established. Herein, the RMW_Score model (containing m6A, m1A, m6Am, m5C, and m7G) was developed via machine learning approaches as an integrative predictor of BC patients’ survival and therapeutic responses in BC. Then, using data from 20 RNA modification enzymes, we determined two unique RNA modification patterns and identified two BC subtypes associated with RNA modification. The further landscape of immune cell, genetic, and molecular characteristics in the two clusters was explored, and cluster 2 was closely correlated with higher infiltrating levels of immune cells compared with cluster 1. We also found that 69 pathways differently expressing in the two clusters were related to survival, most of which like the JAK–STAT signaling pathway appeared to upregulate in BC patients with favorable clinical outcomes. These findings revealed the essential roles of RNA methylation modifications in the TME and BC prognosis.

Tumor cell metastasis and drug resistance are impacted by epithelial–mesenchymal transition (EMT) (35, 36), and naïve CD4+ T-cell recruitment might inhibit TI Tregs, restore immune tumor killing, and inhibit cancer growth and metastases (37). According to Bach et al., the JAK–STAT pathway, which regulates the expression of PDL1 and MHC class I, is activated by IFN-γ released from effector T cells in cancer cells. This signaling cascade can cause tumor cell death in a variety of ways (38, 39). Therefore, we developed the RMW_Score scoring model (consisting of one distinct RNA methylation modification pattern (RBM15B) and two related genes (TCP1 and ANKRD36)) to quantify RNA methylation modification patterns in individual tumors, predicting the prognosis of BC patients and facilitating effective therapeutic strategies. RBM15B, the paralog of RBM15, was found involved in prognostic models of several types of tumors, such as alcohol-related hepatocellular carcinoma (A-HCC), small cell lung cancer (SCLC), and melanoma (40–42). The predictive values of TCP1 and ANKRD36 were also elucidated in many investigations (43, 44). For example, it was reported that TCP1 may contribute to HCC cell proliferation and metastasis by regulating the Wnt7b/β-catenin pathway and is a molecular marker for the prognosis (44). Of note, we explored the involvement of the RMW_Score model. The RMW_Score-high subtype indicated poor survival significantly, which was verified in several cohorts including the GSE1456 cohort, GSE7390 cohort, GSE20685 cohort, and 194 samples from follow-up data.

Subsequently, we observed the association of the RMW_Score model with the tumor microenvironment and found that the amounts of immune infiltrating cells were apparently different between the two groups. The RMW_Score-low group was associated with high infiltrating levels of memory B cell, eosinophil, mast cell, natural killer cell, and plasmacytoid dendritic cell. Recent studies reported that tumor-infiltrating B cells (TIL-B) in BC were correlated with improved outcomes (45, 46). An analysis of HER2+ and triple-negative breast cancer patients from the BIG 02-98 clinical trial confirmed the correlation between positive outcomes and higher TIL-B densities (46). Similar to these studies, the results in our work implied that high amounts of memory B cells were associated with better clinical outcomes.

Additionally, the results from enrichment analyses revealed that DEGs were remarkably enriched in the interleukin-1-mediated signaling pathway, nucleoside triphosphate metabolic process, mTORC1 signaling, and reactive oxygen species pathway. In a further analysis of these pathways, we found 69 pathways related to survival, such as Notch signaling and oxidative phosphorylation (OXPHOS) pathways. Recent studies indicated that OXPHOS could be upregulated in many cancers, including lymphomas, pancreatic ductal adenocarcinoma, and breast cancer, based on which OXPHOS inhibitors exerted positive effects on treating cancers (47). For instance, marizomib (Mzb) inhibited TNBC metastasis via OXPHOS inhibition (48). Moreover, we found that BC cases from either the RMW_Score-low group or the RMW_Score-high group had high mutations of TP53 and PIK3CA and an enormous frequency of CNV gain of PCIF1, NSUN2, and TRMT6. Nevertheless, patients with high RMW_Score were dramatically associated with TMB.

Moreover, the RMW_Score model could independently predict the prognosis of BC patients revealed by univariate and multivariate Cox regression analyses, thus showing predominant advantages compared with several clinicopathological parameters. Based on RMW_Score, PAM50, age, stage, T, and N stage, a visualized nomogram was designed to offer risk score prediction for each patient. Furthermore, we also found the remarkable effects of the RMW_Score model on therapeutic response. RMW_Score was correlated with sensitivity to drugs (AZD6482 and Pictilisib) targeting PI3K/mTOR signaling pathway and resistance to drugs targeting apoptosis regulation and RTK signaling pathway. It was discovered that the drug metabolism enzyme P450 plays a significant role in affecting the development of BC. The results demonstrated that patients in the RMW_Score-high group may benefit from drugs targeting PI3K/mTOR signaling pathway. In addition to drug response, we analyzed the effects of RMW_Score as a predictor of chemotherapy and immunotherapy responses. As expected, patients achieving chemotherapy with low RMW_Score presented prolonged survival outcomes. Urothelial cancer patients (IMvigor210) in the RMW_Score-low group achieved apparent benefits from anti-PD-L1 therapy. Despite the veracity of RMW_Score in anti-PD-L1 therapy, further work is needed to assess the response in patients with BC. Together, our model could work as a robust and precise biomarker for improving therapeutic strategies.

T-complex protein 1 (TCP1), also termed CCT1, is one of eight CCT (chaperonin-containing T complex) subunits (CCT1–8). According to recent investigations, TCP1 could promote the tumorigenesis and progression of various tumors (49, 50). For instance, TCP1 has been found overexpressed in ovarian cancer, which is correlated with poor prognosis (49). Activation of the PI3K signaling pathway may contribute to the process of TCP1 upregulation in promoting cancer progression. TCP1 is also found crucial to BC patients’ survival, connected to driving oncogenes (50). Furthermore, increasing studies have reported the effects of TCP1 involved in drug resistance (34). TCP1 presented high expression in acute myeloid leukemia cells, responsible for drug resistance. In the current work, we found that TCP1 was elevated in drug-resistant MDA-MB-231/alisertib and BT-549/alisertib cells. While TCP1 overexpression imparts resistance to the therapeutic benefits of MDA-MB-231/alisertib and BT-549/alisertib, TCP1 downregulation can increase their sensitivity to alisertib. In light of these findings, it appears that alisertib drug resistance was linked to high TCP1 levels.

Although the RMW_Score model presented reliable and efficient prediction in prognosis and therapeutic response of BC patients, there still existed some limitations. Tumor heterogeneity and retrospective datasets were the main reasons. Moreover, anti-PD-L1 therapy response was analyzed in this work based on patients with urothelial cancer (IMvigor210) due to insufficient data on BC patients undergoing anti-PD-L1 therapy. Thereby, further investigation is needed to evaluate immunotherapeutic response in BC patients.




5 Conclusions

In summary, RBM15B, TCP1, and ANKRD36 were identified by machine learning approach to construct RNA methylation modification “writers” and related genes_risk score (RMW_Score) model. We found that RMW_Score could predict BC patient survival and therapeutic benefits as a sensitive marker. Additionally, TCP1 was confirmed to promote BC alisertib-resistant cell proliferation and migration in vitro.
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Background

Glioma is a prevalent and lethal brain malignancy; despite current treatment options, the prognosis remains poor. Therefore, immunotherapy has emerged as a promising therapeutic strategy. However, research trends and hotspots in glioma immunotherapy have not been systematically analyzed. This study aimed to elucidate global research trends and knowledge structures regarding immunotherapy for glioma using bibliometric analysis.





Methods

Publications related to immunotherapy for glioma from 2000-2023 were retrieved from Web of Science Core Collection database (WoSCC). We conducted quantitative analysis and visualization of research trends using various tools, including VOSviewer (1.6.18), CiteSpace (5.7 R3), Microsoft Charticulator, and the Bibliometrix package in R.





Results

A total of 4910 publications were included. The number of annual publications exhibited an obvious upward trend since 2019. The USA was the dominant country in terms of publication output and centrality. Frontiers in Immunology published the most articles. Harvard Medical School ranked first in productivity among institutions. Sampson, John H. Ph.D. is the most prolific author in the field with 88 articles and a total of 7055 citations. Clinical Cancer Research has the largest total number and impact factor. Analysis of keywords showed immunotherapy, glioblastoma, immunotherapy, and clinical trials as hot topics. The tumor microenvironment, cell death pathways, chimeric antigen receptor engineering, tumor-associated macrophages, and nivolumab treatment represent indicating shifts in the direction of future glioma immunotherapy development.





Conclusion

This bibliometric analysis systematically delineated global landscapes and emerging trends in glioma immunotherapy research. This study highlighted the prominence of Chimeric Antigen Receptor T-cell (CAR-T), Programmed Death-1 (PD-1), and nivolumab in current glioma immunotherapy research. The growing emphasis on specific neoantigens and prognostic tumor markers suggests potential avenues for future exploration. Furthermore, the data underscores the importance of strengthened international collaboration in advancing the field.
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1 Introduction

Glioma, the most frequently occurring and fatal malignancy of the brain (1–3), continues to represent a significant clinical challenge for physicians and researchers. Gliomas, accounting for roughly 80% of all malignant brain tumors (4), impose a significant global burden with approximately 190,000 (5) new cases annually. Recent years have witnessed a surge in glioma incidence worldwide, making it a pressing public health concern. Despite the current treatment options, including surgery (6), chemotherapy (7), and radiation therapy (8), the prognosis for glioma patients remains unsatisfactory, with a 5-year survival rate of less than 10% for patients with glioblastoma (9). Glioma therapy presents several challenges: Immunosuppressive Tumor Microenvironment: Gliomas create an immunosuppressive microenvironment that hinders immune cell functionality. Tumor Heterogeneity: Tumors exhibit both inter-tumoral and intra-tumoral heterogeneity, necessitating personalized immunotherapies targeting the unique mutations within each patient’s glioma. Absence of Predictive Biomarkers: Further research is imperative to discover biomarkers that can effectively predict patient responses to specific immunotherapies. Therefore, finding effective therapies for glioma has become a major research focus in the field of oncology.

Immunotherapy, as a promising treatment modality for various cancers, has also shown potential in glioma therapy (10, 11). In recent years, the application of immunotherapy in glioma treatment has been widely explored. Immune checkpoint inhibitors (12), chimeric antigen receptor T-cell (CAR-T) therapy (13), cytokine therapy (14) and tumor vaccines (15) are the most widely studied immunotherapy strategies for glioma. Immunotherapy for glioma utilizes diverse approaches to augment the immune system’s capacity to target and eliminate tumor cells. Importantly, immune checkpoint inhibitors have demonstrated substantial efficacy in select glioma patients by inhibiting the negative regulation of T cells to augment the immune response against cancer cells (16–18). The anti-tumor properties of these inhibitors are strongly influenced by type I interferon and may also be mediated through the activation of the Stimulator of Interferon Genes (STING). These findings are paving the way for the development of innovative intervention strategies that leverage checkpoint inhibitors to enhance M1-associated anti-tumor immunity. In the treatment of glioma, immune checkpoint inhibitors have been widely studied and used. Current studies have shown that immune checkpoint inhibitors are highly effective in the treatment of some refractory gliomas and can significantly prolong the survival of patients. For example, some clinical trials have shown that the use of Programmed Death-1 (PD-1) and Programmed Death-Ligand 1 (PD-L1) inhibitors in the treatment of patients with refractory gliomas can prolong the survival of a subset of patients. However, the efficacy of immunotherapy in glioma is still limited and requires further investigation.

In the biomedical field, bibliometrics is mainly used to evaluate research performance (19), such as co-occurrence analysis and citation analysis techniques. In the healthcare field, bibliometrics is mainly used to measure the impact and importance of research articles, to help researchers predict future research trends and focus on research priorities. Glioma immunotherapy is an important new technology, but its research direction, development trends, and research hotspots have not yet been analyzed by bibliometrics. Therefore, we conducted a comprehensive bibliometric analysis, summarizing systematically the literature related to tumor immunotherapy in recent decades. Through determinations such as distribution by decade, geography, publication sources, authors, and anthologies, we gained an in-depth understanding of the research trends and public interest in Glioma immunotherapy. In addition, we identified co-occurring authors, organizations, and keywords and evaluated the research trends and public interest in glioma immunotherapy from the perspective of bibliometrics. The results of this study will provide insights into the research trends, potential hotspots, and frontiers of glioma immunotherapy. The findings of this study will also be helpful for future research, as they will provide a comprehensive understanding of the current status and future prospects of glioma immunotherapy.




2 Methods


2.1 Data sources and search strategies

The bibliographic data analyzed were sourced from the comprehensive Web of Science Core Collection (WOSCC) (20), which encompasses the Science Citation Index Expanded and Social Science Citation Index. A comprehensive systematic search strategy was carefully devised, which was restricted to English language articles and reviews in order to conduct a thorough literature search on immunotherapy in gliomas. The search strategy consisted of the following components: [TS=(ipilimumab) OR TS=(pembrolizumab) OR TS=(nivolumab) OR TS=(tremelimumab) OR TS=(immune checkpoint blockade) OR TS=(*immunotherapy) OR TS=(vaccine) OR TS=(CAR-T) OR TS=(immune checkpoint inhibitor) OR TS=(PD-1) OR TS=(PD-L1) OR TS=(CTLA-4) OR TS=(LAG-3)) AND (TS= (glioma*) OR TS=(neurolipocytoma) OR TS=(neurospongioma) OR TS=(neuroglioma*) OR TS=(glioblastoma*) OR TS=(GBM) OR TS=(gliosarcoma) OR TS=(astrocytoma)].

The criteria for including sources in this study were (1): a literature search period spanning from January 1, 2000 to April 1, 2023 (2); the selected literature types were “articles” and “reviews” (3); the chosen language was English. In addition, the exclusion criteria comprised (1): articles unrelated to Chinese musculoskeletal disease movement (2); formats such as letters, reports, preprints, short texts, or abstracts; and (3) redundant literature. The bibliometric process is depicted in Figure 1. Finally, 4910 documents were retrieved from the WOSCC.




Figure 1 | Detailed search flow chart depicts the steps in the identification and screening of papers for this bibliometric analysis. The search spanned publications from 2000 to 2023, and only documents published in English were included. Citespace software was utilized to eliminate duplicate records.






2.2 Data extraction and analysis

To analyze publications related to immune checkpoint inhibitors for glioma, we conducted a bibliometric analysis, visualizing various characteristics such as distribution by year of publication, country/region, organization, journal, core authors, keywords, and key references. Our analysis employed multiple software tools: VOSviewer 1.6.18, Citespace 5.7R3, the online tool from Scimago Journal & Country Rank (https://www.scimagojr.com/), Microsoft Excel, Microsoft Charticulator, and the bibliometrix package in R (21). Specifically:

Microsoft Excel plotted the temporal distribution of both annual and cumulative publications.

Geographical publication distribution was analyzed using the Scimago online tool, Microsoft Excel, Microsoft Charticulator, and VOSviewer 1.6.18.

Analysis of major institutions and core authors involved Microsoft Excel, VOSviewer 1.6.18, the bibliometrix package in R, and Citespace 5.7R3.

Journal distribution, keyword analysis cited and co-cited reference analyses were undertaken with VOSviewer 1.6.18 and Citespace 5.7R3.

In the visual network maps, each node denotes a specific parameter such as country, institution, or keyword. The size of each node is proportional to its parameter weight, with larger nodes representing heavier weights. Both nodes and connecting lines are colored according to their assigned cluster. The distance between nodes signifies the relatedness of their co-authorship or co-citation links, while thicker lines indicate greater link strength.




2.3 Software and figure generation


2.3.1 Figure generation by VOSviewer

We employed VOSviewer (version 1.6.18) for the creation of network visualizations.



2.3.1.1 Data preparation and import

Data Source: Data was sourced from Web of Science in the form of plain text files.

Data Formatting: The data was formatted according to VOSviewer’s input requirements, often as a CSV or TXT file.

Import into VOSviewer: Through the ‘File’ -> ‘Import’ menu, the prepared data files were imported into the software.




2.3.1.2 Setting parameters and thresholds

Minimum Documents per Author: For the author analysis, a minimum threshold of 12 publications per author was set. This was chosen to focus on authors with substantial contributions to the field.

Keyword Occurrence: For keyword analysis, a minimum occurrence threshold of 90 was established to include only the most relevant and frequently occurring terms.




2.3.1.3 Network visualization

Visualization Type: The type of visualization (e.g., network, overlay, density) was selected based on the specific research questions being addressed.

Layout: The layout settings were adjusted for optimal visibility and interpretability. For example, we used the ‘LinLog’ layout for co-authorship networks.

Clustering: The software’s built-in clustering algorithm was applied to group closely related nodes.




2.3.1.4 Customization and annotation

Node and Edge Customization: Nodes were color-coded based on clusters, and edge thickness was adjusted to represent the strength of the relationship.

Labels: Labels were added for the most significant nodes (e.g., authors with the highest number of co-authorships or keywords with the highest occurrences).




2.3.1.5 Exporting figures

Format: The figures were exported as high-resolution PNG files for inclusion in the manuscript.

Supplementary Data: The underlying data and settings files (.vsn and.map files) were saved for future reference and are available upon request for reproducibility.





2.3.2 Figure generation by Citespace

We employed CiteSpace (version 5.7.R3) for various bibliometric analyses.



2.3.2.1 Data preparation and import

Data Source: Bibliographic data was extracted from databases like Web of Science and Scopus in compatible formats such as BibTeX or RIS.

Import into CiteSpace: The files were imported into CiteSpace through the ‘File’ -> ‘Import’ menu.




2.3.2.2 Setting parameters and time slices

Time Slices: Data was divided into time slices of specific durations (e.g., one-year slices from 2000 to 2020) to analyze trends over time.

Thresholds: Specific thresholds for nodes and links were set based on the study’s requirements. For example, we set a minimum of n citations for nodes in the co-citation network.




2.3.2.3 Network generation and analysis

Type of Network: The type of network (e.g., co-citation, co-authorship, etc.) was selected based on the research questions.

Node and Link Types: Depending on the analysis, we selected appropriate node types (e.g., authors, journals, countries) and link types (e.g., citations, co-citations).

Pruning: Unnecessary or less informative nodes and links were pruned using built-in functions like Pathfinder and Burst Detection.




2.3.2.4 Visualization and customization

Layout Algorithms: Algorithms like Force Atlas or Fruchterman-Reingold were used for network layout.

Node Customization: Nodes were color-coded or sized based on specific metrics like centrality or citation count.

Labels: Significant nodes were labeled for easier interpretation.




2.3.2.5 Exporting figures and data

Export Format: High-resolution figures were exported in PNG or JPEG format for inclusion in the manuscript.

Data Export: Raw data and network files were also saved in formats like GML for future reference or additional analyses.





2.3.3 Figure generation by Scimago Journal & Country Rank

We utilized Scimago Journal & Country Rank (ScimagoJR) to generate figures for Geographical publication distribution.



2.3.3.1 Data collection and preparation

Data Source: The primary source of our data was the Scimago Journal & Country Rank website (URL: https://www.scimagojr.com/).

Data Extraction: We manually downloaded the relevant datasets or used available APIs, focusing on specific fields and years based on our research objectives.




2.3.3.2 Criteria and parameters

Fields and Categories: We restricted our analysis to specific fields or categories (e.g., Medicine, Computer Science) to align with our research questions.

Time Range: We selected a specific time range (e.g., 2010-2020) for a longitudinal perspective.

Metrics: The key metrics we analyzed included the Scimago Journal Rank (SJR), Source Normalized Impact per Paper (SNIP), and H-index.




2.3.3.3 Data analysis and visualization

Data Sorting: The data was sorted based on specific metrics like SJR or H-index to identify top journals or countries.

Data Aggregation: For some analyses, we aggregated data at the country or field level.

Visualization Tools: We used Excel or specific data visualization tools to generate bar graphs, line charts, or heat maps based on the sorted and aggregated data.




2.3.3.4 Figure customization

Labels and Legends: All figures included appropriate labels, titles, and legends to improve readability and interpretability.

Color Coding: Where applicable, color-coding was applied to differentiate between different fields, years, or metrics.




2.3.3.5 Data and figure export

Export Format: Figures were exported in high-resolution PNG or SVG formats for inclusion in the manuscript.

Data Archiving: The extracted data and generated figures were archived and are available upon request for research reproducibility.







3 Results


3.1 Publications over time

A total of 4910 records met the search criteria. A bar graph in Figure 2 depicts the temporal distribution of annual publications by year. From 2000 to 2015, there was a gradual yet consistent rise in the annual volume of publications. Despite this steady growth, the number of annual publications did not surpass 200 at any point during this period. It is evident that this field garnered relatively minimal attention from researchers during that period. However, starting from 2015 to 2019, there was a more obvious upward trend in the annual publication volume, as demonstrated in the figure. In 2016, the annual publication count reached 219 in this field, marking the first instance of surpassing the 200 threshold. However, starting from 2019 to 2022, there was the most conspicuous upward trend in the annual publication volume, as demonstrated in the figure. The cumulative number of publications is depicted as a line chart. From 2000 to 2015, there was a modest increase in the publication volume, followed by a more pronounced rise from 2015 to 2022. The line chart illustrates the ascendance of this field as a research hotspot from 2019 onwards. In 2022, the annual publications soared to 923, contributing to a cumulative total of 4796. While current projections suggest that the peak of annual publications in this field could be attained in 2023, it remains plausible that this zenith has yet to be reached.




Figure 2 | Temporal distribution plots of annual and cumulative publications. The blue bars signify the annual count of publications, while the cumulative number of publications is denoted by the orange line chart.






3.2 Geographical distribution of publications

The distribution and comparison of immunotherapy for glioma research across different countries and regions can be elucidated through relevant statistics. From 2000 to 2023, a total of 79 countries or regions undertook studies in this particular field. Figure 3A provides a global overview of these studies, with the circle size directly proportional to the number of publications from each country. A chordal graph showed the analysis of international collaboration among various countries (Figure 3B). Table 1 itemizes the top ten countries in terms of research productivity over this 13-year period. Between the years 2000 and 2023, both USA and China displayed significant activity in the given field of study. USA led in terms of research output, publishing 2180 studies that constituted 44.4% of the total research in the field. China followed with 1384 articles, comprising 28.2% of the total output. Meanwhile, Germany and Japan contributed 8.9% and 5.4% respectively, corresponding to 436 and 267 articles. We could intuitively observe that USA and China collaborated with most countries/regions in this field. Among all countries, USA collaborated most extensively with China, followed by Germany and Canada. The top five countries by total link strength were the USA (1053), Germany (508), China (348), England (260), and Italy (237). USA possesses the greatest total link strength, indicative of active collaboration with other nations in the field of immunotherapy for glioma, as corroborated by the chordal graph. However, the citation-per-publication ratio in USA is lower than that in Switzerland (Figure 3C). USA also dominates in citations, with China significantly lagging. Notably, although China has the second-highest number of papers, its citation-per-paper ratio is relatively low. Nevertheless, China has shown promising trends in international collaboration as evidenced by Figure 3B. However, it is essential to note that China’s low average cited number could be attributed to its comparatively shorter publication time. Since 2019, China has emerged as the country with the largest number of publications in this field, as illustrated in Figure 3D. This trend underscores China’s considerable potential and growing prominence within this area of research.




Figure 3 | The global distribution of publications and international cooperation. (A) The global distribution of publications is shown, with the circle size proportional to the number of publications for each country. (B) Analysis of international collaboration among different countries/regions is presented. Links between countries/regions represent cooperative relationships, with thicker lines indicating stronger collaborations. (C) The top 10 most productive countries are listed. (D) An overlay visualization map of country analysis conducted using VOSviewer is shown. Each node denotes a country, with larger nodes representing more publications. Node colors indicate the range of publication dates for each country, with a gradient from purple (earliest) to yellow (most recent). The size of the node represents the number of publications in that country.




Table 1 | The top 10 countries with the highest productivity.






3.3 Analysis of major institutions

Citespace was used for the analysis of the main institutions. In total, 4910 bibliographies were published by 133 different institutions. The top ten most productive institutions are listed in Table 2. According to the analysis, the most prolific institution was Harvard Medical School (204 publications), followed by Duke University (192 publications), University of California, Los Angeles (125 publications) and Capital Medical University (125 publications). The University of Texas MD Anderson Cancer Center ranked fifth in the number of publications (Figure 4A). These institutions exhibited close link strengths. The University of California Los Angeles, University of California San Francisco, and University of Texas MD Anderson Cancer Center had the highest centralities, as denoted by the purple rings in Figure 4B, indicating their prominent influence. This maybe be associated with their early years of initiation. However, there is room for improvement in cooperation between other institutions. Among the top ten institutions, eight were from USA, two from China, corresponding to the results of the national and regional distribution. However, the centralities of top publications institutions including Capital Medical University in China, Northwestern University in USA and Central South University in China are 35, 46 and 10 respectively, which indicates their relatively weaker connections with other institutions. Thus, it is advised that institutions with the highest publication volumes, such as those mentioned above, should aim to strengthen international cooperation beyond their current academic circles. Potential approaches include attending international academic conferences in different countries and establishing communication with a wider network of researchers across diverse institutions.


Table 2 | Top 10 most productive institutions.






Figure 4 | Visualization analysis of institutions and authors. (A) A radar map depicts the top 10 most productive institutions. (B) The co-occurrence map of research institutions is shown. The visual network map of institutions was generated using CiteSpace. Each node signifies an institution, with size proportional to publication output. Lines between nodes denote cooperation, with thicker lines indicating closer collaborations. The different colors indicate the year when papers were published. Node and line colors represent different time intervals, with lighter colors indicating more recent years. Nodes with high centrality (>0.1) are denoted by purple rings. (C) The top 10 authors’ production over time is shown. Circle size represents number of publications, with larger circles denoting more publications. Circle color shade indicates total citations for that year, with darker colors representing more citations. (D) A CiteSpace visualization map shows authors with at least 12 glioma immunotherapy papers. Circle size denotes number of papers. Lines between circles represent collaborations, with authors in the same color cluster exhibiting stronger co-authorship.






3.4 Analysis by core authors

Using VOSviewer, we also analyzed information on authors in this research field. Of the initial 24,573 authors, we established a threshold criterion of a minimum of 12 publications per author, thereby narrowing the pool to 139 authors for in-depth analysis. Based on these criteria, the top 10 most prolific authors were extracted and visualized (Table 3 and Figure 4C). The number of published articles and total citations were the key metrics used to evaluate the productivity of core authors. Sampson, John H. Ph.D., the former dean of Neurosurgery at Duke University, the Robert H. and Gloria Wilkins Distinguished Professor, is the most prolific author in the field with 88 articles and a total of 7055 citations. His research focuses on Neuro-oncology, especially the treatment and immunotherapy of glioblastoma. He has made significant contributions to the development of intracranial tumor surgery, neuro-oncology, and immunotherapy, and under his leadership, the Department of Neurosurgery at Duke University is considered one of the leading neurosurgical centers in the world. Professor at Johns Hopkins University School, Lim, Michael, focuses on Neurosurgical oncology, skull base surgery, stereotactic radiosurgery, is second on the list with 65 papers and a total of 5219 citations in this field, followed by Okada, Hideho from University of California, San Francisco (64 publications). The extent of cooperative relationships among authors from different countries was limited (Figure 4D). It is evident from the figure that core authors from USA participated in most international collaborations and served as the center of various subgroups, such as Sampson, John H., Okada, Hideho, and Lim, Michael. On the other hand, researchers from some countries within their own countries, indicating that some researchers in this field should strengthen their international cooperation efforts.


Table 3 | The top 10 most prolific core authors.






3.5 Distribution of journals

By analyzing the publication sources in this field, we identified the core journals. Our analysis identified the top ten journals characterized by the highest publication count, accompanied by pertinent details regarding each (Table 4). The most prolific journal was Frontiers in Immunology (impact factor 8.787) with 215 publications, followed by Journal of Neuro-oncology (177 publications, IF 4.506) and Frontiers in Oncology (173 publications, IF 5.738). The impact factors of these top journals ranged from 4.506 for Journal of Neuro-oncology to 13.801 for Clinical Cancer Research. Clinical Cancer Research had the most citations (9701), followed by Neuro-oncology (8624) and Journal of Neuro-oncology (4895). Clinical Cancer Research also had the highest average citation per publication (80.17) and total link strength (3376), indicating its substantial contributions to glioma immunotherapy publications. Collectively the top 10 journals accounted for 1291 publications, representing 26.3% of the total. Figure 5 represents two distinct network visualization maps. Figure 5A, generated by VOSviewer, presents the network visualization of journals. Only journals with a minimum of 12 documents were included in the visualization. The map contains 90 nodes, 2,566 links, and 5 clusters. VOSviewer cluster analysis delineated five clusters, represented by the five colors in the figure (red, green, blue, yellow, purple).


Table 4 | Top 10 journals in terms of number of publications published.






Figure 5 | Analysis of journals. (A) Network visualization map, generated by VOSviewer, depicts journal co-occurrence analysis. Each node symbolizes a journal, with its size proportional to the number of publications within that journal. Each node’s color corresponds to a cluster, with different hues representing distinct clusters. The density of links between two nodes indicates the co-authorship relationship among journals. (B) The timeline view for co-cited journals related to immunotherapy for glioma by Citespace. The size of each node corresponds to the number of co-citations for the respective journals, while the connecting curves between nodes signify co-citation relationships. The color on the right, red, is closer to the present, and purple is older.



Cluster 1 was represented by Frontiers in Immunology, which as the official journal of the International Union of Immunological Societies (IUIS) and the top cited journal in immunology, is at the forefront of basic, translational and clinical immunology research.

Cluster 2 was represented by Journal of Neuro-oncology. As the name of this journal, it is a multi-disciplinary journal encompassing basic, applied, and clinical investigations in all research areas as they relate to cancer and the central nervous system. It provides a single forum for communication among neurologists, neurosurgeons, specialists, and laboratory-based oncologists conducting relevant research.

Cluster 3 was represented by Frontiers in Oncology, a broad-scope multidisciplinary journal covering all areas of cancer research including carcinogenesis, tumor progression, and bridging basic science with clinical applications to advance public knowledge and improve cancer diagnosis, therapeutics, and management.

Cluster 4 was represented by Cancers. It is an international, peer-reviewed open access journal in the field of oncology. It seeks to motivate scientists to share their experimental and theoretical outcomes with comprehensive detail. A distinctive attribute of this journal is its receptiveness to studies that convey meaningful, albeit negative, results.

Cluster 5 was represented by Clinical Cancer Research. This journal is dedicated to the publication of articles centered on pioneering clinical and translational research, thereby connecting laboratory work with clinical practice. Covered topics encompass targeted therapies, advancements in pharmacogenetics and pharmacogenomics, immunotherapy, etc.

Figure 5B, generated by Citespace, shows the timeline view of co-cited journals in glioma immunotherapy. This temporal visualization depicts evolving trends and hotspots in the field. A co-citation relationship occurs when two journals are cited together in a publication. High co-citation counts indicate journals producing high-impact work. Co-citation analysis was performed on 187 journals from 4910 publications. Larger nodes denote frequently cited top journals like Cancer Research, Clinical Cancer Research, and Neuro-oncology. The clustering timeline revealed the top nine clusters as: “Prognostic biomarker”, “Blood-brain barrier”, “Dendritic cell”, “Oncolytic virus”, “Radioimmunotherapy”, “Immune infiltrates”, “Autoimmune encephalitis”, “Pituitary carcinoma” and “Mismatch repair”. In recent years, “Blood-brain barrier”, “Prognostic biomarker” and “Dendritic cell” demonstrated high influence. Prognostic biomarkers play a crucial role in the management of glioma by informing therapeutic strategies. However, the effectiveness of drug-based treatments for glioma is often constrained by the restrictive properties of the blood-brain barrier. The significance of dendritic cells in glioma research has become increasingly evident post-2000, as substantiated by findings from eminent publications such as Cancer Research, Clinical Cancer Research, Neuro-oncology, and New England Journal of Medicine. The citation burst is a sudden and significant increase in the number of citations a particular reference receives over a specific time period, indicating that the topic or method presented in the reference has gained heightened attention or relevance. The color of each link corresponds to the date when the two papers were first co-cited. Node and link colors denote distinct years, with warmer hues indicating more recent publication dates. Nodes possessing a high centrality (greater than 0.1) are encircled in purple, while those experiencing citation bursts are marked with red dots. Each horizontal line is arranged chronologically from left to right. On the right side, clustering labels are presented based on the topic algorithm. Additionally, the number of included publications diminishes from top to bottom.




3.6 Analysis of keyword

Keywords represent the essence of an article. By analyzing these keywords, one can discern the central theme of the article and identify prevailing trends within specific research domains. We employed overlay visualizations of both network and density map to analyze the co-occurrence of these keywords. From an initial compilation of 12,890 keywords, we established a minimum occurrence threshold of 90, a parameter designed to focus on the most relevant and frequently occurring terms, ultimately refining our focus to the 76 most frequently occurring keywords for detailed analysis and divided them into three distinct clusters (Figure 6A), which was made the density of co-occurrence according to the frequency of keywords (Figure 6B). In the network graphs, the keywords were primarily classified into three categories. The first cluster, highlighted in green, represented research related to glioma fundamental or mechanistic research. This group included a range of cell types and molecules that play a role in the immune system. The second cluster, highlighted in blue, encompassed terms commonly associated with clinical trials, such as phase I, phase II trial, open-label, and treatments for glioma, such as chemotherapy, nivolumab, bevacizumab and radiotherapy. The third cluster, denoted by red, predominantly centers on investigating the roles and functions of immune cells associated with gliomas, with keywords such as macrophages, activation, inhibition, mutations, and proliferation. Based on the density of co-occurrence, the keywords most frequently used are ‘immunotherapy’ (2180 occurrences), ‘glioblastoma’ (1756 occurrences), and ‘expression’ (1014 occurrences). By observing the trend topics over time (Figure 6C), we noticed that they were in order of knowledge of glioma immunotherapy over time from shallow to deep, reflecting the transformation of research focus and development process in this field. These emerging topics suggest a change in focus towards a deeper understanding of the complex interplay between tumors and the immune system. Notably, some keywords in the top -left corner of the Figure 6C, such as tumor microenvironment, cell-death, chimetric antigen receptor, macrophages and nivolumab, suggesting a discernible shift in the emphasis and orientation of future research endeavors.




Figure 6 | Bibliometric Aanalysis of keywords in glioma immunotherapy research papers. (A) Thematic network maps illustrating keyword trends in glioma immunotherapy research from January 1, 2000, to April 1, 2023. (B) Keyword co-occurrence density; the most prevalent keywords are highlighted in yellow. (C) Temporal trends in topics: the circle size corresponds to the number of publications, with larger circles indicating a higher number of documents.





3.6.1 Implications of emerging keywords for glioma immunotherapy

Tumor microenvironment (22) - The tumor microenvironment refers to the surrounding cellular environment in which a tumor exists. This includes immune cells, blood vessels, signaling molecules, the extracellular matrix, and more. Understanding and potentially manipulating the tumor microenvironment is key for improving immunotherapies against gliomas and other cancers. Active communication between glioma cells and adjacent healthy cells, as well as the surrounding immune environment, facilitates oncogenic processes and contributes to the formation of glioma stem cells, which in turn promote resistance to therapy.

Cell death (23) - There are different types of regulated cell death that can be induced in tumor cells, including apoptosis, necroptosis, and pyroptosis. Finding ways to selectively induce tumor cell death while sparing normal healthy brain cells will be important for developing effective immunotherapies. Targeting cell death pathways in tumor cells can also release antigens and stimulate an anti-tumor immune response. In glioblastoma patients, Enriched ferroptosis were associated with advanced malignancy, poor prognostic outcomes, and increased immunosuppression. Although enhanced ferroptosis stimulated the activation and infiltration of immune cells, it concurrently diminished their antitumor cytotoxic efficacy. Moreover, tumor-associated macrophages (TAM) were implicated in the immunosuppressive effects mediated by ferroptosis.

Chimeric antigen receptor (CAR) T cells (24) - CAR T cell therapy is a promising new approach for glioma immunotherapy. It involves engineering a patient’s own T cells to express a receptor that recognizes a tumor antigen. This allows the CAR T cells to selectively bind to and kill the tumor cells. Optimizing the antigen targets, T cell engineering, and getting the cells to traffic to the tumor site will be important areas for improving CAR T therapy against gliomas. The clinical trial highlighted the potential efficacy of this therapeutic approach for patients with H3K27M-mutated diffuse intrinsic pontine glioma (DIPG) or spinal cord diffuse midline glioma (DMG) (25).

Macrophages (26) - Tumor associated macrophages are a major immune cell population in the glioma microenvironment. Finding ways to repolarize them from a tumor-promoting to a tumor-killing phenotype could greatly enhance immunotherapies. Strategies include depleting certain macrophage subsets and activating them through immune stimulants. The predominant non-neoplastic cells within the tumor milieu are TAMs, originating either peripherally or from brain-intrinsic microglia. These TAMs form a supportive stroma that facilitates neoplastic cell proliferation and invasion. Recruited to the glioma environment, TAMs exhibit immunomodulatory functions and secrete a diverse array of growth factors and cytokines in response to those produced by cancer cells. Through these reciprocal interactions, a unique tumor microenvironment is established, presenting novel avenues for therapeutic targeting.

Nivolumab (27) - Nivolumab is an immune checkpoint inhibitor antibody used in cancer immunotherapy. It blocks PD-1 on T cells to prevent inhibition of the anti-tumor immune response. While nivolumab hasn’t shown much promise yet against gliomas, combining it with vaccines, CAR T cells, or other immunotherapies may improve its efficacy. Determining the right combination and timing of treatments will be key. A prior study demonstrated that Nivolumab effectively inhibited the expansion of regulatory T cells (Tregs) induced by PD-L1 (28).

In summary, further understanding the glioma tumor microenvironment, exploiting cell death pathways, improving CAR T cell engineering, targeting immunosuppressive macrophages, and combining checkpoint inhibitors like nivolumab with other immunotherapies represent key areas for advancing near-future glioma immunotherapies.





3.7 Analysis of cited and co-cited references

Citation and co-citation analyses of the literature facilitate an understanding of the field’s seminal research and provide direction for future scholarly endeavors. This study encompassed 145,516 cited references, with 49 publications receiving over 171 citations each. We utilized bibliometrix functions to extract the number of citations for each publication, and the top ten citations are presented in Table 5. The most frequently cited articles, published in Acta Neuropathologica in 2016. Notably, two of the top ten cited articles were reviews, all of which were published in high-impact journals and authored by leading researchers in the field.


Table 5 | The top 10 most cited publications.



Utilizing the co-citation network, we conducted a reference burst analysis. Figure 7 displays the top 25 co-cited references exhibiting the most pronounced citation bursts. As depicted in Figure 7A, references (29–31) emerged as the three most co-cited. The timeline view of the co-citation references offers a visual representation, elucidating the temporal evolution of research hotspots within this domain. As inferred from Figure 7B, among the 10 clusters, glioblastoma emerged as the earliest research focal point in this domain and currently remains the predominant research hotspot. Microglioma, chimetric antigen receptor, exosome, PD-1, oncolytic virus, macrophage and nanomedicine have been subjects of significant interest to researchers since 2013. Figure 7C presents a summary of the top 25 references with the most significant citation bursts. The onset of the reference citation burst in this study can be traced back to 2001, attributed to the paper authored by J. S. Yu (32). The most recent citation burst was identified in 2021 and continues to the present.




Figure 7 | Visualization analysis of cited and co-cited references. (A) Cluster analysis of co-cited references; (B) Timeline visualization of co-cited references cluster analysis result from January 1, 2000 to April 1, 2023; (C) The top 25 references exhibit the most pronounced co-citation bursts. The strength of a citation burst is a metric that quantifies the intensity of the burst during the period in which it occurs. Higher strength values indicate a more significant increase in citations over a short period, suggesting greater impact or influence in the field during that time.







4 Discussion

In this era of exponential information growth, maintaining awareness of research hotspots, keeping abreast of the latest findings, and sustaining a leading position in one’s field is challenging. Bibliography retrieval and knowledge management are therefore routine tasks for scientific researchers. Unlike systematic reviews or meta-analyses, bibliometric analysis uniquely enables summarization of the development of specific research areas and identification of emerging research hotspots. This is the first study to utilize bibliometric methods to summarize the application and development of glioma immunotherapy over the past 23 years, delineate the developmental trends, and predict future research hotspots in this field.

In this bibliometric analysis, we used Microsoft Excel, VOSviewer, CiteSpace and bibliometrix package in R for bibliometric analysis and network visualization, and comprehensively understood the relevant literature, research hotspots and trends of immunotherapy for glioma. The search was completed on April 1, 2023, with a final bibliometric analysis and visualization of 4910 publications from January 1, 2000 to April 1, 2023.



4.1 Publications over time

The annual publication output fluctuated over the years without a discernible growth trend until 2019, which mirrored the publication count of 2017. However, between 2020 and 2022, there was a notable upward trend, with an annual output surpassing 250 papers. Figure 2 presents a line chart depicting the cumulative publication count. Between 1999 and 2019, the cumulative number of publications grew at a modest pace. However, from 2020 to 2022, this growth accelerated, reaching nearly 3,000 publications by 2022, suggesting that the peak might either occur in 2022 or is yet on the horizon.

From 2000 to 2015, there was a consistent increase in annual publications, yet the count remained below 200 throughout this period, indicating limited research focus in this field. A marked increase in annual publications was evident from 2015 to 2019. In 2016, the count exceeded 200 for the first time, reaching 219. The years 2019 to 2022 witnessed the most pronounced growth, as illustrated in the figure. The cumulative publication count, represented in the line chart, grew modestly from 2000 to 2015 but saw a steeper ascent from 2015 to 2022. By 2022, the annual count had surged to 923, accumulating to a total of 4,796 publications. Current data suggests a potential peak in annual publications by 2023, though the apex might still be forthcoming. These trends strongly indicate that immunotherapy for glioma is emerging as a focal point in neuroscience research, poised for rapid expansion. An objective analysis of publications and citations underscores the evolving scientific landscape of glioma immunotherapy.




4.2 Geographical distribution and major institutions

In terms of geographical distribution and major institutions, 4910 publications from 78 countries were published in terms of geographical distribution. Table 1 presents the 10 most productive countries, with USA leading the way with 2180 publications, followed by China with 1384 publications and Germany with 436 articles. USA is also dominant in citations, however, China’s total citations were suboptimal, with the average citation per paper being the lowest among the top 10 countries/regions by productivity (Figure 3C), probably due to its relatively short publication time. As depicted in Table 2, eight of the top ten most productive organizations were from USA, further underscoring this country’s dominance in this research field (Figure 3A). As for the citation-per-publications, Switzerland ranked the first with 66. However, USA’s citation-per-publications is 47.9, and China’s citation-per-publications is 14, suggesting that the above countries should improve the quality of each publication so as to increase its influence. After 2019, China has gradually become the country with the largest number of publications in this field (Figure 3D), which also shows China’s great potential in this research field. All these indicate that Chinese scholars should further strengthen the quality of research in the future, and enhance international cooperation and exchange, so as to produce more high-quality articles.

As for cooperation between countries, USA was at the epicenter of research activity and maintained close collaborations primarily with China, Germany, Canada and England. However, most cooperation and communication were confined to North America, Europe and a handful of Asian nations. Moving forward, enhancing international and cross-boundary cooperation will be imperative, particularly with developing countries. The role of economic support and research funding in enabling scientific output cannot be ignored. Many countries may benefit from increased investment and encouragement for research, which could facilitate their emergence as significant contributors in this field.




4.3 Analysis of core authors

In the analysis of core authors, nine of the top ten were from USA, underscoring the country’s preeminence in this research area. This finding aligns with the results from the institutional analysis. Among these authors, John H. Sampson led in terms of publication count, closely followed by Michael Lim and Hideho Okada, with 65 and 64 papers, respectively. Interestingly, David A. Reardon, despite having fewer publications, ranked second in total citations, only behind Sampson, attesting to his significant influence in the domain. Figure 4D illustrates the central roles of John H. Sampson, Hideho Okada, Michael Lim, and David A. Reardon, as they appear to be key connectors across multiple research clusters, which may account for their elevated citation metrics. Conversely, Figure 6D highlights existing silos in collaboration, with many research teams predominantly co-authoring within their own countries. This observation underscores the need to bolster international collaborations, fostering knowledge transfer, resource pooling, and innovative breakthroughs, which in turn can expedite research advancements and therapeutic innovations.




4.4 Distribution of journals

Identifying influential journals and conducting journal co-citation analysis can provide researchers with valuable reference information to guide selection of appropriate target journals when searching literature or submitting manuscripts. Total citations and impact factor (IF) (33) are two key metrics for evaluating the academic status of journals. In terms of core journals in this field, Table 4 shows that Clinical Cancer Research has the largest total number and IF, which may be the most influential journal in the field of immunotherapy for glioma. Focusing on these relatively influential core journals will help to understand the frontier of immunotherapy for glioma. The impact factors ranged from 5.738 to 13.801, indicating that glioma immunotherapy articles are publishable in high-impact journals. Frontiers in Immunology had the most published articles, suggesting it is the primary target journal for publications in this field.

Journal co-citation analysis offers insights into the connections between different research findings (34). Clinical Cancer Research, Neuro-oncology, and Frontiers in Immunology had the top three total link strengths, indicating that glioma immunotherapy papers in these journals are highly cited. Researchers are advised to closely follow findings published in these sources to stay abreast of the latest advances.




4.5 Analysis of keywords

Co-occurrence analysis of keywords is a bibliometric technique commonly used to identify popular research topics and track the evolution of focus areas, thereby elucidating research hotspots. As depicted in Figure 6B, “immunotherapy” and “glioblastoma” were the most frequent keywords, aligning with the topic of this study.

In the network graphs, the keywords were primarily classified into three categories. The first cluster, highlighted in green, represented research related to glioma fundamental or mechanistic research. This group included a range of cell types and molecules that play a role in the immune system. The second cluster, highlighted in blue, encompassed terms commonly associated with clinical trials, such as phase I, phase II trial, open-label, and treatments for glioma, such as chemotherapy, nivolumab, bevacizumab and radiotherapy. The third cluster, denoted by red, predominantly centers on investigating the roles and functions of immune cells associated with gliomas, with keywords such as macrophages, activation, inhibition, mutations, and proliferation.

According to the trend topics, such as tumor microenvironment, cell-death, chimetric antigen receptor, macrophages and nivolumab, denoting a shift in research emphasis and future trajectory to some degree. The tumor microenvironment underlies acquired resistance to colony stimulating factor-1 receptor inhibition in gliomas (35). Cell death is a normal and regulated process that occurs in organisms (36, 37). There are different types of cell death, including apoptosis (programmed cell death), necrosis, autophagy, and others. Immune cells like cytotoxic T cells and NK cells can be activated to induce apoptosis in tumor cells by releasing perforins, granzymes, and other cytotoxic molecules. Checkpoint inhibitor drugs block signals that prevent T cell activation and help T cells stay active against tumor cells. Other immunotherapies enhance T cell or NK cell activity. Some glioma cells develop defects in apoptosis pathways, allowing them to resist cell death. Understanding the regulators and evaders of cell death in glioma cells will be important for designing effective combination immunotherapies. Chimeric antigen receptor (CAR) is a specific receptor expressed on the membrane of T cells after artificial gene editing, which can recognize tumor-specific antigens and activate T cells after introduction into the body (38). Its principle of treating glioma has attracted much attention.




4.6 Citation and co-citation analysis of references

Citation and co-citation analysis of references are key techniques in bibliometric studies to identify influential literature and assess research evolution, thereby predicting frontiers of knowledge advancement. Highly cited articles generally represent high-quality, innovative research with substantial impact in a given field. Table 5 lists the top 10 most highly cited publications, which have all exerted significant influence in this field. Specifically, the most frequently cited articles, published in Acta Neuropathologica in 2016, the study represented the first WHO classification of CNS tumors to incorporate molecular parameters alongside histology in defining many tumor entities, thus establishing a framework for molecular era diagnostics (29). Another article with 327 citations was published in Science Translational Medicine in 2017 by ORourke DM et al. His study reported initial experience with CAR-T cells for recurrent glioblastoma, suggesting that while intravenous infusion mediated on-target brain activity, efficacy of Epidermal Growth Factor Receptor variant III (EGFRvIII)-directed approaches may be improved by overcoming adaptive tumor microenvironment changes and addressing antigen heterogeneity (39).

Burst detection is an algorithm that captures sudden surges in the popularity of references or keywords within a defined timeframe, serving as an effective approach for identifying hot topics and research fronts. The article with the highest burst strength (70.47) was published in 2005 by Roger Stupp et al. (31), demonstrating that adding temozolomide to radiotherapy for newly diagnosed glioblastoma conferred clinically meaningful and statistically significant survival benefits with minimal toxicity. Many top articles continue to be highly cited, indicating that glioma immunotherapy will likely remain a research hotspot in coming years.

This bibliometric analysis holds distinct implications for both physicians and patients:

For physicians:

Knowledge advancement: Our study highlights the seminal papers and leading authors in glioma immunotherapy, equipping physicians with the latest pivotal research and evidence-based methodologies.

Collaboration insights: By identifying the primary contributing nations and institutions, we provide physicians with a window into potential hubs of excellence and collaborative ventures.

Treatment overview: Our keyword and thematic evaluations present a concise overview of the shifting treatment landscape, elucidating emerging therapeutic approaches and anticipated challenges.

For patients:

Informed choices: By spotlighting influential research, we empower patients with insights into the most recent and significant advancements in glioma immunotherapy, aiding them in treatment-related decisions and dialogues with healthcare professionals.

Setting expectations: Recognizing the research trajectories and key contributors allows patients to foster realistic anticipations regarding the prospective outcomes and trajectories of glioma immunotherapy.

Decisional empowerment: Familiarity with the forefront institutions in glioma immunotherapy research can guide patients in their choices concerning healthcare consultation or clinical trial participation.




4.7 Strengths and limitations

This study is the first to use bibliometric analysis to analyze the research trend of immunotherapy for glioma. Bibliometric analysis is more comprehensive than literature review, and the visualization effect is better. Secondly, this study uses multiple softwares: Microsoft Excel, Microsoft charticulator, VOSviewer 1.6.18, Citespace 5.7R3, bibliometrix package in R and online tool (https://www.scimagojr.com/). To better carry out literature data processing, bibliometric analysis and visualization.

Nonetheless, the study has some limitations. First of all, Some relevant articles may have only been categorized under “complementary medicine”, “alternative medicine”, or “translational medicine” in the WOS database, possibly resulting in their exclusion. Thus, our study may not fully encompass all literature pertinent to this research area. Second, only data obtained from the WoSCC database were included in this study and we excluded non-English papers. Other databases need to be analyzed in future studies. Moreover, the bibliometric techniques used here are limited to metadata rather than full text analysis. Therefore, we may have missed critical insights only present in the full articles, such as author perspectives and outlook on the field. Finally, the database is constantly updated and only relevant records from January 1, 2000 to April 1, 2023 are considered in this study. Because the journal name is too long, some journal name overlap in Figure 5. Consequently, there may be discrepancies between this bibliometric analysis and the actual state of the literature on immune checkpoint inhibitors for glioma.





5 Conclusion

In our pioneering bibliometric analysis covering glioma immunotherapy publications from 2000 to 2023, we observed a significant surge in research activity, predominantly led by USA. The current hotspots in the field include CAR-T, PD-1, and nivolumab. Future studies should prioritize the identification of distinct neoantigens and prognostic tumor markers, innovate approaches to augment immune responses, and tackle challenges like glioma’s immunosuppressive tendencies and immune evasion. Simultaneously, it is imperative to ensure patient safety by addressing non-specific immunity risks associated with immunotherapy. Enhanced international collaboration is essential to progress in these research domains.
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Background

Glucose metabolism (GM) plays a crucial role in cancer cell proliferation, tumor growth, and survival. However, the identification of glucose metabolism-related genes (GMRGs) for effective prediction of prognosis in head and neck squamous cell carcinoma (HNSC) is still lacking.





Methods

We conducted differential analysis between HNSC and Normal groups to identify differentially expressed genes (DEGs). Key module genes were obtained using weighted gene co-expression network analysis (WGCNA). Intersection analysis of DEGs, GMRGs, and key module genes identified GMRG-DEGs. Univariate and multivariate Cox regression analyses were performed to screen prognostic-associated genes. Independent prognostic analysis of clinical traits and risk scores was implemented using Cox regression. Gene set enrichment analysis (GSEA) was used to explore functional pathways and genes between high- and low-risk groups. Immune infiltration analysis compared immune cells between the two groups in HNSC samples. Drug prediction was performed using the Genomics of Drug Sensitivity in Cancer (GDSC) database. Quantitative real-time fluorescence PCR (qRT-PCR) validated the expression levels of prognosis-related genes in HNSC patients.





Results

We identified 4973 DEGs between HNSC and Normal samples. Key gene modules, represented by black and brown module genes, were identified. Intersection analysis revealed 76 GMRG-DEGs. Five prognosis-related genes (MTHFD2, CDKN2A, TPM2, MPZ, and DNMT1) were identified. A nomogram incorporating age, lymph node status (N), and risk score was constructed for survival prediction in HNSC patients. Immune infiltration analysis showed significant differences in five immune cell types (Macrophages M0, memory B cells, Monocytes, Macrophages M2, and Dendritic resting cells) between the high- and low-risk groups. GDSC database analysis identified 53 drugs with remarkable differences between the groups, including A.443654 and AG.014699. DNMT1 and MTHFD2 were up-regulated, while MPZ was down-regulated in HNSC.





Conclusion

Our study highlights the significant association of five prognosis-related genes (MTHFD2, CDKN2A, TPM2, MPZ, and DNMT1) with HNSC. These findings provide further evidence of the crucial role of GMRGs in HNSC.
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1 Introduction

Head and neck cancer is one of the most common malignant tumors, with the sixth highest incidence in the world, and the most common pathological type is squamous cell carcinoma (1). The global annual incidence and mortality of head and neck squamous cell carcinoma (HNSC) are estimated to be 900,000 and 450,000 deaths (2, 3), respectively. Since the early symptoms of HNSC are not obvious, most HNSC patients are diagnosed at an advanced stage, with a poor prognosis and a 5-year survival rate of less than 50% (4). Therefore, further research on the molecular mechanism of HNSC and the development of effective early screening, diagnosis and treatment methods are crucial to improve the prognosis of HNSC patients.

Changes in glucose metabolism (GM) are critical to the growth and progression of cancer (5), which mainly involve four aspects: tricarboxylic acid cycle, glycolysis, gluconeogenesis and glycogen synthesis (6). Traditionally, it is believed that cancer cells metabolize glucose mainly through glycolysis to produce sufficient energy and other key metabolites needed for survival. Glucose is processed through glycolysis to produce ATP and pyruvate, and then through the pentose phosphate pathway to produce ribose 5-phosphate and NADPH, or enter the tricarboxylic acid (TCA) cycle in the mitochondria. Glucose-derived citrate is converted to acetyl-CoA, oxaloacetic acid (OAA) or a-ketoglutaric acid (a KG). Glutamine is deaminated to form glutamate, which is processed to produce a KG for use in the TCA cycle (7). This classical type of metabolic change provides the substrates required for cancer cell proliferation and division (8), which are involved in tumor growth, metastatic progression and long-term survival. Studies have shown that the number of genes related to glycolysis is associated with tumor proliferation, invasion, angiogenesis, chemotherapy and radiotherapy resistance, and there is a correlation between glycolysis and clinical outcomes (9, 10). The glucose metabolism of cancer cells is mainly regulated by a series of transcription factors, including c-Myc, p53, HIF-1α, etc, under the interaction of signaling pathways dominated by Akt, PI3K, PTEN, mTOR, and AMPK (11, 12). So far, targeted drugs targeting tumor glucose metabolism have been released, such as GLUT-1 inhibitors, LDHA inhibitors, IDH2 mutation inhibitors, etc. (13). Although many prognostic models for HNSC have been constructed by researchers, the effectiveness and sensitivity need to be improved, so it is necessary to construct more accurate prognostic models to improve the prognosis of HNSC patients (14–18). Besides, in HNSC, there is still a lack of glucose metabolism related genes (GMRGs) signature to predict patient prognosis more effectively.

Machine learning offers significant advantages and impressive progress in identifying disease biomarkers (19–22). While traditional biomarker research usually takes a lot of time and resources, machine learning methods can efficiently extract key features from large-scale biological data and accelerate the biomarker discovery process (23–25). In addition, machine learning can integrate multiple data sources, such as genomics, transcriptomics and proteomics data, to reveal the molecular mechanisms of diseases at different levels and provide more reliable biomarkers for precision medicine (26–28). Overall, the advantages of machine learning in recognizing disease biomarkers lie in its efficient feature selection capability, its classification ability to adapt to complex data structures (29, 30), and its integration and mining of data from multiple sources, and these advances have brought new hope to the fields of disease diagnosis, treatment, and prognosis assessment (31–33). However, with the continuous development of technology, there are still many challenges and opportunities waiting to be explored and solved in our understanding and application of disease biomarkers.

In this study, based on genes related to glucose metabolism, a series of bioinformatics methods such as differential expression analysis, weighted gene co-expression network analysis (WGCNA), gene set enrichment analysis (GSEA) functional enrichment and immune infiltration analysis were used to establish a prognostic model of HNSC and explore its pathogenesis.




2 Materials and methods



2.1 Data sources

Clinical information data and RNA-sequencing (RNA-seq) were acquired from The Cancer Genome Atlas (TCGA) database. There were 500 head and neck squamous cell carcinoma (HNSC) and 44 Normal samples with clinical information in the TCGA database. External validation dataset GSE65858 of Gene Expression Omnibus (GEO) database has 270 patients with survival information. In the GeneCard database, 605 GMRGs were obtained by Relevance score ≥ 2.




2.2 Analysis of differential expression and WGCNA

Differentially expressed genes (DEGs) between 500 HNSC and 44 Normal samples were obtained by limma (version 3.42.2) package (|log2FC| >0.5 and p.value < 0.05) (34). Then, volcano and heat map were drawn by ggplot2 (version 3.3.2) and pheatmap (version 1.0.12) packages (35), respectively. In this study, to find out the genes associated with different traits, 544 samples in TCGA-HNSC were used as traits for WGCNA analysis. 500 HNSC and 44 Normal samples were employed in build a co-expression network by WGCNA (version v1.70-3) package (36). Firstly, samples clustered were performed on 500 HNSC and 44 Normal samples, and outlier samples were eliminated to secure the precision of the analysis. The soft threshold was resolved to ensure that the engagement between genes conforms to the scale-free distribution to the maximum extent. The module was divided by dynamic cut tree algorithm, and the parameter minModuleSize were set to 300. The key module was acquired by correlation analysis between module and HNSC.




2.3 Identification of GMRG-DEGs and the prognostic risk model

DEGs between HNSC and Normal groups, genes in key module and 605 GMRGs were crossed to identify GMRG-DEGs. In addition, to assess whether GMRG-DEGs were significantly different from the survival of HNSC patients, we extracted GMRG-DEGs expression data from TCGA-HNSC samples expression data. Then, the TCGA-HNSC samples were stochastic divided into training set and test set in a ratio of 7: 3 (37). Furthermore, univariate and multivariate Cox regression analyses were performed in the training set to verify whether these genes were risk factors. Next, univariate Cox regression analysis was conducted on GMRG-DEGs expression profiles of the training set. Variables acquired by univariate Cox analysis were embraced in multivariate Cox analysis, followed by stepwise regression function (step). Moreover, we used the surviminer (0.4.6) package to calculate the cut-off value of continuous independent variables of survival data (train: 1.28; test: 1; GSE65858: 3.17), HNSC samples were separated into high-and low-risk groups based on cut-off values. For each patient, the risk score was calculated by combining the expression levels of these genes with their corresponding coefficients: Risk score = ExpressionmRNA1 × CoefmRNA1 + ExpressionmRNA2 × CoefmRNA2 + ExpressionmRNAn × CoefmRNAn. Based on the two groups, Kaplan-Meier (K-M) curve were plotted. Finally, to further assessment the effectiveness of the risk model, we plotted receiver operating characteristic (ROC) curves with 1-, 3- and 5-years as survival time nodes according to the risk model obtained by multivariate risk regression. After constructing the risk model, it was checked by TCGA test set and GSE65858 external verification set in turn. Subsequently, the risk curve, K-M curve of two groups and ROC curves were drawn for validation data.




2.4 Independent prognostic risk model

To further study the clinicopathological features and prognosis of risk model, in the risk model, gender, stage, age, grade and TMN stage were included. Univariate and multivariate Cox independent prognostic analysis were performed using the survival (3.2-7) package (38–40). Then, based on the TCGA-HNSC training set of 316 samples with clinical information, a nomogram was constructed using rms (version 6.2-0) package to project the 1-, 3- and 5-year survival rate for HNSC patients. Moreover, calibration curves were drawn to evaluate the precise of the prediction.




2.5 Functional enrichment and immune microenvironment analyses

GSEA on all genes in two groups were performed by GSEA software (v4.1.0). SIZE > 20 and NOM.p.val < 0.05 were set as significantly enriched pathways. Furthermore, to study immune cell infiltration in two groups, Cell type Identification By Estimating Relative Subsets Of RNA Transcripts (CIBERSORT) algorithm and LM22 gene set were used to calculate the proportion of 22 immune cells of all HNSC samples (high-risk = 96, low-risk = 254) in two groups, and excluding samples with p > 0.05 (remaining samples high-risk = 95, low-risk = 252). Then, according to the score of each immune cell in two groups, the score heat map of 22 immune cells was drawn. Differences in immune cells between two groups were compared by Wilcoxon test, and ggplot2 package was employed to draw violin plot. Subsequently, Spearman correlation analysis of immune cells and prognostic related genes were conducted. Immune score and matrix score of the TCGA-HNSC transcriptome data were calculated.




2.6 Immunotherapy responsiveness analysis and sensitivity analysis of chemical drugs

Firstly, we calculated tumor mutation burden (TMB) and microsatellite instability (MSI) for two groups. Then, Dysfunction, Exclusion and tumor immune dysfunction and exclusion (TIDE) for the two groups were estimated and analyzed. In addition, Pearson correlation analysis were performed on prognostic related genes and TIDE (39). Finally, according to the above HNSC samples in two groups of the Genomics of Drug Sensitivity in Cancer (GDSC) database, a ridge regression model was constructed to predict the half maximal inhibitory concentration (IC50) values of drugs by pRRophetic algorithm. Moreover, calculation of drug level of expression in two groups was performed by Wilcoxon test.




2.7 qPCR assay

HNSC tumor and paracancerous tissue samples were obtained from HNSC patients with knowledge and consent from Chongqing general hospital, and this study was approved by the Chongqing general hospital ethics committee. Seven pairs of frozen tissue samples were divided into two groups, of which seven paracancerous tissue samples were Normal group and the other seven tumor tissue samples were HNSC group (Case). Then, total RNA of samples was isolated and purified by TRIzol (Ambion) reagent following the instruction manual. Then, the extracted RNA was tested for concentration by NanoPhotometer N50. Next, reverse transcription via SureScript-First-strand-cDNA-synthesis-kit (Servicebio) by an ordinary PCR instrument. Reverse transcription product cDNA was diluted 5-20 times with ddH2O (RNase/DNase free). Subsequently, polymerase chain reaction (PCR) amplification reaction was performed by CFX96 real-time quantitative PCR instrument. 1 min at 95 °C (pre-denaturation), followed by at 95 °C for 20 s (denaturation), 55 °C for 20 s (annealing) and 72 °C for 30 s (elongation). The above reactions were subjected to forty cycles. Primer sequences were showed in Table 1.


Table 1 | Primer sequences used in the quantitative reverse transcriptase PCR (qRT-PCR).






2.8 Statistical analysis

The qPCR results were analyzed using GraphPad Prism Software (version 8.3.0). The data are presented as means ± standard deviation (SD) from three independent experiments and were analyzed by analysis of variance (ANOVA). A p-value less than 0.05 was considered statistically significant.





3 Results



3.1 Acquisition of DEGs and key module genes

There were 4973 DEGs between HNSC and Normal groups (Figure 1A). Heat map showed the expression of up-regulated and down-regulated top 100 DEGs between HNSC and Normal groups (Figure 1B). Samples clustering result indicated there were 5 outlier samples. Therefore, the remaining of 539 samples were used for subsequent analysis (Figure 1C). When the soft threshold is 7, the network was closest to the distribution without network scale (Figure 1D). 12 modules were obtained by dynamic cut tree algorithm (Figure 1E). Black module gene (1590 genes) and brown module gene (3487 genes) were selected as key modules (Figure 1F).




Figure 1 | Acquisition of differentially expressed genes (DEGs) and key module genes. (A) Volcano plot of DEGs between HNSC and Normal samples (|log2FC| >0.5 and p.value < 0.05). (B) Heatmap of Top100 DEGs between HNSC and Normal samples. (C) Sample clustering dendrogram to remove outliers and trait heatmap. (D) Analysis of the scale-free fit index (left) and the mean connectivity (right) for various soft-thresholding powers (Soft threshold = 7). (E) Cluster dendrogram of all DEGs under the clustering tree. (F) Correlations heatmap between modules and traits.






3.2 Acquisition of GMRG-DEGs and the evaluation of prognostic risk model

According to the intersection of DEGs between HNSC and Normal groups, genes in key module and 605 GMRGs, there were 76 GMRG-DEGs (Figure 2A, Table S1). 8 prognosis related genes (TP73, TXNDC9, MTHFD2, CDKN2A, TPM2, MPZ, DNMT1 and IGF2BP2) were obtained by univariate Cox regression analysis (Table 2). There were 5 prognosis related genes (MTHFD2, CDKN2A, TPM2, MPZ and DNMT1) based on multivariate Cox analysis (Figure 2B, Table 3). In the high-risk group, TPM2, MPZ and MTHFD2 were highly expressed, moreover, it was found that CDKN2A and DNMT1 had a higher expressed in low-risk group (Figure 2C). In two groups, there was a significant difference in the survival of HNSC patients between (p < 0.05), and in the high-risk group, it was found that the survival rate of HNSC patients was lower (Figure 2D). The area under curve (AUC) values of ROC curve were greater than 0.6, indicated that the risk model had better performance (Figure 2E).




Figure 2 | Obtaining GMRG-DEGs and evaluation of the prognostic risk model in training set. (A) Venn diagram of module genes, DEGs and glucose metabolism related genes (GMRGs) for screening GMRG-DEGs. (B) Forest plot of multivariate Cox regression analysis. (C) Distribution of risk scores, survival times gene expressions of high and low risk groups in the training set. (D) Survival curve of high- and low-risk groups in the training set. (E) ROC curves of 1-, 3-, and 5-year based on the training set.




Table 2 | Univariable Cox regression analysis results.




Table 3 | Multivariate Cox regression analysis results.






3.3 Verification of the prognostic risk model

TPM2, MPZ and MTHFD2 were highly expressed in the high-risk group of the TCGA test set, moreover, CDKN2A and DNMT1 had a higher expressed in the low-risk group (Figure 3A). The survival rate of the high-risk group in the validation data was lower (Figure 3B). AUC values were basically greater than 0.6, the result was basically consistent with the training set (Figure 3C). In addition, in the GSE65858 external verification set, it was found that TPM2, MPZ and MTHFD2 had a higher expressed in high-risk group, and we could see CDKN2A and DNMT1 had a higher expressed in the low-risk group (Figure 3D). In the GSE65858 dataset, K-M curve showed the survival rate was lower of the high-risk group (Figure 3E). Besides, it was found that the risk model was credible (Figure 3F).




Figure 3 | Validation of the risk model. (A) Distribution of risk scores, survival times gene expressions of high and low risk groups in the test set. (B) The survival curve of the high- and low-risk groups in the test set. (C) The ROC curve of 1-, 3-, and 5-year in the test set. (D) Distribution of risk scores, survival times gene expressions of high and low risk groups in GSE65858. (E) Survival curves for high- and low-risk groups in the GSE65858 dataset. (F) ROC curves for 1-, 3-, 5-year in the GSE65858 dataset.






3.4 Risk model evaluation of independent prognostic

In addition, univariate Cox independent prognostic results showed that the p.value for age, N, and riskScore was less than 0.05 (Figure 4A). According to the multivariate Cox independent prognostic analysis, it was found that the p.value for age, N, and riskScore were all less than 0.05. Therefore, age, N, and riskScore were considered as independent prognostic factors (Figure 4B). A nomogram for survival prediction in HNSC patients was constructed using age, N, and riskScore (Figure 4C). The calibration curve was plotted based on the above nomogram, and 3-year slope closest to 1 indicated that the prediction effect of the model could be used as an effective model (Figure 4D).




Figure 4 | Construction and evaluation of nomogram based on independent prognostic risk models. (A) Univariate Cox analysis based on the training set. (B) Multivariate Cox analysis based on the training set. (C) Nomogram predicting 1-, 3-, and 5-year survival of HNSC patients. (D) Nomogram calibration curve.






3.5 GSEA functional enrichment and immune microenvironment analyses between two groups

GO functional enrichment analysis showed that genes in high-risk groups were mainly enriched in striated muscle cell development, sarcomere organization and muscle cell development, and in low-risk groups, genes were participated in epidermis development, keratinocyte differentiation and regulation of water loss via skin (Figure 5A). In the KEGG functional enrichment analysis, it was found that genes in high-risk groups were associated with oxidative phosphorylation, cardiac muscle contraction and ecm receptor interaction. Besides, genes in low-risk groups were involved in primary immunodeficiency, DNA replication and T cell receptor signaling pathway (Figure 5B). Each immune cell of scores in two groups were displayed in the heat map (Figure 5C). The result showed that there were 5 kinds of immune cells with significant difference (p < 0.05), including memory B cells, Macrophages M0, Macrophages M2, Monocytes and Dendritic resting cells (Figure 5D). TPM2 was positively associated with Macrophages M0 and Macrophages M2, and we also could see a remarkable negative correlation between MTHFD2 and Dendritic resting cells. In addition, it was found that DNMT1 had a significantly negative associated with Macrophages M2 and Dendritic resting cells (Figure 5E, Table S2). Moreover, we could found there were significant differences in Stromal, ESTIMATE and TumorPurity scores between high- and low-risk groups (p < 0.05) (Figure 5F, Table S3).




Figure 5 | Gene set enrichment analysis (GSEA) and immune microenvironment analysis. (A) GO enrichment analysis of high- and low-risk groups. (B) KEGG enrichment analysis of high- and low-risk groups. (C) Heatmap of scores of 22 immune cell types in high- and low-risk groups. (D) Violin plot for the infiltration abundances of 22 immune cell between the high- and low-risk groups. (E) Heatmap of correlations between differential immune cells and five prognostic genes in the prognostic risk model. (F) Difference of immune score, stromal score, ESTIMATE score and tumor purity between high- and low- risk groups. * p < 0.05,*** p < 0.001. "ns" means no significance.






3.6 Immunotherapeutic response and chemosensitivity analysis

TMB and MSI were not significant difference in two groups (Figure 6A). The result showed that TIDE, Dysfunction and Exclusion were remarkable differential expression in two groups (p < 0.05) (Figure 6B). It was found that TPM2 and MPZ had a certain correlation with TIDE (Figure 6C). There were 53 drugs significantly different between two groups, such as A.443654 and AG.014699 (Figure 7, Supplementary Figure 1, Table S4).




Figure 6 | Immunotherapy responsiveness analysis. (A) Box plots for differences of the TMB and MSI values in high- and low-risk groups. (B) Box plots for differences of TIDE values, Dysfunction values and Exclusion scores in high- and low-risk groups. (C) Correlation scatter plots of TIDE scores with different prognostic risk model genes.






Figure 7 | Chemotherapy responsiveness analysis. Box plots demonstrating the half maximal inhibitory concentration (IC50) values of A.443654 (A) and AG.014699 (B) in high- and low-risk groups.






3.7 QuantitativeReal-timePCR (qPCR) identification

Based on the qPCR verification results, it can be seen that DNMT1 and MTHFD2 were up-regulated in Case (HNSC). Besides, we could see that MPZ was down-regulated in Case, and the validation results are consistent with the above analysis (Figure 8, Table 4).




Figure 8 | The expressions of DNMT1, MPZ, TPM2, CDKN2A and MTHFD2 were identified by quantitative real-time PCR in case and normal samples. *** p < 0.001,**** p < 0.0001. "ns" means no significance.




Table 4 | Results for the expressions of DNMT1, MPZ, TPM2, CDKN2A and MTHFD2 in qRT-PCR.







4 Discussion

In recent years, the study of abnormal metabolism of cancer cells has become the focus of attention and is considered to be a promising area for cancer therapy. Cancer cells are characterized by consuming glucose through Warburg metabolism (41), to provide energy for their growth and proliferation. Abnormal glucose metabolism is the most prominent feature of tumor metabolism (42, 43). A study has shown that HNSC is a highly glycolytic tumor (44), and abnormal glucose metabolism is an important biological factor for the diagnosis and treatment of HNSC (45). A previous study confirmed that GMRGs such as PKM2 (pyruvate kinase) and PGK1 (phosphoglycerate kinase 1) were up-regulated in gastric cancer cell lines (46). So far, unfortunately, the role of glucose metabolism-related genes in HNSC is unclear.

In order to clarify the prognostic biomarkers related to glucose metabolism in HNSC, this study screened 605 GMRGs based on the existing HNSC gene data, and finally identified 5 key prognostic genes that may be prognostic markers or potential therapeutic targets in HNSC (MTHFD2, CDKN2A, TPM2, MPZ, and DNMT1). The mechanism of action of these five genes in tumors is summarized as follows. Methylenetetrahydrofolate dehydrogenase 2 (MTHFD2) predominantly localizes within the mitochondria and efficiently drives the folate cycle in embryonic tissues to sustain cellular proliferation. Conversely, in most adult tissues, MTHFD2 exhibits minimal to negligible expression. This enzyme possesses both dehydrogenase and cyclohydrolase activities (47). It catalyzes the conversion of CH2-tetrahydrofolic acid (CH2-THF) into 10 CHO-THF, while simultaneously converting oxidized nicotinamide adenine dinucleotide phosphate [nicotinamide adenine dinucleotide phosphate, NAD(P)+] into NAD(P)H, thus facilitating one-carbon metabolic reactions (48). It catalyzes the conversion of CH2-tetrahydrofolic acid (CH2-THF) into 10 CHO-THF, while simultaneously converting oxidized nicotinamide adenine dinucleotide phosphate [nicotinamide adenine dinucleotide phosphate, NAD(P)+] into NAD(P)H, thus facilitating one-carbon metabolic reactions (49). Studies have revealed its reactivation in diverse tumor types, and this phenomenon correlates with adverse patient prognoses (50–56). Cyclin-dependent kinase inhibitor 2A (CDKN2A), an essential tumor suppressor gene, localizes to the 21 region of human chromosome 9 (57). As a member of the cell cycle-dependent kinase inhibitor gene family, CDKN2A directly regulates the cell cycle, thus controlling cell proliferation and division. It serves as a critical tumor suppressor in various human malignancies, including colorectal cancer, exerting its preventive role by inducing cell growth arrest and senescence (58). However, homozygous deletion of CDKN2A is observed in 50% of human tumor cell lines. Its inactivation leads to malignant cell proliferation and the development of malignant tumors. Differential expression of the CDKN2A gene is evident in a variety of tumor tissues, with abnormal levels observed in tumor patients. Moreover, CDKN2A expression correlates with clinicopathological characteristics and patient prognosis (59). Tropomyosins (TPM) are actin-binding proteins that are expressed in all eukaryotes, and vertebrates have Four TPM genes containing TPM1, TPM2, TPM3, and TPM4. Recently, a large cohort study has identified TPM2 as a prognostic marker for colorectal cancer things. In colorectal cancer cell lines, the study found that TPM2 down-regulation can promote tumor proliferation and migration, whereas TPM2 over-expression attenuates the malignant phenotype of tumor cells (60). MPZ is a transmembrane protein consisting of 219 amino acids, which is a member of the immunoglobulin gene super family and has a single extracellular, transmembrane, and cytoplasmic domain (61). Recent studies have shown that MPZ is involved in the development of cancer development, report that the six cores of the MPZ are most likely to detect most clinically significant cancers but also detect many insignificant cancers (62). Most of the articles in MPZ are in the field of neuropathy, and there are few studies related to HNSC, which need to be further explored. DNA methyltransferase 1 (methyltransferase1, DNMT1) is a key gene of DNA methylation in mammalian genome epigenetic modification (63), it has the ability to regulate the cell cycle and regulate the expression of tumor suppressor genes, and plays a role in the formation of tumors, Progression, and metastasis. Poor prognosis was all related to the expression level of DNMT1. DNMT1 is highly expressed in a variety of tumors including lung cancer, leukemia, gastric cancer, and liver cancer (64), and the expression of DNMT1 in pancreatic cancer tumor tissue is significantly correlated with the degree of tumor malignancy (65). Thus, these genes play an important role in the development of cancer, which is consistent with the consensus that glucose metabolism plays a role in tumors.

Functional enrichment analyzes revealed the potential biological mechanism of the involved GMRGs. GSEA showed that genes in two groups were mainly enriched in epidermis development, oxidative phosphorylation, and T cell receptor path signaling. T cell receptor signaling pathway plays an important role in T cell mediated immune response, its hyperactivation can lead to autoimmune diseases. On the other hand, defects in TCR signaling can lead to immune deficiency, that contribute to tumor escape (66). As one of the cancer signals, oxidative phosphorylation supports the development of a variety of cancers (67, 68).

Abnormal metabolism is inextricably linked to a dysfunctional immune system in cancer cells (69, 70). Accumulating evidence suggests that immune cell dysfunction in the HNSC microenvironment promotes immunosuppression, correlates with tumor survival and progression, tumor-infiltrating immune cells are dependent on glucose, Impaired immune cell metabolism in the tumor microenvironment contributes to tumor immunological evasion (71, 72). This study showed that there were significant differences in B cells memory, Macrophages M0, Macrophages M2 and Dendritic cells resting in high and low risk groups. Compared with the low-risk group, the infiltration rate of Dendritic resting cells was lower and the infiltration rate of Macrophages M2 was higher in the high-risk group. Dendritic cells are the most critical professional antigen-presenting cells. In the tumor microenvironment, the function and activity of DCs are changed to induce the expansion of regulatory T cells, and the maturation of DCs depends on glycolysis, and the glucose competition of tumor cells will inhibit the activation of DCs (73). Increased infiltration of activated DCs in various tumors is associated with prolonged survival (74–76). Previous studies believed that B cells could promote the occurrence of tumors by regulating the immune response (77). However, the role of memory B cell infiltration in tumor immune response is still unclear. Some studies have found that memory B cells in HNSC patients are significantly reduced. Memory B cells play an important role in tumor memory immune response, which may be due to tumor suppression of its immune environment, sex regulation, and promotion of tumor immune escape (78, 79). Monocytes can bind to a variety of chemokines and be recruited to tumor or inflammatory sites (80). Monocytes infiltrate tumors and differentiate into tumor-associated macrophages (81), tumor-associated dendritic cells, etc (82). It affects the tumor microenvironment through multiple mechanisms, inducing immune tolerance, angiogenesis, and tumor cell metastasis. Tumor-associated macrophages (tumor-associated macrophages, TAM), mainly manifested as M2 type to promote tumor progression through strong immunosuppression (83, 84). The high infiltration of M2 cells is associated with breast cancer, gastric cancer, and hodgkin lymph, and it is related to the poor survival of tumors such as tumors (85–87). According to the subtype of microenvironment, HNSC is divided into two types: active immune response and exhausted immune response. The exhausted immune response type is characterized by high M2 macrophage infiltration, activation of WNT/TGF-β pathway, and poor prognosis. Rich M1 macrophage enrichment, and rich tumor infiltrating lymphocytes are associated with sensitivity to immunotherapy, and usually have a better prognosis (88). Another study divided HNSC into three immune subtypes: ICA, ICB, and ICC. The ICA type is marked by the infiltration of high M1 macrophages, memory CD4 T cells, and CD8 T cells. The immune subtype has a better prognosis. ICB type cluster patients are characterized by markedly increased dendritic cell (DC), activated natural killer (NK) and follicular helper T cell densities and have an intermediate prognosis. Overall survival is shorter in patients with the ICC type, which is characterized by infiltration of stromal components and increased infiltration of M2 macrophage with immunosuppression, and decreased DC infiltration (89). This type is similar to the immune failure type in the previous study, consistent with the conclusions of this study. The results of immune infiltration analysis in this study also showed that TPM2 was positively correlated with macrophage M0 and M2, MTHFD2 was significantly negatively correlated with dendritic resting cells, and DNMT1 was significantly negatively correlated with macrophage M2 and dendritic resting cells. In this study, we found that GMRGs promoted the development of HNSC to some extent. Based on these five key predictors, this study constructed a pre-risk model, divided HNSC patients into high- and low-risk groups after scoring, and found that high-risk groups is associated with poorer prognosis of patients, and its prognostic value is verified, suggesting that the risk score feature can be used as an independent factor to predict the prognosis of patients. In addition, TMB plays an important role in tumors as an indicator of tumor mutational load, reflecting the degree of mutation in the genome of tumor cells, which is closely related to tumor response to immunotherapy and prognosis. But unfortunately, our results showed no difference in TMB between high and low risk groups.

Our study shows that GMRGs (MTHFD2, CDKN2A, TPM2, MPZ and DNMT1) may be a valuable biomarker in the diagnosis of HNSC. We also demonstrate the potential association of MTHFD2, CDKN2A, TPM2, MPZ and DNMT1 and infiltrating immune cells, its important role in the development of HNSC, thereby providing a new insight into the prevention and treatment of HNSC. Despite the demonstrated utility of our model in prognosticating HNSC patients and aiding treatment decisions, our investigation has certain limitations. Primarily, our analysis hinges on data sourced from public databases, which could introduce disparities between predicted outcomes and real-world scenarios. As a result, validation of our model’s clinical effectiveness necessitates the acquisition of prospective clinical information and post-immunotherapy sequencing data. Additionally, the uniqueness of each HNSC patient may influence the characteristics of the GMRGs. To surmount these constraints and bolster the resilience of our model, novel approaches and continued research endeavors are imperative.
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Background

High relapse rates remain a clinical challenge in the management of breast cancer (BC), with distant recurrence being a major driver of patient deterioration. To optimize the surveillance regimen for distant recurrence after neoadjuvant chemotherapy (NAC), we conducted a comprehensive analysis using bioinformatics and machine learning approaches.





Materials and methods

Microarray data were retrieved from the GEO database, and differential expression analysis was performed with the R package ‘Limma’. We used the Metascape tool for enrichment analyses, and ‘WGCNA’ was utilized to establish co-expression networks, selecting the soft threshold power with the ‘pickSoftThreshold’ algorithm. We integrated ten machine learning algorithms and 101 algorithm combinations to identify key genes associated with distant recurrence in BC. Unsupervised clustering was performed with the R package ‘ConsensusCluster Plus’. To further screen the key gene signature of residual cancer burden (RCB), multiple knockdown studies were analyzed with the Genetic Perturbation Similarity Analysis (GPSA) database. Single-cell RNA sequencing (scRNA-seq) analysis was conducted through the Tumour Immune Single-cell Hub (TISCH) database, and the XSum algorithm was used to screen candidate small molecule drugs based on the Connectivity Map (CMAP) database. Molecular docking processes were conducted using Schrodinger software. GMT files containing gene sets associated with metabolism and senescence were obtained from GSEA MutSigDB database. The GSVA score for each gene set across diverse samples was computed using the ssGSEA function implemented in the GSVA package.





Results

Our analysis, which combined Limma, WGCNA, and machine learning approaches, identified 16 RCB-relevant gene signatures influencing distant recurrence-free survival (DRFS) in BC patients following NAC. We then screened GATA3 as the key gene signature of high RCB index using GPSA analysis. A novel molecular subtyping scheme was developed to divide patients into two clusters (C1 and C2) with different distant recurrence risks. This molecular subtyping scheme was found to be closely associated with tumor metabolism and cellular senescence. Patients in cluster C2 had a poorer DRFS than those in cluster C1 (HR: 4.04; 95% CI: 2.60–6.29; log-rank test p < 0.0001). High GATA3 expression, high levels of resting mast cell infiltration, and a high proportion of estrogen receptor (ER)-positive patients contributed to better DRFS in cluster C1. We established a nomogram based on the N stage, RCB class, and molecular subtyping. The ROC curve for 5-year DRFS showed excellent predictive value (AUC=0.91, 95% CI: 0.95–0.86), with a C-index of 0.85 (95% CI: 0.81–0.90). Entinostat was identified as a potential small molecule compound to reverse high RCB after NAC. We also provided a comprehensive review of the EDCs exposures that potentially impact the effectiveness of NAC among BC patients.





Conclusion

This study established a molecular classification scheme associated with tumor metabolism and cancer cell senescence to predict RCB and DRFS in BC patients after NAC. Furthermore, GATA3 was identified and validated as a key gene associated with BC recurrence.
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Introduction

Breast cancer (BC) is a leading cause of cancer among women worldwide, with a constant rise in global morbidity rates (1). Annually, approximately 1.7 million new cases of BC and 0.5 million BC-related deaths are reported (2). Neoadjuvant chemotherapy (NAC) is a treatment strategy that involves administering chemotherapy to treat invasive BC before local treatment (3). NAC has been shown to decrease preoperative tumor volume, facilitating complete resection of BC. Furthermore, it is also used to estimate chemo-sensitivity and eliminate occult metastasis (4). Therefore, NAC has become a standard treatment for advanced BC, especially using anthracycline followed by taxane (5). However, high rates of relapse following treatment remain a significant challenge in BC management (6). Recurrence, including local/regional cancer recurrence, distant recurrence/metastasis, and contralateral primary breast cancer (7), is a major cause of death among BC patients. While locoregional recurrences represent significant clinical challenges, distant recurrence remains the leading cause of deterioration in BC patients.

In light of the high degree of heterogeneity in BC, adopting a predictive, preventive, and personalized medicine approach represents a promising strategy for optimizing treatment outcomes and enhancing patient prognoses (8). A critical element of successful clinical management involves incorporating reliable molecular biomarkers, encompassing both early diagnostic and prognostic biomarkers to identify patients requiring prompt and aggressive management, as well as predictive biomarkers to forecast and stratify responses to novel targeted therapies (8). Recently, microarray technologies have demonstrated immense potential for high-throughput studies of gene expression, uncovering the molecular mechanisms of tumor occurrence, development, metastasis, and recurrence (9). Bioinformatics analysis has the capability to reveal heterogeneity within molecular subtypes of various cancers (10–12). While several studies have explored biomarkers for BC distant recurrence, including residual cancer burden (RCB) (13), few have delved into the pre-NAC risk of post-NAC distant recurrence through bioinformatics analysis. In this study, we collected microarray data from pre-NAC BC patients and developed a novel molecular subtyping scheme to identify the risk of distant recurrence after NAC, thereby contributing to the enhancement of personalized clinical management and treatment regimens for BC.





Materials and methods




Microarray datasets acquisition

We conducted a comprehensive search of the Gene Expression Omnibus (GEO) database to identify and evaluate microarray datasets (14). Our inclusion criteria for the microarray datasets were as follows: (1) the samples were collected from patients who received neoadjuvant taxane-anthracycline chemotherapy; (2) the samples were obtained prior to the initiation of NAC; (3) the follow-up period included the RCB index. We identified two GEO datasets that met these inclusion criteria (GSE25066 and GSE32603). The microarray data and clinical information for GSE25066 (n=508) and GSE32603 (n=248) were obtained from the GEO database (https://www.ncbi.nlm.nih.gov/geo). We utilized the GSE25066 cohort, which comprised a relatively large number of samples, as the training dataset, while GSE32603 served as the validation dataset. Clinical data for BC patients in the GSE25066 cohort are presented in Table 1.


Table 1 | Clinical data of BC patients from GSE25066 cohort.







Gene differential analysis and enrichment analysis

We conducted differential expression analysis using the R package ‘Limma’ (15). Differentially expressed genes (DEGs) were identified with the following criteria: |Log2FC| > 1 and FDR < 0.05. For DEG identification between different RCB index groups (RCBII/III vs. RCB0/I), we performed Limma analysis. Enrichment analyses were carried out using the Metascape tool (16), with all parameters set to the recommended defaults. Enrichment terms meeting the criteria of p-value < 0.01, minimum count of 3, and enrichment factor > 1.5 were selected for further analysis.

The Metascape tool employed hierarchical clustering to categorize enrichment terms into distinct clusters based on screening criteria of kappa scores = 4 and similarity > 0.3. From each cluster, we selected the representative term with the minimum p-value. Our findings are summarized through a presentation of the top 20 clusters, each accompanied by their enriched terms.

We obtained GMT files containing gene sets linked to metabolism and senescence from the GSEA MutSigDB database, following selection based on default settings. The GSVA score for each gene set across diverse samples was computed using the ssGSEA function, which is implemented in the GSVA package. The GSVA scores for gene sets associated with metabolism and senescence were utilized to represent the metabolic and senescent states in the studied samples.





Weighted correlation network analysis

We utilized microarray data from samples with RCB index information in the GSE25066 cohort as input files for the R package ‘WGCNA’ to establish co-expression networks (17). WGCNA was executed with the default-recommended parameters, with the parameter settings of a minimum module size of 30 and a merging threshold of 0.25. For the establishment of co-expression networks, a soft threshold power was implemented to distinguish modules exhibiting distinct expression patterns. The selection of the soft threshold power was performed using the ‘pickSoftThreshold’ algorithm from the WGCNA R package (18). We conducted Pearson’s correlation analysis to estimate the correlation between Module Eigengenes (MEs) and the RCB index. The module with the highest Pearson’s coefficient was then identified as the key module most relevant to the RCB index.





Machine learning framework

In order to identify key genes associated with distant recurrence in breast cancer, a machine learning framework was utilized that integrated ten different machine learning algorithms and 101 algorithm combinations. The employed machine learning algorithms encompassed a range of models, including random survival forest (RSF), elastic network (Enet), Lasso, Ridge, stepwise Cox, CoxBoost, partial least squares regression for Cox (plsRcox), supervised principal components (SuperPC), generalised boosted regression modelling (GBM), and survival support vector machine (survival-SVM). The methodology comprised the use of an input file derived from the intersection of Limma-DEGs and WGCNA-key module, performing 101 algorithmic combinations on the input file to develop prediction models via leave-one-out cross-validation (LOOCV) in the GSE25066 cohort, validating all models in various AJCC stages, assessing the Harrell’s concordance indexes (C-index) for all models across the complete GSE25066 cohort and different AJCC stages, and selecting the model with the highest average C-index as the optimal model.





Consensus clustering

Unsupervised clustering was conducted using the ‘ConsensusCluster Plus’ R package. Agglomerative PAM clustering was performed using 1-Pearson correlation distances and resampling 80% of the samples for 10 iterations. The optimal number of clusters was determined by analyzing the empirical cumulative distribution function (CDF) plot. Microarray data’s gene expression values were used as input files for the cluster analysis.





Genetic perturbation similarity analysis

Genetic perturbation methods, such as siRNA, shRNA, and CRISPR/Cas9, are considered indispensable in scientific research. When investigating the mechanism of a specific gene in cells, RNA-seq is commonly performed following gene knockdown or knockout. The GPSA database (http://guotosky.vip:13838/GPSA/) was utilized to identify genes that induce similar downstream effects to the input data when knocked down or knocked out. The GPSA database contains a collection of 6,096 gene sets derived from 3,048 gene perturbation RNA-seq datasets (refer to Supplementary Table 1). These gene sets are categorized based on upregulation or downregulation patterns. Subsequently, GSEA analysis was conducted using the complete input dataset in conjunction with the aforementioned 6,096 gene sets. The GPSA applies filters to gene set terms using the following principles: 1) gene set terms from the same datasets should both exhibit enrichment, and 2) the NES (Normalized Enrichment Score) of the two gene set terms should be opposite.





Analysis of single-cell RNA sequencing data

The scRNA-seq expression profile matrix for GSE114727 (in-Drop) was obtained from the GEO database. The cellular annotations for GSE114727 were established using the Tumour Immune Single-cell Hub (TISCH) database (12, 19). The expression levels of individual genes were compared between different cell types using median values. UMAP analysis was performed on the expression levels of genes in the ‘Hallmark-Estrogen Response Early’ and ‘Hallmark-Estrogen Response Late’ pathways. The landscape of 22 infiltrating immune cells was assessed using the R package ‘CIBERSORT’ in microarray datasets.





Discovery of potential drugs by computational methods

A similarity scoring algorithm known as eXtreme Sum (XSum) was utilized to identify candidate small molecule drugs from the Connectivity Map (CMAP) database (20). The DEGs between different RCB index groups (RCBII/III vs. RCB0/I) were used as input files for the XSum algorithm. Subsequently, an XSum score was calculated for each drug in the CMap database, where a lower score indicates a higher potential for therapeutic use in reversing the high RCB.

The crystal structures of proteins encoded by the hub gene were obtained from the RCSB Protein Data Bank (PDB) website (www.rcsb.org/pdb/home/home.do) (21). Additionally, the 3D structures of small molecule drugs were retrieved from PubChem (https://www.ncbi.nlm.nih.gov/pccompound). The molecular docking process involved preparing the proteins and ligands, setting up a grid, and docking the compounds, all performed using the Schrödinger software (21). The optimal pose was selected based on the docking score and the plausibility of the molecular conformation.





Chemical-gene interaction analysis

As endocrine-disrupting chemicals (EDCs) found in the environment can mimic endogenous hormones, they may activate molecular pathways involved in the growth and development of BC. Therefore, exposure to EDCs has been linked to a poor prognosis in patients with prostate cancer. Further research is required to fully elucidate the mechanisms by which EDCs impact BC growth and prognosis. To explore the interplay between EDCs and the RCB and DRFS of BC after NAC, we conducted an analysis utilizing the meticulously curated research studies on the Comparative Toxicogenomic Database (CTD). In our analysis, we scrutinized EDCs affecting the gene expression of all key genes previously identified. Our analysis is limited to the human species only. The information about EDCs was obtained from previous literature (22).





Real time quantitative PCR and immunohistochemistry

RNA was extracted utilizing TRIzol reagent (Ambion, USA), followed by conversion of mRNA to cDNA using PrimeScriptTM RT Master Mix (Takara, Japan). Gene transcripts were quantified through the RT-qPCR assay utilizing ChamQ SYBR qPCR Master Mix (Vazyme, China). The relative expression levels of genes were evaluated using the 2-ΔΔCT method with GAPDH as the internal reference. To measure the expression levels of GATA3 and GAPDH, GATA3’s forward primer was 5′-AAGGCAGGGAGTGTGTGAAC-3′, and reverse primer was 5′-CGGTTCTGTCCGTTCATTTT-3′; while GAPDH’s forward primer was 5′-TGTTCGTCATGGGTGTGAAC-3′ and its reverse primer was 5′-ATGGCATGGACTGTGGTCAT-3′. The experiment was repeated thrice to calculate the average. Gene expression was determined using the RT-qPCR method. The study utilized samples from 8 BC patients from The Second Affiliated Hospital of Anhui Medical University. The samples were employed for RT-qPCR. All patients involved in the study provided informed consent prior to their inclusion in the study.

The data pertaining to IHC analysis was sourced from the HPA database. The Average Optical Density (AOD) was employed as a scoring method for statistical analysis. The professional pathologists used the ImageJ software to measure the AOD, with at least three measurements per sample taken to determine the mean AOD values.





Meta analysis

As of July 2023, we conducted a search for BC microarray datasets in the GEO database. The included datasets fulfilled the following criteria: (1) presence of complete GATA3 gene expression data; (2) availability of RFS data in clinical information; (3) samples size not less than 10. Meta-analysis was conducted using the “meta” R package to integrate hazard ratio (HR) and 95% confidence interval (CI) data from all included cohorts. Heterogeneity between the study results was determined by the I2 statistics. If a significant level of heterogeneity was observed, the fixed-effect model was utilized (I2 < 50%, P > 0.10, Mantel-Haenszel method); alternatively, the random effect model was used (I2 ≥ 50%, P ≤ 0.10, Der Simonian and Laird method). Publication bias was assessed using funnel plots, and their asymmetry was measured by Begg’s test and Egger’s test.





Data sources of mendelian randomization analysis

We conducted Mendelian randomization using summary-level data from the IEU Open GWAS database (https://gwas.mrcieu.ac.uk). Notably, all participants included in the IEU Open GWAS database provided informed consent in the corresponding original studies. The GATA3 GWAS summary dataset (GWAS ID: eqtl-a-ENSG00000107485) comprised a total of 31,684 individuals of European ancestry. The BC GWAS meta dataset (GWAS ID: ieu-a-1126) provided data on 228,951 individuals of European descent, consisting of 122,977 cases and 105,974 controls. Additionally, the ER+ BC GWAS meta dataset (GWAS ID: ieu-a-1127) included a total of 175,475 individuals of European descent, with 69,501 cases and 105,974 controls. Similarly, the ER- BC GWAS meta dataset (GWAS ID: ieu-a-1128) provided information on 127,442 individuals of European descent, with 21,468 cases and 105,974 controls. Finally, the BC Survival GWAS dataset (GWAS ID: ieu-a-1165) had a sample size of 37,954 individuals of European descent, including 2,900 individuals who had succumbed to BC.





Instrumental variable selection

Genetic variations are employed as instrumental variables (IVs) in MR to obtain unconfounded estimates for the causal effect of an exposure of interest on an outcome variable. Initially, we identified single-nucleotide polymorphisms (SNPs) that were statistically significant (p < 5*10^-8) across the genome and were associated with the exposure. To exclude SNPs that were in significant linkage disequilibrium (LD), we adopted a clumping technique with a window size of 10,000 kb and an R^2 value < 0.001. Subsequently, we consulted the Phenoscanner database (http://www.phenoscanner.medschl.cam.ac.uk/) to explore potential associations of SNPs with confounding variables and outcomes (p < 5*10^-8), and manually removed them to ensure the independence of our genetic instrumental variables from outcomes and confounding factors. Additionally, we employed the MR-Pleiotropy Residual Sum and Outlier technique (MR-PRESSO) to identify outlier variations and account for horizontal pleiotropy in our results. Furthermore, we used the following equation to cumulatively determine the F statistics for SNPs: F = (N - k - 1)R^2/k(1 - R^2), where R^2 represents the variation in the exposure explained by each IV. The F-statistics were used to assess the strength of the instruments, with an F value greater than 10 indicating substantial statistical power.





MR analysis

Mendelian Randomization Analyses Were Executed Using R Version 4.2.1 and the ‘TwoSampleMR’ Packages to Validate the Causal Association between Exposure and Outcome. Multiple MR approaches, including the inverse variance weighted (IVW), the weighted median (WM), the Mendelian randomization-Egger (MR-Egger) methods, simple mode, and weighted model, were employed in our investigation to ascertain the causal relationship between exposure and outcome. The IVW method was predominantly selected, as it demonstrated superior statistical validity among the available methods and consistently estimated the causal effect of exposure on the outcome.





Statistical analyses

Statistical analyses were performed using R software (version 4.0.4). The Wilcoxon/Kruskal-Wallis Test was used to compare continuous variables, while the Chi-Square test was used to assess differences in proportion. A p-value of less than 0.05 was considered statistically significant. Subgroup comparisons were analyzed using Kaplan-Meier (KM) survival analysis for DRFS and recurrence-free survival (RFS), followed by the log-rank test. Receiver operating characteristic (ROC) curve was utilized to observe the diagnostic value. Spearman’s correlation was employed for correlation analysis.






Results




Identification of DEGs between RCBII/III and RCB0/I

The KM survival analysis revealed that DRFS was worse in BC patients with RCBII/III (HR: 6.06; 95% confidence interval: 2.64–13.88; log-rank test p < 0.0001; Figure 1A). By utilizing the “Limma” R package, we identified 181 down-regulated and 130 up-regulated genes in patients with RCBII/III before the commencement of NAC (Figure 1B). The heatmap displaying the top 20 up-regulated and down-regulated genes can be observed in Figure 1C. We subjected the 311 DEGs to analysis using Metascape tools, revealing that the top 20 enriched pathways were primarily related to humoral immune response, mitotic cell cycle, and tissue homeostasis (Figure 1D and Supplementary Table 2).




Figure 1 | Gene differential analysis between RCB0/I and RCBII/III groups. (A) KM survival analysis of RCB0/I and RCBII/III groups in training dataset (GSE25066). (B) Volcano plot of DEGs between RCB0/I and RCBII/III groups (Green: down-regulated genes; Red: up-regulated genes). (C) Heatmap of the top 20 up-regulated genes and top 20 down-regulated genes according to p value. (D) The top 20 enrichment results for the DEGs based on the Metascape database.







Identification of key gene module associated with RCB index using WGCNA

We utilized the “WGCNA” R package to construct a gene co-expression network with an optimal power value (β=4) (Figure 2A). Within the GSE25066 cohort, 6759 genes were categorized into 18 co-expression modules, inclusive of the grey module. The cluster analysis outcomes for all samples are depicted in Figure 2B, while the co-expression modules are visually represented using distinct colors in Figure 2C. The gene assignments to various modules are detailed in Supplementary Table 3. Furthermore, the network heatmap indicated minimal correlation among all 18 co-expression modules (Figure 2D). The findings from the modules correlation analysis demonstrated the brown module as the most relevant module with RCBII/III (correlation coefficient r = 0.30, p < 0.0001; Figure 3A). Moreover, a noteworthy positive correlation existed between the module membership (MM) of the brown module and the gene significance (GS) for RCBII/III (correlation coefficient R = 0.70, p < 0.0001; Figure 3B). Metascape analysis unveiled that the 1014 genes within the brown module primarily participated in monocarboxylic acid metabolic processes, regulation of hormone levels, and embryonic morphogenesis (Supplementary Table 4). The top 20 enriched pathways are illustrated in Figure 3C.




Figure 2 | The results of WGCNA. (A) Determination of the soft threshold in the WGCNA algorithm. (B) Sample dendrogram and clinical-traits heatmap. (C) Cluster dendrogram and module assignment for modules from WGCNA. (D) Interactions among different gene coexpression modules.






Figure 3 | Screening results of gene modules. (A) Correlation between modules and clinical traits (RCB). (B) The scatter plot of gene significance (GS) versus module membership (MM) in the brown module. (C) The top 20 enrichment results for the brown module based on the Metascape database.







Identification of candidate genes related to DRFS of BC

We intersected the module genes obtained from WGCNA with the DEGs acquired through limma analysis, resulting in 156 RCB-related genes (Figure 4A). These 156 RCB-related genes underwent a machine learning-based integrative procedure to further refine the core gene signatures that significantly influence the DRFS of BC. Within the GSE25066 cohort, we employed the leave-one-out cross-validation (LOOCV) framework to build 101 prediction models and calculated the C-index for each model across various American Joint Committee on Cancer (AJCC) stages. Consequently, the optimal model was the random survival forest (RSF), exhibiting the highest average C-index (0.964), which outperformed all other models across different AJCC stages (Figure 4B). Employing the RSF algorithm, we pinpointed a total of 16 RCB-related gene signatures that impact DRFS (Supplementary Table 5). Among these signatures, TMSB15B, UGT8, and ASS1 displayed elevated expression in the RCB0/I group, while the other genes exhibited higher expression in the RCBII/III group (Supplementary Figure 1A).




Figure 4 | Hub genes were screened within machine learning. (A) Flow chart describing the screen for RCB-related genes impacting the DRFS of BC patients after NAC. (B) Performance comparison of prediction models based on different machine learning methods (IBC : Inflammatory breast cancer).







A newly developed molecular subtyping to predict the DRFS of BC

We performed unsupervised clustering using the R package “ConsensusCluster Plus” on the 16 RCB-related gene signatures in GSE25066. The ideal cluster number was identified based on the empirical cumulative distribution function (CDF) plot (Figures 5A, B), with the best partition efficiency achieved at k = 2 based on consensus scores (Figures 5C, D). As a result, we divided BC patients into different molecular subtypes (cluster C1 & cluster C2), and the heat-map indicated distinct gene expression patterns of the 16 RCB-related gene signatures between the clusters (Figure 5E). Notably, patients in cluster C2 had a poorer DRFS than those in cluster C1 (HR: 4.04; 95% CI: 2.60–6.29; log-rank test p<0.0001; Figure 6A). We investigated whether the DRFS differences were attributed to RDB and found no significant difference in the proportion of RDB III patients between the clusters (27% vs. 26%), but a greater proportion of patients who achieved a pathological complete response (pCR) after NAC were observed in cluster C1 (Supplementary Figure 1C). To further validate the predictive capability of the novel molecular subtyping scheme for DRFS, multivariate analysis was performed and showed that our molecular subtyping scheme was an independent strong predictor for DFRS in BC (HR: 5.20; 95% CI: 3.13–8.60; p<0.0001) (Supplementary Figure 1D).




Figure 5 | Unsupervised clustering performed in training dataset (GSE25066). (A) Consensus clustering cumulative distribution function (CDF) for k = 2-10. (B) Relative change in the area under the CDF curve (k = 2-10). (C) Consensus clustering matrix for k=2. (D) Cluster consensus values for k = 2-10. (E) Heatmap for the normalized expression of the 16 RCB-related gene signatures. (*: p<0.05, **: p<0.01, ***: p<0.001).






Figure 6 | (A) Differences in DRFS between different molecular subtypes in training dataset (GSE25066). (B) KM curve analysis of DRFS is shown for patients classified according to molecular subtype and RCB class. (C) Developed nomogram. The nomogram was developed with the N stage, RCB class and molecular subtype. (D) ROC curve demonstrating diagnostic performance of nomograms for DRFS. (E) The calibration curve to evaluate the accuracy of the nomogram at 1, 3 and 5 years, respectively.



A stratified analysis of the prognosis for DRFS based on the RCB index and pathologic response was performed (Supplementary Figure 2), which isolated patients with greater risk of distant recurrence from the RCB II, RCB III, and residual disease (RD) subcategories based on the molecular subtyping scheme. We investigated the possible reasons for the better DRFS of cluster C1, which had fewer pCR patients. CIBERSORT algorithm analysis indicated that 16 types of immune cells were significantly differently infiltrated in different clusters (Supplementary Figure 3A), with the most significant difference being the higher number of resting mast cells in cluster C1 (p<0.0001). Furthermore, KM analysis revealed that higher resting mast cell infiltration is a significant protective factor of distant recurrence for BC patients with NAC (HR: 0.42; 95% CI: 0.25–0.71; log-rank test p=0.00087; Supplementary Figure 3C). The vast majority (96%) of cluster C1 patients had estrogen receptor (ER)-positive tumors, which were observed rarer (19%) in pCR patients. In summary, resting mast cell infiltration and ER status may contribute to the different risks for distant recurrence between cluster C1 and C2.

Incorporating the RCB index with the molecular subtyping scheme could improve the predictive accuracy of DRFS before the start of NAC (Figure 6B). Within the overall follow-up time (mean: 3.76 years), no patients experienced a distant recurrence in the “RCB 0/I & C1” group. The “RCB I/II & C2” subcategory had the poorest prognosis in terms of DRFS, with the median time to distant recurrence being 2.52 years. To aid in clinical use, a nomogram was established based on the independent prognostic factors (N stage, RCB class, molecular subtyping) identified by multivariate analyses (Figure 6C).To evaluate the accuracy of the nomogram, we drew a ROC curve and calibration plot (Figures 6D, E). The ROC curve analysis for the 5-year DRFS demonstrated an outstanding predictive performance (AUC = 0.91, 95% CI: 0.95–0.86; C-index = 0.85, 95% CI: 0.81–0.90).





Independent validation of molecular subtyping scheme

We conducted unsupervised clustering using the independent validation set (GSE32603) and achieved optimal partition efficiency with k=2, based on consensus scores and CDF curves (Supplementary Figures 3B, 4A, C, D). The heatmap depicted a highly similar gene expression pattern of the 16 RCB-related gene signatures between GSE25066 and GSE32603 (Supplementary Figure 4E). Clinical characteristics were comparable between different clusters in the validation set and the training dataset (Supplementary Figures 5A, B). Patients within cluster C2 exhibited inferior RFS compared to those in cluster C1 (HR: 2.11; 95% CI: 1.10–4.02; log-rank test p=0.02; Supplementary Figure 5C). Integration of the RCB index with the molecular subtyping scheme in the validation set enhanced the predictive accuracy of RFS estimation before the commencement of NAC (Supplementary Figure 5D). Therefore, our molecular subtyping scheme was regarded as appropriate and generalizable.





GPSA analysis reveals key gene associated with RCB

To identify the key genes associated with RCB, we performed GPSA analysis on differentially expressed genes between the RCB 0/I and RCB II/III groups. We identified 327 genes that shared similar downstream effects with the input data when knocked down/out (Supplementary Table 6). The intersection of these 327 genes with the 16 RCB-related gene signatures affecting DRFS identified by the RSF algorithm resulted in the identification of GATA3 as the key gene associated with RCB. The pattern of gene expression in the RCB II/III group was opposite to that observed in MCF7 cell lines with knockdown of GATA3 (Figures 7A–C). There was a strong negative correlation between the enrichments in the Hallmarks pathways of the RCB II/III group and the MCF7 cell lines with knockdown of GATA3 (R= -0.886, p<0.0001; Figure 7D). These results provide strong evidence supporting the rationale of GATA3 as the key gene associated with RCB.




Figure 7 | In GPSA database, the up-regulated and down-regulated gene sets were obtained by differentially expressed gene analysis after GATA3 knocked down using shRNA. (A) The up-regulated gene set were enriched in RCB 0/I group and (B) the down-regulated gene set were enriched in RCB II/III group. (C) The pattern of gene expression in RCB II/III group was opposite to that observed in the MCF7 cell lines with knockdown of GATA3. (D) The results of pearson correlation analysis between the NES of hallmark gene sets enriched in both RCB II/III group and GATA3 shRNA knocked down cell line (R=-0.886, p < 0.001).







Relationship between GATA3 and mast cells revealed by single-cell analyses

GATA3 expression was found to be higher in cluster C1, which had a better DRFS (Figure 8A). High GATA3 expression was positively correlated with better DRFS in BC patients after NAC (HR: 0.24; 95% CI: 0.16–0.39; p<0.0001; Figure 8B). Furthermore, BC tumors with high GATA3 expression showed greater infiltration of resting mast cells (Figure 8C). Spearman analysis demonstrated a significant positive correlation between GATA3 expression and the extent of tumor-infiltrating resting mast cells in the tumors (R= 0.33, p<0.0001; Figure 8D).




Figure 8 | (A) Boxplot of GATA3 expression levels between different molecular subtypes (Red: Cluster C1; Blue: Cluster C2). (B) KM analysis demonstrating the difference of DRFS between low and high levels of GATA3. (C) Box plot showed the differences in infiltration levels of resting mast cells between low and high levels of GATA3 group. (D) Spearman correlation analysis between the expression level of GATA3 and resting mast cells infiltration.



To explore the connection between mast cell infiltration and GATA3 within tumor tissue, we conducted single-cell sequencing analysis and employed the TISCH database. A total of 11 cell types were identified in the GSE114727 (in-Drop) dataset, including B cells, CD8 T cells, CD4 Tconv cells, endothelial cells, fibroblasts, mast cells, dendritic cells, macrophages, myofibroblasts, natural killer (NK) cells, and neutrophils (Figure 9A). Intriguingly, GATA3 exhibited the highest expression level in mast cells infiltrating BC tumors, consistent with our prior findings (Figures 9B, C). Additionally, the “Hallmark-Estrogen Response Early” and “Hallmark-Estrogen Response Late” pathways were particularly enriched in mast cells (Figures 9D, E), indicating that mast cells possess a heightened capacity to respond to estrogen compared to other immune cells infiltrating BC tumors.




Figure 9 | Results of scRNA-seq analysis basedon TISCH database. (A) UMAP plot of all the single cells in GSE114727-inDrop cohort, with each color coded for 11 major cell types. (B) Relative expression of GATA3 genes in distinct cell types (the bluer the color, the higher the expression). (C) Violin plots showing the expression of GATA3 genes in distinct cell types. (D) The degree of enrichment of “Hallmark-Estrogen Response Early” and “Hallmark-Estrogen Response Late”pathways in different cell types (the redder the color, the higher the degree).







Discovery of potential drugs by computational methods

In our study, we used the “XSum” algorithm to perform CMap analysis with the top 1000 DEGs (500 up-regulated and 500 down-regulated genes) between RCB 0/I and RCB II/III groups as input. Our analysis revealed that Entinostat (MS-275) had the minimum XSum score (Supplementary Table 7), indicating that it is a potential small molecular compound to reverse high RCB after NAC. In other words, Entinostat has the potential to reduce tumor burden and control residual tumors after NAC. To explore the possibility of Entinostat acting as a direct GATA3 inhibitor, we conducted molecular docking analyses using Schrodinger software. Three-dimensional and two-dimensional docking poses of Entinostat and GATA3 protein were shown in Figures 10A, B, respectively. Our findings suggest that Entinostat has a favorable binding affinity for the GATA3 protein, as evidenced by a docking glide score of -7.573 kcal/mol. Therefore, Entinostat may represent a novel and promising strategy for increasing the efficacy of NAC.




Figure 10 | In silico molecular docking of GATA3 protein with Entinostat using Schrodinger software. Schematic 3D (A) and 2D (B) representation of molecular docking models, active sites, and binding distances.







Exploration of EDC exposures with potential to impact the DRFS of BC

We explored all potential EDC Exposures that may impact the expression levels of the 16 Key Genes Associated with RCB and DRFS by leveraging the CTD database. Subsequently, we have acquired a total of 19 different types of EDC Exposures that could affect the expression level or methylation state of the 16 Key Genes, showing in Supplementary Table 9. Thus, these EDC Exposures have the potential to modulate the RCB and DRFS of BC, an effect that is mediated by the intermediary factors of these 16 Key Genes. Hence, avoiding exposure to these EDCs may facilitate an improvement in the effectiveness of NAC among BC patients. Further studies may be necessary to elucidate the underlying mechanisms and ultimately improve outcomes in the management of BC.





Relationship between molecular subtyping strategies and tumor metabolism and cellular senescence

The enrichment levels of pathways related to tumor metabolism and cellular senescence were evaluated across distinct clusters of patients using the ssGSEA method. The Wilcoxon rank sum test revealed a significant difference in the enrichment scores of pathways related to metabolism and cellular senescence between Cluster 1 and Cluster 2 (Supplementary Table 10). Out of the 15 pathways associated with cellular senescence, 11 displayed significantly higher enrichment scores in Cluster 2 compared to Cluster 1. The “reactome oncogene induced senescence” pathway exhibited the most significant difference in enrichment scores between clusters. Significant differences were observed between the metabolic profiles of Cluster 1 and Cluster 2 (Supplementary Figure 6A). Cluster 1 exhibited elevated levels of fatty acid metabolism, propanoate metabolism, ascorbate and aldarate metabolism, and butanoate metabolism, while Cluster 2 demonstrated increased levels of galactose metabolism. We also evaluated the association between the key gene, GATA3, and both metabolism and cellular senescence (Supplementary Figure 6B). Metabolic pathways, including alanine aspartate and glutamate metabolism, ascorbate and aldarate metabolism, beta alanine metabolism, butanoate metabolism, and fatty acid metabolism, were found to be significantly positively associated with GATA3 gene expression levels (Supplementary Figure 6B). Most cellular senescence pathways were found to be enriched with a negative correlation with GATA3 gene expression levels. However, the sphingolipid metabolism in senescence pathway showed a significant positive correlation with GATA3 gene expression levels (Supplementary Figure 6C).





Experimental validation of GATA3 as a biomarker for BC and RCB after NAC

To begin with, high-definition immunohistochemical images from the HPA database were retrieved for breast cancer and normal breast tissues. These images were utilized to assess the differential GATA3 protein expression levels between the two tissue types, using an AOD evaluation method (Figure 11A). There is a significant upregulation of GATA3 protein expression levels in breast cancer tissues (Figure 11B). We collected post-operative specimens from eight breast cancer patients subjected to neoadjuvant taxane-anthracycline chemotherapy. Tumor diameter measurements were taken before chemotherapy, and the remaining tumor load was determined from post-operative pathology reports. Of the eight patients, four had tumors that shrunk more than 80% after chemotherapy and were classified into the RCB-Low group. On the other hand, the remaining four patients with tumors that shrank less than 50% after chemotherapy were classified into the RCB-High group. Our findings from PCR assays showed that GATA3 gene expression levels were significantly upregulated in the RCB-High group, in agreement with the previous bioinformatics analysis results (Figure 11C).




Figure 11 | Validation of GATA3 expression levels. (A) GATA3 protein expression in immunohistochemical images of BC (left) and normal (right) samples. (B) The AOD of GATA3 protein in BC (Red) and normal (Green) samples. (C) Results of PCR analysis.







Meta-analysis validation of GATA3 as a predictive biomarker for BC tumor recurrence

In this Meta-analysis, a total of 21 cohorts were included. It merits mentioning that even microarray datasets derived from the same study but measured on distinct platforms (GPL) were regarded as separate cohorts, given the batch effect of the gene sequencing. Both the common effect model (HR=0.53, 95%CI [0.44-0.62], Z=-7.35, p<0.0001) and random effects model (HR=0.50, 95%CI [0.40-0.63], Z=-5.99, p<0.0001) demonstrated GATA3 as a favorable protective factor against BC recurrence. The heterogeneity among the included studies was deemed acceptable (P=0.06, I2 = 35%). Accordingly, we opted for the results derived from the random effects model (Figure 12A). Our findings from the Eggers and Beggs tests indicated that there was no significant publication bias (Eggers test, p= 0.0534; Beggs test, p=0.07) (Figure 12B). In conclusion, our meta-analysis results corroborated the findings from our bioinformatics analysis, indicating GATA3 as a protective factor against breast cancer recurrence.




Figure 12 | Forest (A) and funnel (B) plots of meta-analysis on GATA3 and RFS of BC.







Results of MR analysis

MR integrated GWAS with eQTL data to test for the association BC and eQTL of GATA3 (Figure 13; Supplementary Figure 7). The results from the IVW, WM, MR-Egger methods, simple mode, and weighted model analyses collectively suggest that changes in GATA3 gene expression are not a causative factor for BC occurrence (including ER+ and ER- subtypes). Instead, mutations in GATA3 eQTL (leading to downregulation of the GATA3 gene) could serve as protective factors against the occurrence of BC (IVW: p<0.001, WM: p<0.001, simple mode: p=0.001, and weighted model: p=0.001). There is a causal relationship between downregulation of the GATA3 gene and breast cancer mortality (IVW: p<0.001, WM: p<0.001, simple mode: p=0.03, and weighted model: p=0.02).




Figure 13 | Forest plot showing results from the Mendelian randomization analysis.








Discuss

RCB is a highly intuitive indicator for assessing the effectiveness of NAC regimens and has also found utility in predicting clinical outcomes in BC patients (22). Nevertheless, several studies have indicated that even patients achieving pCR after preoperative or postoperative chemotherapy might not experience complete recovery or local control, with some of these tumors still at risk of recurrence (23–25). As a result, relying solely on RCB to predict DRFS following NAC is inadequate. There is an urgent demand for a novel and robust classifier to accurately predict individual risks of distant recurrence in clinical settings.

In this study, we investigated disparities in gene expression patterns and the activation of signaling pathways between high and low levels of RCB after NAC treatment. Utilizing a combination of machine learning models and WGCNA, we identified significant gene signatures closely linked to RCB. Additionally, the GPSA database facilitated the analysis of multiple knockdown studies, ultimately pinpointing GATA3 as a pivotal gene signature associated with RCB after NAC treatment. Among the most frequently mutated genes in BC, GATA3 (11%) took precedence, followed by TP53 and PIK3CA (26). GATA3, along with its downstream target FOXA1, assumes a critical role in upholding the luminal differentiation status of human mammary epithelial cells (27, 28). Furthermore, GATA3 acts as a constraint on the metastatic dispersion of tumor cells by impeding the epithelial-to-mesenchymal transition (EMT) process (29). This, in part, elucidates the connection between GATA3 and improved DRFS observed in our investigation (Figure 8B). Moreover, our research employed an array of validation techniques, including IHC, Rt-PCR, meta-analysis, and MR, to corroborate our bioinformatic analysis findings. Initial validation through IHC and RT-PCR established the association of GATA3 expression levels with both BC development and RCB progression subsequent to neoadjuvant therapy. Although our preliminary results suggest that GATA3 is a biomarker for DRFS in breast cancer patients following NAC treatment, there are limited applicable datasets with DRFS information of BC patients in the GEO database. Therefore, we expanded our search and conducted a meta-analysis to investigate the potential of GATA3 as a biomarker for RFS (including DRFS) in BC patients. Then, meta-analysis of 21 independent cohorts confirmed the close relationship between GATA3 and RFS of BC. The use of MR enabled us to explore the causality between GATA3 and breast cancer incidence and prognosis. Our comprehensive validation, involving large-scale cohorts, was consistent with the results of our bioinformatic analysis.

Furthermore, prior studies have demonstrated that concurrent expression of GATA3 and Hes-1 skews the cell fate of myeloid progenitors toward downstream progenitors capable of generating mast cells at the single-cell level (30). In our investigation, there was a significant positive correlation between resting mast cells and GATA3 expression levels in BC. According to Xie et al., tumor-infiltrating mast cells can mitigate the efficacy of chemotherapy and radiotherapy by influencing the p38/p53/p21 signaling pathway and ATM phosphorylation (31). This could partly elucidate why tumors with higher levels of resting mast cell infiltration, such as those in cluster C1 and the RCBII/III group, exhibit more residual tumors post NAC. Furthermore, Majorini et al. explored whether co-culturing with mast cells impacts the expression of ER in various panels of human and mouse BC cell lines (32). In all tested cell lines, the presence of mast cells led to a significant increase in ER transcription and protein levels. Our single-cell sequencing analysis findings also supported this observation. ER-positive BC, generally, carries a more favorable prognosis compared to ER-negative tumors, exhibiting reduced aggressiveness, with its development and progression regulated by ER (33). A study involving a sizable sample revealed that ER-positive BC carries an extended risk of recurrence, with around 50% of recurrences transpiring after 5 years (late distant recurrence, LDR), in contrast to ER-negative BC, which primarily recurs within the initial 5 years (34). Additionally, patients with ER-positive BC can gain benefits from prolonged endocrine treatment, a strategy proven to further curtail the risk of both local and distant recurrence (35). In essence, manipulation of the GATA3-mast cell-ER axis may hold promise as a prospective therapeutic target to mitigate the risk of distant recurrence and enhance outcomes for BC patients. Moreover, the GATA3-mast cell-ER axis forms the underlying biological foundation for our devised molecular subtyping scheme, aiming to predict DRFS after NAC.

In our study, we developed an mRNA expression-based molecular subtyping scheme and a nomogram to predict distant DRFS in BC patients following NAC. Our nomogram demonstrated excellent prediction ability, with an AUC of 0.91 for 5-year DRFS, outperforming many previous prediction tools (Supplementary Table 8) (36–45). Importantly, our study used microarray data collected prior to NAC treatment, suggesting that our results have the potential to guide clinical decision-making, particularly before NAC treatment initiation. If a BC patient is identified as high risk for distant tumor recurrence by our nomogram, further adjuvant therapies and close monitoring are required to prevent and detect relapse.

Through bioinformatic technologies, we identified Entinostat as a potential therapeutic drug to further reduce RCB when combined with NAC. Entinostat is an oral synthetic benzamide-derivative that inhibits HDAC1 and HDAC3 enzymes, and has shown promising antitumor activity in vitro and in vivo (46–58). Combination therapy with chemotherapeutic agents and Entinostat has been shown to enhance anti-proliferative activity and overcome treatment resistance in preclinical researches. Safety evaluations of Entinostat for BC patients in a Phase III Clinical Trial indicated relatively low levels of adverse events, similar to previous research (57, 58) However, the effects of Entinostat on the efficacy of NAC in BC patients have not been reported, warranting further investigation.

We present an extensive review with the aim of investigating the impact of exposure to endocrine-disrupting chemicals (EDCs) on the expression levels of RCB-related genes - a phenomenon that may potentially influence the disease-free survival (DRFS) of breast cancer (BC) following neoadjuvant chemotherapy (NAC). Our objective is to illuminate the pivotal interplay between external factors and NAC, along with its clinical implications within the context of BC pathogenesis. Through our research, we offer fresh insights and resources that can facilitate a more comprehensive exploration of the intricate relationship between BC progression and exposure to EDCs. Consequently, these findings hold the potential to offer new perspectives for guiding clinical treatment strategies for BC patients, ultimately enhancing the standard of care for this condition.

Although our study provides novel insights into optimizing therapeutic and surveillance regimens for distant recurrence after NAC, there are still some limitations that need to be acknowledged, such as the reliance on association studies and bioinformatics analysis. Further experimental studies based on the observations of the current study are required. Our findings may improve targeted prevention and personalized treatment strategies in BC, leading to a paradigm shift from reactive medical services to predictive, preventive, and personalized medicine. Overall, the current study aims to identify a potential biomarker to predict DRFS after NAC, which could increase the efficiency of NAC and reduce treatment costs.





Conclusions

Based on combination of bioinformatics and machine learning analysis, we fully explore the difference of gene expression pattern and activation of signaling pathways between high and low level of RCB after NAC treatment. Furthermore, multiple knockdown studies were analyzed by GPSA database and then GATA3 was further screened out as a key gene signature of RCB following NAC. Subsequently, we constructed and verified a mRNA expression-based molecular subtyping scheme and a nomogram, which were able to accurately predict DRFS in BC patient following NAC. This molecular subtyping scheme was found to be closely associated with tumor metabolism and cellular senescence. The GATA3-mast cell-ER axis is also the potential biological basis for the our molecular subtyping scheme established to predict DRFS after NAC. We also provided a comprehensive review of the EDCs exposures that potentially impact the effectiveness of NAC among BC patients. Our study contributes to the optimization of personalised clinical management and treatment regimens of BC.
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Supplementary Figure 1 | (A) Boxplot of the expression levels of the 16 RCB-related gene signatures between different RCB classes (Red: RCB II/III; Blue: RCB 0/I). (B) The proportion of BC patients with different RCB classes in Cluster C1 and Cluster C1 (Blue: RCB III; Red: RCB II; Green: RCB 0/I). (B) The proportion of BC patients with different pathologic response in Cluster C1 and Cluster C1 (Blue: RD; Red: pCR). (C) Multivariate analysis for risk factor for distant recurrence of BC patients after NAC.

Supplementary Figure 2 | KM curves showing the difference of DRFS in Cluster C1 and Cluster C2 stratified by RCB class and pathologic response.

Supplementary Figure 3 | (A) Boxplot showing the infiltration levels of 22 immune cell types in different molecular subtypes (Red: Cluster C1; Blue: Cluster C2). (B) Box plot showing the differences in infiltration levels of resting mast cells between different RCB class (Red: RCB 0/I; Green: RCB II/III). (C) KM analysis demonstrating the difference of DRFS between low and high infiltration levels of resting mast cells. (D) The proportion of BC patients with different ER status in Cluster C1 and Cluster C1 (Blue: positive; Red: negative). (E) The proportion of BC patients with different ER status in RD group and pCR group (Blue: positive; Red: negative).

Supplementary Figure 4 | Unsupervised clustering performed in verification dataset (GSE32603). (A) Consensus clustering cumulative distribution function (CDF) for k = 2-10. (B) Relative change in the area under the CDF curve (k = 2-10). (C) Consensus clustering matrix for k=2. (F) Cluster consensus values for k = 2-10. (D) Heatmap for the normalized expression of the 16 RCB-related gene signatures.

Supplementary Figure 5 | Verification of the predictive ability of our molecular subtyping scheme in verification dataset (GSE32603). (A) The proportion of BC patients with different RCB class in Cluster C1 and Cluster C1 (Blue: RCB 0/I; Red: RCB II/III). (E) The proportion of BC patients achieved pCR after NAC in Cluster C1 and Cluster C1 (Blue: pCR-No; Red: pCR-Yes). (A) Differences in RFS between different molecular subtypes in GSE32603. (B) KM curve analysis of RFS is shown for patients classified according to molecular subtype and RCB class in GSE32603.

Supplementary Figure 6 | (A) The heatmap displays the enrichment scores of the metabolism and senescence-related pathways between Cluster 1 and Cluster 2. The results of the Spearman correlation analysis between the expression level of GATA3 gene and the enrichment scores of the metabolism (B) and senescence (C) -related pathways.

Supplementary Figure 7 | The scatter plot of five MR methods.
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Background

It is well known that cancers have a common feature that even if the environment is extremely poor in nutrients, they can still make good use of them to maintain viability as well as to produce new biomass, which is one of the reasons why tumor cells are powerfully less susceptible to senescence and death. The microenvironment has a profound impact on the senescence as well as the growth and development of tumor cells, and it is also the focus of scientists’ research because it may even affect the discovery of the treatment and pathogenesis of cancer. And so the study of the microenvironment in the tumor cells is of great significance to the analysis of the tumor cells as well as to the impact of their senescence. Similarly, the microenvironment of osteosarcoma is also crucial for its impact, but to our knowledge, there is no bibliometric study that systematically analyzes and describes the trends and future hotspots in this field of research as we do, and we are going to fill this gap in this study.





Methods

We searched the Web Science Core Collection 2010-2023 in WOS on August 1, 2023. Based on the criteria needed for the search, we retained articles that matched the topic, excluded studies other than articles and reviews, and selected only studies whose language was English. We performed an intuitive visualization and bibliometric approach to analyze the research content in this field and a systematic visualization of global trends and hotspots in the research of osteosarcoma and the microenvironment, for which we used multiple specialized For this purpose, we used several specialized software packages, such as VOSviewer and the Bibliometrix package for R software. Because research in this area of osteosarcoma and the microenvironment has begun to gain popularity in the last 10 years or so, and is a very novel piece of research, there were almost no studies in this area prior to 2010 and they were not very informative, and in the end, we chose to look at studies from after 2010.





Results

Based on the criteria needed for the search, resulting in a final selection of 821 articles. In the research area related to osteosarcoma and microenvironment, we found that China in Asia and the United States in North America and Italy in Europe were the three countries or regions with the highest number of published articles. In addition, the institution that published the most research in this area was Shanghai Jiao Tong University. In terms of publications in the field of osteosarcoma and microenvironmental research, Baldini, Heymann, and Avnet are among the top 3 authors. The terms “cancer”, “cells” and “expression” are found to be more commonly employed.





Conclusion

Using a variety of highly specialized software, we have undertaken a visual and bibliometric study of the current state of research and potential future hotspots in the field of osteosarcoma and microenvironment research. The microenvironment has a profound impact on the senescence and growth and development of cells in tumors, including osteosarcoma, and may even influence the discovery of cancer treatment and pathogenesis, and is also a hotspot and focus that scientists have begun to gradually study in recent years. This analysis and visualization will help guide future research in the field.
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Introduction

The internal environment in which tumor cells grow and survive is referred to as the tumor microenvironment, or TME. The extracellular matrix’s non-cellular components, such as cytokines and chemokines, as well as the surrounding fibroblasts, immune and inflammatory cells, vascular cells, and other stromal and immune cells linked to cancer are all included in the microenvironment in addition to the tumor cells themselves (1, 2), The relationship between the tumor and its microenvironment has drawn increasing attention from academics over the course of so many years of research. Especially at the present stage when the tumor treatment has come to a bottleneck, and the recurrence and prognosis of cancer have become a headache. At this time, many people believe that the microenvironment may be one of the keys to solving these thorny problems, and many studies have proved that there is a great connection between the development and recurrence of cancer and its microenvironment (3–5).The most important features of the tumor microenvironment are hypoxia, chronic inflammation, and immunosuppression. They work in harmony with one another to support the growth and development of tumor cells as a whole.

A very aggressive bone tumor with an annual incidence of about 480 per million people, osteosarcoma is more common in children and adolescents (6, 7). Despite an increase in treatment choices, patients with osteosarcoma still have a 5-year overall survival rate that is less than 70% (8). And the recurrence rate remains around 30%. Researchers have found that the poor prognosis and recurrence of osteosarcoma may be the paucity of knowledge of the molecular pathways underlying the onset and spread of osteosarcoma, researchers discovered that the mesenchymal stem cells (MSCs) in the osteosarcoma microenvironment, in particular, may be directly associated to osteosarcoma development and metastasis. In a study of osteosarcoma in rats, it was found that MSC significantly promoted lung metastasis of osteosarcoma (9). According to the findings of numerous research, the rejection of TP53 and Rb causes osteoblasts to develop into osteosarcoma cells (10–12). Loss of Rb may lead to further malignant transformation of MSC into osteosarcoma, and overexpression of C-myc may cause MSC to have a similar outcome to Rb loss (13).

The tumor microenvironment is the most favorable site for osteosarcoma growth and development and metastasis. If the microenvironment of bone can be more deeply understood, the mechanisms of osteosarcoma development as well as metastasis can be better comprehended, and furthermore, targets to stop or reduce OS metastasis can be found to solve the problem at the root.

To undertake a rigorous quantitative and qualitative study of the studies on osteosarcoma and the microenvironment, we will employ bibliometrics. To better direct the research in this sector, bibliometrics can more clearly display the hotspots of that research as well as the direction of potential future cutting-edge trends (14, 15).





Materials and methods




Process of gathering and retrieving data

We systematically searched the Web of Science (WoS) from January 1, 2020, to August 1, 2023. It is well known that WoS contains almost the richest category of journals and is the most read and frequently read database for specialized sciences (16). The WoS database is more scientific, specialized and comprehensive than some other databases (17). There is no doubt that the WoS database is best suited for bibliometric research analysis (18–20). We also downloaded the data on 8/1/2023. Search terms included TS= (osteosarcoma) and TS= (microenvironment). The data were saved in txt format after downloading, which were plain text files, preserving the complete record and citing references. After we scrutinized and screened several times, only papers and review articles were retained, literature not related to the research in this field was excluded. Also, it should be emphasized that we are choosing “Science Citation Index Expanded” and “Social Sciences Citation Index” for WoS. The entire procedure of screening the literature is effectively shown in Figure 1.




Figure 1 | Flowchart for screening articles that meet the requirements.








Results




Information about published studies that are generally related to this topic of osteosarcoma and the microenvironment

From the findings of all the research on osteosarcoma and the microenvironment that has been published, the final results show a total of 821 research articles, of which they are included in 304 journals, 4839 authors have conducted research in the field of Osteosarcoma and Microenvironment, and for the 13-year period from 2010 to 2023, we found that a total of 1105 institutions and 55 countries are involved in researching in the field. Publications in the field of osteosarcoma metabolism cited 40,533 articles from 3,817 journals. Of these, out of a total of 821 studies in the field, 417 were found to be from China, 170 from the United States, and 76 articles from Italy, which were the top three countries or regions with the most research publications in the field. France, Japan, and England are the top 4-6 nations with the most publications in this area. Despite having only 39 papers published, England came in top place with an average of 31.97 citations, suggesting that the country’s research in this area is more well-known. Table 1 lists the top 10 countries with the highest number of published articles in osteosarcoma and microenvironment research. In addition, as can be seen in Figure 2, the publication of papers in osteosarcoma and microenvironment-related research demonstrates a general trend of steady increase. Of course, since we are still counting that data on August 01, 2023, the number of articles published at that point is 115, but the prediction for 2023 based on the first two quarters of publications is that 170 articles in this area of research will be published in 2023, so the overall trend is still upward.


Table 1 | Top 10 nations in terms of publications in the topic of microenvironment and osteosarcoma.






Figure 2 | Trends in the volume of publications published each year in the study of the microenvironment and osteosarcoma.







Visual analysis of country or region collaboration in the study of osteosarcoma and the microenvironment worldwide, 2010 to 2023

Figure 3 provides a visual representation of the network of international collaborations in the study of osteosarcoma and the microenvironment from January 1, 2010, to August 1, 2023. As shown in Figure 3 and according to Table 1, a total of 55 countries or regions from around the world have participated in studies on osteosarcoma and the microenvironment over the course of the past 13 years. These countries or regions have also collaborated on this research area quite frequently. More than 20 papers in this field of study have been published in a total of 8 nations or regions. It is clear from Figure 3’s depiction of the cooperation patterns among the various nations and regions involved in osteosarcoma and microenvironment research that the United States and China are the field’s absolute hubs, with other nations picking up on these trends as they radiate outward from their respective centers in China and elsewhere. Different representations of the graphs of cooperation relationships between countries or regions, namely the network of such relationships, the graph of such relationships with change over time, and the graph of such relationships’ density, are shown in Figures 3A-C, respectively. As shown in Figure 4, to better show the collaboration between countries or regions, we again used the Bibliometrix package in R to create a collaboration diagram similar to a world map for the research field of osteosarcoma and microenvironment.




Figure 3 | Different representations of the graphs of cooperation relationships between countries or regions, namely the network of such relationships, the graph of such relationships with change over time, and the graph of such relationships’ density, are shown in (A-C), respectively.






Figure 4 | Using the Bibliometrix tool for the R programming language, national and regional cooperation in the fields of osteosarcoma and microenvironmental research were geographically shown.







Collaborations among authors who published articles in research areas related to osteosarcoma and the microenvironment from 2010 to 2023 were visualized and analyzed using VOSviewer software

We used VOSviewer software to analyze the articles published between 2010 and 2023 in this field of study on osteosarcoma and the microenvironment. We discovered that 4839 authors in total are involved in this field of study. We also visualized the author collaborations with the top 92 authors who have published the most articles in this field. Each of these 92 authors has published at least four or more articles, as calculated by Price Law, m=0.749*√nmax=3.432 (nmax=21), and the detailed information of the authors who are ranked in the top 12 in terms of the number of articles published in the research in the field of Osteosarcoma and Microenvironment is shown in Table 2.


Table 2 | top 12 authors with the highest number of publications in research areas related to osteosarcoma and the microenvironment and their article citations.



From Figure 5, we can find that global collaborations are becoming increasingly close in the field of research on osteosarcoma and microenvironment, Figures 5A-C are the graphs of collaborations between authors, changes in author collaborations over time, and changes in the heat and density of author collaborations, respectively.




Figure 5 | (A-C) are the graphs of collaborations between authors, changes in author collaborations over time, and changes in the heat and density of author collaborations, respectively.



The four authors, Baldini, Heymann, Avnet, and Redini, who conducted the study of osteosarcoma and microenvironment, have published a large number of studies related to this field, and are the more cutting-edge and hot researchers in this field. Among them, we learned after analysis that Baldini’s multiple acts involved the influence of the acidic microenvironment in osteosarcoma on the development of osteosarcoma (16, 21). The role of mesenchymal stroma on osteosarcoma as well as its microenvironment was also investigated (17, 18). In total, he produced 21 publications in the topic, with an average of 40.67 citations per. These 21 papers received 854 citations overall. Verrecchia, Franck also has the highest average number of citations in the field, with 50.50, despite not being the most prolific author of published research in the area. His articles have frequently described the past, present, and future of the intricate ecosystem known as the osteosarcoma microenvironment (19, 20).





Analysis of various institutions publishing research on osteosarcoma and microenvironment

With a total of 42 articles on this study topic and a total of 1,521 citations, VOSviewer results demonstrate that Shanghai Jiao Tong University ranks first among all academic institutions globally in terms of the number of publications in the subject of osteosarcoma and microenvironment. Additionally, in terms of the quantity of articles produced by their organizations in this sector, Central South University and University of Bologna were rated second and third globally, respectively. The top ten institutions in the world according to the quantity of this field’s publications produced are detailed in Table 3.


Table 3 | Top 10 institutions with the highest number of publications in research areas related to osteosarcoma and the microenvironment and their article citations.



Figure 6 is a visualization of the collaborations of the major global institutions that publish articles in this research area, and we can find that Shanghai Jiao Tong University, Central South University, and University of Bologna are at the center and have close collaborations with many other institutions. Figures 6A-C show the linkages between institutions, the variation of institutions’ collaborations over time, and the variation of institutions’ collaboration density and hotspots, respectively.




Figure 6 | (A-C) show the linkages between institutions, the variation of institutions’ collaborations over time, and the variation of institutions’ collaboration density and hotspots, respectively.







Numerous studies on osteosarcoma and microenvironment research have been published in various journals

The top ten journals in terms of H-index among all journals ranked in this area of research for the years 2010 to 2023 are presented in Figure 7A as a result of VOSViewer software’s analysis of the research area of Osteosarcoma and Microenvironment. The trend in the volume of articles published in the top 15 journals in the field over the past few years is very clearly displayed in Figure 7B.




Figure 7 | Trend of the top 10 journals in terms of H-index and the top 15 journals in terms of the quantity of articles published. (A, B) displays, respectively, the H-index ranking of journals in the discipline and the trend in the number of papers published in those journals over time.







In-depth analysis of keywords in the field of osteosarcoma and microenvironment research

It is well recognized that a study field’s rapidly expanding term usage can serve as a reliable predictor of the field’s current hot trend and future hot direction. The keywords with the highest frequency in the research field of osteosarcoma metabolism from 2010 to 2023 are shown in Figures 8A, B. Their sizes can be used to denote their importance and high frequency of use in the field. We analyzed the keywords in the research field of osteosarcoma and microenvironment using the Bibliometrix package in R.




Figure 8 | The presentation of keywords for research in this field. (A, B) shows the different representations of the percentage of keywords researched in the field.



The phrases “cancer,” “cells,” and “expression” are found to be used more frequently, which reflects the field’s current and potential future directions. This shows the direction in which the discipline is currently and potentially going to evolve. Figures 9A–C illustrate the relationship between keywords, the evolution of keywords through time, and the variation in keyword density, respectively.




Figure 9 | (A-C) illustrate the linkages between keywords, the evolution of keyword linkages over time, and the changes in keyword density and linkages over time, respectively.







Analysis of keywords exploding in osteosarcoma and microenvironment research 2010-2023

One of CiteSpace’s distinctive features is its ability to highlight potential hotspots and trends that may have formed over each time period by displaying the abrupt proliferation of terms in a given field of study during a certain time period. As seen in Figure 8, we employed the software to assess the verbal boom in the area of osteosarcoma metabolism. A sudden explosion in that time period is shown by the red hue on the line that follows each outburst period. It is generally accepted that an outbreak of words in a particular field of study is indicated to be of some significance when the intensity of the words is greater than, say, 3.0, and we found that many of the words in this study of the osteosarcoma microenvironment met this requirement, which is indicative of the hotness of the research in this field.

From Figure 10, we can easily find that the most recent research explosion in this field is the term “tumor immune microenvironment” that will appear in 2021, which also indicates the most likely hot direction and trend in the research field of osteosarcoma and microenvironment now and in the future. We also found that there are a few words in the field that have appeared in recent years or are just starting to fade, such as “extracellular vesicles” which exploded in 2018 and is cooling off in 2021, and “exosm “exosm” is exploding in 2019 and cooling off in 2021. These words have important meanings, and the changes of these words can indicate the previous research direction and current content as well as the possible future hotspots and cutting-edge directions in the field of osteosarcoma microenvironment.




Figure 10 | Analysis of Keywords for Explosive Growth in Osteosarcoma and Microenvironment Research, 2010-2023.







Most cited literature in published articles in osteosarcoma and microenvironment research, 2010-2023

We found that the most cited paper here examines the relationship between infiltrating macrophages in the tumor microenvironment and osteosarcoma (22), and the quality of the article is very high, so it’s no surprise that a lot of researchers would cite this article. Additional highly cited articles in the field have examined the relationship between immune signaling pathways in osteosarcoma and clinical treatments and molecular mechanisms of osteosarcoma, among others (23, 24). This can be seen in Figure 11.




Figure 11 | Top 11 Most Cited Literature in Published Articles in Osteosarcoma and Microenvironment Research, 2010-2023.








Discussion

In recent years, we have found that the term “microenvironment” has appeared with increasing frequency in osteosarcoma research, and more studies and basic experiments on the microenvironment of osteosarcoma are underway. Among the many studies in this field, some researchers have investigated the effect of Mesenchymal stem cells (MSCs) in the microenvironment of tumor cells on the development of osteosarcoma (10, 25–27). There have also been studies on the effect of RNA level in the microenvironment of tumor cells on osteosarcoma and the analysis of the mechanism (28, 29). In addition, it has been found that complement C1q may be an index of microenvironmental remodeling in osteosarcoma (30). There are also researchers who suggest that CD8+ T cells can enhance penetration into the microenvironment of osteosarcoma cells (31). It is also enough to show that the direction of scientists’ research aimed at osteosarcoma and the microenvironment is multifaceted and systematic.

We have conducted a great deal of very in-depth analysis to profile and visualize the authors, country regions, and journals of the articles published between January 1, 2010, and August 01, 2023, in the research field related to Osteosarcoma Microenvironment in order to provide in-depth analysis and guidance on potential future hotspots and cutting-edge directions in this field of Osteosarcoma and Microenvironment. We located 821 papers that suit the field’s content using Citespace, VOSviewer, and other software, and we were able to display the research done in this area during the last 13 years. Seven of the top 10 institutions were Chinese universities, while Shanghai Jiao Tong University received the most citations. China is the nation that has been referenced the most in the subject, and England has received the most citations on average.

In terms of authorship, we found that research in the field is roughly divided into 5 core areas, or 5 clusters shown in Figure 4A, where Baldini, Heymann, Avnet, and Redini are all important researchers in a more central position. In terms of the countries or regions that have studied the field of osteosarcoma and the microenvironment, our analysis shows that With a combined total of 586 publications published in this subject in these two nations, which accounts for more than 70% of the global research in this field, China and the United States are the two leading research hubs in the field of osteosarcoma metabolism.

Additionally, “microenvironment,” “expression,” “cancer,” “osteosarcoma,” and “metabolism” are all commonly recurring terms in the findings. Additionally, between 2010 and 2023, these phrases essentially denote the most well-liked research trajectories in the area of osteosarcoma and microenvironment. In addition, using a methodology exclusive to Citespace software, we looked at key terms that have had astronomical growth in the industry over the previous 13 years. This word generally refers to how drastically a field of study has changed over a certain amount of time and can help researchers identify hotspots and emerging trends.

In the case of osteosarcoma and the microenvironment, the results show that the key terms that have exploded in recent years are “carcinoma”, “tumor immune microenvironment”, “exosome”, “microenvironment”, “microenvironment”, “exosome”, “exosome”, and “microenvironment”, “model”, and “tumor microenvironment”, with most of these words exploding in frequency from 2017-2023. Additionally, it is possible to forecast that in the upcoming years, these hotspots will likely dominate the field of osteosarcoma and microenvironment study.

We have intrinsic constraints related to particular research pair, but our work is the first bibliometric analysis and visualization in the field of osteosarcoma and the microenvironment. Since using numerous databases simultaneously in this sort of study is challenging, for instance, we only utilized the WoS database, but since the WoS database is the most commonly used, acknowledged, and covered database in bibliometrics (32–35), the results we ultimately produced are relatively convincing, and the results of our study reflect the overall research in the field very well. trends in the field.





Conclusion

We have analyzed and visualized the bibliometric study of research in the field of osteosarcoma and microenvironment research from 2010 to 2023 using VOSviewer and Citespace and R language software. This work is the first to use bibliometric approaches to comprehensively assess and illustrate the research on osteosarcoma and the microenvironment. We have a very intuitive description and visualization of authors, countries or regions, academic institutions, keywords, and outbreak words in the field of osteosarcoma microenvironment. The field of osteosarcoma microenvironment research is on fire by leaps and bounds, and we hope our research can help. This analysis and visualization will be useful for directing future research in this area.
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Background

Elderly individuals diagnosed with high-grade gliomas frequently experience unfavorable outcomes. We aimed to design two web-based instruments for prognosis to predict overall survival (OS) and cancer-specific survival (CSS), assisting clinical decision-making.





Methods

We scrutinized data from the SEER database on 5,245 elderly patients diagnosed with high-grade glioma between 2000-2020, segmenting them into training (3,672) and validation (1,573) subsets. An additional external validation cohort was obtained from our institution. Prognostic determinants were pinpointed using Cox regression analyses, which facilitated the construction of the nomogram. The nomogram’s predictive precision for OS and CSS was gauged using calibration and ROC curves, the C-index, and decision curve analysis (DCA). Based on risk scores, patients were stratified into high or low-risk categories, and survival disparities were explored.





Results

Using multivariate Cox regression, we identified several prognostic factors for overall survival (OS) and cancer-specific survival (CSS) in elderly patients with high-grade gliomas, including age, tumor location, size, surgical technique, and therapies. Two digital nomograms were formulated anchored on these determinants. For OS, the C-index values in the training, internal, and external validation cohorts were 0.734, 0.729, and 0.701, respectively. We also derived AUC values for 3-, 6-, and 12-month periods. For CSS, the C-index values for the training and validation groups were 0.733 and 0.727, with analogous AUC metrics. The efficacy and clinical relevance of the nomograms were corroborated via ROC curves, calibration plots, and DCA for both cohorts.





Conclusion

Our investigation pinpointed pivotal risk factors in elderly glioma patients, leading to the development of an instrumental prognostic nomogram for OS and CSS. This instrument offers invaluable insights to optimize treatment strategies.





Keywords: high-grade glioma, web-based prognostic nomogram, SEER, overall survival, cancer-specific survival, external validation




1 Introduction

High-grade gliomas rank as the predominant and most virulent primary brain tumors in adults, constituting a significant fraction of malignant gliomas (1). In individuals aged 65 and over, the occurrence of these tumors is 2.63 times that of their younger counterparts (2), presenting amplified challenges due to typically poorer prognoses in this older demographic (3). Given the dire survival statistics, it is imperative to dissect the prognostic factors for overall survival (OS) and cancer-specific survival (CSS) in the elderly to refine clinical decision-making and treatment modalities. Elderly patients with glioma encounter unique challenges compared to their younger counterparts. These challenges include systemic aging, multiple comorbidities which make tolerating the toxic effects of intensive treatments difficult, and a focus on treatment strategies that prioritize improving quality of life. Declines in cognitive and functional status can influence patient compliance, while the surgical risks and incidences of complications and adverse reactions are elevated. For glioma patients, age and overall health status significantly influence prognosis. Despite this, many existing prognostic models for glioma either overlook the nuances of elderly patients or exclude them based solely on age. Such models fail to offer accurate prognostic predictions for individual elderly patients, hindering effective clinical decision-making. Addressing this deficiency, our study aims to develop tailored prognostic assessment tools for the elderly, facilitating personalized outcome predictions and treatment choices.

Clinical and tumor-centric prognostic models can be instrumental in predicting individual risk and outcomes for elderly glioma patients. Nomograms, statistical models that generate personalized probabilities of clinical outcomes like survival based on various predictors (4), have gained traction in oncological decision-making due to their enhanced prognostic precision over conventional staging systems (5). The prognostic nomogram integrates a range of clinical and pathological factors, assigning scores and weights to each based on regression analysis, to quantify a patient’s prognostic risk. Unlike traditional staging systems, nomograms excel in offering individualized, quantitative outcome predictions. By generating risk predictions tailored to a patient’s clinical and pathological profile, they equip physicians with vital insights for devising personalized treatment strategies. For instance, patients with favorable prognoses might be advised to undergo aggressive treatments, including surgery and chemoradiotherapy. Conversely, for those with unfavorable prognoses, considering the potential for tumor progression and complications, a more conservative approach may be recommended to prioritize quality of life. Yet, a conspicuous gap exists in the provision of nomograms specifically calibrated for OS and CSS predictions in elderly patients with high-grade gliomas. While a plethora of prognostic tools populate the academic landscape, only a scant few embrace the convenience and immediacy of web-based solutions. These digital platforms, with their intuitive interfaces, can revolutionize clinicians’ decision-making, ensuring patient-centric, optimal care pathways. In the era of digital health ascendancy, a web-based prognostic tool tailored for this demographic is both timely and essential.

Thus, the crux of our study was twofold: to pinpoint the salient risk factors for elderly patients with high-grade glioma and to architect and validate a web-centric prognostic nomogram for OS and CSS. This nomogram is underpinned by established clinical prognostic markers discerned through multivariate regression analysis from the expansive Surveillance, Epidemiology, and End Results (SEER) database. We envisage that our nomogram will equip healthcare professionals with a tangible, pragmatic instrument to sharpen survival predictions and tailor treatment plans for the elderly glioma cohort. Validation was undertaken with external datasets to enhance its reliability and applicability.




2 Methods



2.1 Patient selection and data source

Elderly patients with glioblastoma multiforme were identified from the SEER database using SEER*Stat software (Version 8.4.2) through January 2023 (6). We employed the International Classification of Diseases for Oncology, third edition (ICD-O-3) codes to recognize glioblastoma (GBM) cases diagnosed between 2000-2020. The SEER cancer registry, established by the National Cancer Institute in 1973, captures standardized cancer data from diverse U.S. regions, covering 34.6% of the national population. Drawing from hospitals, physicians, laboratories, and vital statistics offices, SEER offers a rich dataset on patient demographics, tumor attributes, treatment, and outcomes. This valuable resource assists in monitoring national cancer statistics, trends, and aids cancer control initiatives. The publicly accessible SEER data facilitates in-depth cancer analysis to guide prevention, treatment, and research strategies. The following variables were extracted for each patient: age (coded as 65 to 69 years, 70 to 69 years) 79 or ≥80 years), sex, race (white, black, or other), marital status (married, unmarried, or other), tumor grade (class III or IV), primary tumor site (supratentorial, cerebellum/brainstem, overlap area, or unspecified), laterality (left, right, or other), and tumor size (<4.5 cm or ≥4.5 cm) cm), extent of lesion (localized, regional, or distant), type of surgery (none, subtotal, or total resection), and use of radiotherapy and chemotherapy (yes or no/unknown). We chose these variables because previous studies have shown that they may be prognostic factors for survival outcome in glioma patients. Age, extent of resection, and modalities such as radiotherapy and chemotherapy have long been considered important determinants of prognosis. Characteristics such as tumor location, size, and grade can also significantly affect clinical outcomes.

The ICD-O-3, crafted by the World Health Organization, ensures precise classification of neoplasms based on anatomy and histology. It promotes standardization across over 1500 histological types, using four-digit codes for location and two-digit codes for microscopic composition. By ensuring consistent tumor categorization, the regularly updated ICD-O-3 bolsters cancer surveillance and research, enabling comparison of national and global incidence data. Given the SEER dataset’s public accessibility, there was no need for ethics committee approval or informed consent.

Our primary focus was on high-grade gliomas in elderly patients. The inclusion criteria were:

	(1) First or primary malignant glioma, excluding other primary cancers;

	(2) Diagnostic confirmation by positive histology;

	(3) Grade III-IV glioma, excluding unclassified cases;

	(4) Age ≥ 65;

	(5) Predominant histological types of high-grade gliomas listed by specific codes;

	(6) Exclusion of ambiguous or invalid primary tumor dimensions;

	(7) Surgical type specifications, excluding unknown or diagnostic surgeries;

	(8) Excluding unknown or unspecified laterality records;

	(9) Exclusion of patients with unspecified demographic details.



For external validation, we retrospectively sourced data from elderly high-grade glioma patients at the Fourth Affiliated Hospital of Harbin Medical University and Hulin People’s Hospital between 2008-2023. This external cohort’s inclusion and exclusion criteria mirrored the primary SEER dataset. All participants from the external validation group provided informed consent. The study received local ethics committee approval and conformed to the Declaration of Helsinki. Figure 1 depicts the patient selection flow. From our screening, 5245 glioma patients were shortlisted and randomly segmented into training (3672) and internal validation (1573) cohorts, with an additional external validation cohort of 63 patients.




Figure 1 | Overview of the study. The flowchart illustrates the step-by-step progression from Data extracted from the SEER database to Validation of the prediction model. Each box represents a distinct phase, interconnected by arrows indicating the flow or sequence. C-index, concordance index; SEER, Surveillance, Epidemiology, and End Results; ROC, receiver operating characteristic; DCA, decision curve analysis.






2.2 Variables and definitions

We extracted twelve attributes from the SEER database, deemed potentially prognostic for prostate cancer patients with brain metastases. The profile of geriatric glioblastoma patients encompassed the following factors: demographics (including age, sex, race, and marital status), tumor characteristics (such as grade, primary site, laterality, size, and extent of spread), and treatment modalities (surgery type, radiotherapy, and chemotherapy). Each variable was categorized based on SEER database codes: Age: 65-69, 70-79, or ≥80 years; Race: White, Black, or other (comprising American Indian/Alaska Native and Asian/Pacific Islander); Marital Status: Married, unmarried (which includes single or domestic partner), or other (encompassing separated, divorced, or widowed); Tumor Size: Less than 4.5 cm or equal to/greater than 4.5 cm; Laterality: Left, right, or other (indications like not paired, bilateral, or midline); Primary Site: Supratentorial lobes, cerebellum/brainstem, overlapping regions, or unspecified; Extent (or summary stage): Local, regional, or distant; Surgery: None, gross total resection, or subtotal resection. By categorizing age and tumor size into distinct groups, it becomes more straightforward for clinicians to gauge risk profiles and potentially tailor interventions based on these simpler categorizations. Our categorization was grounded in clinically established thresholds or prior research.




2.3 Cox regression and nomogram development

In the training cohort, potential prognostic factors were ascertained using univariate Cox regression analysis. Those with a P-value less than 0.05 in the univariate analysis underwent multivariate Cox regression to identify independent prognostic determinants. A prognostic nomogram was then formulated for predicting OS and CSS based on these independent factors. “ Hazard Ratio (HR)” is used to denote hazard ratios derived from the Cox regression analyses.

Model discrimination and performance were evaluated using Harrell’s concordance index (C-index) and receiver operating characteristic (ROC) curves. The area under the curve (AUC) was calculated for the ROC curves to gauge the model’s accuracy (7). C-index and AUC values ranging between 0.5 and 1.0 signify better predictive precision. The R package “rms” facilitated the generation of calibration plots, providing insight into the nomogram’s accuracy.

For assessing the clinical relevance of the nomogram, decision curve analysis (DCA) was deployed (8). Upon identifying the optimal cutoff for risk scores, a risk stratification system was established. Based on this demarcation, patients in both cohorts were classified into high-risk or low-risk categories. Kaplan-Meier curves and log-rank tests were employed to discern survival differences between these risk groups.

The nomogram development process can be summarized as follows: 1. Assignment of Points for Each Variable: Points for each variable were determined using regression coefficients from our multivariable Cox proportional hazards model. A unit increase in a predictor variable leads to a proportional increase in the log hazard ratio, and thus risk, as defined by its regression coefficient. Setting one predictor (usually with the smallest coefficient) as a reference (e.g., 100 points) allowed for the scaling of other predictors’ coefficients in relation to this benchmark, establishing their respective point values; 2. Rationale Behind Point Assignments: This method of point allocation provides a graphical simplification of the complex mathematical interplay between predictors and outcomes, aiding clinicians and researchers in calculating an aggregate point score that denotes a patient’s specific risk or likelihood of an outcome; 3. Translating Total Points to Survival Probabilities: Aggregate points from predictors were linked to survival probabilities using the baseline survival function. The survival probability corresponding to a particular point score was determined by integrating the score into our cohort’s derived baseline survival function.

In this study, point scores in the nomogram were assigned based on the β-coefficients obtained from the Cox regression models. The prognostic factor with the largest absolute β-coefficient was allocated a score of 100 points. Subsequent prognostic factors were scored relative to this benchmark, according to their individual β-coefficients. There were no additional modifications or adjustments to the β-coefficients beyond this relative scoring process. Using these assigned point scores, the nomogram was developed by aligning each prognostic determinant with its corresponding point range. The cumulative points from all determinants were then mapped to the predicted probabilities of OS and CSS on the nomogram’s outcome axis.




2.4 Statistical analysis

All statistical analyses were performed using R software (version 4.1.3). Continuous variables, such as OS presented in months, are depicted as medians with interquartile ranges (Q1, Q3). Categorical variables are conveyed through frequencies and percentages. Chi-squared tests evaluated categorical variables, whereas t-tests analyzed continuous variables. Kaplan-Meier curves, constructed to assess survival rates, were compared using log-rank tests. To discern independent prognostic factors, both univariate and multivariate Cox regression analyses were executed. R packages, including “survival”, “rms”, “timeROC”, “ggplot2”, “ggDCA”, and “DynNom”, facilitated the development, evaluation, and web-based deployment of the prognostic nomogram models. A P-value less than 0.05 (two-sided) was deemed statistically significant.





3 Results



3.1 Characteristics of baseline cohort

In this study, 5,245 elderly patients diagnosed with high-grade glioma were selected from the SEER database based on specific inclusion and exclusion criteria. These patients were randomly divided into a training cohort (n = 3,672) and an internal validation cohort (n = 1,573) using a 7:3 ratio. Additionally, 63 elderly patients with high-grade glioma from the Fourth Affiliated Hospital of Harbin Medical University and Hulin People’s Hospital were included as an external validation cohort, comprising 20 patients aged 65-69, 31 aged 70-79, and 12 aged 80 and above.

Table 1 presents the baseline clinicopathological attributes of the participants. It’s noteworthy that 48.5% of the patients were aged between 70-79 years, with a significant majority (over 90%) being white. Most had grade IV gliomas (over 90%). About 70% exhibited gliomas situated in the supratentorial lobes, and over 90% had tumors with localized extent. More than half of the patients (53.4%) had tumors smaller than 4.5 cm. In terms of tumor laterality, 42.6% were on the left side, and 43.1% on the right. Additionally, over 60% of the patients underwent both chemotherapy and radiotherapy.


Table 1 | Characteristics of elderly patients with high-grade glioma.






3.2 Identification of prognostic factors

Univariate Cox regression analysis was performed on all variables within the training cohort to discern factors influencing overall survival. Variables significant at a P-value less than 0.05 included age, marital status, glioma’s primary site, laterality, glioma extent, tumor size, surgical intervention, chemotherapy, and radiotherapy. These variables were subsequently incorporated into the multivariate Cox regression model. Upon multivariate analysis, age, glioma’s primary site, laterality, glioma extent, tumor size, surgical approach, chemotherapy, and radiotherapy remained statistically significant predictors of overall survival for elderly patients with high-grade glioma, with P-values of <0.001, 0.016, <0.001, <0.001, 0.013, <0.001, <0.001, and <0.001, respectively. Notably, for CSS, significant factors included age, glioma’s primary site, laterality, glioma extent, tumor size, surgical approach, chemotherapy, and radiotherapy, with corresponding P-values of <0.001, 0.022, <0.001, <0.001, 0.011, <0.001, <0.001, and <0.001. Collectively, these findings underscore that patient age, glioma location, laterality, extent, size, and treatment modalities significantly determine survival outcomes in this patient demographic (refer to Table 2 for details).


Table 2 | Analyses of overall survival and cancer-specific survival in elderly patients with high-grade glioma using both univariate and multivariate regression.






3.3 Development and validation of the prognostic nomogram

Using multivariate Cox regression analysis, eight independent risk factors were identified, and a nomogram was constructed to predict 3-, 6-, and 12-month OS and CSS in elderly patients with high-grade glioma (Figures 2E and 3E). Each variable was assigned a score from 0 to 100 based on its prognostic significance. The combined score, calculated from the sum of individual variable scores, reflected the projected 3-, 6-, and 12-month survival rates. Calibration curves revealed a strong alignment between the nomogram predictions and observed outcomes at 3, 6, and 12 months for both the training and internal validation cohorts, underscoring the nomogram’s high predictive accuracy (Figures 2I–K, 3H, I). The C-index for OS was 0.734 (95% CI: 0.725–0.743) in the training cohort, 0.729 (95% CI: 0.715–0.743) in the internal validation cohort, and 0.701 (0.620-0.781) in the external validation cohort. AUC values for these cohorts were as follows: for the training cohort, they were 0.863 at 3 months, 0.819 at 6 months, and 0.780 at 12 months (Figure 2F); for the internal validation cohort, they were 0.850 at 3 months, 0.822 at 6 months, and 0.775 at 12 months (Figure 2G); for the external validation cohort, they were 0.732 at 3 months, 0.838 at 6 months, and 0.763 at 12 months (Figure 2H). These metrics exhibit robust discriminative capacity, reinforcing the nomogram’s predictive precision. Similarly, the C-index for CSS was 0.733 (95% CI: 0.724-0.742) in the training cohort and 0.727 (95% CI: 0.713-0.741) in the validation cohort. The associated AUC values were 0.864 at 3 months, 0.819 at 6 months, and 0.777 at 12 months (Figure 3F) in the training cohort, and 0.852 at 3 months, 0.820 at 6 months, and 0.770 at 12 months (Figure 3G) in the validation cohort. These metrics also showcase strong discriminative power, further affirming the nomogram’s predictive accuracy. In summary, the proposed nomogram presents a reliable method for individualized outcome prediction in elderly patients with high-grade glioma.




Figure 2 | Development and Validation of a Web-Based Nomogram to Predict 3-, 6-, and 12-Month Overall Survival in Elderly Patients with High-Grade Glioma. The web-based nomogram on overall survival (A). Curve depicting estimated survival probability over time for the input patient (B). 95% confidence intervals for selected predicted monthly survival probabilities (C). Numerical summary of predicted monthly survival probabilities (D). Nomogram on overall survival in elderly patients with high-grade glioma (E). ROC curves in the training group (F), the internal validation group (G) and external validation (H). Calibration curves were generated for the training cohort (I), the internal validation cohort (J) and the external validation (K). User guide for the nomogram: For each patient, a vertical line from each variable value intersects the “Points” axis to determine its score. The cumulative score is determined based on the axis labeled as ‘Total Points’. Next, a vertical line is drawn downwards from the sum of points to determine the predicted overall survival of 3-, 6-, and 12-month. User guide for the web-based nomogram: Log on to the website, enter the age, primary site, laterality, summary stage, tumor size, surgery, chemotherapy, and radiation into the line according to the actual situation of the patient, select predicted survival n months, and then click “Predict”. If high traffic prevents normal use, click “Reload” in the bottom left corner to retry. STR, subtotal resection; GTR, gross total resection.






Figure 3 | Development and Validation of a Web-Based Nomogram for Predicting 3-, 6-, and 12-Month Cancer-Specific Survival in Elderly Patients with High-Grade Glioma. The web-based nomogram on cancer-specific survival (A). Curve depicting estimated survival probability over time for the input patient (B). 95% confidence intervals for selected predicted monthly survival probabilities (C). Numerical summary of predicted monthly survival probabilities (D). Nomogram on overall survival in elderly patients with high-grade glioma (E). ROC curves in the training group (F) and validation group (G). Calibration curves were generated for the training cohort (H) and the validation cohort (I). The User guide is the same as in Figure 2.






3.4 Clinical application of the nomogram

We assessed the utility of our nomogram against the summary stage using decision curve analysis. This analysis demonstrated that our nomogram consistently provided a higher net clinical benefit, producing more precise 3-, 6-, and 12-month OS and CSS predictions compared to the summary stage. The external validation cohort further validated this advantage, underscoring the clinical efficacy of our nomogram (Figure 4).




Figure 4 | The DCA of the nomogram. On OS for predicting 3-month (A), 6-month (B), and 12-month (C) in the training cohort; 3-month (D), 6-month (E), and 12-month (F) in the internal validation cohort and 3-month (G), 6-month (H), and 12-month (I) in the external validation cohort. The DCA of the nomogram on CSS for predicting 3-month (J), 6-month (K), and 12-month (L) in the training cohort and 3-month (M), 6-month (N), and 12-month (O) in the validation cohort. Summary stage is equal to extent of glioma. DCA, decision curves analysis; OS, overall survival; CSS, cancer-specific survival.



To enhance the nomogram’s clinical applicability, we developed an intuitive point scale for straightforward bedside use. As illustrated in Figures 2E and 3E, physicians can align a patient’s prognostic indicators with the corresponding points. By summing the total points and referencing the total point scale, clinicians can directly ascertain the projected 3-, 6-, and 12-month OS and CSS. For each patient, a vertical line drawn from the variable value intersects the ‘Points’ axis to determine the corresponding score. The combined score is inferred from the ‘Total Points’ axis, and another vertical line from this total score indicates the predicted OS and CSS for 3, 6, and 12 months. This streamlined point system effortlessly merges the nomogram into clinical routines, offering tailored survival predictions that can inform patient discussions and treatment decisions tailored to the risks for elderly glioma patients. Parameters such as the extent of resection can be adaptively modified to refresh prognostic estimates during patient follow-ups.




3.5 Application of risk stratification system

X-tile employs a data-driven approach complemented by statistical simulations and modeling to determine optimal cut point for biomarkers that maximize sensitivity and specificity for outcomes such as survival (9). The implemented algorithms include equal-width binning, equal-frequency binning, optimal data-driven binning, Monte Carlo simulations, Kaplan-Meier analysis, and bootstrapping (10). This rigorous approach enables optimal biomarker cut point determination and has led to the frequent utilization of X-tile for survival analysis across various malignant tumors (11–13). In this study, the X-tile algorithms enabled reliable optimal cut-point analysis and creation of survival-based risk stratification systems using nomogram scores for all patients. The entire cohort was divided into two distinct risk subgroups: low-risk (N = 2599, 49.55%, scores <107.8) and high-risk (N = 2646, 50.45%, scores >107.8) on OS (Figure 5A), which displayed substantial differences in Kaplan-Meier survival curves, validating the risk stratification system. A similar stratification was observed when the cohort was divided into low-risk (N = 2618, 49.91%, scores <108.73) and high-risk (N = 2627, 50.09%, scores >108.73) subgroups on CSS (Figure 5D), which also exhibited significant differences in Kaplan-Meier survival curves, further corroborating the validity of the risk stratification system. Analysis of survival using Kaplan-Meier curves and log-rank tests indicated that the subgroup at high risk exhibited decreased survival rates in comparison to the low-risk subgroup (Figure 5B, C, E).




Figure 5 | Kaplan–Meier curves demonstrating Overall Survival (OS) and Cancer-Specific Survival (CSS) in low- and high-risk patient groups. The x-axis represents time and the y-axis shows the probability of survival. The drops in the curve represent observed events (deaths) at that time point. Histogram depicting distribution of patients based on optimal risk score cut-off point determined by X-tile software on OS (A) and CSS (D). Kaplan-Meier curves demonstrating SEER cohort (B) and the external validation (C) on OS and SEER cohort on CSS (E) in low- and high-risk groups.






3.6 Web-based nomogram

Web-based nomograms are interactive online prognostic tools that incorporate important predictive factors into graphical calculating devices to provide individualized and precise outcome predictions, beyond traditional staging systems, to guide clinical decision-making. Developed from multivariate analyses of datasets, nomograms allow users to obtain personally tailored risk assessments by entering patient parameters. Their user-friendly web interface facilitates dissemination and validation across clinical settings to aid evidence-based, personalized treatment decisions and counselling regarding recurrence risks, survival outcomes, or post-treatment complications. A user-friendly, web-based dynamic nomogram was developed that physicians and patients could access from any electronic device. As shown in Figures 2A–D and 3A–D, the web-based nomogram allows doctors and patients to input common clinical variables to visually assess individualized postoperative OS (https://prenom.shinyapps.io/DynNomapp_Glioma/) and CSS (https://prenom.shinyapps.io/DynNomapp_CSS/) for elderly patients with high-grade glioma. The legend demonstrates the specific usage method.





4 Discussion

Clinical management of elderly patients with high-grade glioma is challenging given their frail health, multiple comorbidities, and heightened sensitivity to chemoradiotherapy toxicity (14). Most clinical studies, including randomized controlled trials (RCTs), often exclude elderly patients with high-grade glioma, leading to an absence of clear treatment guidelines and prognostic models for this demographic. In this study, we developed a prognostic scoring system based on multivariate analysis to provide individualized survival assessment and risk stratification for elderly patients with high-grade gliomas. By retrospectively analyzing data from 5,245 elderly patients in the SEER database, a comprehensive national cancer database, we found that age, primary tumor site, tumor laterality, tumor extent, tumor size, surgery, chemotherapy, and radiotherapy were independent prognostic factors. Based on these factors, we developed two web-based online prognostic scoring systems that can predict individualized survival rates based on patients’ clinical characteristics. Our study provides a valuable tool for prognostic evaluation and risk stratification in elderly patients with high-grade gliomas.

Building upon existing literature, this study also had unique features compared to prior prognostic models developed for high-grade gliomas. A key novel aspect was the creation of an online, individualized prognostic scoring system, different from many previous glioma prognostic tools utilize traditional scoring systems or are not web-accessible for immediate point-of-care use (15, 16). Our user-friendly nomogram provides a practical and comprehensive tool for clinicians to obtain real-time survival predictions tailored to individual patients’ profiles. Compared to other similar nomograms, our study incorporated additional prognostic factors shown to be relevant in elderly glioma patients, including precise tumor location and lateralization rather than only broad categories (e.g. supra- vs infratentorial) (17, 18). However, consistent with previous findings, we also identified age and treatment modalities as significant independent predictors of survival (15).

In comparison to prior studies on the prognosis of elderly glioblastoma patients (19), our study demonstrated a moderately higher C-Index for both OS and CSS. For OS, the C-index in our training cohort was 0.734, compared to 0.715 in previous studies, and 0.729 versus 0.726 in the validation cohort. Similarly, for CSS, the C-Index in our training cohort was 0.733, compared to 0.700 in earlier research, and 0.727 versus 0.707 in the validation cohort. We refined the classification of the primary glioma site into four categories: supratentorial lobes, cerebellum and brainstem, overlapping regions, and unspecified locations. A more detailed classification of the primary glioma site enhances the predictive accuracy of the model. Our study broadened the scope by focusing on elderly patients with a range of high-grade gliomas (WHO III-IV), enhancing the clinical relevance and applicability of our findings. Unlike previous studies that primarily focused on glioblastoma, we incorporated a wider variety of high-grade glioma types, including glioblastoma, giant cell glioblastoma, gliosarcoma, glioblastoma (IDH-mutant), astrocytoma anaplastic, oligodendroglioma anaplastic, and ganglioglioma anaplastic. This comprehensive inclusion improved the predictive accuracy of our model.

Different from the previous research (19), our study did not identify race as an independent predictor for either OS or CSS. This discrepancy might be attributed to differences in sample size and study time points. Moreover, the primary site of glioma emerged as an independent predictor for both OS and CSS in our analysis. This distinction may arise from our study’s more granular classification, wherein the primary site of glioma was categorized into four groups as said above, thereby amplifying its prognostic impact. Additionally, our research recognized tumor extent as an independent predictor for both OS and CSS. We classified the extent of glioma into three categories: Localized, Regional, and Distant. ‘Localized’ denotes a tumor confined to its primary site without distant metastasis. ‘Regional’ signifies tumor invasion into surrounding tissues or regional lymph nodes without distant metastasis, while ‘Distant’ indicates tumors with distant metastases, such as in the cerebrospinal fluid, ventricles, or other body parts. This detailed classification enhances the predictive precision of our model. Consistent with the previous results (20), univariate and multivariate Cox regression analyses identified six prognostic factors: tumor site, laterality, histological type, extent of surgery, radiotherapy, and chemotherapy.

The presence of comorbidities and concerns regarding treatment toxicity may contribute to elderly patients with high-grade glioma declining active therapy after diagnosis, leading to poorer survival prognoses (21). While surgery, radiotherapy, and chemotherapy are standard treatments for glioma, there is no consensus on the optimal approach for elderly patients with high-grade gliomas, as most clinical trials have excluded this older demographic (22). Due to the infiltrative growth pattern, total resection of gliomas is challenging. However, maximal safe surgical resection has been associated with improved prognosis in patients with high-grade gliomas, including elderly populations (23). Importantly, radiotherapy and chemotherapy may improve survival despite not directly improving general condition or quality of life. Treatment side effects should be weighed against potential survival benefit (24). The Web-based nomograms provide individualized risk assessment that can inform discussions around treatment intensity, such as whether aggressive multi-modality treatment is likely to provide meaningful survival benefit or if more conservative options may be more appropriate considering the patient’s predicted prognosis.

Consistent with previous studies (25), tumor extent (local or distant) and metastasis are important prognostic factors in gliomas, with patients having distant or metastatic disease demonstrating poorer survival prognosis. Local invasion or distant metastasis of gliomas has consistently been a key factor impacting prognosis. Studies have shown that gliomas with metastases tend to have a poor prognosis (26, 27). The presence of distant metastases signifies that tumor cells have disseminated via vasculature or cerebrospinal fluid, indicative of advanced disease with heightened treatment challenge. Hence, distant metastasis represents a pivotal parameter for gauging malignancy grade and prognosis in the clinical staging of gliomas.

This study demonstrates poor prognosis for gliomas located in the cerebellum and brainstem, consistent with previous studies (28, 29), maybe attributable to surgical challenges, disruption of critical functional regions, heightened tumor invasiveness, increased postoperative complications, and reduced efficacy of adjuvant therapies. The cerebellum and brainstem comprise critical functional hubs, conferring substantial surgical risks that often preclude total tumor resection. Residual neoplastic cells readily facilitate relapse and progression. As the cerebellum modulates balance and coordination (30) while the brainstem governs respiration and circulation (31), these areas are prone to irreparable neurological impairment from mass effect and operative trauma. Gliomas situated within these sites tend to be higher-grade lesions exhibiting robust invasive and regenerative potential, with enhanced dissemination and metastatic spread. Resection of such cerebellar and brainstem gliomas confers heightened surgical hazards, with increased postoperative complications like cerebral edema and infection that directly jeopardize patient survival.

Our external validation cohort comprised 63 patients from our institution. While smaller than the primary dataset from the SEER database, this cohort included all eligible patients available during the study period. The smaller sample size may introduce variability in the validation metrics. Specifically, the C-index, which measures discriminative ability, can exhibit instability with smaller samples. A larger cohort would provide more robust and generalizable results. However, even with the smaller size, our external validation provides a preliminary check on the nomogram’s performance in a setting apart from the SEER database. Although the external cohort is smaller, the substantial SEER dataset (1,573 patients) offers confidence in the model’s accuracy and generalizability. We recognize the importance of validating our tools in larger, diverse cohorts. In future studies, we aim to collaborate with other institutions to assemble a larger external validation dataset, further establishing the reliability and generalizability of our nomograms.

Compared to traditional nomogram, advantages of web-based nomogram for analyzing glioma overall survival include: 1) intuitive visualization of prognostic factor effects, 2) straightforward comparisons between groups, 3) multifaceted presentation of results, and user-friendly operation and interpretable outputs. 4) Web-based nomograms clearly depict the distribution and trends in survival time associated with various prognostic factors (e.g. age, grade) and visually convey their impact on prognosis, allows for dynamic risk prediction, offering the ability to update parameters at follow-up. 5) We incorporated a broader range of variables, ensuring a more holistic understanding of factors influencing outcomes in elderly glioma patients. 6) By targeting elderly glioma patients specifically, our model is tailored to this demographic, ensuring higher relevance and accuracy. Juxtaposed nomograms readily facilitate comparison of survival time differences across strata of the same prognostic variable (such as age groups). Beyond survival curves, nomograms can also present median survival times, survival rates, and other statistics for enriched data representation. With simple website-based usage, nomogram output is concise, uncluttered, and readily interpretable.

This study has several notable strengths. This study has developed a robust prognostic nomogram for elderly glioma patients that holds significant clinical implications. First, it provides individualized survival prediction to facilitate patient counseling and personalized treatment recommendations. Patients identified as high-risk could be considered for more aggressive therapies or clinical trials, while low-risk patients may benefit more from less intensive treatment. Second, this nomogram enables risk-based stratification for guiding management strategies. High-risk patients may warrant more frequent imaging surveillance or prophylactic interventions. Low-risk patients could avoid overtreatment and undue harms. Third, the model allows objective risk assessment to optimize clinical trial design. Patients could be assigned to trial arms or adaptive interventions according to their predicted prognosis. This tool supports dynamic risk prediction through the recalibration model with updated parameters. This allows tracking of evolving patient risk profiles over time. With further validation, it holds promise to improve prognostic accuracy, risk stratification, and ultimately, clinical outcomes for elderly glioma patients. Finally, various methods including C-index, AUC, and calibration curves were used to comprehensively validate the predictive performance. Despite the promising results, our study had some limitations that could be addressed in future research. First, prognostic biomarkers such as tumor mutational burden and DNA methylation profiles were not included and may further improve the predictive accuracy. Second, the dynamic change of prognostic factors during treatment and follow-up needs to be examined. Finally, immune status, comorbidities, and other factors that may influence elderly patient prognosis were not incorporated into the scoring system. Based on these limitations, future studies should focus on (1): Incorporation of emerging prognostic biomarkers to enhance individual risk prediction (2). Development of dynamic, longitudinal prognostic models that integrate serial measurements over time (3). Collaboration with other institutions to assemble a larger external validation dataset and establishment the reliability and generalizability of our nomograms.




5 Conclusion

Taking advantage of a substantial sample size, this study identified independent prognostic factors for OS and CSS in elderly patients with high-grade glioma and formulated a web-based prognostic nomogram. These nomograms offer predictions on survival probabilities and serves as a clinical reference for treatment strategies and prognosis.
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Ovarian cancer is a highly malignant gynecological cancer influenced by the immune microenvironment, metabolic reprogramming, and cellular senescence. This review provides a comprehensive overview of these characteristics. Metabolic reprogramming affects immune cell function and tumor growth signals. Cellular senescence in immune and tumor cells impacts anti-tumor responses and therapy resistance. Targeting immune cell metabolism and inducing tumor cell senescence offer potential therapeutic strategies. However, challenges remain in identifying specific targets and biomarkers. Understanding the interplay of these characteristics can lead to innovative therapeutic approaches. Further research is needed to elucidate mechanisms, validate strategies, and improve patient outcomes in ovarian cancer.
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1 Introduction



1.1 Background and importance of ovarian cancer

Ovarian cancer represents a substantial health concern and stands as one of the predominant contributors to cancer-related mortality among women on a global scale. The disease is characterized by its aggressive nature, late-stage diagnosis, and limited therapeutic avenues. The ovaries, responsible for the production of eggs and female hormones, serve as the primary site for the development of ovarian cancer. Existing academic inquiries have provided valuable insights into several pivotal facets of ovarian cancer. Epidemiological investigations have identified diverse risk factors encompassing age, familial history of ovarian or breast cancer, specific genetic mutations such as BRCA1 and BRCA2, as well as hormone-related factors including early menarche and late menopause. These findings have facilitated comprehension of the etiological aspects and identification of high-risk populations, thereby enabling targeted screening and prevention strategies (1, 2).

Furthermore, extensive research has been dedicated to unraveling the molecular mechanisms underpinning the development and progression of ovarian cancer. Studies have divulged multiple genetic aberrations, notably TP53 mutations, MYC and HER2 gene amplification, and dysregulation of the PI3K/AKT and RAS/RAF/MEK/ERK signaling pathways. These molecular alterations contribute to heightened cell proliferation, inhibition of apoptosis, and augmented angiogenesis, ultimately culminating in tumor growth and metastasis (3, 4). The significance of early detection and precise diagnosis of ovarian cancer cannot be overstated. Unfortunately, the disease is frequently detected at advanced stages, characterized by extraneous spread beyond the confines of the ovaries. This occurrence primarily arises due to the absence of specific symptoms and effective screening methodologies. Academic research endeavors have been concentrated on developing and refining diagnostic techniques, such as transvaginal ultrasound, serum biomarkers like CA-125, and more recently, liquid biopsies and molecular profiling. These advancements aim to enhance early detection, bolster diagnostic accuracy, and facilitate personalized treatment strategies (5, 6).

Treatment options for ovarian cancer commonly encompass a combination of surgical intervention, chemotherapy, and targeted therapies. Academic research has played a pivotal role in evaluating the efficacy of diverse treatment modalities while also identifying novel therapeutic targets. The advent of poly (ADP-ribose) polymerase (PARP) inhibitors, for instance, has brought about a revolutionary transformation in ovarian cancer treatment, particularly among patients harboring BRCA mutations. Additionally, immunotherapy, including the utilization of immune checkpoint inhibitors, is currently under exploration as a promising avenue for bolstering the immune response against ovarian cancer cells (7, 8).

In conclusion, ovarian cancer represents a complex ailment bearing substantial clinical ramifications. Academic research has significantly contributed to our understanding of the disease’s etiology, molecular mechanisms, early detection, and treatment options. These advancements hold tremendous potential for improving patient outcomes, augmenting survival rates, and ultimately alleviating the burden associated with this devastating disease. The primary objective of our review is to elucidate the interplay of these characteristics and its potential to drive innovative therapeutic approaches. However, it’s crucial to acknowledge that further research is imperative. This research should focus on unraveling the underlying mechanisms, validating these strategies, and ultimately enhancing patient outcomes in the realm of ovarian cancer.




1.2 The role of immune microenvironment in ovarian cancer

The immune microenvironment is of paramount importance in the pathogenesis and advancement of ovarian cancer. Numerous academic studies have elucidated diverse facets of this intricate interplay between neoplastic cells and the immune system, thereby providing valuable insights into the mechanisms underlying immune evasion by tumors, infiltration patterns of immune cells, and immunotherapeutic modalities for ovarian cancer. Impairment of immunosurveillance, the process through which the immune system recognizes and eliminates cancer cells, is a common occurrence in ovarian cancer. Extensive scholarly investigations have unveiled multiple mechanisms contributing to immune evasion, encompassing the upregulation of immune checkpoint molecules, such as programmed cell death ligand 1 (PD-L1), on neoplastic cells, and the recruitment of immunosuppressive cell populations like regulatory T cells (Tregs) and myeloid-derived suppressor cells (MDSCs). These mechanisms foster an immunosuppressive microenvironment that facilitates tumor growth and metastasis (9).

Moreover, studies have underscored the significance of immune cell infiltration in ovarian cancer. Tumor-infiltrating lymphocytes (TILs), particularly cytotoxic CD8+ T cells, have demonstrated favorable associations with prognosis and enhanced survival rates in ovarian cancer patients. Conversely, the presence of immunosuppressive cells, such as Tregs and MDSCs, correlates with unfavorable clinical outcomes. The composition and functional status of immune cells within the tumor microenvironment serve as pivotal determinants of disease progression and therapeutic response (10). Furthermore, scholarly research has directed its focus towards harnessing the potential of the immune system through various immunotherapeutic strategies (11–13). Immune checkpoint inhibitors targeting the PD-1/PD-L1 axis and cytotoxic T lymphocyte-associated antigen 4 (CTLA-4) pathway have exhibited promising outcomes in clinical trials, with some patients displaying enduring responses. Combination therapies, entailing the simultaneous administration of immune checkpoint inhibitors, chemotherapy, or targeted agents, are being actively explored to augment treatment efficacy. In addition, the investigation of adoptive cell therapies, including chimeric antigen receptor (CAR) T cell therapy and tumor-infiltrating lymphocyte (TIL) therapy, is underway to evaluate their potential in the treatment of ovarian cancer (14).

A comprehensive comprehension of the dynamic interplay between the immune microenvironment and ovarian cancer has paved the way for personalized immunotherapeutic approaches. Biomarkers such as PD-L1 expression, TILs, and immune gene signatures have been extensively investigated to forecast treatment response and patient outcomes. Furthermore, scholarly research has shed light on the role of the gut microbiome in modulating systemic immune responses, highlighting its potential as a therapeutic target in ovarian cancer (15–18). To conclude, the immune microenvironment exerts a pivotal influence on ovarian cancer, encompassing tumor progression, immune evasion, and treatment response. Academic research has significantly deepened our understanding of the intricate interactions between neoplastic cells and the immune system. These findings have laid the foundation for the development of innovative immunotherapeutic strategies, holding great promise for enhancing outcomes in ovarian cancer patients.





2 Metabolic characteristics in the immune microenvironment



2.1 Regulation of immune cell metabolism in the tumor microenvironment

The immune microenvironment has unveiled the pivotal role of metabolic reprogramming in immune cell function. Metabolism plays a vital role in providing energy and biosynthetic precursors necessary for immune cell activation, proliferation, and effector functions. Comprehending the intricate regulation of immune cell metabolism is imperative for unraveling the complex dynamics of immune responses in diverse disease contexts, such as cancer. Among the key metabolic pathways influencing immune cell function, glycolysis stands out prominently. Scholarly investigations have demonstrated that upon activation, immune cells, including T cells, undergo a metabolic shift towards aerobic glycolysis, even under oxygenated conditions. Termed the Warburg effect, this metabolic transition enables immune cells to promptly generate ATP and biosynthetic intermediates to meet their energetic and biosynthetic demands. Crucial players in this process encompass glycolytic enzymes and transporters like hexokinase, glucose transporters (GLUTs), and lactate dehydrogenase (LDH) (19, 20).

Additionally, studies have pinpointed key signaling pathways governing immune cell metabolism. Notably, the mammalian target of rapamycin (mTOR) pathway integrates various signals, including nutrient availability, growth factors, and cytokines, to modulate immune cell metabolism and function. mTOR promotes glycolysis and anabolic processes while suppressing oxidative phosphorylation and catabolic processes in immune cells. Other significant regulators of immune cell metabolism, namely AMP-activated protein kinase (AMPK) and hypoxia-inducible factor 1 alpha (HIF-1α), respond to nutrient and oxygen availability, respectively (21, 22).

Furthermore, metabolic reprogramming in immune cells profoundly impacts immune cell differentiation and effector functions. For instance, effector T cells rely on glycolysis to sustain their robust proliferation and cytokine production, while Tregs preferentially employ oxidative phosphorylation and fatty acid oxidation to support their suppressive function. Metabolic checkpoints, such as the intracellular ATP to AMP ratio, as well as metabolic intermediates like acetyl-CoA and α-ketoglutarate, function as signaling molecules influencing immune cell fate and function (23, 24). Importantly, dysregulation of immune cell metabolism can contribute to immune dysfunction and disease progression. Within the tumor microenvironment, metabolic competition between tumor cells and infiltrating immune cells, along with the presence of immunosuppressive factors, can restrict immune cell metabolism and function. Tumor cells may deprive immune cells of nutrients, secrete metabolites with immunosuppressive effects, or upregulate immune checkpoint molecules that attenuate immune responses. Academic research has underscored the potential of targeting immune cell metabolism to restore immune cell function and augment anti-tumor immunity in cancer immunotherapy (25, 26).

In conclusion, academic research has shed light on the regulation of immune cell metabolism in the immune microenvironment. Understanding the metabolic requirements and adaptations of immune cells assumes paramount importance in deciphering the dynamics of immune responses and devising targeted immunotherapeutic strategies. Further investigations are warranted to elucidate the intricate mechanisms governing immune cell metabolism and its modulation in various disease contexts, including cancer.




2.2 Effects of tumor cell metabolism in the immune microenvironment, such as nutrient supply and growth signaling

Tumor cell metabolism plays a pivotal role in shaping the immune microenvironment by influencing the availability of nutrients, signaling pathways associated with growth, and the functionality of immune cells (Figure 1). Extensive scholarly investigations have elucidated the intricate interplay between tumor cell metabolism and immune responses, shedding light on the mechanisms underlying immune evasion and proposing potential therapeutic approaches. Notably, one of the principal consequences of tumor cell metabolism is the alteration of nutrient availability within the immune microenvironment. Tumor cells exhibit heightened nutrient uptake, particularly glucose and amino acids, to support their rapid proliferation and survival. However, this heightened metabolic demand can deprive infiltrating immune cells of essential nutrients, thereby affecting their activation, proliferation, and effector functions. For instance, glucose competition can restrict the glycolytic capacity of immune cells, impairing their ability to mount an effective anti-tumor response (26, 27).




Figure 1 | A comparison of metabolic pathways in ovarian cancer cells under conditions of nutrient abundance and nutrient deprivation revealed distinct metabolic alterations. (A, B) In nutrient-rich conditions, ovarian cancer cells tend to rely on glycolysis and exhibit increased glucose uptake and lactate production. Conversely, under nutrient-deficient conditions, these cells exhibit metabolic adaptations such as enhanced autophagy and utilization of alternative energy sources like fatty acids and amino acids. Understanding these metabolic differences may provide insights into novel therapeutic strategies targeting the specific metabolic vulnerabilities of ovarian cancer cells. (C) A comparison between the primary tumor microenvironment and the ovarian cancer microenvironment reveals distinct differences. In the primary tumor microenvironment, various cell types, including cancer cells, stromal cells, immune cells, and extracellular matrix components, interact to shape tumor progression. However, in the ovarian cancer microenvironment, additional factors like pericytes and specific inflammatory cytokines and chemokines contribute to its unique composition. These variations highlight the importance of considering the specific characteristics of the ovarian cancer microenvironment in understanding disease biology and developing targeted therapeutic approaches.



Furthermore, tumor cells can generate and release metabolites that shape the immune microenvironment. Enhanced glycolysis results in the accumulation of lactate, which suppresses immune cell function. Lactate hampers T cell activation, impairs cytotoxicity, and facilitates the expansion of immunosuppressive cell populations, including MDSCs and Tregs. In addition, tumor-derived metabolites such as kynurenine and adenosine exert immunosuppressive effects by inhibiting T cell proliferation and cytokine production (28, 29). Moreover, tumor cell metabolism influences the signaling pathways associated with growth within the immune microenvironment. Metabolic alterations in tumor cells can lead to the production of growth factors, cytokines, and chemokines that promote both tumor progression and modulation of immune cell behavior. For example, the activation of the mTOR pathway in tumor cells can induce the secretion of VEGF, which facilitates angiogenesis and tumor growth (30). The study investigated the role of mTOR, AP-1, and VEGF in vascular endothelial cell proliferation, showing mTOR downregulation and VEGF upregulation as potential strategies to inhibit restenosis and maintain normal vascular endothelial cell growth after PCI or CABG. This suggests a crucial role for the mTOR/AP-1/VEGF pathway in regulating vascular endothelial cell growth (30). Additionally, tumor cell metabolism can shape the composition and functionality of immune cell populations by releasing factors such as transforming growth factor-beta (TGF-β) and interleukin-10 (IL-10), which suppress immune responses (31, 32).

Moreover, metabolic crosstalk between tumor cells and immune cells can influence the polarization of immune cells and impact functional outcomes. Tumor-associated macrophages (TAMs), for example, undergo metabolic reprogramming in response to tumor-derived signals, leading to their polarization toward an immunosuppressive phenotype (33). This study provides a novel mechanism by which macrophages within a pre-metastatic niche acquire their immunosuppressive phenotype and identifies an important link among exosomes, metabolism, and metastasis (33). Tumor cells also have the capacity to modulate the metabolism of dendritic cells, impairing their ability to present antigens and promoting immune tolerance. These metabolic alterations collectively contribute to the establishment of an immunosuppressive microenvironment that facilitates tumor growth and evades immune surveillance (24, 34). Therefore, a comprehensive understanding of the effects of tumor cell metabolism in the immune microenvironment is imperative for the development of effective therapeutic strategies. Targeting tumor cell metabolism, including glycolysis or specific metabolic pathways, holds promise for overcoming immune suppression and augmenting anti-tumor immunity. Researchers are exploring the combination of metabolic interventions with immunotherapies, such as immune checkpoint blockade or adoptive cell therapies, as a potential approach to enhance treatment outcomes (25, 35).

Tumor cell metabolism exerts significant and multifaceted effects on the immune microenvironment, impacting nutrient availability, growth signaling, and immune cell function. Academic research has considerably deepened our understanding of these complex interactions and revealed potential avenues for therapeutic intervention. However, further studies are warranted to unravel the intricate mechanisms underlying the metabolic crosstalk between tumor cells and immune cells and to translate these findings into effective clinical strategies.




2.3 Effects of tumor cell metabolism on reprogramming of metabolic pathways in the immune microenvironment

Tumor cells demonstrate metabolic alterations that exert influences on nutrient availability, signaling pathways, and immune cell function, thereby contributing to the progression of tumors and the evasion of immune responses. Notably, a significant consequence of tumor cell metabolism is the reconfiguration of metabolic pathways in immune cells. Through various mechanisms, tumor cells possess the capability to modify the metabolic profiles of infiltrating immune cells, including T cells and macrophages. This reprogramming of immune cell metabolism results in a shift in their metabolic preferences, ultimately impacting their effector functions and fostering an immunosuppressive microenvironment. The Warburg effect, characterized by enhanced glycolytic metabolism, is frequently observed in tumor cells. Consequently, this metabolic phenotype leads to heightened glucose consumption and lactate production. The accumulation of lactate within the tumor microenvironment can induce extracellular acidification, consequently impairing immune cell function.

Additionally, tumor cells can induce metabolic reprogramming in immune cells through the release of immunosuppressive factors and metabolites. For instance, the production of adenosine by tumor cells inhibits T cell proliferation and function by impeding mitochondrial metabolism and attenuating immune responses. Tumor-derived kynurenine, a metabolite of tryptophan, can promote the differentiation of Tregs, thereby further contributing to immune suppression within the tumor microenvironment (36, 37). Moreover, tumor cells can modulate signaling pathways that are involved in immune cell metabolism. Activation of the mTOR pathway in tumor cells influences immune cell metabolism by altering nutrient availability and growth factor signaling. Factors derived from tumor cells, such as VEGF and TGF-β, can foster angiogenesis and immune cell polarization, thereby impacting metabolic reprogramming within the immune microenvironment (27, 32). Comprehensive comprehension of the effects of tumor cell metabolism on the reprogramming of metabolic pathways in the immune microenvironment is of paramount importance in the development of effective therapeutic strategies. Targeting the metabolic vulnerabilities of both tumor cells and immune cells holds immense potential for augmenting anti-tumor immune responses. Ongoing exploration of approaches like metabolic inhibitors, immunomodulatory agents, and combination therapies seeks to overcome immune suppression and enhance treatment outcomes.

The intricate interplay of metabolism between tumor cells and immune cells assumes a pivotal role in shaping immune responses and facilitating tumor progression. Further investigation into the multifaceted mechanisms underlying metabolic reprogramming will undoubtedly advance the development of innovative therapeutic interventions.





3 Senescence characteristics in the immune microenvironment



3.1 Characteristics of immune cell senescence

Immune cell senescence is characterized by irreversible cell cycle arrest and changes in functional properties, leading to immune dysfunction and compromised anti-tumor immune responses. Replicative senescence, a key characteristic of immune cell senescence, occurs due to cumulative cell divisions and telomere attrition. Senescent immune cells exhibit shortened telomeres, resulting in genomic instability and reduced proliferative capacity. Additionally, senescent immune cells display altered cell cycle regulators, including increased expression of cyclin-dependent kinase inhibitors (CDKIs) such as p16INK4a and p21Cip1/Waf1, contributing to cell cycle arrest (38, 39).

Functional alterations are observed in senescent immune cells, which significantly affect their ability to mount effective immune responses. For instance, senescent T cells exhibit decreased proliferation, impaired cytotoxicity, and compromised production of effector cytokines, such as interferon-gamma (IFN-γ) and tumor necrosis factor-alpha (TNF-α) (Figure 2). Senescent natural killer (NK) cells demonstrate reduced cytotoxicity and impaired cytokine secretion. Similarly, senescent dendritic cells (DCs) exhibit diminished antigen presentation capacity and altered cytokine production, thereby influencing the initiation and regulation of immune responses (40–42). The Senescence-Associated Secretory Phenotype (SASP) is a complex milieu of factors secreted by senescent cells, which play a pivotal role in the tumor microenvironment of ovarian cancer. SASP components include pro-inflammatory cytokines, chemokines, growth factors, and extracellular matrix remodeling enzymes. These factors influence both tumor and immune cells. Pro-inflammatory cytokines, such as IL-6 and IL-8, promote tumorigenesis, angiogenesis, and immunosuppression, fostering a favorable environment for ovarian cancer progression. Chemokines, like CXCL1, attract immune cells to the tumor site, impacting the antitumor immune response. Growth factors, such as EGF and TGF-β, contribute to cell proliferation and immune evasion. Understanding how SASP factors modulate the interactions between tumor and immune cells is critical for developing effective therapeutic strategies against ovarian cancer. The SASP contributes to chronic inflammation within the immune microenvironment, fostering tumor progression and immune dysfunction. Additionally, the SASP can induce senescence in neighboring cells, thereby perpetuating the senescence-associated phenotype (43, 44).




Figure 2 | The figure depicts the intricate composition of the microenvironment in ovarian cancer. The ovarian cancer microenvironment encompasses various components, including ovarian cancer cells, stromal cells, immune cells, pericytes, and the extracellular matrix (ECM). The ECM comprises a complex network of inflammatory cytokines, chemokines, and other secreted molecules, contributing to the dynamic interactions within the microenvironment.



Furthermore, the tumor microenvironment and immunosuppressive factors influence immune cell senescence. Factors derived from tumors, such as TGF-β and IL-10, can expedite immune cell senescence and impair their function. Chronic exposure to inflammatory signals present in the tumor microenvironment also contributes to immune cell senescence through the activation of various pathways, including NF-κB and mTOR (45, 46). Gaining insights into the characteristics of immune cell senescence within the immune microenvironment is essential for the development of strategies to overcome immune dysfunction and enhance anti-tumor immune responses. Potential approaches to improving immunotherapeutic outcomes involve targeting senescent immune cells, modulating the SASP, and rejuvenating immune cell function. Furthermore, interventions addressing the root causes of immune cell senescence, such as senescence-inducing factors or DNA damage, hold promise for restoring immune cell functionality (47, 48).

Senescent immune cells exhibit altered proliferative capacity, functional impairments, and the acquisition of a pro-inflammatory secretory phenotype. Understanding the underlying mechanisms of immune cell senescence will pave the way for innovative therapeutic strategies aimed at restoring immune function and enhancing anti-tumor immune responses.




3.2 Effects of senescence on immune cell function

Senescent immune cells manifest functional alterations that actively contribute to immune dysfunction and compromised anti-tumor immune responses, thereby necessitating a comprehensive comprehension of these effects for the advancement of strategies aimed at invigorating immune cell function and enhancing immunotherapeutic approaches. A pivotal repercussion of senescence on immune cell function is the diminished proliferative capacity experienced by these cells. Senescent immune cells undergo an irreversible cell cycle arrest, thereby limiting their potential for expansion and impeding the efficacy of immune responses. This hampered proliferative capacity is primarily attributed to the upregulation of cell cycle inhibitors, notably p16INK4a and p21Cip1/Waf1, which hinder cell cycle progression (38). In addition to reduced proliferative capacity, senescent immune cells exhibit altered functional properties. For instance, senescent T cells display diminished cytotoxicity, impaired cytokine production, and a decreased ability to activate other immune cells. These functional deficiencies compromise the capacity of T cells to eradicate cancer cells and control tumor growth. Similarly, senescent NK cells demonstrate diminished cytotoxicity and compromised production of effector cytokines, thereby impairing their capacity to identify and eliminate target cells (40, 42).

Furthermore, senescence exerts an impact on the immunosurveillance capabilities of immune cells. Senescent immune cells demonstrate impaired antigen presentation capacity, consequently affecting T cell activation and the initiation of immune responses. DCs, which are crucial antigen-presenting cells, undergo functional alterations during senescence, leading to reduced antigen uptake, diminished expression of major histocompatibility complex (MHC) molecules, and altered cytokine production. Consequently, their ability to initiate and regulate immune responses is compromised (41, 49). Senescent immune cells also contribute to chronic inflammation within the immune microenvironment. Senescent cells secrete factors associated with the SASP, including pro-inflammatory cytokines, chemokines, and growth factors, which promote chronic inflammation, further hindering immune cell function and facilitating tumor progression. The SASP can induce senescence in neighboring cells, thereby propagating the senescent phenotype and perpetuating immune dysfunction (43).

Moreover, senescent immune cells can foster an immunosuppressive microenvironment. These cells express inhibitory receptors, such as PD-1, which interact with their ligands, such as PD-L1, resulting in immune cell exhaustion and impaired anti-tumor immune responses. Furthermore, the interaction between senescent immune cells and immunosuppressive cells, including Tregs and MDSCs, contributes to immune suppression within the tumor microenvironment (50). By understanding the effects of senescence on immune cell function, valuable insights into the mechanisms underlying immune dysfunction in aging and cancer can be obtained. Targeting senescent immune cells, modulating the SASP, and rejuvenating immune cell function emerge as potential therapeutic strategies for reinstating immune competence and enhancing anti-tumor immune responses.




3.3 Relationship between senescence and tumor progression

Senescence initially functions as a tumor-suppressive mechanism, known as oncogene-induced senescence (OIS), by halting the proliferation of premalignant cells triggered by oncogenic signals or DNA damage. Moreover, OIS promotes immune clearance of these cells, preventing the formation of fully malignant tumors. However, the SASP factors released by senescent cells can paradoxically promote tumor progression. SASP creates a pro-inflammatory microenvironment that supports tumor cell proliferation, survival, and angiogenesis through activation of signaling pathways such as NF-κB and STAT3 (51, 52).

Senescent immune cells, including senescent T cells and NK cells, exhibit compromised cytotoxicity and impaired cytokine production, impairing their ability to eliminate cancer cells. Furthermore, senescent immune cells secrete immunosuppressive factors that facilitate tumor immune evasion and promote tumor progression. Additionally, the accumulation of senescent cells within the tumor microenvironment contributes to tumor growth and therapy resistance. Senescent cells display metabolic reprogramming and enhanced survival mechanisms that promote their persistence in the tumor, while also acquiring stem cell-like properties through senescence-associated stemness. These properties contribute to tumor heterogeneity and therapy resistance (53, 54).

The phenomenon of senescence bypass further complicates the role of senescence in tumor progression. Tumor cells can evade senescence-induced growth arrest through various mechanisms, such as inactivation of tumor suppressor pathways or activation of telomerase. This enables continuous proliferation of tumor cells, thereby contributing to tumor growth and metastasis. Additionally, senescence influences the response to cancer therapy (54). Senescent cells within the tumor microenvironment promote therapy resistance through their pro-survival and immunosuppressive properties (55). Furthermore, the SASP factors secreted by senescent cells impact the tumor microenvironment, thereby influencing the efficacy of chemotherapy, radiation, and immunotherapy (56).

In conclusion, the relationship between senescence and tumor progression is intricate. Although senescence initially acts as a barrier against tumor development through OIS, the presence of SASP and altered immune surveillance associated with senescent cells can paradoxically promote tumor growth, invasion, and therapy resistance. A comprehensive understanding of the interplay between senescence and tumor progression is imperative for the development of targeted therapies that harness the tumor-suppressive aspects of senescence while mitigating its pro-tumorigenic effects.





4 Potential role of metabolic and senescence characteristics in ovarian cancer development and treatment



4.1 Potential role of metabolic characteristics



4.1.1 Regulation of immune cell metabolism and function

Metabolic reprogramming plays a crucial role in the development and treatment of ovarian cancer. This reprogramming not only affects tumor cells but also exerts a significant influence on immune cell metabolism and function within the tumor microenvironment. An in-depth comprehension of the regulation of immune cell metabolism is imperative for the advancement of innovative therapeutic strategies that exploit the metabolic vulnerabilities specific to ovarian cancer.

Immune cells undergo metabolic adaptations to fulfill their distinct functions in the immune microenvironment. Notably, activated T cells exhibit a metabolic shift towards aerobic glycolysis, resembling that of tumor cells, in order to support their proliferation and effector functions. Glucose metabolism provides the necessary energy and biosynthetic intermediates for T cell activation, cytokine production, and cytotoxicity (23, 57). Metabolic regulation also affects the differentiation and function of other immune cell populations, such as DCs. DCs, which are pivotal in initiating immune responses, undergo metabolic changes to facilitate their antigen presentation capacity. Specifically, glycolysis and fatty acid oxidation are relied upon by DCs to generate energy and biosynthetic precursors for antigen processing and presentation (58, 59).

Moreover, metabolic alterations within the tumor microenvironment can impact immune cell function and promote immune evasion. Competition for limited nutrient resources between tumor cells and immune cells leads to nutrient deprivation and metabolic stress within the immune microenvironment. Consequently, this nutrient competition impairs immune cell metabolism, compromises immune cell activation, and suppresses anti-tumor immune responses (60, 61).

In addition to nutrient competition, metabolic waste products produced by tumor cells, such as lactate and adenosine, possess immunosuppressive effects.

The metabolic characteristics of immune cells in the tumor microenvironment can be targeted for therapeutic interventions as well. Strategies that enhance oxidative metabolism in T cells or inhibit glycolysis in immunosuppressive cells have demonstrated promise in preclinical models (27, 62).

Understanding the intricate interplay between metabolic reprogramming and immune cell function in ovarian cancer holds paramount importance in the development of effective therapeutic approaches. Targeting metabolic pathways in immune cells, mitigating nutrient competition, and disrupting immunosuppressive metabolic signaling represent potential avenues for augmenting the efficacy of immunotherapy and overcoming immune evasion in ovarian cancer.




4.1.2 Targeted therapy of tumor cell metabolism

Current academic research has emphasized the potential of directing efforts towards tumor cell metabolism as a viable and promising strategy in the advancement and management of ovarian cancer. Distinct metabolic modifications serve as distinguishing features of cancer, including ovarian cancer, and precise targeting of specific metabolic pathways holds significant therapeutic promise. A notable metabolic alteration observed in ovarian cancer is the heightened occurrence of glycolysis, commonly known as the Warburg effect. Ovarian cancer cells exhibit escalated glucose uptake and glycolytic flux to sustain their rapid proliferation and survival. Promising results have been demonstrated in preclinical studies through the targeting of key enzymes involved in glycolysis, such as hexokinase and lactate dehydrogenase, which impedes tumor growth and increases the susceptibility of cancer cells to other treatment modalities (63, 64).

Another crucial metabolic pathway in ovarian cancer is fatty acid metabolism, wherein cancer cells utilize fatty acids as an energy source and as building blocks for membrane synthesis. Inhibition of pivotal enzymes engaged in fatty acid synthesis, such as acetyl-CoA carboxylase and fatty acid synthase, has exhibited anti-tumor effects in models of ovarian cancer (65, 66).

Moreover, the targeting of amino acid metabolism has emerged as a prospective therapeutic strategy. Ovarian cancer cells exhibit heightened uptake and utilization of amino acids to sustain their growth and survival. Inhibiting enzymes involved in amino acid metabolism, such as glutaminase and asparagine synthetase, has demonstrated promise in preclinical models by restricting tumor growth and sensitizing cancer cells to chemotherapy (67).

Additionally, the modulation of the tumor microenvironment to influence nutrient availability and metabolic signaling has shown potential. Disruption of angiogenesis, the process of new blood vessel formation, can restrict nutrient supply to the tumor and impair cancer cell metabolism. Consequently, the targeting of angiogenic pathways, including VEGF signaling, has been explored as a therapeutic approach in the context of ovarian cancer (68).

It is worth noting that the heterogeneous nature of ovarian cancer and the adaptability of metabolic pathways within the tumor necessitate a combination approach when targeting tumor cell metabolism. Current investigations involve combinations of metabolic inhibitors with chemotherapy, targeted therapies, or immunotherapies in order to enhance treatment effectiveness and overcome drug resistance (69).

In conclusion, the targeting of tumor cell metabolism presents a promising avenue for the advancement and management of ovarian cancer. Modulating glycolysis, fatty acid metabolism, amino acid metabolism, and angiogenesis hold potential for impeding tumor growth and increasing the sensitivity of cancer cells to therapy. Integration of metabolic inhibitors with other treatment modalities through combination strategies may yield synergistic effects and ultimately improve patient outcomes.





4.2 Potential role of senescence characteristics



4.2.1 Immune cell senescence and the effect of immunotherapy

Immune cell senescence, characterized by irreversible cell cycle arrest and functional decline, exerts a multifaceted influence on ovarian cancer progression and therapeutic approaches. While senescent immune cells have been implicated in tumor promotion, they can also contribute to anti-tumor immune responses. Comprehending the impact of immune cell senescence on ovarian cancer and the potential for targeting senescent cells in immunotherapy is crucial for the development of effective treatment strategies. Accumulation of senescent immune cells, including senescent T cells and NK cells, occurs within the ovarian cancer tumor microenvironment, accompanied by phenotypic and functional alterations. Senescent T cells display reduced proliferation, impaired cytotoxicity, and altered cytokine secretion, leading to compromised anti-tumor activity. Similarly, senescent NK cells exhibit diminished cytotoxicity and cytokine production, impairing their ability to eliminate cancer cells (70). The presence of senescent immune cells in ovarian cancer is associated with immunosuppression and tumor progression. These cells secrete various factors, including components of the SASP, which promote tumor growth, angiogenesis, and immune evasion. SASP factors like interleukin-6 (IL-6) and tTGF-β contribute to the immunosuppressive microenvironment by recruiting Tregs and MDSCs (71, 72).

Despite their tumor-promoting effects, senescent immune cells can also confer benefits in ovarian cancer. Senescent immune cells positive for senescence-associated β-galactosidase (SA-β-gal) can enhance the priming of tumor-specific T cell responses and facilitate the recruitment of effector T cells to the tumor site. Additionally, senescent immune cells secrete chemokines that attract immune effector cells, potentially promoting anti-tumor immune responses (73, 74). Immunotherapy has emerged as a promising avenue for treating ovarian cancer, and researchers are exploring the impact of immune cell senescence on immunotherapeutic strategies. Immune checkpoint inhibitors, such as antibodies targeting PD-1, have demonstrated efficacy in various cancers, including ovarian cancer. However, the presence of senescent immune cells and the immunosuppressive microenvironment can restrict the response to immunotherapy (75, 76). Combining immunotherapy with strategies targeting senescent immune cells holds promise for improving treatment outcomes (Table 1). Selective elimination or rejuvenation of senescent immune cells, using senolytic agents or senescence-reversing interventions, respectively, may enhance the effectiveness of immunotherapy by reducing immunosuppression and restoring immune cell function (77).


Table 1 | The metabolic agents for the treatment of ovarian cancer.



In conclusion, immune cell senescence in the context of ovarian cancer elicits both tumor-promoting and anti-tumor effects. Understanding the intricate interplay among senescent immune cells, the tumor microenvironment, and immunotherapy is imperative for the development of effective treatment strategies. Targeting senescent immune cells and modulating the immunosuppressive microenvironment may enhance the outcomes of immunotherapeutic interventions in ovarian cancer.




4.2.2 Association between tumor cell senescence and treatment resistance

Tumor cell senescence, a state of permanent growth arrest, has been implicated in the emergence of treatment resistance in ovarian cancer. A growing body of evidence suggests that senescent tumor cells play a role in therapy resistance through diverse mechanisms. Gaining a comprehensive understanding of the link between tumor cell senescence and treatment resistance is crucial for advancing therapeutic strategies in ovarian cancer. Senescent tumor cells exhibit altered characteristics and release a variety of factors collectively referred to as the SASP. The SASP includes pro-inflammatory cytokines, growth factors, and enzymes involved in remodeling the extracellular matrix. These factors can promote cancer cell survival, evasion of the immune system, and resistance to therapy. Consequently, they contribute to the development of a tumor-supportive microenvironment that facilitates tumor cell survival and treatment resistance (71).

One of the mechanisms through which senescent tumor cells foster treatment resistance is by inducing a senescence-associated quiescent state. Senescent cells can enter a dormant state characterized by reduced metabolic activity and heightened resistance to chemotherapy. This quiescent state enables tumor cells to evade the cytotoxic effects of chemotherapy drugs, leading to treatment resistance and the recurrence of the disease (78, 79). Senescent tumor cells can also activate survival signaling pathways, such as the PI3K/Akt and MAPK/ERK pathways, which are associated with resistance to chemotherapy and targeted therapies. These signaling pathways promote cell survival, DNA repair, and the efflux of drugs, thus contributing to treatment resistance and limiting the effectiveness of cancer therapies.

Furthermore, senescent tumor cells can undergo epithelial-mesenchymal transition (EMT), a process linked to increased invasiveness, metastasis, and resistance to chemotherapy. EMT empowers tumor cells to acquire stem-like properties, enhance drug efflux, and evade immune surveillance, thereby causing therapy resistance and disease progression (80, 81). Additionally, senescence-induced alterations in the tumor microenvironment can contribute to treatment resistance. Senescent tumor cells have the ability to modulate the immune microenvironment, promoting the recruitment of immunosuppressive cells. These immunosuppressive cells establish an immune milieu that suppresses anti-tumor immune responses and impedes the effectiveness of immunotherapies (82, 83). By understanding the association between tumor cell senescence and treatment resistance, we can gain insights into potential therapeutic strategies. Targeting senescent tumor cells or modulating the associated pathways could overcome treatment resistance and enhance patient outcomes. Strategies such as senolytic therapy, which selectively eliminates senescent cells, or combination therapies that target both senescent tumor cells and their microenvironment, hold promise for overcoming treatment resistance and improving the efficacy of ovarian cancer therapies (84, 85).

Tumor cell senescence is closely linked to treatment resistance in ovarian cancer. Senescent tumor cells contribute to therapy resistance through various mechanisms, including the induction of a quiescent state, activation of survival signaling pathways, promotion of EMT, and modulation of the tumor microenvironment. Understanding and targeting these senescence-associated mechanisms may present novel opportunities to overcome treatment resistance and enhance therapeutic outcomes in ovarian cancer.





4.3 Metabolic influence on senescence in immune cells within the ovarian cancer tumor microenvironment

The metabolic milieu of the tumor microenvironment in ovarian cancer exerts a significant influence on the induction of senescence in immune cells. The scarcity of nutrients and oxygen, coupled with the acidic and hypoxic conditions, can incite immune cells (86). Tumor cells often secrete metabolically demanding factors, further exacerbating nutrient competition. Dysfunctional mitochondria in immune cells due to these unfavorable conditions can also trigger senescence.

Senescent immune cells within the tumor microenvironment often exhibit a pro-inflammatory phenotype, secreting cytokines and chemokines. These senescence-associated factors can promote chronic inflammation, favoring tumor growth, angiogenesis, and immune evasion (87, 88). Moreover, senescent immune cells might lose their cytotoxic functions, impairing their ability to target tumor cells effectively. Senescent immune cells may lose their ability to proliferate and become less responsive to antigens. This, in turn, compromises the antitumor immune response. Additionally, the secretion of pro-inflammatory factors by senescent immune cells can contribute to the immunosuppressive character of the tumor microenvironment (89, 90).

Understanding the intricate interplay between the metabolic state, senescence induction in immune cells, and their subsequent effects on both tumor and immune cells is pivotal for developing targeted therapeutic approaches in the context of ovarian cancer.





5 Research progress and future prospects of immunotherapy for ovarian cancer



5.1 Advances in immunotherapy of ovarian cancer

Immunotherapy has emerged as a promising therapeutic modality in the realm of ovarian cancer treatment, presenting novel opportunities to enhance patient outcomes. This section aims to elucidate recent advancements in immunotherapeutic strategies for ovarian cancer, encompassing immune checkpoint inhibitors, adoptive cell therapies, cancer vaccines, and combination approaches.

Targeting PD-1 and PD-L1, immune checkpoint inhibitors have exhibited clinical efficacy among specific subsets of ovarian cancer patients. Clinical trials have revealed enduring responses and augmented survival rates in patients receiving PD-1/PD-L1 blockade, both as a monotherapy and in conjunction with other agents (8, 91). Significant studies have explored the utilization of pembrolizumab, nivolumab, and atezolizumab within advanced ovarian cancer contexts. Adoptive cell therapies, including chimeric antigen receptor (CAR) T cell therapy and tumor-infiltrating lymphocyte (TIL) therapy, have demonstrated promise for ovarian cancer treatment. CAR T cell therapies that target tumor-associated antigens, such as mesothelin and folate receptor alpha, have shown encouraging outcomes in early-phase clinical trials (92). TIL therapy, involving the isolation and expansion of tumor-infiltrating lymphocytes derived from patient tumors, exhibits potential in generating tumor-specific immune responses (93). Cancer vaccines endeavor to activate the patient’s immune system against tumor antigens. In ovarian cancer, therapeutic vaccines targeting tumor-associated antigens, such as NY-ESO-1 and WT1, have been the subject of investigation in clinical trials. These vaccines are capable of eliciting antigen-specific immune responses and have displayed potential when employed in conjunction with other immunotherapies or chemotherapy (94, 95). The integration of diverse immunotherapy strategies or the amalgamation of immunotherapy with standard treatments has garnered attention in the context of ovarian cancer. Combinations of immune checkpoint inhibitors with chemotherapy, targeted therapies, or other immunotherapies strive to augment antitumor immune responses and surmount resistance mechanisms (96, 97). Ongoing preclinical and clinical investigations aim to identify optimal combination regimens. The identification of predictive biomarkers to discern patients likely to respond to immunotherapy assumes critical importance. PD-L1 expression on tumor cells and tumor-infiltrating immune cells has been explored as a prospective biomarker in ovarian cancer, although its predictive value remains a subject of controversy (98, 99). Other immune-related biomarkers, such as tumor mutational burden and immune cell infiltrates, are under exploration to refine patient selection criteria and enhance treatment outcomes.

In conclusion, immunotherapy exhibits promise as a modality for ovarian cancer treatment. Immune checkpoint inhibitors, adoptive cell therapies, cancer vaccines, and combination approaches present novel avenues to enhance patient outcomes. Further research endeavors should focus on optimizing immunotherapy strategies, identifying predictive biomarkers, and surmounting resistance mechanisms, with the ultimate goal of providing more efficacious and personalized treatments for patients with ovarian cancer.




5.2 Future research directions and challenges for immunotherapy of ovarian cancer

Despite the encouraging outcomes observed in ovarian cancer immunotherapy, there exist several challenges and areas warranting further investigation. In accordance with extant academic research, this section aims to delineate prospective research avenues and challenges concerning immunotherapy in the context of ovarian cancer.

The persistence of immunotherapy resistance represents a significant hurdle in ovarian cancer treatment. Tumor cells employ diverse mechanisms to elude immune surveillance, encompassing the upregulation of immune checkpoint molecules, immunosuppressive cell populations, and impairment of immune cell functionality. To augment the efficacy of immunotherapy, comprehending these resistance mechanisms and formulating strategies to surmount them is imperative (100). A primary priority lies in the identification of dependable biomarkers that can predict treatment response and facilitate the selection of patients who are most likely to benefit from immunotherapy. Although current biomarkers such as PD-L1 expression have displayed inconsistent predictive value in ovarian cancer, future research should concentrate on identifying novel biomarkers, including immune-related genetic signatures, tumor mutational burden, and immune cell profiles. These biomarkers can guide patient selection and aid in treatment decision-making (101, 102). The integration of immunotherapies with other treatment modalities, such as chemotherapy, targeted therapies, and radiation, holds promise for fortifying antitumor immune responses and circumventing resistance. Optimal combination regimens, treatment sequencing, and timing necessitate investigation through preclinical and clinical studies to maximize therapeutic outcomes (103). An emerging research realm involves the development of personalized immunotherapy approaches tailored to individual patient characteristics. This encompasses leveraging patient-specific tumor antigens, adoptive cell therapies, and neoantigen-based vaccines. Capitalizing on patient-specific immunotherapies has the potential to elicit improved treatment responses and long-term remissions (104, 105). The intricate tumor microenvironment plays a pivotal role in modulating immune responses in ovarian cancer. Deciphering the cellular and molecular constituents of the tumor microenvironment, including immune cell subsets, stromal cells, and extracellular matrix components, is essential for unraveling intricate interactions and devising strategies to manipulate the microenvironment in favor of antitumor immunity (106, 107). Targeted therapies that selectively inhibit key oncogenic pathways have demonstrated efficacy in subsets of ovarian cancer patients. By combining these targeted therapies with immunotherapy, treatment responses can potentially be enhanced by synergistically targeting both tumor cell-intrinsic and immune cell-extrinsic factors (108, 109). As immunotherapy gains recognition as a standard ovarian cancer treatment option, ensuring the long-term safety and monitoring of patients becomes paramount. Research efforts should be directed towards comprehending and managing immune-related adverse events, evaluating the long-term effects on immune function, and developing strategies for achieving durable responses without excessive toxicity (110).

In conclusion, although immunotherapy has exhibited promising results in the treatment of ovarian cancer, further research is necessary to surmount resistance mechanisms, identify reliable biomarkers, optimize combination strategies, and devise personalized approaches. Additionally, comprehending the tumor microenvironment and exploring the integration of immunotherapy with targeted therapies constitute crucial research directions. Moreover, guaranteeing the long-term safety and monitoring of patients undergoing immunotherapy remains a challenge that warrants ongoing investigation.





6 Conclusion and discussion

Ovarian cancer is a complex disease with limited treatment options, and there is a growing interest in harnessing the immune system to improve patient outcomes. In this comprehensive review, we have discussed the metabolic and senescence characteristics associated with the immune microenvironment in ovarian cancer, as well as their implications for tumor development and treatment. We have explored the role of the immune microenvironment, the regulation of immune cell metabolism, the effects of tumor cell metabolism, the reprogramming of metabolic pathways, immune cell senescence, and the relationship between senescence and tumor progression. Additionally, we have examined the potential of these characteristics in ovarian cancer development and treatment, including their impact on immunotherapy and targeted therapies. Lastly, we have outlined the advances in immunotherapy, future research directions, and the challenges that lie ahead.

One of the key findings highlighted in this review is the critical role of the immune microenvironment in ovarian cancer. The tumor microenvironment is composed of various immune cell populations, stromal cells, and extracellular matrix components, which interact with tumor cells to shape the immune response. Understanding the composition and dynamics of the immune microenvironment is essential for designing effective immunotherapeutic strategies. It has been demonstrated that the immune microenvironment in ovarian cancer is characterized by an immunosuppressive phenotype, marked by the presence of regulatory T cells, myeloid-derived suppressor cells, and M2 macrophages. These immune cells create an inhibitory environment that hampers antitumor immune responses.

Furthermore, the metabolic reprogramming of immune cells and tumor cells within the immune microenvironment plays a crucial role in ovarian cancer progression. Immune cells, such as T cells and dendritic cells, rely on specific metabolic pathways to support their activation, proliferation, and effector functions. Tumor cells, on the other hand, exhibit altered metabolic profiles that promote their survival, growth, and immune evasion. By targeting these metabolic pathways, it is possible to modulate immune cell function and enhance antitumor immune responses.

Senescence, a state of irreversible cell cycle arrest, is another important characteristic of the immune microenvironment in ovarian cancer. Senescent immune cells exhibit altered functional properties, including decreased proliferation, impaired cytokine production, and altered immune surveillance. These senescent cells accumulate in the tumor microenvironment and contribute to immune dysfunction and tumor progression. Understanding the effects of senescence on immune cell function is crucial for developing strategies to overcome immune senescence and restore immune competence in ovarian cancer.

The implications of these characteristics for ovarian cancer treatment are significant. Immunotherapy has emerged as a promising therapeutic approach, and several clinical trials have demonstrated encouraging results. However, resistance mechanisms and limited patient selection criteria remain major challenges. Overcoming resistance mechanisms, identifying reliable biomarkers, and optimizing combination strategies are key areas of future research. Personalized immunotherapy approaches tailored to individual patients’ characteristics, such as patient-specific tumor antigens and neoantigen-based vaccines, hold promise for improving treatment outcomes.

Combining immunotherapy with targeted therapies is another avenue to explore. Targeted therapies that inhibit specific oncogenic pathways have shown efficacy in subsets of ovarian cancer patients. Combining these targeted therapies with immunotherapy has the potential to enhance treatment responses by synergistically targeting both tumor cell-intrinsic and immune cell-extrinsic factors.

Despite the advances in immunotherapy, there are still challenges to address. Long-term safety and monitoring of patients receiving immunotherapy are essential, as immune-related adverse events can occur. Additionally, understanding the complex interplay between the tumor microenvironment and the immune system is crucial for designing effective therapeutic strategies.

In conclusion, the metabolic and senescence characteristics associated with the immune microenvironment in ovarian cancer have significant implications for tumor development and treatment. Understanding these characteristics and their interactions is essential for improving patient outcomes. Advances in immunotherapy, personalized approaches, and combination strategies hold promise for enhancing antitumor immune responses in ovarian cancer. However, further research is needed to overcome resistance mechanisms, identify reliable biomarkers, optimize treatment regimens, and ensure long-term safety and monitoring. By addressing these challenges, we can pave the way for more effective and personalized immunotherapeutic approaches for ovarian cancer patients.
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Background

The survival and prognosis of patients are significantly threatened by cutaneous melanoma (CM), which is a highly aggressive disease. It is therefore crucial to determine the most recent survival rate of CM. This study used population-based cancer registry data to examine the 5-year relative survival rate of CM in the US.





Methods

Period analysis was used to assess the relative survival rate and trends of patients with CM in the Surveillance, Epidemiology, and End Results (SEER) database during 2004–2018. And based on the data stratified by age, gender, race and subtype in the SEER database, a generalized linear model was 12established to predict the 5-year relative survival rate of CM patients from 2019 to 2023.





Results

The 5-year relative survival increased to various degrees for both total CM and CM subtypes during the observation period. The improvement was greatest for amelanotic melanoma, increasing from 69.0% to 81.5%. The 5-year overall relative survival rates of CM were 92.9%, 93.5%, and 95.6% for 2004–2008, 2009–2013, and 2014–2018, respectively. Females had a marginally higher survival rate than males for almost all subtypes, older people had lower survival rates than younger people, white patients had higher survival rates than nonwhite ones, and urban locations had higher rates of survival from CM than rural locations did. The survival rate of CM was significantly lower for distant metastasis.





Conclusion

The survival rate of patients with CM gradually improved overall during 2004–2018. With the predicted survival rate of 96.7% for 2019–2023, this trend will still be present. Assessing the changes experienced by patients with CM over the previous 15 years can help in predicting the future course of CM. It also provides a scientific foundation that associated departments can use to develop efficient tumor prevention and control strategies.
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Introduction

Cutaneous melanoma (CM) is a highly malignant tumor with early metastasis and invasion, which seriously threatens the survival and prognosis of patients (1, 2) and has become a common skin malignancy. Studies have highlighted that its incidence continues to increase worldwide, with about 232,100 new cases (1.7% of all cancer-related deaths) and about 55,500 deaths (0.7% of all cancer-related deaths) annually (3). There are many pathogenic factors of CM, among which ultraviolet rays from sunlight and genetic susceptibility are considered to be important factors in melanoma pathogenesis (3–5). There are four main clinical subtypes of CM: lentigo maligna melanoma (LMM), acral lentiginous melanoma (ALM), nodular melanoma (NM), and superficial spreading melanoma (SSM) (6). SSM is the most prevalent, accounting for >70% of all CMs (7). There are also some rare subtypes, such as desmoplastic melanoma (DM), amelanotic melanoma (AM), and spindle cell melanoma (SCM).

The main treatment methods for CM currently include surgery, chemotherapy, immunotherapy, and targeted therapy. With the recent continuous progress of CM treatment, immunotherapy and targeted therapy have become the current focuses of research, and researchers continue to explore treatment options for obtaining the best prognoses for patients (8–10). Schadendorf et al. found that the 5-year overall survival rate of metastatic melanoma has increased markedly, from<10% to its current rate of 40–50% (3). The overall survival and cure rates of patients with melanoma can be significantly increased with prevention, early detection, and efficient adjuvant therapies (3).

The 5-year survival rate is frequently used in clinical settings to assess the effectiveness of cancer treatment and track the prognosis of patients. The most recent estimates for the survival rate of patients with cancer are reliable indicators of the general situation and changing patterns of long-term survival in certain residence locations. It is advantageous for clinical prevention and treatment to comprehend the long-term survival-rate trend of CM and its prognostic variables. The ratio between the observed survival rate of the population with cancer and the anticipated survival rate of the general population is known as the relative survival rate, which is most often used in cancer statistics and is a crucial metric for assessing patient prognoses (11, 12). Analyzing relative survival rates using the period analysis can help reveal cyclical patterns in the data, improve prediction accuracy, and provide more insights for decision making (13). It can help medical professionals better understand and utilize time series data to improve medical decisions and treatment strategies. Existing data can be used to precisely estimate survival rates, examine trends, and predict future survival rates through model-based period analysis.

After stratifying data by age, sex, race, residence location, histology, and metastatic stage, we employed period analysis to evaluate survival trends in patients with CM enrolled in the Surveillance, Epidemiology, and End Results (SEER) database during 2004–2018. We also applied a model-based period analysis approach to predict the survival rate for 2019–2023 and explore the potential causes of the survival rate discrepancy during this period.





Material and methods




Data source

The information used in this study were obtained from the SEER database, which is a large population-based data set that now includes information on around 50% of patients with cancer in the US. The SEER project uses population-based cancer registries to compile and disseminate data on cancer incidence, prevalence, and survival (14). It is a trustworthy source of cancer surveillance data, and its long-term, comprehensive, and up-to-date data greatly facilitate the ability of researchers worldwide to gather, analyze, and disseminate trustworthy population-based cancer analysis results. In this study, data on patients with CM during 2004–2018 were retrieved using SEER*Stat software (version 8.4.0.1) (15). Patient follow-up data were obtained up to December 2019.

The inclusion criteria of this study were (1) older than 15 years, (2) data from 2004–2018 available, and (3) primary tumor of CM. The exclusion criteria were (1) only an autopsy or death certificate confirming the CM diagnosis, (2) alive or no way to determine survival time, and (3) incomplete data. There were finally 104,784 cases that met the above criteria.





Variable selection and classification

We selected CM subtypes using a classification based on ICD-0-3 codes. The histology, residence location, and malignant behavior of tumors are all encoded by the ICD-O-3 system. Some rare subtypes were excluded due to small numbers of cases, and we finally included seven pathological subtypes of CM in this study. Other indicators were classified as follows: sex (female and male), race (black, white, American Indian/Alaska Native, and Asian or Pacific Islander), age (15–44, 45–54, 55–64, 65–74, and ≥75 years), residence location (rural and urban), and metastatic stage (distant, regional, and localized).





Statistical analysis

The sociodemographic and clinical characteristics of each observation period were compiled using descriptive statistics. Patient prognoses were evaluated using relative survival rates. The ratio between the actual and expected survival rates is known as the relative survival rate and is calculated as

	

where   and   represent the observed and expected survival rates, respectively. The variable i typically represents individual time intervals or observation periods. It is used to distinguish different segments of time, such as years or timeframes, over which relative survival rates are calculated. A k value of 5 corresponds to determining the 5-year relative survival rate. The expected survival rates were derived from the SES/geography/race Annual Life Tables generated from the US mortality data in SEER, and was calculated using the Ederer II method.

The period analysis approach was used in this study to assess 5-year relative survival rates during 2004–2018 of patients with CM. The Greenwood method was used to produce point estimates of relative survival rate and their standard errors. Cases diagnosed during 2004–2008, 2009–2013, and 2014–2018 were included in the study, estimated the slope and interception of linear models, and a generalized linear model based on the period analysis was developed to predict the 5-year relative survival rate of patients diagnosed with CM during 2019–2023. The linear model is represented in the form of Y=β1X+β0+ϵ. In this equation, X represents the year, Y represents the relative survival rate, ϵ denotes the error term. The above analysis process was performed using the SEER*Stat software (version 8.4.0.1) to calculate the relative survival rate and the Joinpoint Regression Program (version 4.9.1.0) to fit the linear model.






Results

We identified 104,784 patients diagnosed with CM during 2004–2018 in the SEER database, comprising 46,010 females and 58,774 males. The CM cases detected and entered into the SEER database for each observation period are listed in Table 1. Most patients were male, white, aged 55–64 years, urban residents, and had localized metastasis and the SSM. The four most common CM subtypes (ALM, LMM, NM, and SSM) accounted for nearly 95% of all CM cases, while white patients accounted for 93.8%. The numbers of cases within each observation period were generally consistent among ages, sexes, races, residence locations, and stages.


Table 1 | 2004–2018 Basic situation of CM incidence.



The 5-year relative survival rates for the various CM subtypes by sex are listed in Table 2. Based on the outcomes of the period analysis, compared with 2004–2008, the survival rate of both males and females increased during 2014–2018, except for patients with SCM. The relative survival rate was significantly higher for females than for males across almost all subtypes. Moreover, there were significant subtype differences in changes in relative survival rate. LMM (100.0%), SSM (99.5%), and DM (94.4%) had the highest 5-year relative survival rates during 2014–2018. The 5-year relative survival rates for both total CM and the CM subtypes increased during the observation period. The survival rate improved the most for the AM subtype, increasing from 69.0% to 81.5% during 2004–2018. Generalized linear models predicted that the 5-year relative survival rate for CM and its subtypes will continue to increase during 2019–2023. The changing trends of relative survival rate between different pathological subtypes and different sexes are shown in Figures 1, 2.


Table 2 | 5-year relative survival rates for patients with CM and its subtypes by sex from 2004 to 2018 and predicted relative survival rates for patients with CM and its subtypes from 2019 to 2023.






Figure 1 | Trends in the 5-year relative survival rates of patients with each subtype of CM.






Figure 2 | Trends in the 5-year relative survival rates of patients with each subtype of CM and between different sexes.



Table 3 lists the 5-year relative survival rate for CM by age. Survival rates improved across all age groups during 2004–2018. Younger age groups consistently had higher 5-year relative survival rates in CM than older age groups during the study period. The 5-year relative survival rates during 2004–2018 were 97.2%, 96.4%, 95.9%, 95.8%, and 92.1% for those aged 15–44, 45–54, 55–64, 65–74, and ≥75 years, respectively. The generalized linear model predicted that during the 2019–2023, patients with CM aged 15–44 years would have the highest 5-year relative survival rate of 97.6%, while those aged ≥75 years would have the lowest survival rate of 95.1%. Figure 3 displays the relative survival rate trend of patients with CM across various age groups.


Table 3 | 5-year relative survival rates of CM patients by age group from 2004 to 2018 and forecast of CM patients’ relative survival rates from 2019 to 2023.






Figure 3 | The trend of 5-year relative survival rate in different age groups of CM patients.



The 5-year relative survival rates for patients with CM are listed in Table 4 according to race, residence location, and metastatic stage. White patients had the highest survival rate (95.1 ± 0.3%, mean ± SEM) during 2014–2018. The 5-year relative survival rates of white and American Indian/Alaska Native patients increased between 2004–2008 and 2014–2018; however, those of black and Asian or Pacific Islander patients decreased. The relative survival rates for white, black, American Indian/Alaska Native, and Asian or Pacific Islander patients during 2019–2023 were predicted using generalized linear models to be 96.0%, 68.1%, 88.9%, and 75.2%, respectively. Moreover, the CM survival rate was higher in urban locations than rural ones. The relative survival rate of CM has increased over time in both urban and rural locations, and generalized linear models indicated that this trend will persist in the future. Relative survival rates increased over time for all three metastatic stages, with generalized linear models predicting further increases during 2019–2023. However, the relative survival rate for regional and distant metastasis were still quite different from that for localized metastasis, with the relative survival rate of distant metastasis being<50%. Figures 4–6 depict the relative survival rate trends of patients with CM by race, residence location, and metastasis.


Table 4 | 5-year relative survival rates of CM patients by race, area and metastatic stage from 2004 to 2018 and forecast of CM patients’ relative survival rates from 2019 to 2023.






Figure 4 | Trends in 5-year relative survival rates of different races in CM patients.






Figure 5 | Trends in the 5-year relative survival rate of CM patients in urban and rural areas.






Figure 6 | Trends in 5-year relative survival rates of CM patients at each metastatic stage.







Discussion

A period analysis was first applied in this study in order to assess the long-term survival trend and prognostic factors of patients with CM and to predict the survival rate during 2019–2023. The relative survival rates of CM and its distinct subtypes all increased to varying degrees during 2004–2018. The relative survival rate varied according to the classification of several criteria, including the CM subtype, sex, age, race, residence location, and metastatic stage.

The high rate of metastasis in CM has a significant impact on the probability of patient survival and poses a serious threat to human health. Among the various CM subtypes, factors such as high heterogeneity and wide variations in clinical and genetic characteristics lead to different degrees of malignancy and responses to treatment, resulting in the survival rates for different pathological subtypes also differing greatly (6, 16–18). NM had the highest degree of malignancy and the worst prognosis for patients in previous studies (19–21). We found variations in the survival rates of CM subtypes, but the relative survival rate of overall CM was high and had improved recently by varying degrees. This increasing trend in relative survival rate was observed for all CM subtypes during 2004–2018 in this study. Melanoma mortality has declined significantly since the US Food and Drug Administration approved the first immune-checkpoint inhibitor ipilimumab for improving late-term survival in 2011 (22). Developments in medical technologies, including immunotherapy and targeted therapy, have significantly increased the survival rate of patients due to improvements in the understanding of CM etiology (23–25). New immune-checkpoint inhibitors and targeted agents that improve immune-mediated antitumor modulation, particularly in advanced melanoma, are associated with improved overall survival rate. This may be a key factor that causes the relative survival rate of CM to continue its upward trend during 2019-2023. However, surgical treatment is still a key factor for the prognosis of patients with CM, with many previous studies finding that early surgical intervention can increase patient survival by reducing the risks of metastasis and infiltration in CM (2, 8, 26).

The sex of patients with CM has a significant impact on their prognosis. According to previous studies, female patients typically have a better prognosis than male patients, which was consistent with the results of the present study (18, 27). We found that, except for SCM that began to appear in 2014–2018, the relative survival rate was higher for male than female patients with CM, and the relative survival rates of CM and its subtypes were higher in females than in males. Although SCM is a variant of melanoma, it is easily misdiagnosed as other tumors due to the lack of traditional melanoma features and varying degrees of cytological atypia (28, 29). Because SCM is also aggressive, the prognosis of patients with SCM will be seriously affected when misdiagnosis and delayed diagnosis occur. Sex differences in the prognosis of CM patients. Existing studies have indicated that behavioral differences, hormone regulation, immune function, vitamin D metabolism, sex chromosome gene expression, and oxidative stress response are mechanisms underlying this difference in survival rates, but the exact mechanism remains unclear (30, 31). Future studies will help to explore these mechanisms in depth to more fully understand the role of gender in survival differences in CM patients and provide more scientific basis for the development of gender-specific treatment strategies.

Age was found to be an important factor affecting CM prognosis in this study. We found that most patients with CM were elderly, and that the survival rate decreased with age. The difference in relative survival rate between those aged 15–44 and ≥75 years was as high as 9.8%. This was consistent with the probability of cell senescence leading to mutations in its genetic material increasing with age, as does the risk of suffering from CM (32–34). At the same time, the response to treatment, tolerance, and recovery ability of the body are also reduced during the aging process, thereby affecting the survival of elderly patients (35, 36). The survival rates of all age groups increased by different degrees during the observation period, the most in patients aged ≥75 years, which may be related to recent developments in immunotherapy and targeted therapy and the application of new adjuvant therapies (37). The complex relationship between age and CM prognosis extends beyond biological factors to encompass the broader aspects of immune responses, health, and the outcomes of treatment. These findings underscore the importance of personalized treatment approaches that consider age as a critical determinant for improving therapeutic outcomes and enhancing survival rates.

We observed that white patients accounted for the vast majority of those with CM, and studies have indicated that this is related to various factors such as differences in gene expression, socioeconomic status, and living environment between races (38, 39). In our study, white patients not only had a higher incidence rate of CM than other races, but also had the highest survival rate. This was due to advances in treatment for and understanding of the disease in the US, a white-majority nation (37). It was also clear that the survival rate was lowest for black patients and trends downward over time. The lower socioeconomic level, education level, and participation in melanoma screening among black patients may explain some race-related differences in the outcomes of patients with cancer (39–42). The survival rate of Asian or Pacific Islander patients also exhibited a downward trend in our study, and we believe that the reasons are similar to those mentioned above. Sanchez et al. noted that melanoma education provided over the past 20 years has not significantly increased awareness of the disease, and that future education programs targeting early detection are more likely to benefit racial and ethnic minority individuals (43). However, due to the large proportion of white patients included in the SEER database and the small number of cases of other races, the data need to be interpreted with caution, and further large-sample research is necessary.

Advanced medical equipment, cutting-edge technology, and a pool of highly skilled healthcare professionals are more readily available in urban areas due to better economic conditions. This advantage not only facilitates early disease detection but also empowers healthcare professionals with advanced tools for precise diagnosis and effective treatment. Consequently, patients in urban areas often experience more favorable disease survival rates, which was consistent with our research findings (44–47). Our study also found that survival rates greatly differed between metastatic stages. The survival rate is lower when a cancer has metastasized farther. Patient survival rates will decrease significantly at each metastatic stage. Although the survival rates of regional and distant metastases increased significantly during the observation period, subsequent metastasis will still be fatal to patients. CM often metastasizes to important organs such as the liver, lung, and brain, which greatly complicates treatments and results in a poor prognosis (48, 49).

Our study highlights the significant advancements in CM survival rates and the impact of factors such as age, gender, race, and metastatic stage on prognosis. The rising trend in CM survival, driven by developments in immunotherapy and targeted therapy, provides hope for improved outcomes. As we move forward, it is crucial to delve deeper into understanding the underlying mechanisms behind these findings and to develop tailored treatments. Additionally, addressing disparities among different racial groups and focusing on early detection programs will be vital steps in enhancing the prognosis of CM patients in the future.




Limitations

There were some limitations to this study. First, there were inherent drawbacks in its retrospective design. Second, the results of the study should be interpreted with caution because tumor stages change over time in the SEER database. Third, the proportion of nonwhite patients in the SEER database was relatively low, and caution is necessary when considering the analytical results for nonwhite patients given the smallness of the sample. Fourth, it was challenging to determine the influence on survival given the lack of potentially crucial elements in the SEER database, including treatment options, certain biological indicators, and behavioral habits. Fifth, the findings of this study were based on analyses of data from the US, so additional confirmation is required to ascertain whether they apply to other nations.






Conclusion

The relative survival rate of patients with CM in our study exhibited an overall upward trend with time, with only a few differences. This trend was predicted to persist during 2019–2023. These improvements may be connected to the efficacy of new therapeutic choices and improvements in risk factors due to elements such as setting and diagnostic techniques. Nonetheless, the prognosis of patients with CM was still impacted by race, with the survival rates being lower for nonwhite patients than for white patients, and lower for the elderly than for young patients, and for distant tumor metastases. It is necessary to improve tumor education, early diagnosis, treatment strategies, and other aspects to improve survival in the future. The study also found that females had a higher survival rate and that urban residents had a better prognosis than rural ones.

Understanding the survival rate of CM during the previous 15 years might be useful in predicting future trends as well as for designing better treatment programs and developing sensible health policies to improve the prognosis of CM.
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Overall Surgery No (n Surgery Yes

Age (years), median (IQR) 63.00 (57.00, 71.00) 63.00 (57.00, 71.00) 65.0 (56.75, 72.00) 0.59

Race, n (%) 0.04
Black 95 (17.76) 70 (17.20) 25 (19.53)
White 326 (60.93) 259 (63.64) 67 (52.34)
Other” 114 (21.31) 78 (19.16) 36 (28.12)

Sex, n (%) 0.09
Female 112 (20.93) 78 (19.16) 34 (26.56)
Male 423 (79.07) 329 (80.84) 94 (73.44)

Grade, n (%) <0.01
1 83 (15.51) 71 (17.44) 12 (9.38)
bit 154 (28.79) 107 (26.29) 47 (36.72)
i} 103 (19.25) 68 (16.71) 35 (27.34)
v 5(0.93) 2(0.49) 3(234)
Unknown 190 (35.51) 159 (39.07) 31 (24.22)

T, n (%) 0.03
T3 459 (85.79) 357 (87.71) 102 (79.69)
T4 76 (14.21) 50 (12.29) 26 (20.31)

N, n (%) <001
NO 446 (83.36) 324 (79.61) 122 (95.31)
N1 89 (16.64) 83 (20.39) 6 (4.69)

M, n (%) <0.01
Mo 426 (79.63) 303 (74.45) 123 (96.09) I
M1 109 (20.37) 104 (25.55) 5 (391)

Radiotherapy, n (%) 0.31
No 424 (79.25) 318 (78.13) 106 (82.81)
Yes 111 (20.75) 89 (21.87) 22 (17.19)

Chemotherapy, n (%) <0.01
No 264 (49.35) 176 (43.24) 88 (68.75)
Yes 271 (50.65) 231 (56.76) 40 (31.25)

AFP, n (%) 0.29
Positive 409 (76.45) 316 (77.64) 93 (72.66)
Negative 126 (23.55) 91 (22.36) 35 (27.34)

Fibrosis, n (%) <0.01
Ishak 0-4 179 (33.46) 110 (27.03) 69 (53.91)
Ishak 5-6 356 (66.54) 297 (72.97) 59 (46.09)

Tumor size (millimeter), median (IQR) 80.00 (60.50, 110.00) 80.00 (60.00, 109.50) 79.00 (61.75, 110.00) 0.86

*Other includes Asian/Pacific Islander, American Indian/Alaskan Native. Mann-Whitney U test and Chi-square test were used for comparison. IQR, interquartile range; PSM, propensity score
matching.
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Variables Overall 236) Surgery No (n 18) Surgery Yes 118) P
Age (years), median (IQR) 64.00 (56.75, 73.25) 64.00 (57.00, 75.00) 64.50 (56.00, 71.75) 0.26
Race, n (%) 0.67
Black 41 (17.37) 18 (15.25) 23 (19.49)
White 129 (54.66) 67 (56.78) 62 (52.54)
Other* 66 (27.97) 33 (27.97) 33 (27.97)
Sex, n (%) 045
Female 60 (25.42) 27 (22.88) 33 (27.97)
Male 176 (74.58) 91 (77.12) 85 (72.03)
Grade, n (%) 0.95
1 20 (8.47) 9 (7.63) 11 (9.32)
I 89 (37.71) 47 (39.83) 42 (35.59)
il 66 (27.97) 32(27.12) 34 (28.81)
v 5(2.12) 2 (1.69) 3(2.54)
Unknown 56 (23.73) 28 (23.73) 28 (23.73)
T, n (%) 1.00
T3 190 (80.51) 95 (80.51) 95 (80.51)
T4 46 (19.49) 23 (19.49) 23 (19.49)
N, n (%) 0.49
NO 227 (96.19) 115 (97.46) 112 (94.92)
N1 9 (3.81) 3(254) 6 (5.08)
M, n (%) 1.00
Mo 227 (96.19) 114 (96.61) 113 (95.76) I
M1 9 (3.81) 4(3.39) 5 (4.24)
Radiotherapy, n (%) 0.34
No 187 (79.24) 90 (76.27) 97 (82.20)
Yes 49 (20.76) 28 (23.73) 21 (17.80)
Chemotherapy, n (%) 0.89
No 156 (66.10) 77 (65.25) 79 (66.95)
Yes 80 (33.90) 41 (34.75) 39 (33.05)
AFP, n (%) 0.45
Positive 178 (75.42) 92 (77.97) 86 (72.88)
Negative 58 (24.58) 26 (22.03) 32 (27.12)
Fibrosis, n (%) 0.08
Ishak 0-4 104 (44.07) 45 (38.14) 59 (50.00)
Ishak 5-6 132 (55.93) 73 (61.86) 59 (50.00)
Tumor size (millimeter), median (IQR) 78.50 (61.00, 109.00) 78.00 (61.00, 107.75) 79.50 (61.75, 110.00) 0.84

*Other includes Asian/Pacific Islander, American Indian/Alaskan Native. Mann-Whitney U test and Chi-square test were used for comparison. IQR, interquartile range; PSM, propensity score
matching; AFP,Alpha-fetoprotein; TNM, tumor node metastasis classification.
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Variables

Univariate analysis

HR (95%Cl)

Multivariate analysis

HR (95%Cl)

Age (year) 1.00 (0.99-1.01) 0.567 /
Race

Black reference

White 1.23 (0.92-1.65) 0.170 /

Other” 1.14 (0.80-1.62) 0.481 /
Sex

Female reference

Male 0.92 (0.70-1.23) 0.589 /
Grade

1 reference reference

i 1.12 (0.78-1.63) 0.536 1.08 (0.74-1.59) 0.679

it 1.52 (1.02-2.26) 0.039 1.54 (1.01-2.35) 0.047

v 1.11 (0.34-3.58) 0.867 1.66 (0.52-5.76) 0.411

unknown 1.48 (1.03-2.13) 0.033 1.28 (0.82-1.66) 0.215
T

T3 reference

T4 1.30 (0.93-1.82) 0.120 !
N

NO reference reference

N1 1.60 (1.19-2.14) 0.002 1.20 (0.86-1.66) 0.282
M

Mo reference | reference

M1 2.08 (1.59-2.71) <0.001 1.85 (1.38-2.49) <0.001
Surgery

No reference reference

Yes 0.46 (0.35-0.61) <0.001 0.31 (0.22-0.44) <0.001
Radiotherapy

No reference reference

Yes 0.59 (0.44-0.78) <0.001 0.46 (0.34-0.62) <0.001
Chemotherapy

No reference reference

Yes 0.81 (0.64-1.01) 0.059 0.49 (0.38-0.62) <0.001
AFP

Positive reference reference

negative 0.71 (0.55-0.94) 0.015 0.71 (0.52-0.95) 0.021
Fibrosis

0-4 reference reference

5-6 1.39 (1.08-1.77) 0.009 1.23 (0.95-1.61) 0.123
Tumor size (millimeter) 1.00 (1.00-1.00) 0.052 1.00 (1.00-1.01) 0.010

#Other includes Asian/Pacific Islander, American Indian/Alaskan Native. CI, confidential interval; HR, hazard ratio; OS, overall survival.
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Brown CE, 2016, NEW ENGL J MED (28) 10.1056/NEJMoal610497 Article 280 78.3 26
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5 Z}:“(:rniversity of Texas MD Anderson Cancer USA 116 79 2008
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9 Northwestern University USA 91 46 2014
10 Central South University China 88 10 2020
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Searching from Web of Science
Core Collection database

Search strategy :

(TS=(ipilimumab) OR TS=(pembrolizumab) OR TS=(nivolumab) OR TS=(tremelimumab) OR TS=(immune
checkpoint blockade) OR TS=(*immunotherapy) OR TS=(vaccine) OR TS=(CAR-T) OR TS=(immune
checkpoint inhibitor) OR TS=(PD-1) OR TS=(PD-L1) OR TS=(CTLA-4) OR TS=(LLAG-3)) AND (TS= (glioma*)
OR TS=(neurolipocytoma) OR TS=(neurospongioma) OR TS=(neuroglioma*) OR TS=(glioblastoma*) OR
TS=(GBM) OR TS=(gliosarcoma) OR TS=(astrocytoma))

Publication years: January 1, 2000 to April 1, 2023
Document Types: Article and Review
Language Types: English

Exclude:

(1) articles unrelated to immunotherapy for glioma;

(2) formats such as letters, reports, preprints, short texts, or abstracts;
(3) redundant literature.

13 publications
excluded

4923 publications
indentified

4910 publications indentified
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Comprehensive Visualization and Bibliometric Analysis
Publications Geographical distribution Distribution of Analysis of keywords Major institutions || Cited and Co-cited
over time of publications journals and Core anthors References
. Online tool . . VOSyviewer and Microsoft Excel, .
Microsoft Excel (https://www.scimagojr.com/), VOSviewer and Citespace [ | piy o etrix packageinR | | VOSviewer, V.OSV1ewer and
A — Citespaceand

Microsoft Excel, Microsoft Citespaceand bibliometrix
charticulator, VOSviewer. package in R.
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G0:0001501: skeletal system development
M200: PID ERA GENOMIC PATHWAY
G0:0022407: regulation of cell-cell adhesion
GO:0040013: negative regulation of locomotion
G0:0000132: establishment of mitotic spindle orientation
: urogenital system development
: mitotic cytokinesis
G0:0008283: cell population proliferation
2 4 6 8 10

-log10(P)
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lormal Case t d p.value
DNMT1 ‘ 1.00041 + 0.0046 1.7665 + 04332 t=1.427 df=12 0.0006
MPZ ‘ 1.0041 + 0.0034 0.3686 + 0.1900 t=16.78 df=6 <0.0001
TPM2 ‘ 1.0038 + 0.0027 1.3295 + 1.0535 =6.786 df=11 04274
‘ CDKN2A ‘ 1.0045 + 0.0037 1.2807 + 1.2780 t=10.92 df=11 0.5761
MTHFD2 ‘ 1.0064 + 0.0123 1.8973 + 0.3829 t=1.907 df=12 <0.0001
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1.152585

o] HR HR.9 HR.95H Pvalue
TP73 074016 060627 0903618 0003122
TXNDC9 1.663991 1.157881 2391323 0005918
MTHFD2 1401012 1.071705 1.831508 0013643

‘ CDKN2A 090169 082885 0980931 0016042
TPM2 1131322 1019291 1255666 002039

‘ MPZ 1.279329 1.014195 1613775 003762
DNMT1 0789719 0629614 0990537 0041131
IGF2BP2 | Loo2sor 1325137 0046037
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primer sequence

DNMT1 F GAGGAGGGCTACCTGGCTAA
DNMT1 R CGGGCTTCACTTCTTGCTTG
MPZ F ATGCCATTTCGATCTTCCACT
MPZR GAGGTCTTGCCCACTATGTCTG
TPM2 F TCACCAGACCTTGGACCAGA
TPM2 R AGGATTAAAGGGCCTTGAGAGG
CDKN2A F GCTAGACACAAAGGACTCGGT
CDKN2A R CTCTGACGCGACATCTGGAC
MTHEFD2 F GGCAGTTCGAAATGAAGCTGTTG
MTHEFD2 R AGGATCACACTCAGGTGTGGC
internal reference-GAPDH F CGAAGGTGGAGTCAACGGATTT

internal reference-GAPDH R ATGGGTGGAATCATATTGGAAC
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Malignant brain tumors from SEER database from 2000 to 2020

(N=113,342)

Non-first primaries were excluded
(N=14,401)

N=98,941

Non-histological diagnoses were excluded
(N=14,236)

N=84,705

Non-gradegrade IlI-1V and unknown were excluded
(N=56,302)

N=28,403

Patients under 65 years old (not included) were excluded
(N=19,102)

Exclusion of inappropriate histologic codes (i.e., those that are not

one of the following: 9440, 9441, 9442, 9445, 9401, 9451, 9505)
(N=910)

Exclusion Marital status was unknown
(N=278)
Exclude Race unknown
(N=17)

N=8096

Exclusion extent of tumor was unknown
(N=1755)

Exclusion Tumor size was unknown
(N=1073)

Exclusion of inappropriate surgical
conditions (i.e., exclusion of procedures

with unknown surgical conditions and
diagnostic purposes: 10,90,99)
(N=23)

Training cohort Validation cohort

(N=3672) (N=1573)

External
Validation
(N=63)

Web-based Prognostic Nomogram

Kaplan-Meier analysis Calibration curve
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ID Organization Documents Citations Average number of citatio

1 Shanghai jiao tong univ 42 1521 36.21
2 Univ bologna 26 757 29.12
3 Cent south univ 25 172 6.88

4 Huazhong univ sci & technol 25 353 14.12
5 Univ nantes 25 873 34.92
6 Sun yat sen univ 23 341 14.83
7 Zhejiang univ 22 372 16.91
8 China med univ ‘ 19 444 23.37
9 | Chinese acad sci 19 832 43.79

10 Zhengzhou univ 19 126 6.63
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Average number of citations

1 Baldini, nicola 21 854 40.67
[ 2 Heymann, dominique 19 537 28.26
3 Avnet, sofia 18 765 42.50
4 Redini, francoise 18 650 36.11
5 Guo, wei 11 366 3327
6 Ren, tingting 10 345 34.50
7 Verrecchia, franck 10 505 50.50
8 Cortini, margherita 9 332 36.89
9 Huang, yi 9 393 43.67
10 Kleinerman, eugenie s. 9 326 36.22
11 Perut, francesca 9 316 I 3511
12 ‘Wang, wei 9 210 2333
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ID Country Citations Average number of citations
1 Peoples r china 416 6681 16.06
2 Usa 170 4668 27.46
3 Italy 76 2139 28.14
4 France 49 1462 29.84
5 Japan 44 1358 30.86
6 England 39 1247 3197
7 Australia 29 511 17.62
8 Germany 22 358 16.27
9 Spain 19 549 28.89

10 India 14 257 18.36
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1D Cited reference Citations Total link strength

1 Buddingh ep, 2011, clin cancer res, v17, p2110, doi 10.1158/1078-0432.ccr-10-2047 99 198
2 Kansara m, 2014, nat rev cancer, v14, p722, doi 10.1038/nrc3838 86 122
3 Isakoff ms, 2015, j clin oncol, v33, p3029, doi 10.1200/jc0.2014.59.4895 82 127
4 Mirabello 1, 2009, cancer-am cancer soc, v115, p1531, doi 10.1002/cncr.24121 71 112
5 Corre i, 2020, cells-basel, v9, doi 10.3390/cells9040976 62 134
6 Koirala p, 2016, sci rep-uk, v6, doi 10.1038/srep30093 61 143
7 Alfranca a, 2015, cell mol life sci, v72, p3097, doi 10.1007/500018-015-1918-y 59 94
8 Yoshihara k, 2013, nat commun, v4, doi 10.1038/ncomms3612 59 97
9 Heymann mf, 2019, cell immunol, v343, doi 10.1016/j.cellimm.2017.10.011 58 147
10 Ottaviani g, 2009, cancer treat res, v152, p3, doi 10.1007/978-1-4419-0284-9_1 56 99
11 Tawbi ha, 2017, lancet oncol, v18, p1493, doi 10.1016/s1470-2045(17)30624-1 56 115
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Top 22 Keywords with the Strongest Citation Bursts

Year Strength Begin End

Keywords
breast cancer
zoledronic acid
in vivo
cancer cells
differentiation
prognostic factors
osteoblast differentiation
hypoxia
nf kappa b
tumor growth
ewings sarcoma
pathway
stromal cells
ewing sarcoma
extracellular vesicles
carcinoma
model
target
endothelial growth factor
tumour microenvironment
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Pre-PSM Post-PSM

Non-surgical Surgical Non-surgical Surgical

N =413 N =1628 N = 350 N = 350
Age (median [IQR]) |60 [50.0, 73.0] 57.0 [47.0, 68.0] <0.001 62.5 (50,0, 73.7] 57.0 (45.0, 72.0] 0.001
Race (%) <0.001 0.001
‘White 242 (58.60) 1,132 (69.53) 205 (58.57) 247 (70.57)
Black 117 (28.33) 304 (18.67) 98 (28.00) 51 (14.57)
Other 54 (13.08) 192 (11.79) 47 (1343) 52 (14.86)
Marital status (%) <0.001 <0.001
No 255 (61.74) 798 (49.02) 215 (61.43) 153 (43.71)
Yes 1 158 (38.26) 830 (50.98) 135 (38.57) 197 (56.29)
Grade (%) 0.196 0314
I 2(0.48) 11 (0.68) 1(0.29) 5(1.43)
i |75 (18.16) 243 (14.93) 65 (18.57) 60 (17.14)
1 ‘ 332 (80.39) 1,367 (83.97) 280 (80.00) 283 (80.86)
v ‘ 4(097) 7 (043) 4(1.14) 2(057)
Laterality (%) 1 0282 0545
Left ‘ 200 (48.43) 839 (51.54) 174 (49.71) 183 (52.29)
Right 213 (51.57) 789 (48.46) 176 (50.29) 167 (47.71)
N (%) | <0.001 0.042
0 92 (22.28) 541 (33.23) 85 (24.29) 117 (33.43)
1 190 (46.00) 604 (37.10) 160 (45.71) 132 (37.71)
2 47 (11.38) 228 (14.00) 44 (12.57) 38 (10.86)
3 84 (20.34) 255 (15.66) 61 (17.43) 63 (18.00)
Radiation (%) <0.001 <0.001
No 313 (75.79) 539 (33.11) 264 (75.43) 209 (59.71)
Yes 100 (24.21) 1,089 (66.89) 86 (24.57) 141 (40.29)
Chemotherapy (%) <0.001 0.033
No 136 (32.93) 257 (15.79) 121 (34.57) 94 (26.86)
Yes 277 (67.07) 1,371 (84.21) 229 (65.43) 256 (73.14)
Tumor size (median [IQR]) 65.0 [52.0, 90.0] 63.0 [54.0, 80.0] 0504 65.0 (52.0, 86.0] 65.0 (5.0, 80.0] 0.398
DX bone (%) <0.001 ' 0.047
No 314 (76.03) 1,572 (96.56) 293 (83.71) 312 (89.14)
Yes 99 (23.97) 56 (3.44) 57 (16.29) 38 (10.86)
DX brain (%) <0.001 0.4961
No 384 (92.98) 1,620 (99.51) 338 (96.57) 342 (97.71)
Yes 2 (7.02) 8 (0.49) 12 (343) 8 (2.29)
DX liver (%) ‘ <0.001 0.1281
No ‘ 345 (83.54) 1,593 (97.85) 309 (88.29) 322 (92.00)
Yes 68 (16.46) 35 (2.15) 41 (11.71) 28 (8.00)
DX lung (%) ‘ <0.001 0.8297
No ‘ 326 (78.93) 1,572 (96.56) 301 (86.00) 298 (85.14)
Yes ‘ 87 (21.07) 56 (3.44) 49 (14.00) 52 (14.86)

PSM, propensity-score matching; TNBC, triple-negative breast cancer.





OPS/images/fendo.2023.1184173/table3a.jpg
Age (medi (1QR)
Race ()

whie

Bk

oer

Martt sttes ()
o

Yo

Grade (%)

'

u

m

w

Lateraty ()

Lo

R

)

o

i

2

s

Radiston (%)

o

v
Chemtherspy (%)
o

va

Tumor size (median Q)
DX bore ()

Yo

Ve

DX brsin (%)

o

Yo

DX liver ()

o

Yoo

61500, 7301

20(86)
07 sy

sta3n)

255 (617)

158 ()

209
7 082)
2 600)

100

200 680)

13616

92223
190 (60
)

s

13058

100212

136.329)
77670

65 520900]

314 760)

9 @10)

391930)

500,

315 035)

8 065)

Pre-PTW

571470, 680

1132 ©3)
304 187)

192018

798 (190)

830510

103
230149)
1367 (810)

709

896515

789 (185)

11 332)
01 67.1)
250110

255157)

339 33

1089 (669)

27 058
137 812)

6 (510300

1572 966)

5664

1620 993)

308

1593 79)

sy

<0001

<001

<0001

0197

00

<0001

<0001

03014

<0001

<001

<0001

&2 1#6012,73215]

10911 (.

75 0195)

738061

53 (514)

w274 (156)

15109
377 04)
13186 (70)

21309

311 (190)

8686 (510)

773 080)
93 (101
281 025)

3210 (190)

894 (522)

33 (178)

926 089)

12101 01,

5 1520810]

15233 (95

1794 103)

16612 976)

ns @

15924 935

1103635

POSLIPTW.
Yes
N=230175

581490, 700]

20 (615

5959 059)

12518 (54

10199 (456)

114 06)
2587 030)
19801 (860)

8604

10605 (461)

3639)

260 72)
8654 076)
273 129)

130 223)

11268 (490)

14750 (6510)

53 015)
13064 (785

51550900]

19065 (929)

53 072)

20725 (900)

293 100)

19995 (869)

3022 03

021

o

0363

osn

0517

0053

oom

o168






OPS/images/fendo.2023.1184173/table3b.jpg
DX lung (%)
No

Yo

32689

s

1572 966)

5664)

<0001

15523 012)

1504 85)

19254 (836)

3764.0164)

0134





OPS/images/fendo.2023.1184173/table4.jpg
o Before PSM After PSM
Characteristic

HR (95% ClI) p HR (95% Cl)

65+ 1.31 (1.14-1.5) <0.001 1.58 (1.26-1.98) <0.001

Race

White
Black 1.07 (0.91-1.25) 0.4207 0.92 (0.71-1.2) 0.55

‘ Other 0.8 (0.65-0.98) 0.0324 0.65 (0.49-0.88) <0.001
Marital status
No
Yes 0.83 (0.73-0.95) 0.0064 0.93 (0.75-1.16) 0.52
Grade
1
1T 1.22 (0.5-3) 0.6588 1.1 (0.34-3.52) 0.8737
jiis 1.29 (0.53-3.12) 0.5739 1.14 (0.36-3.58) 0.8274

v 0.86 (0.24-3) 0.8097 1.02 (0.22-4.76) 0.9784

Laterality
Left

Right 1(0.88-1.13) 0.9841 0.98 (0.8-1.19) 0.8326

T
3

4 1.37 (1.2-1.56) <0.001 1.4 (1.14-1.73) 0.0016

1 1.37 (1.16-1.63) <0.001 1.33 (1.01-1.75) 0.0427
2 2.05 (1.67-2.51) <0.001 1.87 (1.33-2.64) <0.001

3 2.18 (1.79-2.67) <0.001 1.8 (1.3-2.49) <0.001

1 1.56 (1.22-1.99) <0.001 1.77 (1.25-2.5) 0.0012
Surg

No

Yes 0.55 (0.47-0.66) <0.001 0.54 (0.44-0.67) <0.001

Radiation

No

Yes 0.76 (0.66-0.88) <0.001 0.95 (0.76-1.18) 0.6399
Chemotherapy

No

Yes 0.47 (0.4-0.55) <0.001 0.46 (0.36-0.59) <0.001
Tumor size 1(1-1.02) 0.3412 1(1-1.02) 0.2983
DX bone

No

Yes 1.5 (1.17-1.92) 0.0016 1.58 (1.15-2.17) 0.0051

DX brain

Yes 2.09 (1.41-3.1) <0.001 1.51 (0.87-2.63) 0.1438

DX liver

Yes 1.92 (1.48-2.48) <0.001 2.09 (1.52-2.88) <0.001

DX lung

Yes 1.21 (0.94-1.57) 0.1406 1.14 (0.82-1.59) 0.434
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Overall Non-surgical Surgical
Characteristic

N = 2,041 N=413 N = 1628
Age (median [IQR]) 58.000 [47.000, 69.000] 63.000 [50.000, 73.000] 57.000 [47.000, 68.000] <0.001
Race (%) <0.001
White 1,374 (67.32) 242 (58.60) 1,132 (69.53)
Black 421 (20.63) 117 (28.33) 304 (18.67)
Other 246 (12.05) 54 (13.08) 192 (11.79)
Marital status (%) <0.001
No 1,053 (51.59) 255 (61.74) 798 (49.02)
Yes 988 (48.41) 158 (38.26) 830 (50.98)
Grade (%) 0.196
I 13 (0.64) 2(0.48) 11 (0.68)
iy 318 (15.58) 75 (18.16) 243 (14.93)
it 1,699 (83.24) 332 (80.39) 1,367 (83.97)
v 11 (0.54) 4(0.97) 7 (043)
Laterality (%) 0.282
Left 1,039 (50.91) 200 (48.43) 839 (51.54)
Right 1,002 (49.09) 213 (51.57) 789 (48.46)
T (%) <0.001
3 1,236 (60.56) 180 (43.58) 1,056 (64.86)
4 805 (39.44) 233 (56.42) 572 (35.14)
N (%) <0.001
0 633 (31.01) 92 (22.28) 541 (33.23)
1 794 (38.90) 190 (46.00) 604 (37.10)
2 275 (13.47) 47 (11.38) 228 (14.00)
3 339 (16.61) 84 (20.34) 255 (15.66)
M (%) <0.001
0 1,669 (81.77) 201 (48.67) 1,468 (90.17)
1 372 (18.23) 212 (51.33) 160 (9.83)
Surg (%) <0.001
No 413 (20.24) 413 (100.00) 0 (0.00)
Yes 1,628 (79.76) 0 (0.00) 1628 (100.00)
Radiation (%) <0.001
No 852 (41.74) 313 (75.79) 539 (33.11)
Yes 1,189 (58.26) 100 (24.21) 1,089 (66.89)
Chemotherapy (%) <0.001
No 393 (19.26) 136 (32.93) 257 (15.79)
Yes 1,648 (80.74) 277 (67.07) 1,371 (84.21)
Tumor size (median [IQR]) i 63.000 [54.000, 82.000] 65.000 [52.000, 90.000] 63.000 [54.000, 80.000] 0.504
DX bone (%) <0.001
No 1,886 (92.41) 314 (76.03) 1,572 (96.56)
Yes 155 (7.59) 99 (23.97) 56 (3.44)
DX brain (%) <0.001
No 2,004 (98.19) 384 (92.98) 1,620 (99.51)
Yes 37 (181) 29 (7.02) 8(0.49)
DX liver (%) <0.001
No 1,938 (94.95) 345 (83.54) 1,593 (97.85)
Yes 103 (5.05) 68 (16.46) 35 (2.15)
DX lung (%) <0.001
No 1,898 (92.99) 326 (78.93) 1,572 (96.56)
Yes 143 (7.01) 87 (21.07) 56 (3.44)
Status (%) <0.001
Alive 1,036 (50.76) 129 (31.23) 907 (55.71)
Dead 1,005 (49.24) 284 (68.77) 721 (44.29)

TNBC, triple-negative breast cancer.
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not articles or reviews
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Charactel Total (N=508)

RCB class
0/1 118 (23.23%)
TI/111 299 (58.86%)
Unknown 91 (17.91%)

AGE (years)

Mean + SD 49.80 + 10.46
Median[min-max] 49.00[24.00,75.00]
Grade
1 32 (6.30%)
2 180 (35.43%)
3 259 (50.98%)
Indeterminate 15 (2.95%)
Unknown 22 (4.33%)
GGl class
High 336 (66.14%)
Low 172 (33.86%)

Pathologic Response

RD 389 (76.57%)
pCR 99 (19.49%)
Unknown 20 (3.94%)
ER status
Negative 134 (43.23%)
positive 176 (56.77%)
PR status
Negative 258 (50.79%)
Indeterminate 5 (0.98%)
positive 243 (47.83%)
Unknown 2 (0.39%)

Her2 status

Negative 485 (95.47%)
Indeterminate 4 (0.79%)

positive 6 (1.18%)

Unknown 13 (2.56%)

Pam50 class

Basal 189 (37.20%)
Her2 37 (7.28%)
LumA 160 (31.50%)
LumB 78 (15.35%)
Normal 44 (8.66%)
T stage
7 T0 7 3 (0.59%)
Tl 30 (5.91%)
T2 255 (50.20%)
T3 145 (28.54%)
T4 75 (14.76%)
AJCC stage
1 8 (1.57%)
1A 121 (23.82%)
1B 151 (29.72%)
A 121 (23.82%)
111B 80 (15.75%)
11IC 23 (4.53%)
Inflammatory 4 (0.79%)
Clinical nodal status
NO 157 (30.91%)
N1 244 (48.03%)
N2 66 (12.99%)
N3 41 (8.07%)
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IF/JCR | Publication = Cocita

Journal tions

zoning year nlabar

Larkin J NEW ENGLAND 176.08/

Combined Nivolumab and Ipilimumab or Monotherapy in Untreated Melanoma JOURNAL OF Q1 2015 293
MEDICINE
Wolchok NEW ENGLAND 176,08/
Pembrolizumab versus Ipilimumab in Advanced Melanoma D JOURNAL OF Q'l 2015 267
MEDICINE
Robert C NEW ENGLAND 176,08/
Nivolumab in previously untreated melanoma without BRAF mutation JOURNAL OF Q 1 2015 234
MEDICINE
Wolchok NEW ENGLAND 176,08/
Overall Survival with Combined Nivolumab and Ipilimumab in Advanced Melanoma JD JOURNAL OF Qll 2017 150
MEDICINE
Nivolumab versus chemotherapy in patients with advanced melanoma who Weber JS
. . LANCET 54.43/
progressed after anti-CTLA-4 treatment (CheckMate 037): a randomised, controlled, 2015 144
p ONCOLOGY Q1
open-label, phase 3 trial
Robert C NEW ENGLAND 176,08/
Tpilimumab plus dacarbazine for previously untreated metastatic melanoma JOURNAL OF Q N 2011 130
MEDICINE
Hodi FS NEW ENGLAND 176.08/
Improved survival with ipilimumab in patients with metastatic melanoma JOURNAL OF Q.l 2010 130
MEDICINE
Postow NEW ENGLAND 176.08/
Nivolumab and ipilimumab versus ipilimumab in untreated melanoma MA JOURNAL OF Q‘l 2015 117
MEDICINE
Pembrolizumab versus investigator-choice chemotherapy for ipilimumab-refractory Ribas A LANCET 54.43/ 2015 108
melanoma (KEYNOTE-002): a randomised, controlled, phase 2 trial ONCOLOGY Q1
Weber | NEW ENGLAND 176.08/

Adjuvant Nivolumab versus Ipilimumab in Resected Stage III or IV Melanoma JOURNAL OF Q 2017 100
MEDICINE
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5 years survival rates

CM Overall 92.9+£0.2 93502 956+ 0.3 96.7 £ 0.2
Male 911 04 92.0 £0.3 94.7 £ 0.4 96.2 £0.2

Female 95.0 £0.3 954 +0.3 96.5+ 0.3 97.1 £0.1

Acral lentiginous melanoma Overall 785+ 2.1 785+ 2.1 80.4 +2.4 81.0 £0.2
Male 727 £34 67.3+32 751 %37 74.1 £ 1.5

Female 83.4+27 887 £25 842 +3.0 86.2 £ 1.1

Lentigo maligna melanoma Overall 100.0 £ 0.0 100.0 £ 0.0 100.0 £ 0.0 100.0 £ 0.0
Male 99.6 + 0.9 100.0 £ 0.0 100.0 £ 0.0 100.3 + 0.0

Female 100.0 £ 0.1 100.0 + 0.1 100.0 £ 0.0 100.0 0.0

Nodular melanoma Overall 68.5+09 689 £ 038 74.6 £ 1.0 76.8 + 0.6
Male 662+ 1.1 66.5 + 1.1 73.1+13 755+ 0.7

Female 723+ 14 728 £ 13 76.7 £ 1.5 783 £ 04

Superficial spreading melanoma Overall 98.3+0.2 989 + 0.2 99.5+0.3 100.1 0.0
Male 97.3+ 04 98.5+0.3 99.0 + 0.4 100.0 £ 0.1

Female 99.3+03 992+03 100.0 £ 0.0 1002 £ 0.1

Amelanotic melanoma Overall 69.0 £ 34 836 +3.1 815+42 90.5 + 1.9
Male 63.7 £ 4.5 773 £43 78.9 £57 88.5+ 1.4

Female 76.1 £ 5.1 89.6 £ 44 842 6.0 914 x21

I Desmoplastic melanoma Overall 87.1+2.0 85.8 +2.0 944 +2.1 964 + 1.1
Male 86.6 + 2.6 823 +£26 942 +27 953+ 1.8

Female 87.9+29 93.0 28 93.4+28 96.9 + 0.5

Spindle cell melanoma Overall 812+ 1.8 835+ 19 84.0 +24 857 +0.2
Male 80.3 2.4 80.8 £2.5 85.5 + 3.0 874 £ 05

Female 82.6 +2.7 877 £27 81.2 4.0 824+ 13
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2009-2013

Sex

Male 16401 56.2% 18134 56.3% 24239 55.9%
Female 12800 43.8% 14072 43.7% 19138 44.1%
Race

‘White 27777 95.1% 30334 94.2% 40148 92.6%
Black 140 0.5% 126 0.4% 180 0.4%
American Indian/Alaska Native 54 0.2% 82 0.3% 120 0.3%
Asian or Pacific Islander 225 0.8% 235 0.7% 308 0.7%
Age

15-44 6400 21.9% 5949 18.5% 6738 15.5%
45-54 5992 20.5% 6010 18.7% 7051 16.3%
55-64 6481 22.2% 7580 23.5% 10707 24.7%
65-74 5016 17.2% 6495 20.2% 10496 242%
75+ 5312 18.2% 6172 19.2% 8385 19.3%
Area

Rural 3917 13.4% 4671 14.5% 6069 14.0%
Urban 25274 86.6% 27511 85.4% 37298 86.0%
Stage

Localized 25502 87.3% 28006 87.0% 37142 85.6%
Regional 2849 9.8% 3243 10.1% 4094 9.4%
Distant 438 1.5% 555 1.7% 711 1.6%
Histology

Acral lentiginous melanoma 597 2.0% 673 2.1% 871 2.0%
Lentigo maligna melanoma 3652 12.5% 4118 12.8% 5677 13.1%
Nodular melanoma 4244 14.5% 4833 15.0% 5995 13.8%
Superficial spreading melanoma 18844 64.5% 20740 64.4% 28773 66.3%
Amelanotic melanoma 274 0.9% 297 0.9% 304 0.7%
Desmoplastic melanoma 706 2.4% 708 2.2% 844 1.9%
Spindle cell melanoma 884 3.0% 837 2.6% 913 2.1%





OPS/images/fendo.2023.1196372/fendo-14-1196372-g001.jpg
AUCell-Group AUCell-Score
i Differentially genes Correlation

AUCell

—>

Single cell data

t+-SNE2

AUCell Scores

Expression

Diff-AUCell+Cor  WGCNA } }
10 machine learning

Training cohort

117 combinations

Low Risk Score

Validation

—>

Survival

High Risk Score RSF
<— e@@

R,OC/Curves
SuperPC

Risk Score-high/low

Experimental

Nomogram Immune infiltration Immunotherapy X ,
verification

Nomogram

TCIA Score

1.0

Risk [ tow-risk [Il] Hign-risk

08

3
s
E

8

5o
Bo

8

g

S
S

CTLA4-pos PD1-pos

04

Cmer H(ws @

Low-risk High-risk





OPS/images/fendo.2023.1196372/fendo-14-1196372-g002.jpg
in group
in group (%)

Mean expression
00 @
0 25 50 75

000 025 050 075 1.00
Fraction of cells

04

b
%

T:._,
5100
¥8a0
300
[NivHor
6100
¥6/00
[rovsw
LHON
[N

SII82 1|

Qo000
Top Gene: 150

o@oo00
®Q0000

sii22 g

0000
c0000

®
o
o
.

o
[
o
°

°
o

SI192 N

060900900000
0o@s00s0@0

3]
o
°
o
°
o
o
°

o
o
o
o
o
]
4

°
o
°
o
°
o
o
[0}
o
o
o
°
o
®

3
°
E)

$]190 Jsep|

plojeAn|

fza

605000000000 5@

siseiqoial

c0
00
oo
oo
00
oo
oo
oo
1%
00
oo
oo
oo
°@®
°®
oo
el |
oo

oo
oo
oo
oo
o8

[ vasoad
AW
LAVO3d
BLL
[ i
1Ha0
WvOd3

elsuopug

5.484503e-62
4.113378e-62
2.742252e-62
1.371126e-62
4.427225¢-273

[CERTE]

0@@®c°:0000000000000900000000

@0@c0:000¢° 2000050005005
7{c e 000050000 00@

o0
oo
[e]le]
o0

oo
00

oo

°
o]
° [1wi1100
°
°
°
°
£

p.value

[
[
o
[
O
°
o
°
°
o
o
[}
o
°
e]
°
o
°
°
©

oo o]
oo o
oo o
0o o
oo o
ol .
oo o
oo °
oo s
.0 °
oo :
@o o
L °
@0 o
vl °
i .
o0 °
0@ °
oo .
oo o
e 1
1Y P

000
000
Q00
00
000
oo
coo
TaS

o
°
o]
°
°
o
°
®

10{0 0000

1
1

unjuey

14
-AUCgroup
G-AUCscore

G

TSNE_1

Clusters
Cell type

ZaNs

A
Cc
D
E





OPS/images/fendo.2023.1164692/table2.jpg
Average citation rate

Memorial sloan kettering cancer center USA 69 22,307 32329
Dana-Farber cancer institute UsA 55 14,368 261.24
H. Lee moffitt cancer center and research institute USA 41 4,265 104.02
Bristol myers squibb USA 35 10,476 299.31
Massachusetts general hospital USA 35 4,551 130.03
University of California, Los Angeles USA 31 10,952 353.29
The angeles clinic and research institute USA 31 16,730 539.68
New York university USA 28 4,333 15475
National cancer center Korea 25 646 2584
Harvard medical school USA 24 590 24.58
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Average citation

Document = Citations

rate
Hodi, F. Stephen 41 9,075 221.34
Wolchok, Jedd D. 40 17,191 429.78
Robert, Caroline 35 15,984 456.69
Postow, Michael 29 10,104 348.41
A.
Larkin, James ' 26 6,811 261.96
Schadendorf, 25 3,772 150.88
Dirk
Long, Georgina 18 7,067 392.61
V.
Weber, Jeffrey S. 20 5,258 262.90
Hassel, Jessica C. 21 1,853 88.24
Garbe, Claus 20 4,703 235.15






OPS/images/fendo.2023.1164692/table4.jpg
Journal Average citation rate IF (2021)
Melanoma research 79 1,298 16.43 320
Journal for immunotherapy of cancer 62 1,546 2494 1247
‘ Cancer immunology immunotherapy 31 1,234 39.81 6.63
European journal of cancer 31 882 2845 10.00
Lancet oncology 29 10,486 361.59 5443
Journal of clinical oncology 26 4,259 163.81 50.72
Frontiers in oncology 24 192 8.00 5.74
Clinical cancer research 24 2,138 89.08 13.80
Journal of immunotherapy 24 482 20.08 491
Cancers 21 157 748 6.58
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Journal

IF/JCR
zoning

Publication
year

Total
citations

Combined Nivolumab and Ipilimumab or Monotherapy in Untreated Melanoma

Nivolumab in Previously Untreated Melanoma without BRAF Mutation

Pembrolizumab versus Ipilimumab in Advanced Melanoma

Ipilimumab plus Dacarbazine for Previously Untreated Metastatic Melanoma

Nivolumab plus Ipilimumab in Advanced Melanoma

Safety and Tumor Responses with Lambrolizumab (Anti-PD-1) in Melanoma

Overall Survival with Combined Nivolumab and Ipilimumab in Advanced

Melanoma

Nivolumab and Ipilimumab versus Ipilimumab in Untreated Melanoma

Nivolumab versus chemotherapy in patients with advanced melanoma who
progressed after anti-CTLA-4 treatment (CheckMate 037): a randomised, controlled,
open-label, phase 3 trial

Anti-programmed-death-receptor-1 treatment with pembrolizumab in ipilimumab-
refractory advanced melanoma: a randomised dose-comparison cohort of a phase 1
trial

Larkin J

Robert C

Robert C

Robert C

Wolchok

JD

Hamid O

Wolchok

JD

Postow
MA

Weber JS

Robert C

NEW ENGLAND

JOURNAL OF
MEDICINE

NEW ENGLAND
JOURNAL OF
MEDICINE

NEW ENGLAND
JOURNAL OF
MEDICINE

NEW ENGLAND
JOURNAL OF

MEDICINE

NEW ENGLAND
JOURNAL OF
MEDICINE

NEW ENGLAND
JOURNAL OF
MEDICINE

NEW ENGLAND
JOURNAL OF
MEDICINE

NEW ENGLAND

JOURNAL OF
MEDICINE

LANCET
ONCOLOGY

LANCET

176.08/
Q1

176.08/
Q1

176.08/
Q1

176.08/
Q1

176.08/
Q1

176.08/
Q1

176.08/
Q1

176.08/
Q1

54.43/
Q1

202.73/
Q1

2015

2015

2015

2015

2015

2015

2015

2015

2015

2015

5,104

3,656

3,602

3,158

2,990

2,525

1,926

1,894

1,814

1,299
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Metabolic Satge and

agent subjects

V-ATPases bafilomycin Al Inhibition proliferation = Preclinical study

and migration in cells
Proton esomeprazole Increasing the Preclinical study
pump (EMSO) sensitivity to PTX, in cells

reducing autophagy;
promoting apoptosis.

HIF-1o 2- Anti-angiogenesis and Hoosier
methoxyestradiol growth OncologyGroup
trial in patients
with recurrent,
platinum-
resistant EOC.

mTOR Temsirolimus Limiting the Phase I study in
proliferation and patients with
progression of ovarian gynecologic
cancer, enhancement cancers (54%
of bevacizumab weith ovarian
viability cancer)
MCTs Lonidamine Inhibition of the Phase IT study
growth and DNA in patients with
repair process of advanced
ovarian cancer cells ovarian cancer

and enhancement of
cisplatin/carboplatin/
paclitaxel viability

Glutaminase CB-839 Induction of oxidative Preclinical study
and replication stress, in cells and
acting synergistically mouse model

with PDL1

HIF-10, Hypoxia-inducible factor-1; mTOR, Mammalian target of rapamycin; MCTs,
Monocarboxylate transporters.
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Overall Survival Cancer-Specific Survival

Subject Characteristics Univariate analysis Multivariate analysis Univariate analysis Multivariate analysis

HR 95% CI P HR 95% CI P HR 95% ClI 2 HR  95% CI B

65-69 ref ref ref ref

70-79 131 122142 | <0001 124 115134  <0.001 129 = 119-140 = <0.001 121  L12-131  <0.001
=80 234 212259 | <0001 166  149-185 = <0.001 = 232 209257 = <0.001 = 164 | 147-183  <0.001
Sex

Female ref ref

Male 105 098-112 | 0190 103 | 0.96-1.11 0.376

Race

White ref ref

Black 098 083116 | 0777 094 | 079-1.12 | 0476

Other 0.87 0.73-1.03 0.115 0.86 0.72-1.03 0.098

Marital Status

Unmarried ref ref ref ref

Married 085 = 076096 | 0011 101 | 090-115 0846 088  077-1.00 | 0045 | 104 = 092-1.19 0519
Other LI3 099-129 | 0071 104 = 091-119 = 0537 115  100-132 | 0052 106  092-122 0404
Grade

biig ref ref

v 098 = 085113 | 0793 101 0.87-1.18 | 0.856

Primary Site of Glioma

Supratentorial lobes ref ref ref ref

Cerebellum and brainstem 1.53 1.05-2.22 0.025 1.58 1.09-2.30 0.016 152 1.03-2.24 0.033 1.57 1.07-2.32 0.022
Overlapping 1.01 0.92-1.11 0.857 105 0.95-1.15 0.368 0.98 0.88-1.08 0.648 1.01 0.91-1.12 0.841
Unspecified location 1.13 0.98-1.30 0.105 L11 0.96-1.28 0.158 110 0.95-1.28 0.193 1.09 0.94-1.26 0.271
Laterality

Left ref ref ref [ ref

Right 1.05 0.97-1.13 0.209 105 0.97-1.13 0.206 1.06 0.98-1.14 0.159 1.06 0.98-1.14 0.155
Other 1.46 1.32-1.62 <0.001 124 1.12-1.38 <0.001 147 1.32-1.64 <0.001 125 1.12-1.40 <0.001

Extent of glioma

Localized ref ref ref ref
Regional 143 1.31-1.56 <0.001 127 1.16-1.40 <0.001 142 1.30-1.56 <0.001 1.26 1.14-1.40 <0.001
Distant 1.6 1.24-2.06 <0.001 151 1.17-1.95 0.002 1.63 1.26-2.11 <0.001 153 1.18-2.00 0.001
Tumor Size
<4.5 ref ref ref ref
24.5 L1 1.03-1.18 0.005 1.09 1.02-1.17 0.013 L11 1.03-1.19 0.006 L10 1.02-1.18 0.011
Surgery
No ref ref ref ref
Subtotal Resection 0.56 0.51-0.61 <0.001 0.65 0.60-0.71 <0.001 0.55 0.50-0.60 <0.001 0.64 0.58-0.70 <0.001
Gross Total Resection 047 0.43-0.51 <0.001 0.56 0.51-0.61 <0.001 0.46 0.42-0.50 <0.001 0.55 0.50-0.61 <0.001
Chemotherapy

| No/Unknown ref ref ref | ref |
Yes 0.38 0.35-0.40 <0.001 0.6 0.55-0.66 <0.001 0.37 0.35-0.40 <0.001 0.60 0.55-0.66 <0.001
Radiotherapy
No/Unknown ref ref ref ref
Yes 0.32 0.29-0.34 <0.001 0.48 0.43-0.52 <0.001 032 0.29-0.34 <0.001 0.48 0.43-0.53 <0.001

HR, hazard ratio; CI, confidence interval.
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Training cohort Validation cohort

Variables Total (n = 5245)
(n = 3672) (n = 1573)
Age 0.937
65-69 1806 (34.4%) | 1270 (34.6%) 536 (34.1%)
70-79 2545 (48.5%) 1777 (48.4%) 768 (48.8%)
=80 894 (17.0%) 625 (17.0%) 269 (17.1%)
Sex 0.596
Female ‘ 2415 (46.0%) 1700 (46.3%) 715 (45.5%)
Male 2830 (54.0%) 1972 (53.7%) 858 (54.5%)
Race 0.815
White 4779 (91.1%) 3351 (91.3%) 1428 (90.8%)
Black 230 (4.4%) 160 (4.4%) 70 (4.5%)
Other 236 (4.5%) 161 (4.4%) 75 (4.8%)
Marital Status 0.810
Unmarried 455 (8.7%) 324 (8.8%) 131 (8.3%)
Married 3468 (66.1%) 2428 (66.1%) 1040 (66.1%)
Other 1322 (25.2%) 920 (25.1%) 402 (25.6%)
Grade 0.250
ity 350 (6.7%) 235 (6.4%) 115 (7.3%)
v 4895 (93.3%) 3437 (93.6%) 1458 (92.7%)
Primary Site of Glioma 0.995
Supratentorial lobes 4111 (78.4%) 2879 (78.4%) 1232 (78.3%)
Cerebellum and brainstem 41 (0.8%) 28 (0.8%) 13 (0.8%)
Overlapping 761 (14.5%) 532 (14.5%) 229 (14.6%)
Unspecified location 332 (6.3%) 233 (6.3%) 99 (6.3%)
Laterality 0.781
Left 2236 (42.6%) 1554 (42.3%) 682 (43.4%)
Right 2263 (43.1%) j 1594 (43.4%) 669 (42.5%)
Other 746 (14.2%) 524 (14.3%) 222 (14.1%)
Extent of glioma 0.872
Localized 4214 (80.3%) 2944 (80.2%) 1270 (80.7%)
Regional 939 (17.9%) 664 (18.1%) 275 (17.5%)
Distant 92 (1.8%) 64 (1.7%) 28 (1.8%)
Tumor Size (cm) 0.069
<4.5 2799 (53.4%) 1929 (52.5%) 870 (55.3%)
24.5 2446 (46.6%) 1743 (47.5%) 703 (44.7%)
Surgery 0.442
No 1468 (28.0%) 1010 (27.5%) 458 (29.1%)
Subtotal Resection 1787 (34.1%) 1266 (34.5%) 521 (33.1%)
Gross Total Resection 1990 (37.9%) 1396 (38.0%) 594 (37.8%)
Chemotherapy 0.621
No/Unknown 2029 (38.7%) 1412 (38.5%) 617 (39.2%)
Yes 3216 (61.3%) 2260 (61.5%) 956 (60.8%)
Radiotherapy 0.343
No/Unknown 1584 (30.2%) 1094 (29.8%) 490 (31.2%)
Yes 3661 (69.8%) 2578 (70.2%) 1083 (68.8%)
Oslé::i’:n“:gh o) 5(2,12) 5(212) 5(211) 0.051
Status 0.882
Alive 500 (9.5%) 352 (9.6%) 148 (9.4%)
Dead 4745 (90.5%) 3320 (90.4%) 1425 (90.6%)

08, overall survival.





OPS/images/fendo.2023.1184173/fendo-14-1184173-g002.jpg
Subgroup analysis

Characteristic No=surg Yes=surg HR(95%CI)

median—time median—time

All patient 13 37 N 0.58(0.43=0.79)
Age
<65 16 54 0.59(0.40-0.86)

65+ 11 21 0.68(0.40-1.16)
TNM
T34MO0 16 63 0.55(0.38-0.80)

1.11(0.60-2.06)
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