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Background

Breast cancer (BC) is one of the females’ most common malignant tumors there are large individual differences in its prognosis. We intended to uncover novel useful genetic biomarkers and a risk signature for BC to aid determining clinical strategies.





Methods

A combined significance (pcombined) was calculated for each gene by Fisher’s method based on the RNA-seq, CNV, and DNA methylation data from TCGA-BRCA. Genes with a pcombined< 0.01 were subjected to univariate cox and Lasso regression, whereby an RS signature was established. The predicted performance of the RS signature would be assessed in GSE7390 and GSE20685, and emphatically analyzed in triple-negative breast cancer (TNBC) patients, while the expression of immune checkpoints and drug sensitivity were also examined. GSE176078, a single-cell dataset, was used to validate the differences in cellular composition in tumors between TNBC patients with different RS.





Results

The RS signature consisted of C15orf52, C1orf228, CEL, FUZ, PAK6, and SIRPG showed good performance. It could distinguish the prognosis of patients well, even stratified by disease stages or subtypes and also showed a stronger predictive ability than traditional clinical indicators. The down-regulated expressions of many immune checkpoints, while the decreased sensitivity of many antitumor drugs was observed in TNBC patients with higher RS. The overall cells and lymphocytes composition differed between patients with different RS, which could facilitate a more personalized treatment.





Conclusion

The six genes RS signature established based on multi-omics data exhibited well performance in predicting the prognosis of BC patients, regardless of disease stages or subtypes. Contributing to a more personalized treatment, our signature might benefit the outcome of BC patients.
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1 Introduction

Breast cancer (BC) is one of the females’ most common malignant tumors (1). Although BC with no metastasis was considered a curable disease, due to the enormous cardinal number and lack of advanced diagnosis and therapy, some patients could not be diagnosed at an early stage (1, 2). At the same time, the early detection rate of BC in China is less than 20%, and the 5-year survival period is slightly lower than that in western developed countries (3). Some molecular subtypes of BC, such as triple-negative breast cancer (TNBC), have a poor prognosis (4). Finding valuable markers to distinguish the prognosis of BC can improve the efficiency of clinical diagnosis and treatment, reducing treatment-related toxicities and thus reducing the occurrence of adverse health outcomes. Therefore, finding biomarkers that can effectively predict the prognosis of BC is of great significance.

Compared with normal tissue, various abnormal genetic changes occurred in the tumor tissue, manifesting as abnormal gene structure and function. Traditional single-omics studies are complex to fully reveal gene changes in the tumor tissue while using multi-omics data provides an opportunity to uncover deeper insights (5, 6). Several recent studies have demonstrated that multi-omics data identified novel biomarkers from new perspectives, which can improve cancer patients’ diagnosis, treatment, and prognosis (7–10).

Although there have been many previous studies on breast cancer biomarkers, they all have limitations. Shen et al. used a prognostic signature consisting of 11 lncRNA associated with immune cell infiltration to effectively predict the prognosis of patients with breast cancer (11); however, the study used 11 lncRNA, which increased the cost of the clinical study and did not use an additional validation data set to validate the prognostic signature. Chen et al. used a prognostic signature consisting of 16 pyroptosis-related genes to predict the prognosis of breast cancer patients (12); Liu et al. screened by various methods to obtain a biomarker consisting of 7 lncRNA that could effectively predict the prognosis of patients and found to be related to the immune infiltration of patients (13). However, these studies used more genes to form the prognostic signature than the present study to achieve the ability to effectively predict the prognosis of patients, resulting in a more costly and less applicable clinical study. In contrast, only RNA expression data were used to screen hub genes, resulting in the lack of robustness of the results obtained from the screening. In this study, the prognostic signature used fewer genes and a combination of three data dimensions to screen for hub genes, resulting in a more reliable prognostic signature.

Fisher’s method is the most broadly applied p-value combination tests method, which can integrate information from multiple omics into one feature (14, 15). In the multi-omics study based on a cancer sequencing database, such as The Cancer Genome Atlas (TCGA), we have different dimensions of information for the same genes, such as RNA sequencing (RNA-seq), copy number variations (CNV), and DNA methylation data, and tests for each dimension of data offer distinct characteristics of the marker genotype (16, 17). With the combination of the p-value for the tests, we could screen gene markers associated with BC from multiple aspects.

Tumor immunity is another important factor affecting the prognosis of tumor patients. Abundant immune cells infiltrate the tumor microenvironment (TME), called tumor-infiltrating immune cells, which were considered to perform a bidirectional role in tumor development in distinct cancers (18). Immune checkpoints are a series of components expressed in TME, believed to affect the antitumor response of T-cells (19). Elucidating the effect of genetic markers for prognosis on tumor-infiltrating immune cells and immune checkpoints might benefit the treatment and survival of BC patients (20, 21).

In this study, we aimed to identify several genes associated with the prognosis of all subtypes of BC patients that could become potential biomarkers in the multi-omics data from The Cancer Genome Atlas (TCGA) database and form a risk score (RS) signature. The results indicated that the RS signature developed in this study could effectively predict the prognosis of BC patients with higher predictive power than traditional clinical indicators, and was applicable to all subtypes of BC.




2 Methods

The workflow of the study is shown in Figure 1.




Figure 1 | Workflow of this study.





2.1 Data preparation and processing

The RNA sequencing (RNA-seq) level-3 gene expression data (n = 1217), GISTIC2 method estimated gene-level CNV data (n = 1104), DNA methylation 450k array data (n = 890), as well as clinical (n = 1284) and survival information (n = 1260) of BC patients in TCGA were obtained from the University of California Santa Cruz (UCSC) database (https://xenabrowser.net/datapages/). While the RNA-seq data and related clinical and survival information of GSE7390 (n = 198), GSE20685 (n = 327), and GSE103091 (n = 107) were obtained from Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/).

As the imbalances due to sex chromosomes in methylation analysis and the heterogeneity of male BC (22–24), we excluded all male patients in the TCGA dataset before data analysis. At the same time, a small number of duplicated samples from the same patients were also excluded (in the TCGA database, 01-09 represents tumor samples, and 10-19 represents normal samples, while sometimes one type of sample from the same patient will appear more than once). Finally, 1175, 1062, and 865 samples from the RNA-seq, gene-level CNV, and DNA methylation 450k array data of the TCGA database were included.

The TCGA datasets were used as the training set, and GSE7390 and GSE20685 were used as validation sets 1 and 2. Since the TNBC subtype was considered to have the worst prognosis in breast cancer, we chose GSE103091 as an external validation set for the analysis in TNBC patients.




2.2 Hub genes screening

First, only genes present in all three datasets (RNA-seq, gene-level CNV, and DNA methylation 450K) were retained in the training set (15649 overlapped genes in total). The differences in RNA expression between tumor and normal tissues were determined by the DESeq2 R package (version 1.34.0) (25), while Fisher’s exact test determined the differences in gene-level CNV and DNA methylation and t-test, respectively. After getting three independent p-values, namely pRNA, pCNV, and pMET, for each gene from the three omics, we calculated the combined p-value (pcombined) using Fisher’s method, and the calculation process of pcombined was shown in equation (1). In this equation, pi represents pRNA, pCNV, and pMET, and S is a statistic.



In Fisher’s method, the statistic S was first calculated by pRNA, pCNV, and pMET, and the statistic S was transferred into the pcombined based on a chi-square distribution with 2k degrees of freedom (k = 3 in the present study).

Then genes with pcombined< 0.010 were screened out, and univariate cox regression analysis with overall survival (OS) was performed based on the RNA-seq and DNA methylation datasets. Genes with p-value< 0.010 in both datasets were considered significant, and then Lasso regression analysis in RNA-seq and DNA methylation datasets were conducted. Genes that showed significant association with OS in Lasso regression in both RNA-seq and DNA methylation datasets would be treated as hub genes which were considered to be highly correlated with the prognosis of BC patients.




2.3 Construction and validation of RS signature

To construct an RS signature relying on the hub genes selected above, we first calculated the risk score of each patient in the training set with equation (2). In this equation, βRNA represents the coefficient in the univariate cox regression analysis of the hub genes, and ExpRNA represents the expression of the hub genes in the RNA-seq data.

 

Then the BC patients in the training set were divided into two subgroups, high-risk and low-risk, with the median RS of all patients as the cut-off value. The Kaplan-Meier (KM) method was used to compare the difference in OS between the two subgroups and form a survival curve, while a receiver operating characteristic (ROC) curve was drawn, and the area under the ROC curve (AUC) was considered to indicate the accuracy of RS signature in predicting the prognosis of BC patients.

After that, similar analyses were conducted in validation sets 1 and 2 to assess the predictive accuracy of the RS signature.




2.4 Evaluation of the predictive value of RS signature

Other analyses were conducted to evaluate the prognostic value of the RS signature established in the training set. First, the predictive ability for prognosis in BC patients from the training set of the RS signature was compared with other traditional clinical factors, including age, tumor topology (T), regional lymph node (N), metastasis (M), and American Joint Committee on Cancer (AJCC) TNM stage. Multivariate cox regression was used to test the independent predictive ability of the RS signature and a Nomogram was drawn to visualize better the impact of RS and other clinical indicators on the prognosis of patients. At the same time, the ROC curves of RS and other clinical factors were drawn to compare the predictive power between different prognostic factors with AUC as evaluating indicator. To better evaluate the value of RS in clinical decision-making, we performed decision curve analysis (DCA), while the area under decision curves (AUDC) was used to assess the value of RS and other clinical indicators.

Second, to evaluate the prognostic value of RS signature in the patients with different TNM stages and molecular subtypes, patients in the training set were stratified by their TNM stages or molecular subtypes, in which KM and ROC analyzes were conducted. In this process, patients in the training set were divided into two groups based on their TNM stage (stage I or II and stage III or IV). While the clinical information of the training set contains the immunohistochemical results for estrogen receptor (ER), progesterone receptor (PR), and human epidermal growth factor receptor 2 (HER2) expression in tumor samples, patients were divided into ER-negative or -positive, PR-negative or -positive, and HER2-negative or -positive, respectively. For each group of patients, survival and ROC curves were drawn.

Finally, the predictive performance of RS in TNBC was additionally analyzed as TNBC was considered to have a worse prognosis (26). A Violin plot was first performed to illustrate the distribution of RS among TNBC and non-triple-negative BC (NTNBC) patients in the training set. Then KM and ROC analyses were conducted on the TNBC patients from the training set. While an external validation set, GSE103091, containing 107 TNBC patients, was introduced to evaluate the RS signature’s performance in predicting TNBC patients’ prognosis.




2.5 Single-cell data preparation and analysis

The single-cell RNA sequencing (scRNA-seq) data and matched bulk RNA-seq data of GSE176078 were obtained from the GEO database (http://www.ncbi.nlm.nih.gov/geo/). GSE176078 contained scRNA-seq data from 26 BC patients (including 11 ER-positive, 5 HER2-positive, and 10 TNBC, a total of 130,246 single cells are included), 24 of which have matched bulk RNA-seq data. After screening, we included 9 TNBC patients with scRNA-seq and bulk RNA-seq data for further analysis.

The Seurat R package (version 4.3.0) (27) was applied to analyze scRNA-seq data. After data normalization, we used the FindClusters function to cluster the cells data from the 9 TNBC patients (resolution = 0.3), while UMAP reduction of cell clustering was also performed. Meanwhile, the SingleR R package (version 2.0.0) (28) was used to identify cell types, and the RS of TNBC patients were calculated using the matched bulk RNA-seq data. The lymphocyte subpopulations in the cells were further screened by obtaining differences in the cellular composition of different RS patients, and the differences in the composition of lymphocytes in the tumors were further analyzed, as well as the expression of the screened genes in the different cell types was demonstrated.




2.6 Immune checkpoint analysis

The expression of immune checkpoints first went through logarithmic transformation (base = 10), then the expression of 33 known immune checkpoints were examined. Boxplot was used to illustrate the expression of immune checkpoints among high-risk and low-risk subgroups. Wilcoxon rank-sum test was used to evaluate whether there were differences in the distribution of immune checkpoints expression between high-risk and low-risk TNBC patients, and the p-values were adjusted using the FDR method.




2.7 Drug sensitivity analysis

In the drug sensitivity analysis, the data from The Genomics of Drug Sensitivity in Cancer (GDSC) database was used as a training matrix. The half maximal inhibitory concentration (IC50) was calculated by oncoPredict (version 0.2) R package basing on the training matrix to derive the difference in drug sensitivity between high-risk and low-risk subgroups of TNBC patients.




2.8 Statistical methods

All data analysis was done by R (version 4.2.1). Survival analysis was conducted with the survival package (version 3.3.1), and forest plots were drawn by the forestplot package (version 2.0.1). Further KM and ROC analyses were conducted with the survminer (version 0.4.9) and timeROC (version 0.4) (29) packages, while the corresponding figures were also drawn with the same packages. DCA was performed using ggDCA package (version 1.2). Heatmap was drawn by the pheatmap package (version 1.0.12), Venn diagram was drawn by the venn package (version 1.11), and other figures were drawn by the ggplot2 (version 3.3.6) and ggpubr (version 0.4.0) packages. In the violin plots, the Wilcoxon rank-sum test was used to evaluate whether the difference between groups was statistically significant.

All statistical tests are two-sided, and in most analyses, p ≤ 0.050 were considered statistically significant except for the gene screening step, in which p ≤ 0.010 is the screening criterion.





3 Results



3.1 Identify hub genes with multi-omics data in the training set

In the BC training dataset, most of the 15,649 overlapped genes were altered in at least one dimension. Only 153 genes had a pcombine > 0.010 and were excluded in the subsequent analysis. After univariate cox regression, 592 genes from RNA-seq data and 1891 genes from DNA methylation data showed significant association with OS. There were 83 overlapped genes in the two gene sets, and Lasso regression analysis was performed on these 83 genes. Then 29 and 14 genes were selected by Lasso regression in RNA-seq and DNA methylation data, respectively. Then six overlapped genes shared by both Lasso regression of RNA-seq and DNA methylation data, namely C15orf52, C1orf228, CEL, FUZ, PAK6, and SIRPG, would serve as hub genes. The Venn diagrams of the screening process of genes are shown in Figures S1A, S1B, and the expression of the six genes in tumor and normal tissue is shown in Figure S1C.




3.2 Construction and validation of the RS signature

The RS of each patient was calculated with the following formula: RS = (0.204 × ExpC15orf52) + (-0.253 × ExpC1orf228) + (0.170 × ExpCEL) + (-0.220 × ExpFUZ) + (0.302 × ExpPAK6) + (-0.108 × ExpSIRPG). With the median as the cut-off value, 1078 patients in the training set were divided into two subgroups, high-risk (n = 539) and low-risk (n = 539). As shown in Figure 2A, the BC patients in the high-risk subgroup have higher mortality. The distribution of RS was described in Figure 2B, ranging from -3.14 to 1.70, and RS’s median (lower quartile, upper quartile) was -0.91 (-1.34, -0.43). Figure 2C presents the expression of 6 hub genes in patients. Since higher expression of C1orf228, FUZ, and SIRPG was associated with better survival of BC patients in the training set, these three genes had a lower expression in the high-risk subgroup than the low-risk subgroup.




Figure 2 | Distribution of RS, survival status, and the expression of six hub genes in the training set. (A) The scatter plot shows the distribution of patients’ survival status in the high-risk and low-risk subgroups. (B) The distribution of RS in the patients of the training set. (C) The heatmap shows the expression of the six hub genes in high-risk and low-risk patients.



Due to the prolonged survival time of BC, we did not use one year as an essential node for survival analysis. Figures 3A, B show the RS signature’s performance in predicting patients’ prognosis in the training set. The results indicated that the patients in the low-risk subgroup had a significantly better prognosis than those in the high-risk subgroup (p< 0.001, Figure 3A), and the AUC reached 0.738 and 0.701 at 3 and 5 years, respectively (Figure 3B).




Figure 3 | The predictive performance of the six genes RS signature. (A, B) K-M analysis and survival curve show significant differences in the survival between high-risk and low-risk subgroups, and ROC curve shows the prognostic value of RS for predicting the 3- and 5-years cut-off OS in the training set (TCGA dataset). (C, D) K-M analyses and survival curves show significant differences in the survival between high-risk and low-risk subgroups GSE7390 (C) and GSE20685 (D). (E, F) ROC curves show the prognostic value of RS for predicting the 3- and 5-years cut-off OS in GSE7390 (E) and GSE20685 (F).



In the validation sets, the RS signature still had a good performance in predicting the prognosis of BC patients. As presented in Figures 3C, D, the BC patients in the low-risk subgroup still had a significantly better prognosis than those in the high-risk subgroup in validation set 1 (p = 0.003, Figure 3C), and validation set 2 (p = 0.011, Figure 3D). The AUC reached 0.675 at 3 years and 0.657 at 5 years in validation set 1 (Figure 3E), while it reached 0.690 at 3 years and 0.609 at 5 years in validation set 2 (Figure 3F), proving the prognostic value of RS signature.




3.3 The comparison of RS signature with other clinical indicators

In the multivariate cox regression, RS showed a more vital predictive ability than other clinical indicators, including age, T, N, M, and TNM stage in the training set. When comparing AUC, RS still had a better performance than other clinical indicators, including age, T, N, M, and TNM stage, whether at 3 years (Figure 4A) or 5 years (Figure 4B). In DCA, the AUDCs of RS reached 0.008 at 3 years (Figure 4C) and 0.023 at 5 years (Figure 4D), which were also much higher than other clinical indicators, indicating the high value of RS signature in clinical decision-making. The Nomogram containing age, T, N, M, and RS is presented in Figure 4E. It can be seen from the Figure 4E that the contribution of RS to the total score is the largest, indicating that RS is more predictive of the patient’s prognostic situation compared to other traditional clinical factors, including age and TNM staging.




Figure 4 | The comparison of RS with other clinical indicators in predicting the prognosis of BC patients. (A, B) The ROCs show that the RS has a larger AUC than other clinical indicators, whether in predicting the 3 years cut-off OS (A) or 5 years cut-off OS (B). (C, D) The DCAs show that the RS has a larger AUDCs than other clinical indicators, whether at 3 years (C) or 5 years (D), indicating the value of RS in clinical decision making. (E) Nomogram shows the performance of age, T, N, M, and RS in predicting the prognosis of BC patients in the multivariate cox regression analysis.






3.4 Favorable predictive performance of RS signature

Figure 5 shows the predictive performance of RS signature in BC patients with different TNM stages in the training set. The RS signature had an excellent predictive performance for OS whether patients were in stages I and II (p< 0.001, Figure 5A) or stages III or IV (p = 0.001, Figure 5B). The AUC reached 0.766 at 3 years and 0.712 at 5 years in patients with stage I or II (Figure 5C), while it reached 0.689 at 3 years and 0.708 at 5 years in patients with stage III or IV (Figure 5D).




Figure 5 | The predictive performance of the six genes RS signature in different stages of patients from the training set. (A, B) K-M analyses and survival curves show significant differences in survival between high-risk and low-risk subgroups, whether in patients at stages I and II (A) or III and IV (B). (C, D) ROC curves show the prognostic value of RS for predicting the 3- and 5-years cut-off OS, whether in patients at stage I and II (C) or III and IV (D).



In Table 1, we summarized vital metrics representing the prognostic value of RS signature in ER, PR, HER2 negative or positive patients. Significant p-values in KM analyses between patients in high-risk and low-risk subgroups and large AUC values indicated the good predictive ability of RS signature in BC patients with ER, PR, and HER2 negative or positive. The complete KM and ROC curves are presented in Figure S2.


Table 1 | The predictive performance of the six genes RS signature in patients with different ER, PR, and HER2 statuses from the training set.



Furthermore, the prognostic value of RS signature in TNBC patients was examined (Figure 6). In the training set, TNBC patients in the high-risk subgroup had worse prognostic performance than the low-risk subgroup (p = 0.023, Figure 6A), and the AUC reached 0.665 and 0.666 at 3 and 5 years (Figure 6C), respectively. Interestingly, the RS signature had a better performance in the external validation set, GSE103091. With a worse prognosis of patients in the high-risk subgroup (p = 0.003, Figure 6B) and the AUC reached 0.719 at 3 years and 0.713 at 5 years (Figure 6C), it revealed the prognostic value of RS signature in TNBC patients. Meanwhile, the RS of TNBC patients was significantly higher than that of NTNBC patients (Figure 6D), showing the predict value of the RS signature.




Figure 6 | The predictive performance of the six genes RS signature in TNBC patients from the training set or GSE103091 and the distribution of RS in TNBC and NTNBC patients in the training set. (A, B) KM analyses and survival curves show significant differences in the survival between high-risk and low-risk subgroups, whether in patients from the training set (A) or the GSE103091 (B). (C) ROC curves show the prognostic value of RS for predicting the 3- and 5-years cut-off OS, whether in patients from the training set or the GSE103091. (D) The Violin plot shows that the TNBC patients had a higher RS than NTNBC patients. (****p ≤ 0.0001).






3.5 Single-cell analysis in TNBC patients

Figure S3 demonstrates the cluster results of all cells of the nine TNBC samples. Using the median RS as the cut-off, four (containing 12077 cells) of the nine TNBC patients were classified as high-risk and five (containing 23412 cells) were classified as low-risk. We identified a total of 8 major cell classes in TNBC patients (Figure S3A), but interestingly, one of these classes (mesenchymal stem cells, MSC) was only found in patients at low risk (Figures S3B, C).

Afterward, we performed subpopulation analysis for lymphocytes, including B and T cells (Figure 7). Figure 7A showed the clustering results of lymphocytes in the tumors of the nine TNBC patients, and we observed a high proportion of T cells among the tumor-infiltrating lymphocytes in these nine TNBC patients. However, when further localized these cells to patients with different RS, we were surprised to find a decrease in multiple subtypes of T cells in the four high-risk patients (Figures 7B, C).




Figure 7 | Composition of lymphocytes in nine TNBC patients and their RS subgroups. (A) Composition of lymphocytes in nine TNBC patients. (B) Composition of lymphocytes in patients with high RS. Some subpopulations of T cells in these patients had low numbers. (C) Composition of lymphocytes in patients with low RS. An abundance of multiple subpopulations of T cells was found in these patients.



To avoid the possible influence of differences in overall cell numbers on the results, we further examined the lymphocyte infiltration in the tumor samples of TNBC patients with different RS separately. The results demonstrated that the proportion of all kinds of T cells among lymphocytes decreased in the four patients at high risk than those in the five patients at low risk (Figures 8A, B), which indicated the good discrimination ability of the RS signature developed in our study.




Figure 8 | Composition of lymphocytes in patients with different RS when analyzed separately. (A) Composition of lymphocytes in patients with high RS. There was a high percentage of B cells among lymphocytes. (B) Composition of lymphocytes in patients with low RS. There was an absolute predominance of T cells among lymphocytes.



At the same time, we also analyzed the expression of hub genes that consisted of the RS signature in different cells (Figure S4). The results showed that some of the genes could not be clustered due to the low expression baseline, but it could be observed that three genes, C1orf228, FUZ and SIRPG, showed a tendency to be concentrated in specific T cell subpopulations.




3.6 Immune checkpoint analysis in TNBC patients

Compared to low-risk TNBC patients, TNBC patients in the high-risk subgroup showed a lower expression of most immune checkpoint genes, whether in the training set or GSE103091. As presented in Figures S5A, S5B, after multiple-testing correction, TNBC patients in the high-risk subgroup showed a lower expression of BTLA, CD200R1, CD27, CD28, CD40, CD40LG, CTLA4, HLA-DRB1, IL2RB, LAG3, PDCD1, TIGIT, and TNFRSF14 both in two datasets.




3.7 Drug sensitivity of TNBC patients with different RS signatures

In this part of the analysis, the sensitivity of 198 drugs that may have efficacy in breast cancer was examined in the training set and GSE103091. Among them, the sensitivity of 82 drugs was statistically different between the high-risk and low-risk subgroups and showed the same trend in the training set and GSE103091. The full results are shown in Tables S1, S2. Of the 82 kinds of drugs, only one, BI2536, demonstrated a smaller IC50 (which mean a higher drug sensitivity) in the high-risk subgroup in the training set and external validation set GSE103091, while all other drugs had lower sensitivity in the high-risk subgroup (Figure 9). These results demonstrated that the patients in the high-risk subgroup distinguished by our RS signature were resistant to many common therapeutic agents, which might provide a basis for more individualized treatment regimens.




Figure 9 | Drug sensitivity of TNBC patients in the training set (TCGA) and GSE103091. (A) The distribution of IC50 of BI2536, Camptothecin, Epirubicin, and Vinnorelbine in TNBC patients from the training set. (B) The distribution of IC50 of BI2536, Camptothecin, Epirubicin, and Vinnorelbine in TNBC patients from GSE103091. (*p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001).







4 Discussion

In this study, we established an RS signature containing six genes, including C15orf52, C1orf228, CEL, FUZ, PAK6, and SIRPG, which could predict the prognosis of BC patients well and more robust than traditional clinical indicators. In BC patients with different disease stages and molecular subtypes, the RS signature still showed good predictive power, which might benefit BC patients’ treatment and prognosis.

Using multi-omics data could utilize genetic information from multiple dimensions and make more extensive use of data. Our RS signature showed better prognostic effectiveness than previous studies that attempted to find potential biomarkers of the prognosis in BC patients based on single-omics data. In a recent study, Tian and colleagues identified a five-miRNA signature from the TCGA database (30). Their signature performed well in the training set, but the AUC only reached 0.679 even in the internal validation set, and their signature was lack of validation in external datasets. In another study, the authors developed a ten-lncRNA signature based on the data from TCGA-BRCA (31). In entire TCGA-BRCA patients, their AUC reached 0.741 at three years. Although it was comparable to ours, we achieved the same goal of predicting the prognosis of patients with fewer genes. While our RS signature showed a good predictive ability in independent validation cohorts and stratification analyses, these performances could benefit on the prognosis and treatment of BC patients.

Only a few studies have attempted to explore biomarkers of the prognosis of BC patients based on multi-omics data. In a recent article, Fan and colleagues identified 15 genes associated with the prognosis of BC based on multi-omics data from TCGA and molecular taxonomy of the breast cancer international consortium (METABRIC) database (32). However, they did not combine these genes into a signature and did not examine the performance of these genes in different subtypes or stages of BC patients. In another very recent article, the authors identified a five genes prognosis signature in TNBC patients (33). However, its results lacked validation in external datasets compared with this present study. In general, the six genes found and the RS signature constructed in this study showed great value in predicting the prognosis of BC patients in various subtypes. It could accurately predict the prognosis of patients with fewer genes, making it easier to apply to practical work.

The six hub genes that make up the RS signature have all been confirmed to be associated with tumors. C15orf52, also known as CCDC9B, has been identified as a hub gene of pancreatic ductal adenocarcinoma development in the weighted gene co-expression network analysis (34). C1orf228, also called ARMH1, is a signature gene in oral squamous cell carcinoma based on random forest methods (35). CEL, whose full name is carboxyl ester lipase, has been studied for a long time. In a recent study based on the TCGA database, the authors found that CEL could be an independent prognostic factor of BC (36). However, the AUC was poor, indicating that CEL expression could not independently distinguish the prognosis of patients (36). It has been shown that the CEL gene and is one of the risk factors for pancreatitis and that pancreatitis patients have a high probability of developing pancreatic cancer, while a direct relationship between the CEL gene and pancreatic cancer cannot be completely ruled out (37). FUZ is a member of planar cell polarity genes. The study has revealed the correlation between the expression of planar cell polarity genes and tumor cell viability (38). The expression of FUZ itself has also been associated with the prognosis of many cancers in a recent pan-caner study (39). FUZ has been found to play a role in promoting tumor growth in patients with non-small cell lung cancer that has metastasized, and has the potential to play an important role in the treatment of patients with small cell lung cancer (40). PAK6 is a member of the p21-activated kinases (PAKs) family. The overexpression of PAKs was considered to have oncogenic signaling effects and has been found in various tumors (41). One study found that PAK6 affects the efficacy of chemotherapy in gastric cancer patients and also modulates tumor resistance (42). SIRPG has been found to affect many other diseases, but its research is fewer in tumors. Recent studies found that SIRPG could become a potential biomarker for endometrial carcinoma and head and neck squamous cell carcinoma (43, 44) and might promote the immune escape of tumor cells in lung cancer (45). In a study by Wang et al. it was shown that there was a significant relationship between PD-1 and overall survival time in patients with high-grade plasma ovarian cancer, as well as a highly correlated relationship between SIRPG and PD-1, thus linking SIRPG to the prognosis of the patients (46). Though these six hub genes have been reported to be associated with tumors in previous studies, the function of most of them is still unclear and requires further research to clarify.

Although BC was not initially considered an immunogenic cancer type, more evidence has supported that antitumor immunity had an important role, especially in subtypes like TNBC or HER2-positive BC (47). We also explored the performance of our RS signature using single-cell data in TNBC patients.

It was observed that many immune cells infiltrated in TNBC tumor tissue, which partially validated that TNBC could be a kind of immunogenic cancer. Interestingly, the distribution of cells in TNBC patients with different RS was different in the single-cell data analysis. In patients with higher RS, we did not find any cells belonging to the MSC subpopulation. MSC was thought to play the opposite role in tumor development. On the one hand, it could inhibit AKT and Wnt signaling pathways, as well as angiogenesis, to suppress tumor growth (48–52). On the other hand, it has been found to inhibit immunity and tumor cell apoptosis, thereby favoring tumor growth and metastasis (53–56). Currently, studies have attempted to deliver and express various anti-tumor drugs through MSC, showing potential and leading to a new therapeutic approach (57–60). Therefore, the discovery of MSC in the tumor tissue of part of TNBC patients may provide beneficial information for clinical treatment. Meanwhile, this finding that MSC was only found in TNBC patients with lower RS indicates a different cellular profile among the patients distinguished by our RS signature, which also provides good support for individualized therapeutic regimens.

Among the subpopulation analysis targeting lymphocytes in the tumor samples of TNBC patients with different RS separately, we observed that the proportion and number of T cells were decreased in the samples from high-risk patients compared with low-risk patients. T lymphocytes were considered to dominate most adaptive immune responses against tumors (61). The reduction of T cells in the cellular component of high-risk patients may reflect their poor tumor immune, which could partially explain their worse prognosis and the decrease of many immune checkpoint expressions observed in the previous immune checkpoint analysis.

In any case, as validated by single-cell data, the cellular composition of the tumor tissue differed considerably between patients distinguished by our RS signature, which would facilitate the development of more personalized treatment plans.

In the drug sensitivity analysis, we found that most drugs had a lower sensitivity in the high-risk group except for BI2536, which has a higher sensitivity in the high-risk group. BI2536 is a kind of inhibitor of polo-like kinases (62). Current studies have identified the antitumor effects of BI2536 in various cancers (63–65), but relatively little research has been done in BC. A few studies have shown that combining BI2536 with other drugs in BC may enhance the latter’s antitumor activity (66); however, few studies have been conducted for BI2536 alone. Our study found that the sensitivity of tumor cells to BI2536 in the high-risk group of TNBC patients was very different from that of other drugs, revealing that BI2536 may have a unique effect in patients with TNBC and facilitate the development of a more individualized treatment plan, suggesting the implication of further studies.

The RS signature consisted of six genes established in the present study that performed well. However, if the following limitations were overcome, it might have a more outstanding contribution to the prognosis of BC patients. First, limited data accessibility made obtaining disease-free survival (DFS) in all data sets difficult. So, OS was adopted as the primary outcome in the survival analysis, which might cause bias and reduce the accuracy of prognosis judgment for BC patients. Second, in the survival analysis, the risk status of patients was dichotomized using a cohort-specific median of risk score, which requires future research in a larger cohort to identify the cut-off value.

In conclusion, we established a six genes RS signature based on multi-omics data, which had good performance in predicting the prognosis of BC patients in different disease stages or subtypes. It could contribute to a more personalized treatment, which might benefit the outcome of BC patients.





Data availability statement

The data used to support the findings of this study are available at UCSC (https://xenabrowser.net/datapages/) and GEO (http://www.ncbi.nlm.nih.gov/geo/) databases.





Author contributions

Conceptualization, ZX and DL; Data curation, LX, MY and XX; Formal analysis, YH and ZM; Funding acquisition, XW and JG; Investigation, LX, MY and XX; Methodology, HJ, YL, JLS and JRS; Project administration, XW and JG; Resources, TW, HZ and XC; Software, HJ, YL, JLS and JRS; Validation, TW, HZ and XC; Visualization, YH, ZM, HJ, YL, JLS and JRS; Writing – original draft, ZX, DL, YH and ZM; Writing – review & editing, XW and JG. All authors contributed to the article and approved the submitted version.





Funding

This research was funded by CAMS Innovation Fund for Medical Sciences (CIFMS), grant number: 2021-I2M-CT-B-058.





Conflict of interest

YH and ZM were employees by Beijing ChosenMed Clinical Laboratory.

The remaining 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.2023.1186858/full#supplementary-material




References

1. Harbeck, N, and Gnant, M. Breast cancer. Lancet (2017) 389(10074):1134–50. doi: 10.1016/S0140-6736(16)31891-8

2. 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

3. Fan, L, Strasser-Weippl, K, Li, JJ, St Louis, J, Finkelstein, DM, Yu, KD, et al. Breast cancer in China. Lancet Oncol (2014) 15(7):e279–89. doi: 10.1016/S1470-2045(13)70567-9

4. Yin, L, Duan, JJ, Bian, XW, and Yu, SC. Triple-negative breast cancer molecular subtyping and treatment progress. Breast Cancer Res (2020) 22(1):61. doi: 10.1186/s13058-020-01296-5

5. Huang, S, Chaudhary, K, and Garmire, LX. More is better: recent progress in multi-omics data integration methods. Front Genet (2017) 8:84. doi: 10.3389/fgene.2017.00084

6. Rappoport, N, and Shamir, R. Multi-omic and multi-view clustering algorithms: review and cancer benchmark. Nucleic Acids Res (2018) 46(20):10546–62. doi: 10.1093/nar/gky889

7. Shrestha, R, Llaurado Fernandez, M, Dawson, A, Hoenisch, J, Volik, S, Lin, YY, et al. Multiomics characterization of low-grade serous ovarian carcinoma identifies potential biomarkers of MEK inhibitor sensitivity and therapeutic vulnerability. Cancer Res (2021) 81(7):1681–94. doi: 10.1158/0008-5472.CAN-20-2222

8. Zhao, J, Yi, Q, Li, K, Chen, L, Dai, L, Feng, J, et al. A multi-omics deep learning model for hypoxia phenotype to predict tumor aggressiveness and prognosis in uveal melanoma for rationalized hypoxia-targeted therapy. Comput Struct Biotechnol J (2022) 20:3182–94, 20. doi: 10.1016/j.csbj.2022.06.034

9. Luo, N, Fu, M, Zhang, Y, Li, X, Zhu, W, Yang, F, et al. Prognostic role of M6A-associated immune genes and cluster-related tumor microenvironment analysis: a multi-omics practice in stomach adenocarcinoma. Front Cell Dev Biol (2022) 10:935135. doi: 10.3389/fcell.2022.935135

10. Lv, SQ, Fu, Z, Yang, L, Li, QR, Zhu, J, Gai, QJ, et al. Comprehensive omics analyses profile genesets related with tumor heterogeneity of multifocal glioblastomas and reveal LIF/CCL2 as biomarkers for mesenchymal subtype. Theranostics (2022) 12(1):459–73. doi: 10.7150/thno.65739

11. 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

12. Chen, H, Luo, H, Wang, J, Li, J, and Jiang, Y. Identification of a pyroptosis-related prognostic signature in breast cancer. BMC Cancer (2022) 22(1):429. doi: 10.1186/s12885-022-09526-z

13. Liu, Z, Mi, M, Li, X, Zheng, X, Wu, G, and Zhang, L. A lncRNA prognostic signature associated with immune infiltration and tumour mutation burden in breast cancer. J Cell Mol Med (2020) 24(21):12444–56. doi: 10.1111/jcmm.15762

14. Fisher, RA. Statistical Methods for Research Workers. In:  S Kotz, and NL Johnson, editors. Breakthroughs in Statistics: Methodology and Distribution. New York, NY: Springer New York (1992). p. 66–70.

15. Zhang, H, and Wu, Z. The generalized Fisher's combination and accurate p-value calculation under dependence. Biometrics (2022) 79(2):1159–72. doi: 10.1111/biom.13634

16. Liu, S, Zheng, B, Sheng, Y, Kong, Q, Jiang, Y, Yang, Y, et al. Identification of cancer dysfunctional subpathways by integrating DNA methylation, copy number variation, and gene-expression data. Front Genet (2019) 10:441. doi: 10.3389/fgene.2019.00441

17. Won, S, Morris, N, Lu, Q, and Elston, RC. Choosing an optimal method to combine P-values. Stat Med (2009) 28(11):1537–53. doi: 10.1002/sim.3569

18. Costa, AC, Santos, JMO, Gil da Costa, RM, and Medeiros, R. Impact of immune cells on the hallmarks of cancer: a literature review. Crit Rev Oncol Hematol (2021) 168:103541. doi: 10.1016/j.critrevonc.2021.103541

19. Toor, SM, Sasidharan Nair, V, Decock, J, and Elkord, E. Immune checkpoints in the tumor microenvironment. Semin Cancer Biol (2020) 65:1–12. doi: 10.1016/j.semcancer.2019.06.021

20. Lei, X, Lei, Y, Li, JK, Du, WX, Li, RG, Yang, J, et al. Immune cells within the tumor microenvironment: Biological functions and roles in cancer immunotherapy. Cancer Lett (2020) 470:126–33. doi: 10.1016/j.canlet.2019.11.009

21. Wei, G, Zhang, H, Zhao, H, Wang, J, Wu, N, Li, L, et al. Emerging immune checkpoints in the tumor microenvironment: implications for cancer immunotherapy. Cancer Lett (2021) 511:68–76. doi: 10.1016/j.canlet.2021.04.021

22. McCarthy, NS, Melton, PE, Cadby, G, Yazar, S, Franchina, M, Moses, EK, et al. Meta-analysis of human methylation data for evidence of sex-specific autosomal patterns. BMC Genomics (2014) 15:981. doi: 10.1186/1471-2164-15-981

23. Gucalp, A, Traina, TA, Eisner, JR, Parker, JS, Selitsky, SR, Park, BH, et al. Male breast cancer: a disease distinct from female breast cancer. Breast Cancer Res Treat (2019) 173(1):37–48. doi: 10.1007/s10549-018-4921-9

24. Lin, AP, Huang, TW, and Tam, KW. Treatment of male breast cancer: meta-analysis of real-world evidence. Br J Surg (2021) 108(9):1034–42. doi: 10.1093/bjs/znab279

25. Love, MI, Huber, W, and Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome Biol (2014) 15(12):550. doi: 10.1186/s13059-014-0550-8

26. Garrido-Castro, AC, Lin, NU, and Polyak, K. Insights into molecular classifications of triple-negative breast cancer: improving patient selection for treatment. Cancer Discovery (2019) 9(2):176–98. doi: 10.1158/2159-8290.CD-18-1177

27. Hao, Y, Hao, S, Andersen-Nissen, E, Mauck, WM 3rd, Zheng, S, Butler, A, et al. Integrated analysis of multimodal single-cell data. Cell (2021) 184(13):3573–3587.e29. doi: 10.1016/j.cell.2021.04.048

28. Aran, D, Looney, AP, Liu, L, Wu, E, Fong, V, Hsu, A, et al. Reference-based analysis of lung single-cell sequencing reveals a transitional profibrotic macrophage. Nat Immunol (2019) 20(2):163–72. doi: 10.1038/s41590-018-0276-y

29. Blanche, P, Dartigues, JF, and Jacqmin-Gadda, H. Estimating and comparing time-dependent areas under receiver operating characteristic curves for censored event times with competing risks. Stat Med (2013) 32(30):5381–97. doi: 10.1002/sim.5958

30. Tian, B, Hou, M, Zhou, K, Qiu, X, Du, Y, Gu, Y, et al. A novel TCGA-validated, miRNA-based signature for prediction of breast cancer prognosis and survival. Front Cell Dev Biol (2021) 9:717462. doi: 10.3389/fcell.2021.717462

31. Zhou, W, Pang, Y, Yao, Y, and Qiao, H. Development of a ten-lncRNA signature prognostic model for breast cancer survival: a study with the TCGA database. Anal Cell Pathol (Amst) (2020) 2020:6827057. doi: 10.1155/2020/6827057

32. Fan, Y, Kao, C, Yang, F, Wang, F, Yin, G, Wang, Y, et al. Integrated multi-omics analysis model to identify biomarkers associated with prognosis of breast cancer. Front Oncol (2022) 12:899900. doi: 10.3389/fonc.2022.899900

33. Ma, J, Chen, C, Liu, S, Ji, J, Wu, D, Huang, P, et al. Identification of a five genes prognosis signature for triple-negative breast cancer using multi-omics methods and bioinformatics analysis. Cancer Gene Ther (2022) 29(11):1578–89. doi: 10.1038/s41417-022-00473-2

34. Giulietti, M, Occhipinti, G, Principato, G, and Piva, F. Weighted gene co-expression network analysis reveals key genes involved in pancreatic ductal adenocarcinoma development. Cell Oncol (Dordr) (2016) 39(4):379–88. doi: 10.1007/s13402-016-0283-7

35. Huang, SN, Li, GS, Zhou, XG, Chen, XY, Yao, YX, Zhang, XG, et al. Identification of an immune score-based gene panel with prognostic power for oral squamous cell carcinoma. Med Sci Monit (2020) 26:e922854. doi: 10.12659/MSM.922854

36. Cui, Y, Jiao, Y, Wang, K, He, M, and Yang, Z. A new prognostic factor of breast cancer: high carboxyl ester lipase expression related to poor survival. Cancer Genet (2019) 239:54–61. doi: 10.1016/j.cancergen.2019.09.005

37. Dalva, M, El Jellas, K, Steine, SJ, Johansson, BB, Ringdal, M, Torsvik, J, et al. Copy number variants and VNTR length polymorphisms of the carboxyl-ester lipase (CEL) gene as risk factors in pancreatic cancer. Pancreatology (2017) 17(1):83–8. doi: 10.1016/j.pan.2016.10.006

38. Dyberg, C, Papachristou, P, Haug, BH, Lagercrantz, H, Kogner, P, Ringstedt, T, et al. Planar cell polarity gene expression correlates with tumor cell viability and prognostic outcome in neuroblastoma. BMC Cancer (2016) 16:259. doi: 10.1186/s12885-016-2293-2

39. Chen, ZS, Lin, X, Chan, TF, and Chan, HYE. Pan-cancer investigation reveals mechanistic insights of planar cell polarity gene Fuz in carcinogenesis. Aging (Albany NY) (2021) 13(5):7259–83. doi: 10.18632/aging.202582

40. Wang, S, Zhang, H, Du, B, Li, X, and Li, Y. Fuzzy planar cell polarity gene (FUZ) promtes cell glycolysis, migration, and invasion in non-small cell lung cancer via the phosphoinositide 3-kinase/protein kinase B pathway. J Cancer (2022) 13(8):2419–29. doi: 10.7150/jca.63152

41. Radu, M, Semenova, G, Kosoff, R, and Chernoff, J. PAK signalling during the development and progression of cancer. Nat Rev Cancer (2014) 14(1):13–25. doi: 10.1038/nrc3645

42. Huang, W, Han, Z, Sun, Z, Feng, H, Zhao, L, Yuan, Q, et al. PAK6 promotes homologous-recombination to enhance chemoresistance to oxaliplatin through ATR/CHK1 signaling in gastric cancer. Cell Death Dis (2022) 13(7):658. doi: 10.1038/s41419-022-05118-8

43. Liang, L, Zhu, Y, Li, J, Zeng, J, Yuan, G, and Wu, L. Immune subtypes and immune landscape analysis of endometrial carcinoma. J Immunol (2022) 209(8):1606–14. doi: 10.4049/jimmunol.2200329

44. Wang, J, Tian, Y, Zhu, G, Li, Z, Wu, Z, Wei, G, et al. Establishment and validation of immune microenvironmental gene signatures for predicting prognosis in patients with head and neck squamous cell carcinoma. Int Immunopharmacol (2021) 97:107817. doi: 10.1016/j.intimp.2021.107817

45. Xu, C, Jin, G, Wu, H, Cui, W, Wang, YH, Manne, RK, et al. SIRPgamma-expressing cancer stem-like cells promote immune escape of lung cancer via Hippo signaling. J Clin Invest (2022) 132(5):e141797. doi: 10.1172/JCI141797

46. Wang, L, Sun, W, Zhang, G, Huo, J, Tian, Y, Zhang, Y, et al. T-cell activation is associated with high-grade serous ovarian cancer survival. J Obstet Gynaecol Res (2022) 48(8):2189–97. doi: 10.1111/jog.15234

47. Byrne, A, Savas, P, Sant, S, Li, R, Virassamy, B, Luen, SJ, et al. Tissue-resident memory T cells in breast cancer control and immunotherapy responses. Nat Rev Clin Oncol (2020) 17(6):341–8. doi: 10.1038/s41571-020-0333-y

48. Khakoo, AY, Pati, S, Anderson, SA, Reid, W, Elshal, MF, Rovira, II, et al. Human mesenchymal stem cells exert potent antitumorigenic effects in a model of Kaposi's sarcoma. J Exp Med (2006) 203(5):1235–47. doi: 10.1084/jem.20051921

49. Otsu, K, Das, S, Houser, SD, Quadri, SK, Bhattacharya, S, Bhattacharya, J, et al. Concentration-dependent inhibition of angiogenesis by mesenchymal stem cells. Blood (2009) 113(18):4197–205. doi: 10.1182/blood-2008-09-176198

50. Ryu, H, Oh, JE, Rhee, KJ, Baik, SK, Kim, J, Kang, SJ, et al. Adipose tissue-derived mesenchymal stem cells cultured at high density express IFN-beta and suppress the growth of MCF-7 human breast cancer cells. Cancer Lett (2014) 352(2):220–7. doi: 10.1016/j.canlet.2014.06.018

51. Qiao, L, Xu, Z, Zhao, T, Zhao, Z, Shi, M, Zhao, RC, et al. Suppression of tumorigenesis by human mesenchymal stem cells in a hepatoma model. Cell Res (2008) 18(4):500–7. doi: 10.1038/cr.2008.40

52. Zhu, Y, Sun, Z, Han, Q, Liao, L, Wang, J, Bian, C, et al. Human mesenchymal stem cells inhibit cancer cell proliferation by secreting DKK-1. Leukemia (2009) 23(5):925–33. doi: 10.1038/leu.2008.384

53. Bexell, D, Gunnarsson, S, Tormin, A, Darabi, A, Gisselsson, D, Roybon, L, et al. Bone marrow multipotent mesenchymal stroma cells act as pericyte-like migratory vehicles in experimental gliomas. Mol Ther (2009) 17(1):183–90. doi: 10.1038/mt.2008.229

54. Liang, W, Chen, X, Zhang, S, Fang, J, Chen, M, Xu, Y, et al. Mesenchymal stem cells as a double-edged sword in tumor growth: focusing on MSC-derived cytokines. Cell Mol Biol Lett (2021) 26(1):3. doi: 10.1186/s11658-020-00246-5

55. Hill, BS, Pelagalli, A, Passaro, N, and Zannetti, A. Tumor-educated mesenchymal stem cells promote pro-metastatic phenotype. Oncotarget (2017) 8(42):73296–311. doi: 10.18632/oncotarget.20265

56. Fregni, G, Quinodoz, M, Moller, E, Vuille, J, Galland, S, Fusco, C, et al. Reciprocal modulation of mesenchymal stem cells and tumor cells promotes lung cancer metastasis. EBioMedicine (2018) 29:128–45. doi: 10.1016/j.ebiom.2018.02.017

57. Chulpanova, DS, Kitaeva, KV, Tazetdinova, LG, James, V, Rizvanov, AA, and Solovyeva, VV. Application of mesenchymal stem cells for therapeutic agent delivery in anti-tumor treatment. Front Pharmacol (2018) 9:259. doi: 10.3389/fphar.2018.00259

58. Lang, FM, Hossain, A, Gumin, J, Momin, EN, Shimizu, Y, Ledbetter, D, et al. Mesenchymal stem cells as natural biofactories for exosomes carrying miR-124a in the treatment of gliomas. Neuro Oncol (2018) 20(3):380–90. doi: 10.1093/neuonc/nox152

59. Levy, O, Brennen, WN, Han, E, Rosen, DM, Musabeyezu, J, Safaee, H, et al. A prodrug-doped cellular Trojan Horse for the potential treatment of prostate cancer. Biomaterials (2016) 91:140–50. doi: 10.1016/j.biomaterials.2016.03.023

60. Kaneti, L, Bronshtein, T, Malkah Dayan, N, Kovregina, I, Letko Khait, N, Lupu-Haber, Y, et al. Nanoghosts as a novel natural nonviral gene delivery platform safely targeting multiple cancers. Nano Lett (2016) 16(3):1574–82. doi: 10.1021/acs.nanolett.5b04237

61. Notarbartolo, S, and Abrignani, S. Human T lymphocytes at tumor sites. Semin Immunopathol (2022) 44(6):883–901. doi: 10.1007/s00281-022-00970-4

62. Jemaa, M, Mokdad Gargouri, R, and Lang, F. Polo-like kinase inhibitor BI2536 induces eryptosis. Wien Med Wochenschr (2022) 173(5-6):152–7. doi: 10.1007/s10354-022-00966-7

63. Choi, M, Kim, W, Cheon, MG, Lee, CW, and Kim, JE. Polo-like kinase 1 inhibitor BI2536 causes mitotic catastrophe following activation of the spindle assembly checkpoint in non-small cell lung cancer cells. Cancer Lett (2015) 357(2):591–601. doi: 10.1016/j.canlet.2014.12.023

64. Lian, G, Li, L, Shi, Y, Jing, C, Liu, J, Guo, X, et al. BI2536, a potent and selective inhibitor of polo-like kinase 1, in combination with cisplatin exerts synergistic effects on gastric cancer cells. Int J Oncol (2018) 52(3):804–14. doi: 10.3892/ijo.2018.4255

65. Cheng, CY, Liu, CJ, Huang, YC, Wu, SH, Fang, HW, and Chen, YJ. BI2536 induces mitotic catastrophe and radiosensitization in human oral cancer cells. Oncotarget (2018) 9(30):21231–43. doi: 10.18632/oncotarget.25035

66. Prashanth Kumar, BN, Rajput, S, Bharti, R, Parida, S, and Mandal, M. BI2536–A PLK inhibitor augments paclitaxel efficacy in suppressing tamoxifen induced senescence and resistance in breast cancer cells. BioMed Pharmacother (2015) 74:124–32. doi: 10.1016/j.biopha.2015.07.005




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 Xing, Lin, Hong, Ma, Jiang, Lu, Sun, Song, Xie, Yang, Xie, Wang, Zhou, Chen, Wang and Gao. 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-13-1186858-g003.jpg
A === HIgn risk === Low risK
100%
S 5%
t
)
Q
o
Q 50%
©
2
2
3 25%
» p < 0.001
0%
0 100 200 300
No. at risk
High risk« 539 34 5 0
Low risk« 539 49 6 0
0 100 200 300
Time in months
=== High risk === Low risk
100%
c
O 75%
IS}
a
o
a 50%
©
2
£
3 25%
B p =0.003
0%
T T T T
0 100 200 300
No. at risk
High risks 99 63 11 0
Low risk« 99 78 10 0
0 100 200 300
Time in months
E
1.004
0.754
2
=
® 0.504
c
[0)
(%}
0.254
== AUC at 3 years: 0.675
0.004 == AUC at 5 years: 0.657
0.00 0.25 0.50 075 1.00

1-Specificity

B
1.004
0.754
2
=
@ 0.504
=
[0
(%)
0.254
== AUC at 3 years: 0.738
0.004 == AUC at 5 years: 0.703
0.00 025 050 0.75 100
1-Specificity
D == High risk === Low risk
100%-|
=
O 75%+4
5
Q
[
a 50%+
©
>
=
3 25%+
* p=0.011
O%-l
T T L T L
0 40 80 120 160
No. at risk
High risk4 163 140 105 50 2
Low risk« 164 162 109 48 2
-_—
0 40 80 120 160
Time in months
F
1.004
0.754
2
=
‘B 0504
c
[}
(%)
0.254
== AUC at 3 years: 0.690
0.004 == AUC at 5 years: 0.609
0.00 025 0.50 075 1.00
1-Specificity





OEBPS/Images/fonc-13-1186858-g008.jpg
Celltype (4 high-risk TNBC patients)

ry
Q

UMAP_1

Celltype (5 low-risk TNBC patients)

4

Vd

-104

N
Myelmdﬁirmc cells
4
4
r cells Naive s

-10 -5 0 5 10

Effector memory CD8 T cells
Exhausted B cells

Naive B cells

Plasmablasts

T regulatory cells

Th1 cells

Effector memory CD8 T cells
Myeloid dendritic cells

Naive B cells

Natural killer cells

T regulatory cells

Th1 cells

Th1/Th17 cells

Vd2 gd T cells





OEBPS/Images/M2.jpg
Risk score = >  Prna*Exprna

(2)





OEBPS/Images/fonc-13-1186858-g001.jpg
Step 1 Hub gene screening

Training set: TCGA-BRCA

Males patients &

Exeluded Duplicate samples

RNA-sequence Gene-level CNV DNA methylation

(h =1175) (n =1062) (n = 865)
Deseq?2 Fisher's t-test
package exact test

Combine p <0.010

Univariate Cox Regression & Lasso Regression

p<0.010

C15o0rf52 FUZ
Clorf228 PAK6
CEL SIRPG

Step 2 Construction and Validation of RS signature

¢ RS = Z Brna * EXDrya

——

The validation of
prognostic value

Validating in TCGA-BRCA
& external dataset

TCGA-BRCA (n = 1078)
GSE7390 (n = 198)
GSE20685 (n = 327)

v

Comparing with other clinical

indicators in TCGA-BRCA

Age, TN, M, & Stage
Multi-Cox regression
ROC & DCA

v

Validating in different
stages & subtypes

Stage I/11 & I11/IV
ER, PR, HER2: - & +

Analyses in
TNBC patients

v

Survival analysis

TNBC patients in
TCGA-BRCA (n=114)
& GSE103091 (n =107)

v

Single-cell analysis

GSE176078
TNBC patients
(n=9)

Cells composition &
lymphocytes composition

v

Immune checkpoints
& drug sensitivity analysis





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Construction of a prognostic 6-gene signature for breast cancer based on multi-omics and single-cell data

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Methods

        

          		

            2.1 Data preparation and processing

          



          		

            2.2 Hub genes screening

          



          		

            2.3 Construction and validation of RS signature

          



          		

            2.4 Evaluation of the predictive value of RS signature

          



          		

            2.5 Single-cell data preparation and analysis

          



          		

            2.6 Immune checkpoint analysis

          



          		

            2.7 Drug sensitivity analysis

          



          		

            2.8 Statistical methods

          



        



        



        		

          3 Results

        

          		

            3.1 Identify hub genes with multi-omics data in the training set

          



          		

            3.2 Construction and validation of the RS signature

          



          		

            3.3 The comparison of RS signature with other clinical indicators

          



          		

            3.4 Favorable predictive performance of RS signature

          



          		

            3.5 Single-cell analysis in TNBC patients

          



          		

            3.6 Immune checkpoint analysis in TNBC patients

          



          		

            3.7 Drug sensitivity of TNBC patients with different RS signatures

          



        



        



        		

          4 Discussion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-13-1186858-g005.jpg
== High risk == Low risk == High risk == Low risk
100% 100%
S 75% S 75%
S S
o Q
o o
a 50% o 50%
© ©
2 2
b 2
3 25% 3 25%
0 p < 0.001 n p = 0.001
0% 0%
0 100 200 300 0 50 100 150 200 250
No. at risk No. at risk
High risk« 396 26 3 0
Low risk« 396 36 & 0
0 100 200 300 0 50 100 150 200 250
Time in months Time in months
c D
1.004 1.00
0.754 0.75
= =
= =
@ 0.504 @ 0.50
Q Q
] ]
0.254 0.25
== AUC at 3 years: 0.766 == AUC at 3 years: 0.689
Pl == AUC at 5 years: 0.712 6.66 == AUC at 5 years: 0.708

.75 1.00

0.00 025 050 075 1.00 0.00 0.25 050 0
1-Specificity 1-Specificity





OEBPS/Images/fonc-13-1186858-g007.jpg
10

-10

Celltype (9 TNBC patients)

Terminal
CD8Tc
Plasmacytoid
dendritic cells
~N
e
Myeloid . 3
dendritic oells‘Vd'wT
v
P ablasts
-10 -5 0 5 10 15

UMAP_1

Celltype (4 high-risk patients)

Myeloid
dendritic cells

%

Plasmacytoid
dendritic cells
~

Effector memory CD8 T cells
Myeloid dendritic cells

Naive B cells

Plasmablasts

Plasmacytoid dendritic cells
Terminal effector CD8 T cells
Th1 cells

Vd2 gd T cells

Cc
Celltype (5 low-risk patients)
10
Plasmacytoid
dendritic cells
A Y
NI 01
o
<
=
> Myeloid 3
yeloi .
=51 dendritic cells de cel'ls» ’
..
Plagmablasts .
~101 o Nai cells
-10 -5 0 5 10 15





OEBPS/Images/fonc-13-1186858-g009.jpg
Drugs sensitivity analyses in TNBC patients from TCGA

B

Drugs sensitivity analyses in TNBC patients from GSE 103091

Ig (IC50)

Fkkk

p

High risk
Low risk

14

| 1g (IC50)

-24

‘w

High risk
Low risk

BI2536 Camptothecin Epirubicin Vinorelbine

Drugs

BI2536 Camptothecin Epirubicin Vinorelbine

Drugs






OEBPS/Images/fonc.2023.1186858_cover.jpg
& frontiers | Frontiers in Oncology

Construction of a prognostic 6-gene
signature for breast cancer based on
multi-omics and single-cell data





OEBPS/Images/fonc-13-1186858-g004.jpg
Sensitivity

Net Benefit

ROC at 3 years B ROC at 5 years

1.004 1.004
0754 0.754
2
S s e
0504 AUC of indicators £ §504 AUC of indicators
— RS:0.738 3 — RS:0.703
= Age: 0.647 == Age: 0.639
- = T:0.572 s — T:0.577
= N:0.642 = N:0.626
== M: 0.550 == M: 0.542
o003 ~~ Stage: 0.676 o004 ~ Stage: 0.640
0.00 025 050 075 1.00 0,00 025 050 075 1.00
1-Specificity 1-Specificity
DCA at 3 years D DCA at 5 years
AUDC == RS: 0.008 554 AUDC == RS: 0.023
0.104 == Age: 0.005 == Age: 0.015
== T:0.001 == T:0.004
== N:0.002 == N:0.006
== M: 0.002 & o4l == M: 0.004
0.059 ~= Stage: 0.005 % ~= Stage: 0.013
== All: 0.005 2 == All: 0.015
None: 0.000 | 2 None: 0.000
0.004 R e 004 v S~——
6‘0 0'2 0'4 0.0 0'2 OI4 0'6 0‘8
Risk Threshold Risk Threshold
0 10 20 30 40 50 60 70 80 90 100
Points
RS r T T T T T T T T T T 1
-35 -8 -25 2 -15 -1 -05 0 0.5 1 15 2
Age LN B B B R B B RN B B B
25 35 45 55 65 75 85
2 4
T ——
1 3
1 3
N l_‘_l_'
0 2
1
M —
0
Total Points ——————
0 20 40 60 80 100 120 140 160 180
Linear Predictor LI S S S S B S S B B e A |
-25 -15 -05 0 05 1 15 2 25 3 35
3 years survival r T e e d
0.95 0.8 0.65 0503502 0.0
5 years survival — T T

0 95 08 0B5 05033502 005





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





OEBPS/Images/fonc-13-1186858-g002.jpg
<

Alive
Dead

Status
°
o

' '
o o
o o
N -

SUJUOI\ [BAIAING

High risk
Low risk

Group
[ )
[ ]

21008 Ysiy

6
4
2
0

C150rf52
CE

PAK6

-2
-4
-6

C1orf228
FUz
SIRPG





OEBPS/Images/M1.jpg
w






OEBPS/Images/fonc-13-1186858-g006.jpg
100%

\,
o
X

Survival proportion

0%

High risk
Low risk

1.00

Sensitivity

O©
N
o

0.00

== High risk == Low risk

p =0.023
0 30 60 90 120
No. at risk

57 23 9 5 0
57 28 16 6 0

0 30 60 90 120

Time in months

ROC curves in TNBC patients

== TCGA 3 years: 0.665
== TCGA 5 years: 0.666
== 103091 3 years: 0.719
== 103091 5 years: 0.713

T
0.25 0.756

0.’50
1-Specificity

100%

3 ~
S a
ES X

Survival proportion
N
(6]
N

0%

Highrisk
Low risk

== High risk === Low risk

0 40 160

No. at risk

80 120

53 35 19 8 2
54 46 22 7 1

0 40 80 120 160

Time in months

[ ™~ac [l NTNBC

Risk Score

*kkk

TNBC NTNBC

BC Subtype






OEBPS/Images/table1.jpg
Biomarkers

Status

ER
PR

HER2

negative
positive
negative
positive
negative

positive

0.002

<0.001

<0.001

0.033

<0.001

0.005

0.675

0.751

0.714

0.708

0.711

0.795

0.736

0.657

0738

0.620

0.707

0716





