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Abstract: Background: Immunotherapy is becoming a powerful approach in the treatment of breast cancer. However, high response rates in the majority of breast cancer patients have yet to be achieved. Materials and Methods: Based on public data sources, we identified 22 genes that are correlated with PD-1 expression as well as differentially expressed between tumor tissues and normal tissues, and high expression of all the key genes was correlated with a superior survival outcome. Using the least absolute shrinkage and selection operator Cox regression model, a risk score was constructed. Results: A multivariate Cox analysis showed that the constructed risk score was an independent prognostic factor (AUC of risk score: 0.63, HR of risk score: 11.7, C-index: 0.69). Furthermore, an analysis of TILs in the TCGA BRCA cohort identified 28 distinct immune cell types. T lymphocytes and myeloid-derived suppressor cells were enriched in low-risk patients. The risk score was positively correlated with immune checkpoint genes for PD-1, PD-L1, PD-L2, and CTLA4 (P < 0.05). In addition, two independent cohorts validated the prognostic value and the predictive value of the immunotherapy response of the risk score. Conclusions: The risk score demonstrated a stable predictive ability in breast cancer prognosis and a predictive value in tumor response to immunotherapy. The analysis of TILs revealed the correlation between risk score and immune cells, which also helps elucidate the complexity of the relationship between TILs and immunotherapy response.
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1  Introduction

Immune checkpoint blockade plays a crucial role in cancer therapy, and increasingly is drawing public attention. Emerging clinical trials focusing on immunotherapy in breast cancer have resulted in significant advances. Although most of the trials focused on triple-negative breast cancer (TNBC), such as KEYNOTE-012 and Impassion130, there are several clinical trials that have included immunotherapy in non-TNBC breast cancer, such as KEYNOTE-028 and JAVELIN [1–4].

PD-1/PD-L1 is a key immune checkpoint pathway in cancer. PD-1, also known as CD279 (Cluster of differentiation 279), is an essential immunosuppressive molecule mainly expressed on the surface of activated T cells, which can inhibit the proliferation of T cells. It is also a negative regulator of immune activation and blocks the anti-tumor immune response in the tumor microenvironment (TME) [5]. The PD-1/PD-L1 signaling pathway plays a key role in the immune escape process of tumor occurrence, and therefore provides a good rationale for drug development for tumor immunotherapy. PD-1/PD-L1 inhibitors have become the main focus of tumor immunotherapy research in recent years. PD-1/PD-L1 inhibitors can block the binding between T cell PD-1 and cancer cell PD-L1, relieving immune suppression, restoring the activity of CD8 + T cells, and enhancing the immune response to recognize and kill cancer cells [6]. Nivolumab, Pembrolizumab, Atezolizumab, and other anti-PD-1 or PD-L1 antibodies have been approved by the U.S. Food and Drug Administration for the treatment of tumors including non-small cell lung cancer (NSCLC), melanoma, breast cancer, and stomach cancer [7].

Based on existing literature, immunotherapy for breast cancer, especially PD-1/PD-L1 inhibitors, has a better outcome in TNBC than in non-TNBC. However, prognostic precision is still imprecise, and the response to immunotherapy in breast cancer remains subpar. We aimed to discover the potential molecules that could hold value for the predicting breast cancer prognosis and tumor response to immunotherapy. We identified 22 key genes that were both highly correlated with immune checkpoint PD-1 and that had significant differences in expression between tumor tissues and normal tissues. Based on these 22 key genes, a risk score was constructed. We then analyzed the prognostic value and the correlation between tumor-infiltrating lymphocytes (TILs) and the risk score. Additionally, we further validated that the risk score contributes to immunotherapy response prediction.

2  Materials and Methods

2.1 Bioinformatic Data Download

The workflow of this study is shown in Fig. 1. The Cancer Genome Atlas (TCGA) database provided RNA sequencing count values and clinical data from breast cancer patients, including 1097 samples from the breast cancer (BRCA) cohort and 113 normal samples. The breast cancer gene expression dataset GSE42568, along with the matrix file of 104 BRCA samples, was downloaded from the Gene Expression Omnibus [8]. The IMvigor210 dataset (data from a R package “IMvigor210CoreBiologies”), which was from a study investigating the efficacy of pembrolizumab in 348 patients with advanced urothelial cancer, was also included in our study [9].
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Figure 1: Flow chart of this study

2.2 Identification of PD-1 Relevant and Differentially Expressed Genes (DEGs)

The count values were transformed using log2 (counts + 1), and the correlation between PD-1 and the other protein-coding genes were calculated in the TCGA BRCA dataset with the “stats” R package using the Spearman’s correlation method. The first 500 positively correlated genes and the first 500 negatively correlated genes with a P value < 0.05 were obtained. The “DESeq2” R package was then applied to identify DEGs between tumor tissues and normal tissues satisfying the criteria of P < 0.05 and |logFC| ≥ 2 [10]. Furthermore, an intersection was obtained between PD-1 relevant genes and DEGs.

2.3 Functional Annotation and Selecting Genes with Prognostic Value

To explore the biological processes involved, R package “clusterProfiler” was used to perform gene ontology analysis (GO) for PD-1 relevant genes and DEGs [11]. Data from 418 breast cancer samples with complete clinical information were selected from the TCGA dataset and a survival analysis of the intersecting genes was performed using the Kaplan-Meier method. By setting P < 0.05, genes closely related to PD-1 and with prognostic value were identified.

2.4 Prognostic Model Construction

Twenty-two genes were included for model construction. LASSO Cox regression was used to construct a model for risk scores. Lambda is determined by the minimum mean cross-validated error using the R package “glmnet” [12]. The risk score was then defined as follows.

Risk score = 
∑i=1nCoefi∗exp(i)
, where 
Coefi
is the coefficient calculated from LASSO Cox regression and 
exp(i)
is the expression of key genes. We then applied the risk score to evaluate the value of the selected genes in patient prognosis and immunotherapeutic response prediction, and further validation was also performed.

2.5 Analysis of TILs

The “GSVA” R package was used to analyze gene set enrichment in a single-sample analysis to quantify TILs in the CIBERSORT study and to explore the immune cell component in the TME of TCGA BRCA cohort [13,14]. We further predicted tumor purity using the “estimate” R package, and we also predicted the presence of stromal cells and immune cells. In this study, a total of 28 immune cell subtypes were evaluated (details in Results).

2.6 Validation of the Prognostic Value and Predictive Immunotherapy Response Value of the Prognostic Model

To validate the practical value of the risk score model constructed in our study, the GSE42568 cohort and the IMvigor210 cohort with transcriptomic data and complete clinical information with survival follow-up data were included in our study. Here we use the IMvigor 210 cohort to verify the prediction effect of the risk score in tumor response to immunotherapy. Survival differences and the immunotherapy response rate in low-score and high-score groups were analyzed based on the risk score. In the IMvigor210 cohort, the status of the immunotherapy response was assessed as complete response (CR), partial response (PR), stable disease (SD), or progressive disease (PD).

2.7 Statistical Analysis

We used the R 4.1.0 software to perform all data processing. The different analyses between groups were conducted using a Kruskal test and Wilcoxon test. The correlation tests were based on a Pearson analysis. The mutation landscape of key genes in this study was explored using the “maftools” R package with the TCGA BRCA cohort. The construction of risk scores for patient outcomes was performed using LASSO regression (setting family = “cox”) and the prognostic value of the risk score constructed in this study was confirmed with a multivariate Cox regression model. All statistical P values were two-sided, with P < 0.05 being considered statistically significant.

3  Results

3.1 Functional Annotation of PD-1 Relevant Genes and DEGs

In the TCGA BRCA cohort, the top 500 positively correlated genes and the top 500 negatively correlated genes with PD-1 were identified. We then performed a GO analysis using PD-1 relevant genes (Supplementary Tables S1 and S2). A total of 2430 DEGs containing 1525 upregulated and 905 downregulated genes (P < 0.05 and |logFC| ≥ 2) were identified by comparing tumor tissues with normal tissues. In addition, a GO analysis was also performed (Supplementary Tables S3 and S4). The two gene sets had different functional annotation results. PD-1-relevant genes were involved in biological processes, and molecular function was associated with immunity, such as activation and proliferation of immune cells (Fig. 2A). DEGs were mostly involved in biological processes associated with mitosis (Fig. 2B). An intersection of the two gene sets containing 34 upregulated and two downregulated genes were identified, and their different expression patterns in cancer and normal tissues were explored (Figs. 2C–2D).
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Figure 2: Functional annotation and key gene identification and analyses in TCGA BRCA cohort. (A) GO analysis of genes correlated with PD-1. (B) GO analysis of DEGs between tumor tissues and normal tissues. (C) Intersection of PD-1 related genes and DEGs, resulting in 34 up-regulate genes and 2 down-regulate genes. (D) Heatmap shows the expression pattern of the 36 genes in tumor tissues and normal tissues. (E) Survival analyses of 36 genes, genes with P value < 0.05 were identified. (F) The distribution of 22 key genes presented by volcano plot. (G) The expression of 22 key genes comparing tumor tissues and normal tissues (*P < 0.05; **P < 0.01; ***P < 0.001). (H) Correlation between each of the 22 genes. (I) TMB of the TCGA BRCA cohort and mutations in the 22 key genes. (J) The median of mutation burden is 0.78/MB

3.2 Identification of Key Genes

Using survival analyses, genes with prognostic value were then identified. From the TCGA BRCA cohort, data from a total of 418 patients with completed clinical information were used for survival analyses. Key genes were identified as 22 in total (ADAMDEC1, CARD17, CD19, CXCL9, CXCL10, CXCL11, ETV7, FOXP3, FUT7, GBP5, IL4I1, IL12B, IL21R, KCNJ10, LAG3, LTB, RUFY4, SPIB, TCL1A, TIGIT, TNIP3, and XIRP1) from the intersection of the two gene sets mentioned above, and all of the key genes belonged to the upregulated genes (P < 0.05, Fig. 2E). High expression of all the 22 key genes correlated with a better survival outcome compared to those with low expression (Supplementary Figs. S1–S5). All the key genes were upregulated and highly expressed in tumor tissues (P < 0.05, Figs. 2F–2G). Using Spearman’s correlation analysis, we found a significantly positive correlation between the key genes (Fig. 2H). The mutational landscape of the key genes in BRCA was explored in the TCGA BRCA cohort. A mutation rate with at least one key gene mutated was 5.27%, and was observed among 986 samples. Among the key genes, XIRP1 showed the highest mutation frequency, while CXCL9, FUT7, LTB and TCL1A did not show any mutations in this study. In addition, missense mutations were the main type of mutation, and the median tumor mutation burden in the whole cohort was 0.78 mut/Mb (Figs. 2I–2J).

3.3 Prognostic Model Construction and Correlation with TILs

As the 22 key genes were related with PD-1 and showed significant prognostic value in the context of survival, the LASSO Cox regression model was used to construct a risk score based on the key genes. A lambda value of 0.020 was determined and two key genes, ETV7 and KCNJ10, were crucial to the calculation of risk score (Figs. 3A–3B). The calculation of risk score was as follows:
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Figure 3: Model construction and evaluation. (A) LASSO coefficient profiles of the 22 key genes. (B) The tuning parameter log (Lambda/λ) of the 22 key genes was selected to cross-verify the error curve. The vertical lines show the optimal value based on the minimal criterion and 1-se criterion. (C) The risk score divides the cohort into low-risk and high-risk groups. (D) Distribution of patients and death cases are almost all distributed in the high-risk group. (E) Heatmap of clustering analysis shows the expression pattern of the 22 key genes was different in low-risk and high-risk groups. (F) The expression status of the 22 key genes in low-risk and high-risk group, and all the key genes show a high expression in low-risk group (*P < 0.05; **P < 0.01; ***P < 0.001). (G) Kaplan-Meier survival curves of the OS of patients shows a survival advantage in the low-risk group. (H) Multivariate Cox analyses confirm the independent prognostic value of risk score. (I) The nomogram predicts the probability of 36-month and 60-month mortality. (J) The calibration plot of the nomogram predicts the probability of the 3-year and 5-year OS

Risk score = −0.0767248 × exp (ETV7) − 1.0420572 × exp (KCNJ10).

Risk score cutoff was 0.58 calculated using the “survminer” R package and divided the TCGA BRCA cohort into a low-risk group and a high-risk group (patient distribution is in Supplementary Fig. S6). The AUC was drawn and compared between the risk score and age, T stage, N stage, M stage, AJCC tumor stage, and tumor mutation burden (TMB). This comparison showed that the risk score occupied the largest AUC, though no significant differences were identified compared with other factors (AUC of risk score = 0.625, Supplementary Fig. S7 and Table S5). We drew the distribution of the different survival statuses according to the risk score, which demonstrated that almost all the patients in a state of death were distributed in the high-risk group (Figs. 3C–3D). The expression pattern of the 22 key genes in the low-risk and high-risk groups were also distinguished and the expression of all the key genes were higher in the low-risk group than in the high-risk group (P < 0.05, Figs. 2E–2F). More critically, the low-risk group exhibited a favorable outcome in the survival analysis (P < 0.05, Fig. 3G). AJCC tumor stage, age, T stage, N stage, M stage, and risk score were included in a multivariate Cox analysis that showed risk score was an independent predictor of survival (P < 0.05, C-index: 0.69, Fig. 3H). Therefore, we constructed a nomogram that integrated these factors in the multivariate Cox analysis to quantify the predictive value for patient prognosis (Fig. 3I). The calibration curve showed that the predictive result for 3-year and 5-year survival of the nomogram is very close to the ideal predicted value, which confirms that the nomogram has good predictive power (Fig. 3J).

Since the 22 key genes were highly related to PD-1 expression, the correlation between the key genes and immune cells was also explored in this study. The density of TILs was speculated using the “GSVA” R package. We found that activated CD4 + cells, effector memory CD8 + T cells, activated CD8 + T cells, natural killer cells, immature B cells, MDSCs, activated dendritic cells, regulatory T cells, activated B cells, type 1 T helper cells, T follicular helper cells, monocytes, gamma delta T cells, macrophages, type 2 T helper cells, effector memory CD4 + T cells, central memory CD4 + T cells, natural killer cells, type 17 T helper cells, plasmacytoid dendritic cells, CD56-bright natural killer cells, memory B cells, immature dendritic cells and neutrophils showed a higher infiltration in the low-risk groups compared to the high-risk groups. On the other hand, the infiltration of central memory CD8 + T cells, eosinophils, mast cells and CD56-dim natural killer cells were not substantially different between the low-risk and high-risk (Fig. 4A). Subsequently, the risk score was found to be negatively correlated with the infiltration of the immune cells mentioned above (Fig. 4B). Conversely, the 22 key genes were mostly correlated with activated B cells, effector memory CD8 + T cells, type 1 T helper cells, activated CD8 + T cells, immature B cells, activated CD4 + T cells, activated dendritic cells and MDSCs, as shown in the correlation heatmap (Fig. 4C). We then correlated gene expression to the immune checkpoint genes for CTLA4, PD-1, PD-L1 and PD-L2, and the 22 key genes showed a positive correlation with these, sharing the highest correlation with CTLA4 and PD-1 (Fig. 4D). Of interest, the specific risk score range corresponded to particular immune checkpoint genes (Fig. 4E). The presence of stromal/immune cells revealed that the immune score in the low-risk group was higher (Fig. 4F). All of the above results suggest that the low-risk group has a stronger tumor immune response than the high-risk group, which may indicate an enhanced immunotherapy response in the low-risk group.
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Figure 4: Correlation of key genes, risk score and TILs. (A) The infiltration of 28 immune cells in low-risk and high-risk groups. (B) The correlation between 28 immune cells and risk score. (C) The correlation between 28 immune cells and 22 key genes. (D) The correlation between 4 immune checkpoint molecules and 22 key genes. (E) Chord diagram shows the correlation between 4 immune checkpoint molecules and risk score. (F) The stromal score and immune score in low-risk and high-risk groups (All the p value in this figure: *P < 0.05; **P < 0.01; ***P < 0.001)

3.4 Validation of the Prognostic and Immunotherapy Predictive Value in Independent Cohorts

To validate the predictive value of the risk score and the key genes, transcriptomic data and complete clinical information from the GSE42568 cohort and a large Phase II trial (IMvigor210) were included in this study. By integrating the two datasets into our prognostic model, the risk score was obtained and survival analyses were performed for the two datasets. In the GSE42568 cohort, the low-risk group had a survival advantage with a risk score cutoff value of −0.67 (P < 0.05, Figs. 5A–5B). The IMvigor210 cohort displayed similar results, where the low-risk group gained a survival advantage with a risk score cutoff value of −0.06 (P < 0.05, Figs. 5C–5D). Furthermore, the tumor response to immunotherapy was investigated in the IMvigor210 cohort to verify the prediction effect of the risk score. Results revealed that the risk score was significantly different when comparing CR with SD or PD, and when comparing PR with SD or PD (P < 0.05, Fig. 5E). Regarding CR and PR as positive immunotherapy responses, and SD and PD as negative immunotherapy responses, the immunotherapy response rate in the low-risk group was higher than in the high-risk group (Response rate: 40.2% vs. 31.5%, Fig. 5F). Consequently, the validation result confirmed the prognostic value in breast cancer and the predictive value in tumor response to immunotherapy of the risk score.
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Figure 5: Risk score validation in two independent cohorts. (A–B) Distribution plot and survival analysis in validation GSE42568 cohort. (C–D) Distribution plot and survival analysis in validation IMvigor210 cohort. (E) Risk score in different response status. (F) Response rate in low-risk and high-risk groups

4  Discussion

PD-1/PD-L1 inhibitors are a landmark milestone in the immunotherapy of breast cancer. However, a limited number of patients benefit from the therapy with PD-1/PD-L1 inhibitors. The objective response rates reported in published studies ranged from 6% to 53% in different cancers [15]. Studies focusing on predicting the response rate of immunotherapies have reported that the TME, extent of TILs, and TMB were predictive factors for the PD-1/PD-L1 inhibitor response [16]. PD-L1 expression has been widely reported as a predictor of PD-1/PD-L1 inhibitor response in many studies, but there are also studies that do not support the predictive value of PD-L1 expression [16–18]. In view of this, it is critical to obtain a more accurate prediction of immunotherapy response in the pursuit of precision therapy.

In this bioinformatic study, we identified 22 key genes that are highly associated with PD-1 and are differentially expressed between tumor tissues and normal tissues. Survival analyses also confirmed that high expression of the key genes was correlated with an overall survival advantage. A risk score was constructed and patients were classified into a low-risk and high-risk group. We found that the low-risk group had a superior survival outcome. More importantly, the risk score had a good predictive value in tumor response to immunotherapy, which was validated in an independent cohort. In our subsequent analyses, 28 immune cell types were identified (Immune cell abundance in Supplementary Table S6). Most of these cell types demonstrated a significantly high infiltration in the low-risk group, and the immune score was also higher in the low-risk group compared with the high-risk group. As a result, the risk score was negatively correlated with the 28 immune cell types. Among these immune cell types, activated B cells, effector memory CD8 + T cells, type 1 T helper cells, activated CD8 + T cells, immature B cells, activated CD4 + T cells, activated dendritic cells, and MDSCs not only had a high infiltration in the low-risk group, but also showed the highest correlation with the 22 key genes. We consider these eight immune cell types as critical components in this study. Moreover, we found that a specific range of the risk score corresponded to particular immune checkpoint genes, which may imply that the risk score can predict tumor response to different immune checkpoint inhibitors.

The expression of immune cells and immune-related genes is related to tumor prognosis [19]. T cells are known to be an important player in adaptive immunity and the main cellular component of anti-PD-1/PD-L1 therapy. Studies in melanoma and NSCLC have shown that the higher the number of CD8 + T cells infiltrating the margins and interior of tumor tissue, the higher the response rate to anti-PD-1 therapy [20,21]. In addition, tumor-infiltrating B cells can improve therapeutic efficacy by secreting antibodies and activating T cells, and tumor-infiltrating B cells are significantly enriched in the tissues of patients responding to immunotherapy [5,22,23]. There are also studies demonstrating that the number of MDSCs in the tumor is correlated with a poor prognosis of patients receiving PD-1/PD-L1 inhibitor treatment [24,25]. However, our study shows a high infiltration of MDSC in low-risk group, which contradicts existing research evidences, and further research is needed to clarify the controversy. On the whole, these data are generally consistent with the results of this study showing that high infiltration of T cells and B cells contribute to an improved response to immunotherapy. Studies focusing on the response rate of immunotherapies have shown that PD-L1 expression, density of TILs, TMB, mutations in tumor driver genes, antigen-presenting cells, molecules in the TME, and mismatch-repair deficiency were associate with treatment response to PD-1/PD-L1 inhibitor therapy [26–31]. However, because of difficulty with detection of the biomarkers mentioned above, the reliability of results still needs to be validated. In addition, some studies shown that the above biomarkers are not helpful in predicting the response of PD-1 inhibitors, and most of the biomarkers have not been widely recognized in breast cancer. Thus, the above biomarkers cannot be used to guide the immunotherapy of breast cancer for now [32,33].

Studies on gene expression profiles utilizing RNA expression datasets focusing on improving or predicting immunotherapy are also being carried out in various cancer types. Clinical trials demonstrate that IFNγ-related gene expression signatures help predict response to PD-1 checkpoint blockade in melanoma [34]. Chemokine genes CXCL10 and CXCL11 have been reported to be associated with anti-PD-1 efficacy in preclinical models of breast cancer [35]. FOXM1 and TOP2A have been reported to be valuable in predicting prognosis and response to PD-1 inhibitor therapy in clear cell renal cell carcinoma [36]. The overlap of the 22 key genes in this study with genes in existing studies demonstrates the scientific and practical value of our study.

However, there are still several limitations of the reported study. The number of samples for the final statistical analysis is greatly limited because of the large number of missing values for the clinical data in the TCGA database, which can therefore bias the analysis results. Additionally, although we generated a favorable predictive value for the bioinformatic analysis, we were not able to validate this in a prospective study for now. Limited by the scarcity of immunotherapy cohort data, our study included the urothelial carcinoma IMvigor210 cohort. This cohort is widely applied in studies of gastric cancer, hepatocellular carcinoma and even breast cancer [37–41]. Indeed, Urothelial carcinoma and breast cancer are cancers of different tissues, our result can only prove the predictive value of the risk score in tumor response to immunotherapy. However, the usefulness of this risk score in predicting immunotherapy response of real cases in breast cancer needs further evaluation.

Despite the limitations mentioned above, our study showed a connection between gene expression, risk score and TILs, and explored markers for predicting immunotherapy response. Our study therefore has a clinical translational value for breast cancer immunotherapy. With the application of new and advanced technologies in cancer research, it is expected to further reveal the mechanism of action of immunotherapy [42].

5  Conclusion

In conclusion, this work identified 22 key genes both highly correlated with PD-1 and significantly differentially expressed between tumor tissues and normal tissues. The risk score proved to be an independent factor for predicting breast cancer prognosis, and ETV7 and KCNJ10 were the most decisive genes. Furthermore, the risk score showed predictive value in tumor response to immunotherapy. Through the correlation analyses between risk score and TILs, the relationship between TILs and immunotherapy response was further confirmed, which has value for the practice and application of immunotherapy and subsequent research.
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