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Background

Tumor microenvironment (TME) status is closely related to breast cancer (BC) prognosis and systemic therapeutic effects. However, to date studies have not considered the interactions of immune and stromal cells at the gene expression level in BC as a whole. Herein, we constructed a predictive model, for adjuvant decision-making, by mining TME molecular expression information related to BC patient prognosis and drug treatment sensitivity.





Methods

Clinical information and gene expression profiles were extracted from The Cancer Genome Atlas (TCGA), with patients divided into high- and low-score groups according to immune/stromal scores. TME-related prognostic genes were identified using Kaplan-Meier analysis, functional enrichment analysis, and protein-protein interaction (PPI) networks, and validated in the Gene Expression Omnibus (GEO) database. Least absolute shrinkage and selection operator (LASSO) Cox regression analysis was used to construct and verify a prognostic model based on TME-related genes. In addition, the patients’ response to chemotherapy and immunotherapy was assessed by survival outcome and immunohistochemistry (IPS). Immunohistochemistry (IHC) staining laid a solid foundation for exploring the value of novel therapeutic target genes.





Results

By dividing patients into low- and high-risk groups, a significant distinction in overall survival was found (p < 0.05). The risk model was independent of multiple clinicopathological parameters and accurately predicted prognosis in BC patients (p < 0.05). The nomogram-integrated risk score had high prediction accuracy and applicability, when compared with simple clinicopathological features. As predicted by the risk model, regardless of the chemotherapy regimen, the survival advantage of the low-risk group was evident in those patients receiving chemotherapy (p < 0.05). However, in patients receiving anthracycline (A) therapy, outcomes were not significantly different when compared with those receiving no-A therapy (p = 0.24), suggesting these patients may omit from A-containing adjuvant chemotherapy. Our risk model also effectively predicted tumor mutation burden (TMB) and immunotherapy efficacy in BC patients (p < 0.05).





Conclusion

The prognostic score model based on TME-related genes effectively predicted prognosis and chemotherapy effects in BC patients. The model provides a theoretical basis for novel driver-gene discover in BC and guides the decision-making for the adjuvant treatment of early breast cancer (eBC).





Keywords: breast cancer, tumor microenvironment, prognostic, resistance, therapeutic sensitivity




1 Introduction

Breast cancer (BC) is the most common malignancy in women. According to cancer burden data from the International Agency for Research on Cancer (World Health Organization, 2020), up to 2.26 million new BC cases were recorded globally, and together with lung and colorectal cancer, accounts for more than half of new female cancers (1). Long-term survival in BC patients varies with the stage status at the time of initial diagnosis. The overall 5-year BC survival rate is 98% for stage I, 92% for stage II, 75% for stage III, and a sudden drop to 27% for stage IV (2). Currently, the main BC treatments include surgery, radiotherapy, and systemic therapy (chemotherapy, endocrine therapy, and targeted medication) (3–6). However, 40% of BC patients are resistant to current available chemotherapy or targeted therapies (7). With the high heterogeneity of BC, the traditional immunohistochemical staining quadruple type is no longer able to provide more accurate personalized treatment for early BC (eBC) patients, especially considering the impact of new targets and targeted drugs. Multigene panels, such as PAM50 intrinsic BC subtypes, 21 Gene Recurrence Score and 70-gene Prognostic Signature have quietly stepped on to the historical stage, were incorporated into the TNM staging system by the American Joint Committee on Cancer (8th edition) (8). Unequivocally, for prognosis predictions, multivariable indicators are more accurate and objective when compared with single biomarkers (9). Hence, to identify more biomarkers and guide precise personalized eBC treatment, more risk models based on gene expression profiles, are required.

Tumor progression is a complex process with interactions occurring among tumor cells, the tumor microenvironment (TME), and the immune system (10–12). The TME reflects the cellular environment of the tumor (13, 14), including cell components other than tumor cells, e.g., immune and stromal cells, extracellular matrix molecules, and cytokines (15, 16). Previous studies indicated that stromal cells have important roles in tumor growth, disease development (17, 18), and drug resistance (19). Immune cells exert regulatory and destructive effects toward tumor cells and may have dual promotional and antagonistic functions (20–22). Through crosstalk, they participate in tumor processes and development, are involved in mechanisms underpinning the TME, and contribute to tumor diagnostic and prognostic evaluation (23–26). Increasingly, the TME is considered a therapy target (27, 28); the prediction and prognostic value of tumor-infiltrating lymphocytes (TILs) in BC is gradually being recognized (29, 30). For example, ECOG2197 and ECOG1199 clinical studies identified an approximate 15% reduction in relapse and mortality rates for every 10% increase in TIL levels (30). The KEYNOTE-086 study indicated that higher TIL levels were associated with significant improvements in objective response rates for pembrolizumab (31). However, few studies have reported on how the TME may be used as a prognostic and predictive biomarker in assessing tumor immunity and treatment efficiency in BC patients. In our study, we show that TME may be used to accurately predict the prognosis in BC patients, independent of multiple clinicopathological factors, and predict the efficacy of chemotherapy and immunotherapy in these patients. Critically, low-risk patients in our prediction model may be exempted from the A-adjuvant chemotherapy regimens, thus providing guidance for patients with de-escalated individual treatment.

Yoshihara et al. developed the ESTIMATE algorithm where gene expression profiles were used to predict infiltrating stromal and immune cell levels in the TME (23). Previous studies reported the algorithm was effective in predicting TME status, with immune and stromal scores predicting tumor-associated normal cells penetration. However, studies focused exclusively on immune cells (32, 33) rather than stromal cells, and largely ignored their role in tumorigenesis and development. Secondly, due to complex reticular regulatory mechanisms in the TME, a single pathway or single cell subpopulation cannot fully identify mechanisms between the TME and tumors (34). Therefore, a comprehensive understanding of tumor-associated normal cells in tumor tissues may provide important insights into BC biology. In our study, we comprehensively evaluated molecular expression networks in stromal and immune cells to (1) understand the significance of TME-related genes and (2) provide a more accurate and comprehensive assessment of the TME during BC development and treatment.

We used several bioinformatics approaches to explore the TME during BC occurrence and progression. Based on TME-related genes expression, we constructed a new prognostic risk model to evaluate the prognostic value of the TME. Differences between the immune microenvironment in BC patients were comprehensively analyzed. Additionally, underlying signal pathways were preliminarily elucidated. This work provides new insights into the molecular mechanisms underpinning BC tumor occurrence and development, and may help predict prognosis in BC patients and assess therapeutic efficacy.




2 Methods



2.1 Clinical specimens

Two BC tissue specimens were obtained from patients at the Second Hospital of Dalian Medical University. Invasive breast cancer was pathologically confirmed in all patients not on chemotherapy or radiotherapy before tissue collection. Written informed consent was obtained from patients, and the study was approved by the Ethics and Human Subject Committee of the Second Hospital of Dalian Medical University (NO.2023191). Procedures were performed according to hospital guidelines and regulations.




2.2 Data sources

Gene expression matrices of enrolled patients were obtained from The Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO) databases. We included 1,069 BC samples from TCGA as the training cohort. The gene-expression profiles of TCGA-BRCA in the Fragments Per Kilobase per Million (FPKM) format were obtained from the TCGA portal (http://cancergenome.nih.gov), and then the ID conversion was carried out through the operation of ENSG ID to GeneSymbol, and finally the data standardization was carried out, and the standardization method is log2 (X+1). In addition, the BC patients’ clinical data (gender, age, histological type, and survival) were downloaded from TCGA. After searching the datasets with more than 150 human breast cancer samples with complete expression profile data, we selected the GSE42568, GSE88770, GSE48390, and GSE162228 dataset from the GEO as the validation cohort. These datasets were verified using the GPL570 platform. To ensure the scientificity and accuracy of the research, we successfully removed batch effect with COMBAT when combining GEO multi-data sets (Supplementary Figure S1). Additionally, clinical survival and outcome data of BC patients were also downloaded from this database.




2.3 Identifying differentially expressed genes (DEGs)

Data analysis was performed using the “limma” R package. Fold change > 1.5, p < 0.05, and false discovery rate (FDR) < 0.05 were set as the cutoffs to screen for DEGs.




2.4 DEG enrichment analysis

Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were performed to enrich the DEGs into associated pathways using the “clusterProfiler” R package (version 3.14.3). p < 0.05 and FDR < 0.05 were considered significant.




2.5 Constructing and validating a risk model based on TME-related genes

Least absolute shrinkage and selection operator (LASSO) Cox regression analysis identified genes most correlated with OS, and 10-round cross-validation was performed to prevent overfitting. The risk score for each patient was then calculated based on the expression levels of genes. Risk score: -0.0419970982477039 * NPY1R - 0.162055812415471 * CELSR2 - 0.043004672153174 * STC2 - 0.0716026845406244 * SCUBE2 + 0.2810654696502 * GIMAP2 + 0.0773881988402307 * HLA-DPB1 - 0.0232515777318596 * CXCL14 - 0.721867840891611 * KLRB1 - 0.253187064109637 * BIRC3 - 0.0587584464454724 * IL18 - 0.242105852075788 * PSMB8 + 0.198881881356143 * CD1C + 0.0814403392760682 * TNFAIP8 + 0.076656198308623 * IRF1. According to the median risk score, BC patients were divided into high- and low-risk groups. Kaplan–Meier analysis was employed to estimate the difference in OS between the categorized patients via the R package “survival.” The prognostic capability of the risk model was validated using time- dependent receiver operating characteristic (ROC) analysis with the R package “pROC”.




2.6 Evaluation of risk model independence

Univariate and multivariable Cox regression analyses were performed to estimate whether the risk score was an independent predictor of BC prognosis. A subgroup analysis was conducted to confirm the independence of the risk model. The patients with BC in the training cohort were regrouped into new subgroups based on different clinical characteristics, and the patients in each subgroup were stratified into high- and low-risk groups, based on the median risk score.




2.7 Immunohistochemistry (IHC)

Patient tissue specimens were fixed in 10% neutral formalin, embedded in paraffin, and sectioned into 4 µm sections before staining. Sections were deparaffinized, rehydrated, and blocked for endogenous peroxidase activity. Next, antigen retrieval was performed in citrate buffer (pH 6.0) and sections autoclaved for 90 s at 121°C. After washing in phosphate buffered saline (3 min × 3), sections were blocked in goat serum at room temperature for 30 min and incubated with primary antibodies (PSMB8, (1:200), Proteintech Group, IL, USA; cIAP2, (1:200), Proteintech Group, IL, USA) overnight at 4° C. The next day, sections were incubated with secondary antibodies (Maxin Biotechnologies, China) and treated with diaminobenzidine hydrochloride to visualize immunoreactivity. The immunohistochemical scoring was performed independently by two experienced pathologists, who had no knowledge of the clinicopathological information.




2.8 Nomogram construction

Nomograms are user-friendly clinical tools used to predict disease prognosis. The risk score and clinical parameters were subjected to univariate Cox regression analysis, and features with P values < 0.05 were subjected to multivariable COX regression analysis. Features with p values < 0.05 after multivariate analysis were incorporated into nomograms that were constructed to predict the 3- and 5-year OS rates. The nomogram was based on three independent prognostic factors: age, tumor stage, and the risk score. Factors corresponded to a specific point by drawing a line straight up to the point axis. The sum of the three factor points indicated the total points. By drawing a perpendicular line from the total point axis to the two-outcome axes, estimated 3- and 5-year OS probabilities were obtained. Observed 3- and 5-year OS rates were compared with predicted rates to further verify predictive performance. We assessed nomogram goodness-of-fit using calibration plots.




2.9 Immune analysis

The estimation of stromal and immune cells in malignant tumor tissues using expression data (ESTIMATE) method was applied to calculate the immune score, stromal score, and ESTIMATE score of the patients, via the R package “estimate”. Tumor immune estimation resource (TIMER) analysis was conducted to evaluate the abundance of six types of immune cells (neutrophils, CD4 T cells, macrophages, CD8 T cells, dendritic cells (DCs), and B cells). The MCPcounter (microenvironment cell populations-counter) algorithm was also used to assess T cell, CD8 T cell, cytotoxic lymphocyte, B cell lineage, natural killer (NK) cell, monocytic cell lineage, myeloid DC, neutrophil, endothelial cell, and fibroblast abundance.




2.10 Immune infiltration analysis of hub genes

TIMER was used to analyze correlations between hub gene expression and the degree of lymphocyte infiltration. TISIDB was also used to analyze correlations between hub gene expression and immune molecule expression in BC. We used the GSCA Lite (A Web Server for Gene Set Cancer Analysis: http://bioinfo.life.hust.edu.cn/web/GSCALite) online tool to analyze the correlation between hub genes expression and sensitivity to current chemotherapeutic or targeted drugs for BC.




2.11 Statistical analysis

Statistical analyses were completed using R (version 3.6.3). Discontinuous data were presented as number (percentage), and continuous data were displayed as mean± standard deviation. The Wilcoxon rank sum test was utilized to compare two groups and the Kruskal-Wallis test to compare multiple groups. In addition, the survfit function of “survival” package in R was used to analyze the prognostic differences between the two groups, and the log-rank test was used to further evaluate the significance of prognostic differences between the two groups. Statistical significance was defined as p < 0.05.





3 Results



3.1 Immune scores and stromal scores are significantly associated with BC subtypes, hormone receptor status, and overall survival (OS)

We downloaded the gene expression profiles and clinical information of 1,069 BC patients from The Cancer Genome Atlas (TCGA). Based on gene expression, BC can be mainly classified into Luminal A, Luminal B, HER2-enriched, Basal-like, and Normal-like (35, 36). The ESTIMATE algorithm showed that the highest mean immune score of Normal-like subtype was highest among all five subtypes, followed by Basal-like subtype, HER2-enriched subtype, and Luminal A subtype. The Luminal B subtype cases had the lowest immune scores (Supplementary Figure S2A, p < 0.0001). However, stromal scores, from high to low, were Normal-like, Luminal A, HER2-enriched, Luminal B, and Basal-like (Supplementary Figure S2B, p < 0.0001). The mammary gland is a hormone-responsive organ- the endocrine system is closely related to its development and disease occurrence, therefore we performed correlation analyses between immune and stromal scores and hormone receptor status. As shown in Supplementary Figure S2C, patients with progesterone receptor positive (PR+) had lower immune scores when compared with progesterone receptor negative (PR-) patients (p < 0.01), while estrogen receptor positive (ER+) patients had lower scores when compared with estrogen receptor negative (ER-) patients (p < 0.0001). In contrast, PR+/ER+ patients had higher scores when compared with PR-/ER- patients, and ER+ patients had higher when compared with ER- patients in the stromal scores (Supplementary Figure S2D, p < 0.0001). Thus, stromal and immune scores were significantly associated with BC subtypes and hormone receptor status.

To identify potential OS correlations with immune scores and/or stromal scores, we divided our cohort into top and bottom halves (high vs. low score groups) based on their scores. Kaplan-Meier survival curves showed that median OS in the low score group was longer when compared with the high score group when based on immune scores (Supplementary Figure S2E, p = 0.01). Consistently, patients with lower stromal scores had longer median OS when compared with patients with higher stromal scores (Supplementary Figure S2F, p = 0.85), although statistical significance was not observed.




3.2 Differentially expressed genes (DEGs) in BC and correlations with OS

To determine global gene expression profile correlations with immune scores and/or stromal scores, we compared Affymetrix microarray data in 1,069 BC patients. Heatmaps in Figure 1 showed distinct gene expression profiles of cases belong to immune scores/stromal scores groups. Based on immune scores, 943 genes were upregulated, and 71 genes downregulated in the high score group than the low score group (Figure 1A, fold change > 1.5, p < 0.05). Similarly, 1,011 genes were upregulated, and 50 genes were downregulated in the high score group (Figure 1B, fold change > 1.5, p < 0.05). Moreover, Venn diagrams (Figures 1C, D) showed that 498 genes were upregulated in the high-score group, while two genes were downregulated. We performed subsequent analyses by focusing on all DEGs obtained based on comparisons of immune and stromal scores. To determine potential DEGs functions, we performed functional enrichment analysis on 1,574 DEGs. Top Gene Ontology (GO) terms included immune system process, immune response, extracellular matrix, signalling receptor binding, and integrin binding (Figures 1E–G).




Figure 1 | Differentially expressed genes (DEGs) in BC and their correlations with overall survival (OS). (A) Heatmap of the DEGs of immune scores. (B) Heatmap of the DEGs of stromal scores. (C, D) Venn diagrams showing the number of commonly upregulated (C) or downregulated (D) DEGs in stromal and immune score groups. (E–G) Gene Ontology analysis (GO) analysis.



To explore individual DEG correlations with OS, we performed Kaplan-Meier survival curve analysis. In total, 421 DEGs out of 1,574 significantly predicted OS in the log-rank test (p < 0.05, selected genes are shown in Supplementary Figure S3).




3.3 Protein-protein interaction (PPI) of genes of prognostic value

To better understand interactions between prognostic value DEGs, we examined protein-protein interaction (PPI) networks in STRING. The network consisted of eight modules, which included 218 nodes and 704 edges. We selected the top three important modules for further analysis (Supplementary Figure S4). For descriptive convenience, we termed these modules MCODE1, MCODE2, and MCODE3 modules, respectively. In MCODE1 (Supplementary Figure S4A), ACKR3, CXCR3, and CCR5 had higher degree values. In MCODE2 (Supplementary Figure S4B), several immune response key genes occupied the module center and included HLA-DRB5, HLA-DRB1, CD247, and LCK. In MCODE3 (Supplementary Figure S4C), IL2RG, CD8B, and CD8A were significant nodes, as they had the most connections with other module members.




3.4 Functional enrichment analysis of genes of prognostic value

Consistent with PPI network analysis, functional enrichment analysis of these genes also identified strong associations with immune responses. Top GO terms included extracellular region and extracellular space (Supplementary Figure S5A), immune response (Supplementary Figure S5B), and antigen binding and signalling receptor binding (Supplementary Figure S5C). Additionally, all pathways from Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis (Supplementary Figure S5D) were associated with immune responses.




3.5 Gene Expression Omnibus (GEO) database validation

To determine if genes identified by TCGA had prognostic significance in other BC patients, we downloaded and analyzed gene expression data from 435 BC patients (GSE42568, GSE88770, GSE48390, and GSE162228) from the GEO database. Interestingly, 15 genes were significantly and prognostically related to the validation set (Supplementary Figure S6, p < 0.05); NPY1R, CELSR2, STC2, SCUBE2, GIMAP2, HLA-DPB1, TFF1, CXCL14, KLRB1, BIRC3, IL18, PSMB8, CD1C, TNFAIP8, and IRF1.




3.6 Constructing a prognostic risk model based on TME-related genes

Subsequently, we performed least absolute shrinkage and selection operator (LASSO) Cox regression analysis to select highly relevant genes from these 15 genes. Finally, 14 were identified as related to the TME in BC, and optimal values of the penalty parameter were determined by 10-fold cross-validation (Figures 2A, B). We then constructed a prognostic model based on these genes, with the risk score of each sample from the training cohort calculated according to this model. Based on median risk score, BC samples from the training cohort were divided into high- and low-risk groups. To assess the OS in these groups, Kaplan-Meier curves were generated and showed that OS in the high-risk group was worse than that in the low-risk group, indicating the validity of the risk score prediction (Figure 2C, p < 0.0001). Additionally, the expression of the TME-related genes, survival status, and survival time distribution for patients according to risk scores are shown in Figure 2D. In terms of model diagnosis, the AUC of the time-dependent receiver operating characteristic (ROC) curves were 0.69 for 1-year survival, 0.74 for 3-year survival, and 0.74 for 5-year survival, respectively, suggesting acceptable stability of the risk model (Figure 2E). In addition, to explore if BC subtypes affect survival, we grouped patients according to subtypes and subsequently performed survival analyses. Clearly, no differences in survival due to subtypes were observed, suggesting that the BC subtype did not affect survival (Supplementary Figure S7, p = 0.26). Together, our risk model, constructed from TME-related genes, appeared to accurately predict prognosis in BC patients.




Figure 2 | Construction of a prognostic model in the training cohort. (A) The Least absolute shrinkage and selection operator (LASSO) Cox regression analysis identified 14 genes most correlated with prognostics. (B) The optimal values of the penalty parameter were determined by 10-round cross-validation. (C) Patients in the high-risk group (blue) exhibited worse overall survival (OS) than those in the low-risk group (red). (D) Distribution of risk scores, survival profiles, and heat maps showing characteristic expressions of the low and high risky groups. (E) Time-dependent receiver-operating characteristic (ROC) curve.



Next, to identify hub genes, we identified interactions between genes in the TME model by constructing a PPI network in STRING. The network included 13 nodes and six edges. PSMB8 and BIRC3 had the maximum neighboring genes and were identified as hub genes. The Kaplan-Meier analysis showed both were the prognostic indicators, and its high expression favored the prognosis (Supplementary Figure S2, p < 0.05). To verify this phenomenon still exists in the human body, we used immunohistochemistry to compare hub protein expression and identified high PSMB8 and BIRC3 expression trends in BC epithelial cells when compared with paracancerous cells (Figure 3).




Figure 3 | PSMB8 and BIRC3 expression. (A) Representative immunohistochemical image showing high and low PSMB8 expression. (B) Representative immunohistochemical image showing high and low BIRC3 expression. The red area indicates paracarcinoma epithelial cells and the black area indicates breast cancer epithelial cells.






3.7 The risk model is an independent BC prognosis indicator

Univariate Cox regression analysis showed that risk score could predict the prognosis of BC patients (Figure 4A, p < 0.0001). In the multivariable Cox regression analysis, risk score remained statistically significant (Figure 4B, p < 0.0001), indicating our risk model was an independent prognostic factor for BC. Additionally, BC patients in the training cohort were regrouped into subgroups based on age (< 50 and ≥ 50 years old), and TNM stage (stage I, stage II, stage III, and stage IV). Regardless of subgroups, low-risk group patients still showed significantly longer survival (Figures 4C, D, p < 0.05), which indicated excellent risk model independence.




Figure 4 | Prognostic model independence. (A) Results of Univariate Cox regression analysis. (B) Results of multivariable Cox regression analysis. (C, D) Subgroup analyses suggesting the independence of the prognostic model regarding age, and TNM stage.






3.8 Establishing a nomogram

To create a quantitative method to predict OS, we integrated the risk score and independent clinicopathological prognostic factors, including age and TNM stage, to construct a nomogram (Figure 5A).




Figure 5 | Nomogram construction. (A) Nomogram predicting 3-, and 5-year OS for BC patients in the training cohort based on risk score and other clinicopathological parameters (age and TNM stage). (B) The calibration curves of nomograms between predicted and observed 3- and 5-year OS in the training cohort. The gray line of 45° represents the perfect prediction of the nomogram.



To evaluate its prognostic value, we compared the concordance index (C-index) of the nomogram with TNM stage, and as shown in Table 1, the nomogram improved the prediction accuracy for BC. We compared predicted 3- and 5-year survival probabilities with actual probabilities and observed the calibration curve showed good concordance between these probabilities, thereby reflecting high nomogram accuracy and dependability (Figure 5B). Taken together, the nomogram, which integrated risk score, showed good performance and applicability, and has potential as a clinical tool to predict prognosis in BC patients.


Table 1 | The concordance indexes of tumor-node-metastasis (TNM) stage and nomogram system.






3.9 Correlations between the risk model and clinicopathological features

Relationships between prognostic risk score and clinical characteristics were further investigated in the training cohort. Age, T category, M category and TNM stage were significantly related to risk score, whereas gender and N category were not (Figure 6A, p < 0.05). As observed Figure 6B, patients with HER2-enriched had the highest risk score, followed by Basal-like, Luminal B, and Luminal A subtypes, while Normal-like patients had the lowest scores (p < 0.0001). Association analysis with hormone receptor status showed that patients with PR+/ER+ had lower risk score when compared with PR-/ER- patients, and ER+ patients had lower risk score when compared with ER- patients (Figure 6C, p < 0.0001).




Figure 6 | Stratified analysis of clinical characteristics for risk score in the prognostic model. (A) Correlation analysis of the risk score and the clinical characteristics. (B) Correlation analysis of the risk score and the BC subtypes. (C) Correlation analyses of the risk score and the status of PR/ER. (D) Alluvial diagram.



To better visualize the clinicopathological features in individual patients and assess correlations with survival, we used an alluvial diagram which showed that risk categories in the prediction model accurately predicted patient survival (Figure 6D).




3.10 Correlation between the risk model and immune infiltration

Association between the risk model and immune cell infiltration was assessed using several immune infiltration approaches. ESTIMATE algorithm data showed that immune, stromal, and ESTIMATE scores in the high-risk BC patient group were lower when compared with BC patients in the low-risk group (Figure 7A, p < 0.0001). The TIMER algorithm showed that B cell, neutrophil, CD4 T cell, dendritic cell (DC), and CD8 T cell abundance, but not macrophage, was statistically higher in the low-risk group when compared with the high-risk group (Figure 7B, p < 0.0001). Moreover, MCPcounter algorithm results showed that T cells, CD8 T cells, cytotoxic lymphocytes, B lineage cells, natural killer (NK) cells, monocytic lineage cells, myeloid DCs, neutrophils, endothelial cells, and fibroblasts were highly infiltrated in the low-risk group (Figure 7C, p < 0.01). Thus, our risk model correlated well with different immune microenvironment components.




Figure 7 | Correlation between the risk model and the immune microenvironment. (A) The ESTIMATE algorithm. (B) The TIMER algorithm. (C) The MCPcounter algorithm. (D) Correlations between the risk score and the infiltration of immune cell subtypes.



Given the significant correlation of our risk model with the BC immune microenvironment, we next examined relationships between the risk model and immune cell subtype infiltration using Pearson’s algorithm. As shown in Figure 7D, correlation values for B cells, CD4 T cells, CD8 T cells, DCs, and neutrophils with risk scores were −0.35, −0.48, −0.49, −0.43, and −0.39, respectively. As expected, immune cell infiltration levels were significantly and positively correlated with prognosis (Figure 7D, p < 0.0001).




3.11 Practical analysis of the risk model

To further confirm model practicability and reliability, it was verified using a validation cohort. Risk scores, survival status, and gene expression are shown in Figure 8A. As expected, significant differences in OS were identified between groups, with longer OS in the low-risk group (Figure 8B, p < 0.0001). Furthermore, relationships between risk score and the BC immune microenvironment were confirmed in the validation cohort. From ESTIMATE, TIMER, and MCPcounter analysis, the low-risk group was significantly associated with high immune cell infiltration levels From ESTIMATE analysis, the low-risk group was significantly associated with high stromal, immune, and ESTIMATE scores (Figure 8C, p < 0.0001). In TIMER analysis, the abundance of the five aforementioned immune cell types, except macrophages, was statistically different between groups (Figure 8D, p < 0.0001), and immune cell abundance (all types) was significantly higher in the low-risk group than the high-risk group. The MCPcounter algorithm showed that T cells, cytotoxic lymphocytes, B lineage, monocytic lineage cells, myeloid DCs, endothelial cells, neutrophils, and fibroblasts were in a high infiltration state in the low-risk group (Figure 8E, p < 0.05). Therefore, our TME-related gene risk model was associated with BC prognosis and the immune microenvironment.




Figure 8 | Validation of the prognostic risk model in the validation cohort. (A) Distribution of risk scores, survival profiles, and heat maps showing characteristic expressions of the low- and high-risk groups. (B) Patients in the high-risk group (blue) exhibited worse overall survival (OS) than those in the low-risk group (red). (C) The ESTIMATE algorithm. (D) The TIMER algorithm. (E) The MCPcounter algorithm.






3.12 The risk model predicts chemotherapy efficacy

As neoadjuvant and adjuvant chemotherapies are reportedly related to immune infiltration (37), we evaluated if chemotherapy influenced BC prognosis. According to the NCCN Guidelines in Oncology, anthracycline + cyclophosphamide (AC), AC followed by taxane (AC-T), and taxane + cyclophosphamide (TC) are major chemotherapy regimens. The OS advantage was observed in the low-risk group, regardless of whether they received chemotherapy or not. And whether in high-risk group or low-risk group, patients who received chemotherapy had a better prognosis (Figure 9A, p < 0.0001). In the low-risk group, the OS advantage was evident in patients who received TC and AC-T chemotherapy regimens when compared with those who received no chemotherapy (Figure 9B, p < 0.05). In contrast, the chemotherapy benefits in the high-risk group were observed for AC, TC, and AC-T chemotherapy regimens (Figure 9C, p < 0.05). More importantly, subgroup interaction evaluations suggested that better chemotherapy outcomes were achieved in low-risk patients regardless of the chemotherapy regimen (Figure 9D, p < 0.05).




Figure 9 | The prognostic model predicts chemotherapy efficacy. (A) Subgroup analysis of adjuvant chemotherapy (ACT) benefit for overall survival (OS) of low-and high-risk patients in the TCGA database. (B) OS analysis in patients with different chemotherapy regimens in the low-risk group. (C) OS analysis in patients with different chemotherapy regimens in the high-risk group. (D) OS analysis of treated patients in high- and low-risk groups. (E) OS analysis of patients receiving the anthracycline (A) regimens in high- and low-risk groups. (F) OS analysis of patients receiving A, no-A, and no treatment in the low-risk group.



We also explored if the A-regimen was an indispensable chemotherapy agent in the low-risk group. As shown in Figure 9E, no significant differences in prognosis outcomes for patients treated with the A-regimen were identified, regardless of low- or high-risk (p > 0.05). Further subgroup analysis showed no significant differences in prognosis outcomes in low-risk patients who received the A-regimen when compared with those who did not (Figure 9F, p > 0.05). These observations suggested that the low-risk group selected by this prediction model has the opportunity to exempt the A-containing adjuvant chemotherapy regimen.




3.13 The risk model predicts gene expression in immune responses, immune checkpoints, inflammation, and epithelial-mesenchymal transition

Immune checkpoint blockade with immunotherapies, including CTLA-4, CD28, and CD274 are promising treatment approaches for several malignancies (38). However, the bottleneck problem of immune checkpoint inhibitors (ICI) in the treatment of eBC is the lack of precise biomarkers identifying populations who may benefit from these therapeutics. In our study, we determined the expression levels of several key immune checkpoint regulators and inflammatory mediators to provide reference biomarker candidates for precision immunotherapy in early drug-resistant patients. As presented in Figure 10A, CD274, CD28, and CTLA-4 expression levels were significantly higher in the low-risk group (p < 0.0001). The Pearson algorithm was used to analyze correlations between immune checkpoints and our risk model. Correlation values of CTLA-4, CD28, CD274 and risk score were -0.37, -0.43 and -0.33, respectively (Figure 10B, p < 0.0001). Additionally, other immunomodulators or inflammatory mediators were increased in the low-risk group (Figure 10C, p < 0.0001). A previous study reported that HLA affected ICI efficacy (39), therefore we analyzed correlations between HLA family expression and our model, and showed this expression was significantly higher in the low-risk group when compared with the high-risk group (Figure 10D, p < 0.0001). We next explored ICI therapy responses, represented by the CTLA-4/PD1 inhibitors, by using the immunophenotype score (IPS), and showed that the IPS was slightly higher than that of the low-risk group in the patients treated with CTLA-4 and PD1 inhibitors (Figure 10E, p < 0.05). Overall, these results suggested that our model predicted the immunotherapy benefits for patients and may be a more effective biomarker to predict the efficacy of immunotherapy.




Figure 10 | Bioinformatics analysis of the characteristics and signaling pathways among patients in different risk groups. (A) CD274, CD28, and CTLA4 mRNA expression between the low- and high-risk groups in the cohort from TCGA. (B) Correlation between the risk score and CD274, CD28, and CTLA4 mRNA expression. (C) LAG3, IL12A, IL12B, IL6, IFNG, IDO1, GZMB, and CD47 mRNA expression between the low- and high-risk groups in the cohort from TCGA. (D) The HLA family mRNA expression between the low- and high-risk groups in the cohort from TCGA. (E) Correlation of the risk score and the IPS.



We further analyzed DEGs between low- and high-risk groups in TCGA. In total, 396 DEGs (7 upregulated and 389 downregulated genes, FDR p-value < 0.05) were identified in the high-risk group when compared with the low-risk group. Of these, SLC7A5, PRAME, CRABP1, CBX2, CA9, CALML5, and CD24 were significantly overexpressed in the high-risk group (Supplementary Figures S8A, B, FDR p-value < 0.05, fold change > 1.5). Furthermore, KEGG analysis showed that genes in the high-risk group were mainly involved in environmental information processing, human diseases, and organismal systems (Supplementary Figure S8C). From GO enrichment analysis, these genes in the high-risk group were mainly involved in extracellular matrix, vesicle, immune response, and antigen binding (Supplementary Figures S8D–F).




3.14 Risk model correlation with tumor mutation burden (TMB)

As shown in Figure 11A, BC patients in the high-risk group had a higher TMB than those in the low-risk group (p < 0.05). As suggested from previous studies, a high TMB leads to a poor prognosis in many cancers (40), consistent with our data. In correlation analysis between risk score and TMB, we identified a significant positive correlation (Figure 11B, p < 0.05). Further survival analysis indicated that the low-TMB group showed a significant survival benefit (Figure 11C, p < 0.05). Given the synergistic effect of TMB and the risk score, their effect on prognostic stratification was evaluated. As indicated from the results, TMB status did not interference the predictive ability of the risk score. Survival difference of the risk score subtypes was significant in both high- and low-TMB groups, and the subgroup with low risk-score and low TMB showed a better survival benefit, while the high-risk score and high TMB subgroup had a lower survival probability (Figure 11D, p < 0.001). Combined, risk score may act as a prognostic BC indicator, which is independent of TMB and can effectively predict TMB and treatment sensitivity.




Figure 11 | Correlations between risk score and tumor mutation burden (TMB). (A) The TMB was higher in the high-risk group than in the low-risk group. (B) The scatterplots depicted the positive correlation between the risk score and TMB. (C) Kaplan–Meier curves of overall survival (OS) in different TMB subgroups. (D) Kaplan–Meier curves of overall survival (OS) stratified by both TMB and the risk score.






3.15 Relationships among hub genes expression levels, tumor-infiltrating immune cells, immune molecules, and sensitivity to BC-targeting and chemotherapeutic drugs

We used the TIMER database to explore the relationships between hub genes expression (PSMB8 and BIRC3) and the level of infiltrating lymphocytes. Upregulated PSMB8/BIRC3 expression was associated with increased B cell, CD8+ T cell, macrophage, neutrophil, DC, and other infiltrating lymphocyte infiltration (Figures 12A, B, p < 0.05). Next, using the TISIDB database, we found that upregulated PSMB8/BIRC3 (Figures 12C, D) expression was associated with increased expression of immunostimulatory molecules, immunosuppressive molecules, MHC molecules, chemokines, and chemokine receptors, which provides important information for predicting potential therapeutic targets. Finally, we used GSCA Lite online tool to analyze the relationship between the expression of the hub genes and sensitivity to current immune or targeted therapies for BC (Figure 12E). PSMB8 expression levels were negatively correlated with sensitivity to many BC-targeting or chemotherapeutic drugs, including clofarabine and gemcitabine, and were positively correlated with abiraterone. BIRC3 expression levels were positively correlated with axitinib sensitivity and negatively correlated with dasatinib sensitivity. Thus, hub genes could function as new targets for predicting drug sensitivity and developing multi-targeted combined therapy for BC.




Figure 12 | Relationships between hub gene expression and tumor-infiltrating immune cells, immune molecules, and sensitivity to BC-targeting and chemotherapeutic drugs. (A) Upregulation of PSMB8 expression is associated with increased infiltration of B cells, CD8+ T cells, macrophages, neutrophils, dendritic cells (DCs), and other infiltrating lymphocytes. (B) Upregulation of BIRC3 expression is associated with increased infiltration of B cells, CD8+ T cells, macrophages, neutrophils, dendritic cells (DCs), and other infiltrating lymphocytes. (C) The correlation between PSMB8 expression and lymphocytes, immunostimulatory molecules, immunosuppressive molecules, MHC molecule, chemokines, and chemokine receptors in BC. (D) The correlation between BIRC3 expression and lymphocytes, immunostimulatory molecules, immunosuppressive molecules, MHC molecule, chemokines, and chemokine receptors in BC. (E) The expression levels of PSMB8and BIRC3 are correlated with sensitivity to many BC-targeting and chemotherapeutic drugs.







4 Discussion

We developed a 14-TME-related gene prognostic model based on statistical associations between eBC prognosis and drug resistance. (1) Our model exhibited strong predictive prognosis power in BC patients; (2) Enrichment analyses showed that immune-related pathways mediated the role of TME-related genes in BC; (3) we constructed a nomogram system, which was shown when compared with simple clinicopathological features, nomogram-integrated risk score had high prediction accuracy and applicability; (4) Our model provided predictive power for eBC patients to select the best treatments possible and avoid unnecessary chemotherapy agents; and (5) We found 2 novel therapeutic target genes, which provides a new direction for the development of BC precision medicine.

With the wide application of high-throughput technology and the continuous maturity of data sharing mechanism, unprecedented large-scale multi-omics cancer data have been accumulated in the international public databases, and cancer research has entered the era of “big data”. The focus of precision genomic medicine is to identify accurate specific survival prognostic factors from large medical datasets with clinical outcomes (41). Therefore, in recent years, some studies have aimed to explore microenvironment-related prognostic factors using bioinformatics analysis. However, the use of genomics, transcriptomic, and proteomic analysis of clinical tumor tissue is affected by the proportion of tumor cells present, and the method of evaluating the nontumor part of tumor samples (ESTIMATE) can provide an important context for genomic data analysis, a huge improvement in other capacity-limited methods (42). Additionally, many studies have not comprehensively explored the role of the genes related to stromal cells and immune cells in the BC TME and focused only on immune cell-related genes. In this study, we investigated infiltrating immune and stromal cell levels in tumor tissue in the ESTIMATE algorithm, and provided new perspectives for the comprehensive understanding on tumor-related normal cells in tumor tissue.

In our study, we used the ESTIMATE algorithm to assess the levels of infiltrating immune and stromal cell levels in tumor tissues. And we showed that the Basal-like subtype had a high immune score, consistent with previous findings showing that high levels of TILs were common in both the Basal-like type and the HER2-enriched types (43). The effect of tumor-infiltrating immune cells on the biological and clinical course of BC is well established in previous research (44). In accordance with the previous studies, we observed that BC patients with higher immune scores had the better prognosis, while no significant association of stromal scores with prognosis was observed. For another, LASSO regression was applied to construct risk models for 14 key TME prognostic genes, as used in previous studies (45, 46). The prognostic value of our risk model was also confirmed in the training and validation sets. The OS curves of the high-risk scoring group and low-risk scoring group were obviously separated, and patients with low-risk scores comprised a clear survival advantage, which vindicated our study design. The fly in the ointment was that we observed similar survival rates with the high- and low-risk groups in the validation set at late time points. Studies have shown that the survival curves crossing happens, when a relative few subject still being followed at late time points. When the sample reduce, there will also be a lot of uncertainty in the true position of the survival curves (47). Consistent with this, our data and results shown that the samples in the later stage of this survival curve have been reduced a lot compared to those at the start (Supplementary Figure S9). In addition, insufficient samples, differences in patient treatment regimens, and age deviation may also contribute to this phenomenon. Furthermore, model diagnosis using ROC analysis indicated that our risk model was a reliable indicator for predicting prognosis. Subgroup analysis further showed that risk score remained independent prognostic factor even when patients were regrouped based on clinical parameters. Finally, a nomogram, which may be used in clinical practice, was constructed and a calibration curve used to explore the predictive efficacy of our model for survival. Overall, our risk model of TME-related genes may be a mature reference for predicting prognosis in patients with BC that is feasible in clinical practice.

In this study, we selected 14 TME-related genes, including BIRC3, CELSR2, CXCL14, IL18, KLRB1, NPY1R, PSMB8, SCUBE2, STC2, CD1C, HLA-DPB1, GIMAP2, IRF1 and TNFAIP8, all of which were implicated in tumor progression and prognosis outcomes. BIRC3 is a member of the apoptosis inhibitor (IAP) family, with pro-survival and antiapoptotic effects in cancer cells (48). BIRC3 is associated with treatment resistance in BC; IL-1 upregulates BIRC3 and generates doxorubicin resistance in BC cells (49), thus BIRC3 appears to have important roles in the TME. PSMB8 is the catalytic subunit of the immunoproteasome and is implicated in glioblastoma, mucinous ovarian cancer, cutaneous squamous cell carcinoma, papillary thyroid carcinoma, and prostate cancer development and progression (50–52), consistent with our findings showing that PSMB8 was associated with high immune infiltration and was a predictive protective gene. CELSR2 is part of the cadherin superfamily and was associated with poor prognosis (53). However, we confirmed CELSR2 was a protective gene and involved in changing the TME. These contradictory results highlight the need for more experimental studies on CELSR2. Furthermore, we found the first prognostic value of CD1C and GIMAP2 genes, which may provide new directions for further BC research.

In recent years, tumor immunity has attracted considerable research interest, while prognostic features related to the TME have great applications in identifying novel biomarkers. As described, BC growth and invasiveness are influenced by different cells in the TME. Many studies have reported that the degree of immune infiltration in the TME correlates with BC prognosis (30, 54). GO and KEGG analysis indicated that the DEGs between the high-risk and low-risk groups were mainly enriched in immune-related pathways. Specifically, ESTIMATE, TIMER and MCPCounter analysis showed that patients in the low-risk group had a relatively high immune infiltration status. When combined with the patient survival results, we showed that a good prognosis is associated with a high immune infiltration status, consistent with previous studies (30, 54). In the TME, tumor cells interact with different immune cell types by activating the immune checkpoint pathway (55, 56). We identified several immune checkpoint genes (e.g., CTLA-4, PDL1, LAG3, and CD28) which were highly expressed in the low-risk group, suggesting these patients may benefit from immunotherapy. The genomic instability may produce an immune response phenotype that affects the immune response and immunotherapy (57). We comprehensively analyzed correlation between the TMB and risk score and identified significant positive associations. Furthermore, the stratified prognostic analysis showed that the prognostic value of the risk score in the BC was independent of the TMB. Taken together, our results provide potential therapeutic targets and provide novel clinical applications for immunotherapies.

Chemotherapy is an important adjuvant treatment for eBC but has long been regarded as an immunosuppressive treatment modality. However, recent studies reported that chemotherapy has immune modulation effects (58, 59). The induced stress and apoptosis generated by chemotherapy produces new tumor immune antigens on cell surfaces and in the TME, which stimulate antitumor immune responses (60). Our results suggested that receiving chemotherapy was better than not receiving it, regardless of the immune microenvironment in low- or high-risk groups. A-based chemotherapeutic agents are represented by topoisomerase 2 inhibitors and have pivotal roles in eBC chemotherapy. However, it also exerts dose-dependent toxic side effects such as myelosuppression, cardiotoxicity, and gastrointestinal responses (61). Based on a pooled analysis of PlanB and SUCCESS C randomized clinical trials, six TC cycles provided similar efficacy to the A-regimen in most patients with HER2-eBC, and a significantly lower incidence of overall grade 3/4 toxicity was observed (62). The randomized neoadjuvant multicenter phase II trial, WGS-ADAPT-TN, found that additional A-containing chemotherapy was not associated with a significant invasive disease-free survival advantage in pathological complete response patients (63). Therefore, A-regimen removal is the trend, but how to accurately screen the population of chemotherapy is not unclear. We observed that A-use in the high-risk group may potentially promote immune cell infiltration and enhance antitumor immune responses. Interestingly, no prognosis differences were identified between A-use in low- and high-risk groups, and even an absence of A-regimen in the low-risk group did not affect long-term survival. This suggested that the no-A chemotherapy regimen seems feasible in low-risk patients despite chemotherapy benefit. Thus, we provide clinicians with an accurate tool that provides an opportunity for patients to choose the best treatment and avoid unnecessary chemotherapy.

Our study had some limitations. Firstly, our conclusions were based on open datasets and not sequencing data. Despite this weakness, the concordance between our TME-related gene risk model and survival in TCGA and GEO cohorts identified prognostic signatures in BC, but which still need to be further validated with sufficient sample data. Secondly, our data, which originated from databases, lacked experimental validation. In future studies, we will focus on these novel molecules using in vitro and in vivo analyses.




5 Conclusions

We comprehensively explored the role of the TME in BC patients using statistical analyses of public database data. First, the risk model we constructed based on TME-associated genes and successfully predicted the OS in BC patients. In addition, our model was inversely associated with BC immune cell infiltration and may be used as an independent prognostic marker to predict the efficacy of immunotherapy in BC patients. Importantly, we showed that outcomes in patients receiving the A-regimen in the low-risk group were not significantly different to those receiving the no-A regimen, suggesting this patient cohort may be exempted from A-containing adjuvant chemotherapy. The hub genes (BIRC3 and PSMB8) can be used as effective biomarkers to predict BC prognosis and used as novel targets to predict drug sensitivity.

Our work provides innovative perspectives for future BC research and the development of targeted therapeutic strategies for BC patients. Further studies are required to validate the clinical prognostic value of our risk model and explore underlying mechanisms associated with eBC.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author/s.





Ethics statement

The studies involving humans were approved by the Ethics and Human Subject Committee of the Second Hospital of Dalian Medical University. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

HC conceived this study and wrote the manuscript. HC, SW and YuZ executed the data collection and data analysis. YuZ and XG performed immunohistochemistry analysis. YG, NW, XW, TZ, YiZ, DC, MW, and DZ assisted revising the manuscript. JW designed the study and was the director for the fund. All authors contributed to the article and approved the submitted version.





Funding

This study was supported by the “1+X” program cross-disciplinary innovation project (2022JCXKYB07), Wu Jieping Medical Foundation (320.6750.2022-19-81), and the Natural Science Foundation of Liaoning Province (2020-MS-266).





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/fonc.2023.1209707/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. DeSantis, CE, Ma, J, Gaudet, MM, Newman, LA, Miller, KD, Goding Sauer, A, et al. Breast cancer statistics, 2019. CA Cancer J Clin (2019) 69(6):438–51. doi: 10.3322/caac.21583

3. Early Breast Cancer Trialists' Collaborative G, Davies, C, Godwin, J, Gray, R, Clarke, M, Cutter, D, et al. Relevance of breast cancer hormone receptors and other factors to the efficacy of adjuvant tamoxifen: patient-level meta-analysis of randomised trials. Lancet (2011) 378(9793):771–84. doi: 10.1016/S0140-6736(11)60993-8

4. Bradley, JA, and Mendenhall, NP. Novel radiotherapy techniques for breast cancer. Annu Rev Med (2018) 69:277–88. doi: 10.1146/annurev-med-042716-103422

5. Chargari, C, Deutsch, E, Blanchard, P, Gouy, S, Martelli, H, Guerin, F, et al. Brachytherapy: An overview for clinicians. CA Cancer J Clin (2019) 69(5):386–401. doi: 10.3322/caac.21578

6. Oikonomou, EK, Kokkinidis, DG, Kampaktsis, PN, Amir, EA, Marwick, TH, Gupta, D, et al. Assessment of prognostic value of left ventricular global longitudinal strain for early prediction of chemotherapy-induced cardiotoxicity: A systematic review and meta-analysis. JAMA Cardiol (2019) 4(10):1007–18. doi: 10.1001/jamacardio.2019.2952

7. Olver, IN. New initiatives in the treatment of breast cancer. Med J Aust (2016) 205(10):449–50. doi: 10.5694/mja16.01055

8. Giuliano, AE, Connolly, JL, Edge, SB, Mittendorf, EA, Rugo, HS, Solin, LJ, et al. Breast Cancer-Major changes in the American Joint Committee on Cancer eighth edition cancer staging manual. CA Cancer J Clin (2017) 67(4):290–303. doi: 10.3322/caac.21393

9. Zhang, Y, and Zhang, Z. The history and advances in cancer immunotherapy: understanding the characteristics of tumor-infiltrating immune cells and their therapeutic implications. Cell Mol Immunol (2020) 17(8):807–21. doi: 10.1038/s41423-020-0488-6

10. Chen, DS, and Mellman, I. Elements of cancer immunity and the cancer-immune set point. Nature (2017) 541(7637):321–30. doi: 10.1038/nature21349

11. Liu, D, Dai, X, Zhang, W, Zhu, X, Zha, Z, Qian, H, et al. Liquid exfoliation of ultrasmall zirconium carbide nanodots as a noninflammatory photothermal agent in the treatment of glioma. Biomaterials (2023) 292:121917. doi: 10.1016/j.biomaterials.2022.121917

12. Guo, Q, Yin, M, Fan, J, Yang, Y, Liu, T, Qian, H, et al. Peroxidase-mimicking TA-VOx nanobranches for enhanced photothermal/chemodynamic therapy of glioma by inhibiting the expression of HSP60. Materials Design (2022) 224. doi: 10.1016/j.matdes.2022.111366

13. Wu, P, Gao, W, Su, M, Nice, EC, Zhang, W, Lin, J, et al. Adaptive mechanisms of tumor therapy resistance driven by tumor microenvironment. Front Cell Dev Biol (2021) 9:641469. doi: 10.3389/fcell.2021.641469

14. Wang, X, Wang, X, Yue, Q, Xu, H, Zhong, X, Sun, L, et al. Liquid exfoliation of TiN nanodots as novel sonosensitizers for photothermal-enhanced sonodynamic therapy against cancer. Nano Today (2021) 39. doi: 10.1016/j.nantod.2021.101170

15. Hanahan, D, and Weinberg, RA. The hallmarks of cancer. Cell (2000) 100(1):57–70. doi: 10.1016/S0092-8674(00)81683-9

16. Hanahan, D, and Coussens, LM. Accessories to the crime: functions of cells recruited to the tumor microenvironment. Cancer Cell (2012) 21(3):309–22. doi: 10.1016/j.ccr.2012.02.022

17. Hanahan, D, and Weinberg, RA. Hallmarks of cancer: the next generation. Cell (2011) 144(5):646–74. doi: 10.1016/j.cell.2011.02.013

18. Kalluri, R, and Zeisberg, M. Fibroblasts in cancer. Nat Rev Cancer (2006) 6(5):392–401. doi: 10.1038/nrc1877

19. Straussman, R, Morikawa, T, Shee, K, Barzily-Rokni, M, Qian, ZR, Du, J, et al. Tumour micro-environment elicits innate resistance to RAF inhibitors through HGF secretion. Nature (2012) 487(7408):500–4. doi: 10.1038/nature11183

20. Chen, D, Zhang, X, Li, Z, and Zhu, B. Metabolic regulatory crosstalk between tumor microenvironment and tumor-associated macrophages. Theranostics (2021) 11(3):1016–30. doi: 10.7150/thno.51777

21. Khalaf, K, Hana, D, Chou, JT, Singh, C, Mackiewicz, A, and Kaczmarek, M. Aspects of the tumor microenvironment involved in immune resistance and drug resistance. Front Immunol (2021) 12:656364. doi: 10.3389/fimmu.2021.656364

22. Zhu, D, Ling, R, Chen, H, Lyu, M, Qian, H, Wu, K, et al. Biomimetic copper single-atom nanozyme system for self-enhanced nanocatalytic tumor therapy. Nano Res (2022) 15(8):7320–8. doi: 10.1007/s12274-022-4359-6

23. Yoshihara, K, Shahmoradgoli, M, Martinez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat Commun (2013) 4:2612. doi: 10.1038/ncomms3612

24. Winslow, S, Lindquist, KE, Edsjö, A, and Larsson, C. The expression pattern of matrix-producing tumor stroma is of prognostic importance in breast cancer. BMC Cancer (2016) 16(1):1–13. doi: 10.1186/s12885-016-2864-2

25. Wang, J, Ikeda, R, Che, XF, Ooyama, A, Yamamoto, M, Furukawa, T, et al. VEGF expression is augmented by hypoxiainduced PGIS in human fibroblasts. Int J Oncol (2013) 43(3):746–54. doi: 10.3892/ijo.2013.1994

26. Ren, J, Ding, L, Zhang, D, Shi, G, Xu, Q, Shen, S, et al. Carcinoma-associated fibroblasts promote the stemness and chemoresistance of colorectal cancer by transferring exosomal lncRNA H19. Theranostics (2018) 8(14):3932–48. doi: 10.7150/thno.25541

27. Genova, C, Dellepiane, C, Carrega, P, Sommariva, S, Ferlazzo, G, Pronzato, P, et al. Therapeutic implications of tumor microenvironment in lung cancer: focus on immune checkpoint blockade. Front Immunol (2021) 12:799455. doi: 10.3389/fimmu.2021.799455

28. Guo, W, Wang, T, Huang, C, Ning, S, Guo, Q, Zhang, W, et al. Platelet membrane-coated C-TiO2 hollow nanospheres for combined sonodynamic and alkyl-radical cancer therapy. Nano Res (2022) 16(1):782–91. doi: 10.1007/s12274-022-4646-2

29. Denkert, C, von Minckwitz, G, Darb-Esfahani, S, Lederer, B, Heppner, BI, Weber, KE, et al. Tumour-infiltrating lymphocytes and prognosis in different subtypes of breast cancer: a pooled analysis of 3771 patients treated with neoadjuvant therapy. Lancet Oncol (2018) 19(1):40–50. doi: 10.1016/S1470-2045(17)30904-X

30. Adams, S, Gray, RJ, Demaria, S, Goldstein, L, Perez, EA, Shulman, LN, et al. Prognostic value of tumor-infiltrating lymphocytes in triple-negative breast cancers from two phase III randomized adjuvant breast cancer trials: ECOG 2197 and ECOG 1199. J Clin Oncol (2014) 32(27):2959–66. doi: 10.1200/JCO.2013.55.0491

31. Adams, S, Schmid, P, Rugo, HS, Winer, EP, Loirat, D, Awada, A, et al. Pembrolizumab monotherapy for previously treated metastatic triple-negative breast cancer: cohort A of the phase II KEYNOTE-086 study. Ann Oncol (2019) 30(3):397–404. doi: 10.1093/annonc/mdy517

32. Qin, Y, Deng, J, Zhang, L, Yuan, J, Yang, H, and Li, Q. Tumor microenvironment characterization in triple-negative breast cancer identifies prognostic gene signature. Aging (Albany NY) (2021) 13(4):5485–505. doi: 10.18632/aging.202478

33. Shen, Y, Peng, X, and Shen, C. Identification and validation of immune-related lncRNA prognostic signature for breast cancer. Genomics (2020) 112(3):2640–6. doi: 10.1016/j.ygeno.2020.02.015

34. Ning, S, Dai, X, Tang, W, Guo, Q, Lyu, M, Zhu, D, et al. Cancer cell membrane-coated C-TiO(2) hollow nanoshells for combined sonodynamic and hypoxia-activated chemotherapy. Acta Biomater (2022) 152:562–74. doi: 10.1016/j.actbio.2022.08.067

35. Sorlie, T, Perou, CM, Tibshirani, R, Aas, T, Geisler, S, Johnsen, H, et al. Gene expression patterns of breast carcinomas distinguish tumor subclasses with clinical implications. Proc Natl Acad Sci USA (2001) 98(19):10869–74. doi: 10.1073/pnas.191367098

36. Dai, X, Li, T, Bai, Z, Yang, Y, Liu, X, Zhan, J, et al. Breast cancer intrinsic subtype classification, clinical use and future trends. Am J Cancer Res (2015) 5(10):2929–43.

37. Mesnage, SJL, Auguste, A, Genestie, C, Dunant, A, Pain, E, Drusch, F, et al. Neoadjuvant chemotherapy (NACT) increases immune infiltration and programmed death-ligand 1 (PD-L1) expression in epithelial ovarian cancer (EOC). Ann Oncol (2017) 28(3):651–7. doi: 10.1093/annonc/mdw625

38. Denduluri, N, Somerfield, MR, Chavez-MacGregor, M, Comander, AH, Dayao, Z, Eisen, A, et al. Selection of optimal adjuvant chemotherapy and targeted therapy for early breast cancer: ASCO guideline update. J Clin Oncol (2021) 39(6):685–93. doi: 10.1200/JCO.20.02510

39. Chowell, D, Morris, LGT, Grigg, CM, Weber, JK, Samstein, RM, Makarov, V, et al. Patient HLA class I genotype influences cancer response to checkpoint blockade immunotherapy. Science (2018) 359(6375):582–7. doi: 10.1126/science.aao4572

40. Andor, N, Maley, CC, and Ji, HP. Genomic instability in cancer: teetering on the limit of tolerance. Cancer Res (2017) 77(9):2179–85. doi: 10.1158/0008-5472.CAN-16-1553

41. Kourou, K, Exarchos, TP, Exarchos, KP, Karamouzis, MV, and Fotiadis, DI. Machine learning applications in cancer prognosis and prediction. Comput Struct Biotechnol J (2015) 13:8–17. doi: 10.1016/j.csbj.2014.11.005

42. Carter, SL, Cibulskis, K, Helman, E, McKenna, A, Shen, H, Zack, T, et al. Absolute quantification of somatic DNA alterations in human cancer. Nat Biotechnol (2012) 30(5):413–21. doi: 10.1038/nbt.2203

43. 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

44. Karn, T, Pusztai, L, Rody, A, Holtrich, U, and Becker, S. The influence of host factors on the prognosis of breast cancer: stroma and immune cell components as cancer biomarkers. Curr Cancer Drug Targets (2015) 15(8):652–64. doi: 10.2174/156800961508151001101209

45. Dai, W, Feng, Y, Mo, S, Xiang, W, Li, Q, Wang, R, et al. Transcriptome profiling reveals an integrated mRNA-lncRNA signature with predictive value of early relapse in colon cancer. Carcinogenesis (2018) 39(10):1235–44. doi: 10.1093/carcin/bgy087

46. Qu, L, Wang, ZL, Chen, Q, Li, YM, He, HW, Hsieh, JJ, et al. Prognostic value of a long non-coding RNA signature in localized clear cell renal cell carcinoma. Eur Urol (2018) 74(6):756–63. doi: 10.1016/j.eururo.2018.07.032

47. Pocock, SJ, Clayton, TC, and Altman, DG. Survival plots of time-to-event outcomes in clinical trials: good practice and pitfalls. Lancet (2002) 359(9318):1686–9. doi: 10.1016/S0140-6736(02)08594-X

48. Zhu, H, Zheng, C, Liu, H, Kong, F, Kong, S, Chen, F, et al. Significance of macrophage infiltration in the prognosis of lung adenocarcinoma patients evaluated by scRNA and bulkRNA analysis. Front Immunol (2022) 13:1028440. doi: 10.3389/fimmu.2022.1028440

49. Mendoza-Rodriguez, M, Arevalo Romero, H, Fuentes-Panana, EM, Ayala-Sumuano, JT, and Meza, I. IL-1beta induces up-regulation of BIRC3, a gene involved in chemoresistance to doxorubicin in breast cancer cells. Cancer Lett (2017) 390:39–44. doi: 10.1016/j.canlet.2017.01.005

50. Fan, X, and Zhao, Y. miR-451a inhibits cancer growth, epithelial-mesenchymal transition and induces apoptosis in papillary thyroid cancer by targeting PSMB8. J Cell Mol Med (2019) 23(12):8067–75. doi: 10.1111/jcmm.14673

51. Liu, Y, Yang, HZ, Jiang, YJ, and Xu, LQ. miR-451a is downregulated and targets PSMB8 in prostate cancer. Kaohsiung J Med Sci (2020) 36(7):494–500. doi: 10.1002/kjm2.12196

52. Miyamoto, T, Honda, Y, Izawa, K, Kanazawa, N, Kadowaki, S, Ohnishi, H, et al. Assessment of type I interferon signatures in undifferentiated inflammatory diseases: A Japanese multicenter experience. Front Immunol (2022) 13:905960. doi: 10.3389/fimmu.2022.905960

53. Xu, M, Zhu, S, Xu, R, and Lin, N. Identification of CELSR2 as a novel prognostic biomarker for hepatocellular carcinoma. BMC Cancer (2020) 20(1):313. doi: 10.1186/s12885-020-06813-5

54. Papatestas, AE, Lesnick, GJ, Genkins, G, and Aufses, AH Jr. The prognostic significance of peripheral lymphocyte counts in patients with breast carcinoma. Cancer (1976) 37(1):164–8. doi: 10.1002/1097-0142(197601)37:1<164::AID-CNCR2820370123>3.0.CO;2-H

55. Tan, S, Xia, L, Yi, P, Han, Y, Tang, L, Pan, Q, et al. Exosomal miRNAs in tumor microenvironment. J Exp Clin Cancer Res (2020) 39(1):67. doi: 10.1186/s13046-020-01570-6

56. Solinas, C, Gombos, A, Latifyan, S, Piccart-Gebhart, M, Kok, M, and Buisseret, L. Targeting immune checkpoints in breast cancer: an update of early results. ESMO Open (2017) 2(5):e000255. doi: 10.1136/esmoopen-2017-000255

57. Mardis, ER. Neoantigens and genome instability: impact on immunogenomic phenotypes and immunotherapy response. Genome Med (2019) 11(1):71. doi: 10.1186/s13073-019-0684-0

58. Zhang, L, Zhou, C, Zhang, S, Chen, X, Liu, J, Xu, F, et al. Chemotherapy reinforces anti-tumor immune response and enhances clinical efficacy of immune checkpoint inhibitors. Front Oncol (2022) 12:939249. doi: 10.3389/fonc.2022.939249

59. Demaria, S, Volm, MD, Shapiro, RL, Yee, HT, Oratz, R, Formenti, SC, et al. Development of tumor-infiltrating lymphocytes in breast cancer after neoadjuvant paclitaxel chemotherapy. Clin Cancer Res (2001) 7(10):3025–30.

60. Casares, N, Pequignot, MO, Tesniere, A, Ghiringhelli, F, Roux, S, Chaput, N, et al. Caspase-dependent immunogenicity of doxorubicin-induced tumor cell death. J Exp Med (2005) 202(12):1691–701. doi: 10.1084/jem.20050915

61. Armenian, SH, Lacchetti, C, Barac, A, Carver, J, Constine, LS, Denduluri, N, et al. Prevention and monitoring of cardiac dysfunction in survivors of adult cancers: American society of clinical oncology clinical practice guideline. J Clin Oncol (2017) 35(8):893–911. doi: 10.1200/JCO.2016.70.5400

62. de Gregorio, A, Janni, W, Friedl, TWP, Nitz, U, Rack, B, Schneeweiss, A, et al. The impact of anthracyclines in intermediate and high-risk HER2-negative early breast cancer-a pooled analysis of the randomised clinical trials PlanB and SUCCESS C. Br J Cancer (2022) 126(12):1715–24. doi: 10.1038/s41416-021-01690-6

63. Gluz, O, Nitz, U, Kolberg-Liedtke, C, Prat, A, Christgen, M, Kuemmel, S, et al. De-escalated neoadjuvant chemotherapy in early triple-negative breast cancer (TNBC): impact of molecular markers and final survival analysis of the WSG-ADAPT-TN trial. Clin Cancer Res (2022) 28(22):4995–5003. doi: 10.1158/1078-0432.CCR-22-0482




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 Chen, Wang, Zhang, Gao, Guan, Wu, Wang, Zhou, Zhang, Cui, Wang, Zhang and Wang. 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.


OEBPS/Images/fonc-13-1209707-g001.jpg
i ‘.ru,{n
i sw\g. i\

/ h‘u‘../"
,r....s[ "
‘wl i “

E: R
i', ) hw'n. ..'" o i,
(i 11

Cc D

us 498 513

F Biological Process (BP)

immune system process i

immune response | [ ]
cell surface receptor signaling | Py
pathway
response to external stimulus [ ]

regulation of immune system process | L 4
defense response - ®
cell activation -

process

[ ]

positive regulation of immune system | °
immune effector process 4 [ ]

°

regulation of immune response -
adaptive immune response {
inflammatory response L]
positive regulation of immune | °

response -
leukocyte migration | @

0.2 03 0.4 05
GeneRatio

-log1O(pvaluc)

100
120
140
160
180

G

E Cellular Component (CC)

vesicle
extracelulas egion purt
exrcelluar space
plsma membrane part
extraceluar vesicke
extracelular organclic
extrcelluar exosome

el urice
extracellular matrix
colsgencontsining tracella
matrix

side of membrane

externlside of plasma membranc

antigen binding |
extracellular matrix structural
constituent 7

glycosaminoglycan binding °
heparin binding °
growth factor binding °
integrinbinding{ @

cytokine binding{ @
collagen binding
extracellular matrix structural
constituent conferring tensile -

strength
peptide antigen binding

.

proteoglycan binding{ @
L]
.

0.00 0.05

intinsic componsat of plsma |
menbrne

cvracelulrrgion | []

01 02 03 o4
GeneRatio

Molecular Function (MF)
sigoaling receptor bindieg | .

protcin-containing complex binding |

0.10 0.15 0.20
GencRatio

JoglOpraluc)
»
40

~log0(pvalue)

20
30
40
50
60
70





OEBPS/Images/fonc-13-1209707-g012.jpg
GoB+ T el Co4+ T el Macrophage. Neutrophi Dendtc Col
‘partial cor = 0.171 ‘partial cor = 03] ‘partial.cor = -0 063 partial cor = 0.364| ‘partial eor = 0,346,
7.176-08 72e-21) p=4.972-02| . 3g7e-31 53
53

PSMB8 Expression Level (Iog2 TPM)

10g2 TPM)

22
3
4

Psues.

02 03 04 05

Infitration Level

o1 oz

Boa

CoB. T el

Macrophage

Neurophi

BRCA

Immunoinhibtor

faicor - 0.469
Pe 1.15e-54)

Immunostimulator

.,

MHC molecule

Chemokine

0494

o
o

Receptor

Ay E

i

02
Infiration Level

D

ymphocyte
oo
b

».wu'l

Mo

rila cor = 0.112|
P st 04

Immunoinfibtor

Immunostimulator

rtialcor = 0665
P e 122

MHC molecule

Chemokine

og10(FoR) [@

10[@] 15 [@ = [@

Receptor

1=





OEBPS/Images/fonc-13-1209707-g010.jpg
m

14 Y <0001 900001 po: 0001 p<0.0001
5<0.0001 5<0.0001 5<0.0001 Group P<0.0001 P<0.001 P<0.000° P<0.000° P<0.0001 P<0.000° P<0.000°
®ou,
12 == © hign
-
=2
10 ==
3
o8
‘nn.a —= 2
o4 |
1 - | -
02 =
= |
00 > = o 0 LAG3 12 [ IFNG 10O GzmB
cD274 co28 CTLAG i cosr

[p=4.0e35 037

4[p=1.9¢-48 r=-0.43

PEREEE = N

H 1]

3
_‘z
a
E
I
]
-4 -3 RiskScore -2 e -4 -y RiskScore —2 -1 -4 -3 RiskScore -2 -1
R e TR T P T T S T T S
> i
[ Mol (ol On0nor
Risk [ Low-risk B High-risk Risk [ Low-risx B High-risk Risk [ Low-riscll High-risk Risk [ Low-riskll High-risk
p
|1 ) g
3, 3, Zs
£ £ £
z Z 6
Z H H
B E £
3 = = =
- - - . .

High-risk.





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        A prognostic mathematical model based on tumor microenvironment-related genes expression for breast cancer patients

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Methods

        

          		

            2.1 Clinical specimens

          



          		

            2.2 Data sources

          



          		

            2.3 Identifying differentially expressed genes (DEGs)

          



          		

            2.4 DEG enrichment analysis

          



          		

            2.5 Constructing and validating a risk model based on TME-related genes

          



          		

            2.6 Evaluation of risk model independence

          



          		

            2.7 Immunohistochemistry (IHC)

          



          		

            2.8 Nomogram construction

          



          		

            2.9 Immune analysis

          



          		

            2.10 Immune infiltration analysis of hub genes

          



          		

            2.11 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Immune scores and stromal scores are significantly associated with BC subtypes, hormone receptor status, and overall survival (OS)

          



          		

            3.2 Differentially expressed genes (DEGs) in BC and correlations with OS

          



          		

            3.3 Protein-protein interaction (PPI) of genes of prognostic value

          



          		

            3.4 Functional enrichment analysis of genes of prognostic value

          



          		

            3.5 Gene Expression Omnibus (GEO) database validation

          



          		

            3.6 Constructing a prognostic risk model based on TME-related genes

          



          		

            3.7 The risk model is an independent BC prognosis indicator

          



          		

            3.8 Establishing a nomogram

          



          		

            3.9 Correlations between the risk model and clinicopathological features

          



          		

            3.10 Correlation between the risk model and immune infiltration

          



          		

            3.11 Practical analysis of the risk model

          



          		

            3.12 The risk model predicts chemotherapy efficacy

          



          		

            3.13 The risk model predicts gene expression in immune responses, immune checkpoints, inflammation, and epithelial-mesenchymal transition

          



          		

            3.14 Risk model correlation with tumor mutation burden (TMB)

          



          		

            3.15 Relationships among hub genes expression levels, tumor-infiltrating immune cells, immune molecules, and sensitivity to BC-targeting and chemotherapeutic drugs

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fonc-13-1209707-g004.jpg
Features p-value Hazard Ratio(95%CI)

RiskScore 8.76E-13 - .- 3.15(230-431)
Age 1.29E-06 hd 1.04(1.02-1.05)
T 7.0551E-05 1.53(1.24-1.88)
N 7.91967E-06 Py 1.52(1.27-1.83)
Stage 2.73285E-06 Frermifienesy 1.71(1.37-2.14)
BC subtype 0260836814 o 1.10(0.93-1.30)
T T y T y T T T
10 1s as a0
Features p-value Hazard Ratio(95%CI)
B RiskScore 6.6e-12 3.06(2.22-4.21)
Age 3.4e-5 1.03(1.02-1.04)
Stage 2,03 1.99(1.29-3.08)
N 0.48 1@ 1.11(0.84-1.46)
T 0.78 - 0.96(0.72-1.28)
T 1‘0 l!S 2:0 2‘_5 3!0 3:5 4:0 '
Hazard Ratio(95%CI)
C v <50yearsold RiskScare| . of =>50yearsold RiskScore
“H =H
08 2“ 8
g 5
= 2
g
B EY
= -
Z £
H 7
Zo3 03] —\—_
00{p=3.5e-5 00{p=1.1e-s
0 621 1242 1863 2484 0 621 1,242 1,863 2484
time e
Do stage | RiskScore| 1] stage I RjskScore]
ui
o 24
£ z
H £
Z0s =1
H 3
2 - 2
03 03
0 621 1,242 1,863 2,48 % p=l9e3
22 fime 7 el &1 1202 1563 2484
fime
RiskScore
1. stage 111 Rﬁsk‘Score 1 stage [V K
L} Il uH
o 29
= Z
1 1
£
Zos 305
H z
3 5
7 ]
0¥ 0
00{ p=8.4e-6 00{ p=027
0 Q1 1242 1.863 2848 0 Q1 1202 1863 2484

time





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc.2023.1209707_cover.jpg
& frontiers | Frontiers in Oncology

A prognostic mathematical model based on
tumor microenvironment-related genes
expression for breast cancer patients





OEBPS/Images/fonc-13-1209707-g008.jpg
Rk
n
wH
5 & ;
’Huu , |
1! ‘u\fl \Il\ hl l[
ﬁL“ iy ’4 4. b
LRI it £
\|u | u‘ %1 ) i ‘ ime
c 00001 —— 00001 e D " 0 " 7 0 Grop
soco] - o T os]  poom 0001 <0000 00001 0. 0000 ad
®ngh T ®nigh
T
o o8 i =T
4000]
— o4
L T T N
oz v -
-4 = Yl
o—== e o = -
i 1 £
‘StromaiScore ImmuneScore ESTIMATEScore 00 B.ool T_coh_CO4 T_coh COB Neutrophil Macrophage oc
E 19 <0.0001 p=0.60 £<0.0001 $<0.0001 p=0.12 p<0.01 £<0.0001 9<0.05 <0.0001 <0.05 i’:‘,‘:
I T ®nigh
8 E
T
o
; o o T EmE EE
-
4 S E T
T
’—l e
2]
0

T T T T T T T T
T_cells CDB_T_cells  Cytotoxic_lymphocytes B_lineage NK_cells Monocytic_lineage Myeloid_dendritic_cells Neutrophils  Endothelial_cells  Fibroblasts





OEBPS/Images/fonc-13-1209707-g006.jpg
11

.nm,n m .m
UGB






OEBPS/Images/fonc-13-1209707-g002.jpg
| GIMAP! BIRC3]

E'

aaaaaaaaa

&
&
g

1&“»‘..”'] T ‘r‘\l
l(l\ \‘“

||l| H lI I J l” »
Wi i

i '(.1‘ .n“”“ H i

mr il “wm il

l"fh‘ \I‘lull m'|”||"uh u] ?E‘{s'&

”'M : ‘.1[ | |.. \r"
M F..nh ,',: ”w*f

e I

i

il |\ i |.|n -
Ll IRF1





OEBPS/Images/logo.jpg
& frontiers | Frontiers in Oncology





OEBPS/Images/fonc-13-1209707-g011.jpg
Tumor Mutation Burden

Survival probability
o
3

o
N
o

0.00

Risk B8 low B high

p=0.025

high

“ H-TMB
-~ L-TMB

0123456 7 8 910111213141516171819202122232425

Time(years)

0.25

0.00

. e sy semes s B
R=025,p=89e-15
.
” .
64 . ¢ ®
. .

§ "

5

@

8

]

=

=4

24

of

' M 3 2
Risk score
D 100
0.75

z

¥

3

[

4 0.50

£

4

3

(2]

b~ H-TMB+high risk
= H-TMB+iow risk
=~ L-TMB+high risk
- L-TMB+low risk

0123456 7 8 910111213141516171819202122232425
Time(years)





OEBPS/Images/fonc-13-1209707-g009.jpg
Doy ACT groupow sk Ehcramponisk
arouplowri ;
o ACT group ow i STy
WAy ACT group high ris oot
WNO ACT group high risk #TC grouplowrisk
e P
2 ge3
— Pt
SRR =gl
et =5
=i =i
—4be-10 :§§
=3
==t
=4
=8
o
0.0{p=32e-16 00{ p=2.9e:3
B 0 B i w e
238 £ B 800 7 BN
B gounones group
Pl D' WAny ACT group low risk
gty FAny ACT group high risk
ST anmnons
0.81
204 2z
z =i
H - - = 3
i ::.ﬁ o B
P =i 255
3 = ]
=i H
—08 3
et ] 03]
“ =
o \\R =8
— ..
0.0 p=4.5¢-3
1311 T T v T
p= 0 1,648 3,296 4,944 6,502
0 2351 432 645 [ Time

E W“ R Group tow risk F gow
A Group high sk 100 wAgrouplowisk
“‘”’”“\_.\_ IUI«: /Agroup lowrisk

osf e N0 ACTgrouplowrisk
z pal
= o

pamt 1)

t =l
0
=
a

o

00{p=7763
00{ peo.13 [ 2139 +m 6417 85%
[ o %% The =2 Time

Time





OEBPS/Images/fonc-13-1209707-g003.jpg





OEBPS/Images/fonc-13-1209707-g005.jpg
. 0
Points | S S I S S S O —

rrrrrrr1r1r1r1 111
2530354045505560657075808590

Slage 1 Slage 111
Stage
Stage 11 Stage IV

RiskScore ... .. T _ __+r 1T 1T T 1
-4.5 -4 -3.5 -3 25 -2 -1.5 -1 -0.5

Total points
20 40 60 80 100 120 140 160 180

Linear Predictor T T T T T T T T T T T T
3 25 -2 <15 -1 05 0 05 1 15 2 25 3 35

3-year OS T T T T T T
095 090.85 0.75 0.60.50.350.20.1
S-year OS | S S S . e s p—
095 090.85 075 0.60.50.350.2 0.05
B 1.0
® 3.year OS
® S-year OS
0.9 .
0.8
- 0.7
(2]
z
2
=3
Q0.6

¢
n

0.4

0.75 0.80 0.85 0.90 0.95
Nomogram-predicted






OEBPS/Images/table1.jpg
95% Confidence Interval
Nomogram 0.800 0.76-0.84

TNM stage 0.763 0.72-0.81





OEBPS/Images/fonc-13-1209707-g007.jpg
o000 P=0.0001 <0001 500007 b
- ®on
®hion
g 2000
Swomaiscore ImmumeScore EsTMATEScore
B i o000t Seaom01 Seao0r o001 o0 seoom01
o5
o4
o0
02
o m
00 — -
B col T_collcO4 TEeICOB Neutrophi MaciGphage
p<0.0001 p<0.0001 p<0.0001 pe0.0001 p<0.0001 p<0.0001 p<0.0001 <0001 <0001 pe001

10m ﬂﬁ I ! ﬂﬂ

HH [ Hﬂ

T_cels CDB_T_cells Cytoloic_lymphocytes B fineage

NK_cels

Wonocyic incageMyeloid denrtc_cls Nesophls _ Endothla_cels  Fibrobasts

To=3.3¢-50 r-0.43

To=6.1e40 +-0.39.

D sk,

p=1.6e-311=-0.35

ST cell CDS o

00

-4 RiskScore

RiskScore 2






