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Myxofibrosarcoma (MFS) is a highly malignant subtype of soft tissue sarcoma, accounting for 5% of cases. Immunotherapy guided by immune cell infiltration (ICI) is reportedly a promising treatment strategy. Here, MFS samples (n = 104) from two independent databases were classified as ICI clusters A/B/C and gene clusters A/B/C. Then, a close relationship between ICI and gene clusters was established. We found that the features of these clusters were consistent with the characteristics of immune-inflamed tumors (cluster C), immune-desert tumors (cluster B), and immune-excluded tumors (cluster A). Moreover, cluster C was sensitive to immunotherapy. Finally, an independent ICI score was established to predict the therapeutic effect, which has prospects for application in guiding immunotherapy during clinical practice.
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Introduction

Myxofibrosarcoma (MFS) is an important subtype of soft tissue sarcoma, accounting for 5% of soft tissue sarcomas and predominantly occurring in the limbs of elderly men (1, 2). The pathological feature of MFS is pleomorphic tumor cells exhibiting nodular morphology in the myxoid stroma with an infiltrative growth pattern (3–5). Recently, surgery has become the mainstay of treatment for MFS (6). In low-grade MFS, the infiltration and growth characteristics lead to deceptive tumor tissue boundaries (highly malignant but with a low cellular appearance). The risk of metastasis is inevitable with high-grade MFS malignancy. Regrettably, the rate of in situ recurrence after the MFS resection remains high (7). Consequently, although the overall prognosis of MFS is better than that of soft tissue sarcoma, given its unique pathological characteristics, individualized and accurate treatment is still helpful in improving the prognosis and survival expectation (8). Accordingly, it is essential to construct a novel immune cell infiltration (ICI) prognosis signature for predicting the prognosis and guiding the personalized treatment of MFS patients.

It has been established that immune cell infiltration is an important feature of the tumor microenvironment (TME) (9). Research on ICI is essential for researchers to better understand the TME, with mounting evidence that the efficacy of immunotherapy can be improved by increasing the degree of ICI in TME (10). Indeed, research on ICI in tumor tissue undoubtedly contributes to developing treatment plans. Immune checkpoint inhibitors (ICIs) represent a relatively new treatment scheme and have been the subject of a series of studies to assess their efficacy in various tumors (11–13), with satisfactory results being achieved in the clinic (14, 15).

Compared with traditional treatments, ICIs play a crucial role in inducing a long-term immune response (16). In particular, researchers have conducted clinical experiments to evaluate the efficacy of pembrolizumab, nivolumab (anti-PD-1) and ipilimumab (anti-CTLA) alone or in combination for sarcoma treatment (17). A study showed that after immunotyping of soft tissue sarcoma according to the composition of TME, there were B-cell-rich tertiary lymphoid structures in the two subtypes of the immune-high group, which showed a high response rate to PD-1 blockade with pembrolizumab in a phase 2 clinical trial (18). A study showed that although PD-L1 can predict the clinical outcome of pazopanib (a type of tyrosine kinase inhibitor, TKI) for treatingsoft tissue sarcoma, predictive models are still warranted to determine which patient population will benefit from pazopanib (19).

A recent retrospective study of ICIs in sarcoma treatment by You et al. analyzed the treatment-related indicators of 61 sarcoma patients treated with ICIs. It was suggested that alveolar soft part sarcoma (ASPS), undifferentiated pleomorphic sarcoma (UPS), and myxofibrosarcoma (MFS) were sensitive to immunotherapy (20). Notwithstanding that ICIs represent a new type of immunotherapy different from traditional anti-tumor therapy, the drug toxicity and efficacy remain relatively unknown during treatment, and prediction methods to investigate the treatment reaction are quite limited; it can be challenging to determine and optimize the pseudo-progression (PP) and hyper-progression (HP) of ICI treatment in time (21). For the immunotherapy of various tumors, although monotherapy with ICIs yields a good prognosis, it is widely thought that the combination of ICIs and other targeted drugs yields a better curative effect. Accordingly, the combination of drugs has gradually become a new direction for immunotherapy: A study analyzed the data of 1,769 cases of metabolic renal cell carcinoma (MRCC) routinely collected in randomized controlled trials and found that ICIs combined with TKIs significantly improved the prognosis of MRCC patients (22). In a retrospective study on the prognosis of immunotherapy with ICIs for hepatocellular carcinoma (HCC), the researchers found that the identification of predictive biomarkers of response (such as TMB and PD-L1) could effectively help patients during immunotherapy, suggesting that the targeted study of prognostic biomarkers of immunotherapy has broad prospects (23). Therefore, our study substantiates that the prognosis prediction index of immunotherapy for MFS based on ICI score has clinical significance for guiding the optimization of immunotherapy.



Methods


Myxofibrosarcoma data collection

Clinical information and transcriptomic data of MFS patients were obtained from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases. The TCGA-SARC was designated the “CASE” type by the TCGA, and the data were downloaded in fragments per kilobase per million (FPKM) format. The MFS survival data were searched in GEO, and the data which met the research requirements (n ≥30) were selected and downloaded based on the integrity of survival information and the sample size of the dataset. There were 40 samples from the TCGA and 64 samples from GEO (Dataset GSE 72545).



Consensus clustering for the landscape of immune cell infiltration

To quantify the degree of infiltration of 22 different immune cell subsets in MFS tissue samples, the R package “CIBERSORT” was used to conduct immune cell infiltration typing and the most appropriate grouping number was selected for follow-up research. To ensure the stability of the classification, 1,000 iterations were performed. The immune/stromal cell content of every sample was assessed by the ESTIMATE algorithm to determine the purity of tumor samples. Additionally, the unsupervised clustering “PAM” method was used in the analysis based on EUCLIDEAN and WARD’s linkage. To explore the possible relationship between MFS-related genes and the ICI pattern at the genetic level, the differentially expressed genes (DEGs) involved in MFS samples were classified by the same method.



ICI-related DEGs enrichment analysis and establishment of the ICI score

After genotyping MFS patients through unsupervised clustering, the “Boruta” algorithm and “PCA” were used to translate each sample and obtain various scores for the main characteristics. The difference between the ICI scores of the two main marker genes of each sample was the exact ICI score of this scheme: ICI score = ∑ PCIA − ∑ PCIB. Then, Gene Set Enrichment Analysis (GSEA) enrichment analysis of the related pathways of the ICI high group and ICI low group was conducted. The ICI-related genes (DEGs) were classified by the “limma” R package according to the ICI in MFS samples. The appropriate number of genotypes was calculated according to the previous results to further explore the pattern of ICI. After preliminary processing, the data were corrected, and significant DEGs were screened based on the criteria: p <0.05 and absolute fold change >1. Then, Gene Ontology (GO) functional enrichment analysis was conducted.



Independent verification of ICI score

MFS-related somatic mutation data were obtained from the TCGA. It is well-established that TMB is the number of mutations in the coding region of an exome (number of mutations detected in exon/mb length) (24). TMB is a validated scoring criterion for predicting tumor immunotherapy. Therefore, we used TMB as the standard to conduct differential expression analysis on MFS samples to confirm the sample composition, and then used the combination of ICI score and TMB score to conduct a stratified test to verify the independence of the ICI score.



Data statistics and visualization

The Wilcoxon test analyzed the difference between the two groups, while the Kruskal–Wallis test was used for more than two groups. Kaplan–Meier survival curves were generated. Various R packages were used to visualize the results, including: “limma, e1071, estimate, corrplot, ConsensusClusterPlus, survival, survminer, pheatmap, reshape2, ggpubr, ggplot2, and Boruta.” Violin plots were generated by an online tool (http://vip.sangerbox.com/login.html).




Results


The immune cell infiltration landscape in the TME of MFS

CIBERSORT and ESTIMATE algorithms were used to analyze the MFS tumor tissue samples and quantify immune cells in MFS. The 104 tumor samples of MFS from the TCGA and GEO were divided into three subtypes by unsupervised clustering according to the pattern of ICI and the stability of the results (Figure 1). After cluster analysis, 100 of 104 samples with meaningful data were retained and classified as follows: ICI cluster A (n = 47), ICI cluster B (n = 22), and ICI cluster C (n = 31). There were significant differences in the prognosis and outcome among the three ICI types (log-rank test, p <0.001). We found that the overall survival (OS) of ICI cluster B was significantly lower than the other two sub-types (Figure 2A). As seen in the heatmap, significant differences in clinical characteristics were found among the three ICI clusters, while the box plot showed the differences in expression of 22 immune cell subtypes and the Stromal/Immune Score. Significantly higher infiltration levels of resting memory CD4 T cells (p <0.001), activated NK cells (p <0.01), monocytes (p <0.001), M2 macrophages (p <0.001), and resting mast cells (p <0.001) were found in ICI cluster A compared with the other 2 clusters. Memory B cells (p <0.05), resting NK cells (p <0.01), and M0 macrophages (p <0.001) exhibited significantly higher infiltration levels in ICI cluster B. Finally, CD8 T cells (p <0.001), follicular helper T cells (p <0.001), gamma delta T cells (p <0.001), and M1 macrophages (p <0.001) exhibited higher infiltration levels in ICI cluster C, with the higher results in the Stromal/Immune Score (Figure 2B). We used a correlation coefficient matrix heat map to show the interaction among the immune infiltration characteristics. A negative correlation was found between M2 macrophage and follicular helper T cells, M2 macrophage and CD8 T cells, M2 macrophage and gamma delta T cells, resting memory CD4 and CD8 T cells, and immune score and resting memory CD4 T cells. A positive correlation was found between gamma delta and CD8 T cells, Immune Score and CD8 T cells, Immune Score and gamma delta T cells, eosinophils and activated CD4 memory T cells, and M1 macrophage and CD8 T cells (Figures 2C, D).




Figure 1 | We typed 104 samples from the TCGA-MFS and GEO (GSM 72545) through CIBERSORT analysis. The samples were finally divided into 3 independent subtypes according to the stability of typing results. (A–F) represent the sample purity when the typing was 2–7: The blue square in the figure represents different classification aggregations. The darker the color and the smaller the number of blanks, the lower the difference in the aggregated samples and the higher the purity of typing. (G–I) reflect the purity of typing and the stability in the samples: (G) The abscissa is the sample, and the ordinate is the different classification, reflecting the stability between samples after different classification; (H) Cumulative Distribution Function (CDF) curve showing the sampling error in different classifications; (I) Explanation of CDF curve, although the results of both analyses were better, we still chose 3 types in combination with (A–F).






Figure 2 | Analysis of differences among ICI subtypes and immune infiltration characteristics. (A) We analyzed the difference in Overall Survival (OS) among the 3 ICI subtypes and visualized the details via a K-M survival curve: compared with ICI cluster A and ICI cluster C, the OS of ICI cluster B was significantly lower, p <0.001; (B) Unsupervised cluster analysis was used to analyze the distribution of immune infiltration characteristics in MFS samples. The abscissa represents the immune infiltrating characteristics, and the ordinate represents independent samples; (C) We explored the relationships among 24 immune infiltrating characteristics (22 kinds of immune infiltrating cells and Stromal/Immune Score): red indicated a positive correlation, and blue indicated a negative correlation. The higher the correlation, the larger the pie chart area; (D) The differences in expression of 24 immune infiltration characteristics in 3 ICI subtypes are visualized in a box plot: ***p <0.001, **p <0.01, and *p <0.05 ns p>0.05,no significance.



To further explore the feasibility of immunotherapy in MFS, the expression differences in common immune checkpoint-related genes in ICI typing were reflected by a violin plot, in which CTLA4, LAG3, PD-1, and PD-L2 were significantly different in three ICI sub-types (p <0.01). CTLA4, LAG3, PD-1, and PD-L2 expression in ICI cluster C was significantly higher than in clusters A and B, and there were significant differences among the three ICI subtypes of these four genes (Figure 3).




Figure 3 | The expression differences between immune checkpoint-related genes and ICI subtypes were represented by a violin plot: CTLA4 (A), LAG3 (B), PD-1 (C), and PD-L2 (D): There was a significant statistical difference among the three groups. Among the four independent genes, ICI cluster C exhibited significantly higher expression than ICI clusters A and B, and the average expression of ICI cluster B was relatively lower than ICI cluster (A) ICI clusters: 1-blue-A, 2-yellow-B, 3-red-C. ****p<0.0001, ***p <0.001, **p <0.01, and *p <0.05.





Genotyping and difference analysis of ICI-related genes

The gene expression of all samples was analyzed by ICI typing and the R package “limma.” After three repetitions, 689 DEGs were obtained under the conditions of |logFC |>1 and corrected p-value <0.05. By clustering the obtained DEGs of the samples with the same arithmetic as the ICI subtypes, the sample sub-types according to genes could also be calculated, which were called gene clusters. Considering the stability within the sub-types, three gene sub-types were divided from the differentiated samples (n = 104): gene cluster A (n = 43), gene cluster B (n = 41), and gene cluster C (n = 20). Gene clusters corresponded to ICI clusters (ICI cluster A–gene cluster A, ICI cluster B–gene cluster B, ICI cluster C–gene cluster C). In the prognostic K–M curve related to genotyping, the OS of gene cluster A was significantly lower than that of the other two clusters (p <0.001) (Figure 4).




Figure 4 | We classified 104 different samples through unsupervised clustering. According to the obtained correlation results among types (A–F), the number of gene types was set to 3. The correlation among types was comparable; a low correlation was associated with stable classification results (G–I).



KM analysis of three independent gene clusters showed significant differences in OS. The OS of gene cluster A was significantly lower than that of the other two clusters (log-rank test, p <0.001) (Figure 5A). To further clarify the difference in ICI characteristics in the genotyping of MFS, the expression of 24 immune infiltrating characteristics in 101 differentiated MFS samples was analyzed by genotyping. M0 macrophage (p <0.001) exhibited high infiltration levels in gene cluster A; activated NK cells (p <0.001), monocytes (p <0.001), M2 macrophages (p <0.001), activated dendritic cells (p <0.05), and resting mast cells (p <0.001) were highly expressed in gene cluster B. Plasma cells (p <0.05), CD8 T cells (p <0.001), activated CD4 memory T cells (p <0.05), follicular helper T cells (p <0.001), gamma delta T cells (p <0.001), M macrophages (p <0.001), Stromal Score (p <0.05), and Immune Score (p <0.001) were significantly overexpressed in gene cluster C. Additionally, the expression of the resting CD4 memory of T cells in gene cluster C was lower than in gene clusters A and B (Figure 5B).




Figure 5 | Differential analysis of genotyping of immune infiltration. (A) After unsupervised cluster analysis of DEGs and samples, we divided the samples into three independent gene clusters, the overall survival (OS) was analyzed by Kaplan–Meier analysis, and the log-rank test showed that P <0.001. (B) The differences in expression among 24 kinds of immune infiltrating characteristics in the 3 gene clusters were visualized in a box plot and statistically analyzed by Kruskal–Wallis test. (C) The clinical information was divided into two types. The abscissa was the samples, and the ordinate was the genes. (D, E) According to gene type A and gene type B, which were positively correlated with the ICI model in DEGs, the ordinate was the name of GO, the abscissa was the number of enriched genes, and the color represented the significance of the correlation (red indicated a positive correlation and blue indicated a negative correlation). ***p <0.001, **p <0.01, *p <0.05 and ns p>0.05,no significance.



Subsequently, we sought to stratify according to the relationship between gene expression and ICI characteristics of MFS samples. Positive correlated genes were attributed to class A (n = 70) while negative correlated genes to class B (n = 29), which was displayed in a heatmap (Figure 5C). To describe the relationship between these genes and biological processes (BPs), cellular components (CCs), molecular function (MF), and GO enrichment analysis were conducted. In class A, genes were involved in the proliferation and activation of immune cells, including the activation and degranulation of neutrophils, the proliferation and regulation of leukocytes, positive regulation of cytokine production, the proliferation of lymphocyte and mononuclear cells, which mostly occurred in secretory vesicles, NAD(P)H oxidase complex, and secondary lysosomes in the plasma membrane. Potential molecular functions include the activity of pattern recognition receptors, superoxide-generating NAD(P)H oxidase and oxidoreductase, and the binding of cytokine, peptide, amide and amyloid-beta (Figure 5D). Moreover, we found that class B had a close relationship with the composition of extracellular matrix and was significantly enriched in the biological function of extracellular matrix components of tumor tissue by participating in the composition of extracellular matrix in collagen, collagen trimer, endoplasmic reticulum cavity, integrin complex, and protein complex involved in cell adhesion. (Figure 5E).

To verify the consistency between ICI typing and genotyping, we analyzed the differences in four immune checkpoint-related genes with significant expression differences in ICI subtypes by genotyping. Similar to ICI typing, the four differential genes (CTLA4 (A), Lag3 (B), PD-1 (C), and PD-L2 (D)) in gene cluster C were significantly higher than in the other two clusters. Statistical differences among the three subtypes were also significant. The consistency of the expression of immune checkpoint genes in different unsupervised cluster typing confirmed the rationality of ICI typing in MFS (Figure 6).




Figure 6 | The expression differences of 4 immune checkpoint-related genes in gene subtypes were consistent with ICI subtypes: CTLA4 (A), Lag3 (B), PD-1 (C), and PD-L2 (D): Gene clusters: 1-blue-A, 2-yellow-B, 3-red-C. **** p<0.0001 ***P <0.001, **P <0.01, and *P <0.05.





Acquisition of ICI model score and verification with tumor mutation burden

The rationality and stability of the ICI model were determined in advance. The feature genes and the related sample expression volumes were extracted according to the ICI classification using the “Boruta” algorithm. Then, the “PCA” algorithm was used to obtain the ICI score. High (n = 88) and Low (n = 16) groups were obtained from the samples according to their source, gene clusters, and clinical information. The Sankey diagram provided an objective overview of the relationship among gene clusters, survival outcomes, and ICI scores. All the genes of cluster A and most genes of cluster B belonged to the ICI High group, and the remaining genes of cluster B and some of cluster C belonged to the ICI Low group. Compared with the ICI High group, the ICI Low group reflected a high probability of survival (Figures 7A, C). The immune checkpoint and immune-activating genes (IDO1, CD274 (PD1), HAVCR2, PDCD1 (PD-L1), CTLA4, LAG3, CD8A, CXCL10, CXCL9, GZMA, GZMB, PRF1, IFNG, TBX2, and TNF) were selected as the target genes, and their differential expression in the ICI High and Low Scores groups was observed. Except for TBX2, all related genes exhibited significantly higher expression in the ICI Low Score group than in the High Score group (p >0.05) (Figure 7B). GSEA was conducted to identify the different functional pathways in the ICI High and Low Scores groups; 375 pathways were enriched in the ICI High Scores group and 429 in the ICI Low Scores group. We selected the top 5 related pathways for visualization: Taste Transduction, Calcium Signaling Pathway, Vascular Smooth Muscle Contraction, Neuroactive Ligand Receptor Interaction, and Vasopressin Regulated Water Reabsorption in the ICI High score group and Spliceosome, Proteasome, RNA Degradation, Nucleotide Excision Repair, and DNA Replication in the ICI Low scoring group (Figure 7D).




Figure 7 | Established and verified the ICI score. (A) The relationship among gene clusters, ICI high or low groups and survival outcomes is visualized in a Sankey diagram. (B) Based on the ICI score, we analyzed the expression difference among the immune checkpoint genes and immune-activating genes. It should be noted that PDCD1LG2 is another name for PD-L2. (C) Effect of ICI score on patient survival. (D) GSEA indicated significantly enriched signaling pathways corresponding to high and low ICI score groups. (E) Survival analysis was performed by TMB score in our selected MFS samples. (F) MFS samples were stratified by TMB score and the ICI score established in this study. ***p<0.001,**p<0.01,*p<0.05 and ns p>0.05, no significance.



The current evidence suggests that tumor mutation burden (TMB) is an effective biomarker for immunotherapy of various tumors (24). Previous studies have shown that the TMB High group is more sensitive to ICIs for tumor patients with immunotherapy (25). Stratified analysis is an effective method to explore the relationship between a new model of tumor immunotherapy prognosis and TMB (26). According to the immune characteristics of TMB, we divided the MFS samples into the TMB High and TMB Low groups. The TMB High group had a significantly better OS (p = 0.027) (Figure 7E). Then, we began assessing the potential link between TMB and ICI scores. In the stratified analysis, the survival status of ICI Low groups (yellow and purple) was significantly higher than that of ICI High groups (blue and red) (p = 0.033), and the survival status of the TMB High groups (yellow and bule) was higher than that of the TMB Low groups (red and purple) (Figure 7F). No relationship was found between the ICI scores and TMB results.




Discussion

Current evidence suggests that tumor immunotherapy is more dependent on the interaction between tumor cells and the tumor microenvironment (TME) than histological findings (27). Overwhelming evidence substantiates that the immune infiltration microenvironment can be harnessed to predict the prognosis of gastric, breast, and lung cancers (28–31). The identification of gene deletions in tumor samples is highly significant for tumor treatment. Interestingly, it has been shown that there are more gene deletions in sarcoma samples with low immune infiltration, while the samples with high immune infiltration exhibit stronger adaptability to the therapeutic effect (32). Similarly, recent studies have proposed that the polygenic immune risk score model based on immune cell infiltration in osteosarcoma is a reliable prognostic tool for osteosarcoma (33, 34). Nonetheless, few studies have hitherto been conducted on MFS. Importantly, our study can improve the current knowledge on the prognosis of MFS from the perspective of autoimmunity.

First, the immune cells infiltrated in 104 MFS samples from different databases were classified by unsupervised cluster analysis. The difference in prognostic information was analyzed based on the obtained ICI classification and the relationships among 24 immune infiltration characteristics (22 immune infiltration cells and immune score, stromal score) were explored. Multiple immune checkpoint-related genes were selected as immune checkpoints, and their differences in expression were analyzed based on immune infiltration typing. Subsequently, after obtaining DEGs related to immune infiltration, genotyping was carried out by unsupervised cluster analysis. Genotyping was used to analyze the differences between clinical prognosis and outcome of MFS samples; the consistency with ICI typing results was verified. Meanwhile, the characteristic genes related to immune infiltration were obtained using “Boruta” and “PCA.” Then, the ICI High and Low score groups were obtained by gene analysis of immune infiltration. For this step, GO enrichment analysis was used to explore the genes and protein functions related to the ICI High and Low score groups. At the same time, the differences in immune checkpoint genes were analyzed again by gene typing. The results were compared with the results of the first step to verify the stability and rationality of our ICI typing. Finally, the difference between immune checkpoint and immune activation-related genes was analyzed by the ICI score obtained during the second step, and GSEA enriched the top five signaling pathways between ICI high and low score groups. TMB is often considered as the number of tumor mutations (35). It is well-established that TMB could be used as an independent biomarker related to ICI in various solid tumors. Therefore, the feasibility of our MFS-related ICI prediction model was validated by comparing TMB with our established ICI score (36). Our results showed that the established ICI score had a definite guide value in predicting the prognosis of patients with MFS. However, the results were visualized in a Sankey diagram. It was found that the ICI score could not accurately predict the prognosis, which may be related to the differences in other cytokines, components, and localization points of TME during GO analysis of MFS. These results show that unidentified biological processes may affect the accuracy of our ICI prognosis model.

Interestingly, Chen et al. documented an unprecedented immunophenotypic typing in 2017 (37), including immune-inflamed (characterized by a large number of infiltrated immune cells, B cell activation, T regulatory cell participation, and T cell depletion; checkpoints inhibitors exert an effective antitumor effect), immune-excluded (characterized by a large number of immune cells in the stroma, with high immune and stromal scores, and few immune infiltrating cells overall; checkpoint inhibitors yield poor antitumor efficacy) and immune-desert tumors (characterized by few or no CD8 T cells in the whole sample, exhibiting immune tolerance or immune neglect; checkpoints inhibitors exert no effect). According to the results in Figures 2D, 5B, ICI cluster A and gene cluster A showed the lowest expression of B and T cells, and immune infiltration levels were generally low; cluster C showed higher expression of the immune score and T cells, especially CD8 T cells. The difference in immune infiltration characteristics in our study was consistent with the three immune phenotypes, which further validated the rationality of our typing approach: an immune-inflamed tumor corresponded to cluster C (red), an immune-excluded tumor to cluster A (blue), and an immune-desert tumor to cluster B (yellow). At the same time, the high expression of immune checkpoint genes in cluster C emphasized the importance of selecting checkpoint inhibitors to achieve an antitumor effect. Our results were consistent with the literature (36, 38, 39), which proved that typing ICI and gene clusters could guide clinical immunotherapy of MFS. Our findings substantiate that the increase of immune infiltrating cells in the TME is a positive factor for the prognosis of the tumor. Therefore, immunotherapies that can improve the degree of immune cell infiltration in the TME are worth advocating. Interestingly, it has been reported that autologous dendritic cell immunotherapy could produce an active immune response in tumors, but reliable biomarkers are warranted to guide the treatment plan (10).

According to the GSEA results, the high-scoring group of tumor samples in ICI was significantly enriched in the activation and proliferation of immune cells. In a study on tumor dichotomy (hot tumor and cold tumor), Li et al. documented that immunotherapy yielded a better effect on hot tumors. In mice experiments, the six-month survival rates of the hot and cold tumor groups were 76.9 and 0.5%, respectively (40). The overlap in characteristics of hot tumors suggested that the prognosis of immunotherapy accounted for the better prognosis in ICI cluster C (41). The difference between the ICI score and the TMB score was significant (P = 0.033), which corroborated that the ICI score was a new valuable independent score.

However, we could not further validate the ICI score given the lack of MFS samples, which were from public databases or case collections of our research group. Our ICI score only evaluated the prognosis of MFS from the perspective of immune infiltration without considering other complex mechanisms in TME. At the same time, the difference in some results (especially between immune excluded and immune inflamed) was not significant due to the sample size limitation.



Conclusion

Our study comprehensively analyzed the ICI characteristics of MFS, established the effectiveness of ICI typing and gene typing, predicted the prognosis of MFS samples through ICI scores, and evaluated the therapeutic effect of MFS under ICI typing along with differences in immune checkpoint-related genes, which could assist physicians in developing individualized immunotherapy schemes and prognosis prediction.
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