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Background

Gamma-aminobutyric acid (GABA) participates in the migration, differentiation, and proliferation of tumor cells. However, the GABA-related risk signature has never been investigated. Hence, we aimed to develop a reliable gene signature based on GABA pathways-related genes (GRGs) to predict the survival prognosis of breast cancer patients.





Methods

GABA-related gene sets were acquired from the MSigDB database, while mRNA gene expression profiles and corresponding clinical data of breast cancer patients were downloaded from the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) databases. Univariate Cox regression analysis was used to identify prognostic-associated GRGs. Subsequently, LASSO analysis was applied to establish a risk score model. We also constructed a clinical nomogram to perform the survival evaluation. Besides, ESTIMATE and ssGSEA algorithms were used to assess the immune cell infiltration among the risk score subgroups.





Results

A GRGs-related risk score model was constructed in the TCGA cohort, and validated in the GSE21653 cohort. The risk score was significantly related to the overall survival of breast cancer patients, which could predict the survival prognosis of breast cancer patients independently of other clinical features. Breast cancer patients in the low-risk score group exhibited higher immune cell infiltration levels.





Conclusion

A novel prognostic model containing five GRGs could accurately predict the survival prognosis and immune infiltration of breast cancer patients. Our findings provided a novel insight into investigating the immunoregulation roles of GRGs.
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Introduction

In women, breast cancer is more common than pulmonary cancer. Cancer statistics published by the ACS indicated that breast cancer will be the most common cancer in the United States. This trend will play out in China (1). Breast cancer is a primary threat to women’s health and it is the leading cause of cancer-associated death in women (2). At present, early detection and treatment of breast cancer can greatly decrease the mortality rate of breast cancer. However, it is often not diagnosed or discovered until after metastasis has happened (3). In addition, the main reason for the poor prognosis of breast cancer is that it starts from a local disease and spreads to other organs, which seriously hinders the effective treatment of breast cancer (4). A variety of treatments are currently available to treat breast cancer, including radiation therapy, hormone therapy, chemotherapy, and surgery. However, the prognosis for most breast cancer patients remains unfavorable, even those treated early (5, 6). These data demonstrated an urgent need to develop innovative approaches for breast cancer treatment to reduce its recurrence and death.

Gamma-aminobutyric acid (GABA) is non-protein amino widely found in vertebrates, plants, and microorganisms. The physiological effects of GABA are associated with preventing depression, promoting neuronal development, and regulating synaptic transmission (7, 8). In addition, various other pharmacological activities of GABA have also been reported, including intestinal protection, anti-allergy, anti-inflammatory, anti-cancer, etc. (9). GABA also contributes to the development and function of the immune system. According to a relevant study, GABA, as an immunomodulator, can regulate T cell proliferation and change T cell migration (10). Recent findings uncovered that tumor cell-derived GABA contributes to β-catenin-mediated immunosuppression and cancer cell growth (11). GABA derived from B cells recruits macrophages that generate IL-10 and suppress anti-tumor immunity (12). In addition, some studies have demonstrated that GABA receptors could inhibit cancer cell proliferation and suppress migration (13, 14). GABA type A receptor family genes exhibited distinct diagnostic and prognostic values for colon adenocarcinoma patients (15). Deficient GABA transaminase is associated with poor prognosis and cancer progression in hepatocellular carcinoma due to its role in tumor immunity (16). GABA level is a prognostic marker for breast cancer patients (17). Thus, an in-depth study of the role of GABA in cancer will facilitate the identification of novel prognostic markers and may provide more targets for immunotherapy and chemotherapy in breast cancer patients. However, there are very few studies on the GABA signaling pathway in breast cancer.

In the present study, we aimed to investigate the genes associated with the GABA signaling pathway to establish a novel prognostic risk model for breast cancer patients. The GABA signature was closely associated with the tumor immune microenvironment and can effectively predict the prognosis for breast cancer patients. In clinical diagnosis and treatment, the prognostic risk model constructed in the present study can help clinicians more accurately identify breast cancer patients with poor prognosis, and provide patients with more targeted examination and treatment. At the same time, our study also provides a theoretical basis and data support for further research on the role of GABA in breast cancer.





Methods and materials




Acquisition of data

For the discovery cohort, the transcriptome expression profiles and corresponding clinical data of breast cancer patients were downloaded from The Cancer Genome Atlas (TCGA). This discovery cohort contained 1109 breast cancer samples and 113 non-cancer samples. For the validation cohort, GSE21653 (252 breast cancer samples) dataset, with detailed clinical data, was downloaded from the Gene Expression Omnibus (GEO); the GSE22820 dataset (176 tumor samples and 10 normal samples) was also downloaded from GEO. Five GABA pathways-related datasets (WP GABA RECEPTOR SIGNALING, WP GABA METABOLISM AKA GHB, REACTOME GABA SYNTHESIS RELEASE REUPTAKE AND DEGRADATION, REACTOME GABA RECEPTOR ACTIVATION, BIOCARTA GABA PATHWAY) were acquired from MSigDB database (https://www.gsea-msigdb.org/). A total of 97 GABA pathways-related genes (GRGs) were selected for the research (Table S1). The “limma” package of R was applied to identify the differential expression of GRGs (DEGRGs) between the normal and tumor groups. The adjusted p-value was < 0.05, and the threshold was ∣logFC∣≥ 1. The volcano map of GRGs was generated using the “ggplot2” package of R.





Construction of protein-protein interaction (PPI) network

The Search Tool for Retrieving Interacting Genes (STRING) (http://string-db.org/) was used to establish the PPI network, the results were visualized by Cytoscape software.





Functional enrichment analysis of DEGRGs

The Kyoto Encyclopedia of Genes and Genomes (KEGG) and gene ontology (GO) enrichment analyses were performed to explore the potential biological functions of DEGRGs. The “clusterProfiler” package of R was used for enrichment analyses, and the significance threshold of p was < 0.05.





Establishment of the prognostic risk score model based on DEGRGs

First, we performed a univariate Cox analysis to identify the prognosis-related DEGRGs in breast cancer patients. P < 0.05 was used as the screening condition. Subsequently, we used the “survival” and “glmnet” packages of R to carry out the least absolute shrinkage and selection operator (LASSO) Cox regression analysis. Then, the risk score for each sample was calculated according to the following formula: risk score = coefficient of Gene A × expression of gene A + coefficient of Gene B × expression of gene B +…coefficient of Gene N × expression of gene N (18). The breast patients were divided into low- and high-risk groups based on the median risk score. In addition, the Kaplan-Meier curve analysis was carried out to assess the difference in overall survival between low- and high-risk groups by using the “survival” package of R. The “timeROC” and “ggplot2” packages of R were used to assess the predictive ability of the risk score model.





Establishment of nomogram

The “rms” and “survival” packages of R were used to construct a nomogram based on the risk score. An evaluation calibration curve was generated by plotting the nomogram-predicted survival probability and the observed survival probability.





Assessment of immune cell infiltration between the two risk score groups

Estimation of STromal and Immune cells in MAlignant Tumours using Expression (ESTIMATE) is an algorithm that applies gene expression profiles to calculate the score of immune and stromal cells in cancer tissue (19). Single-sample gene set enrichment analysis (ssGSEA) was used to quantify the score of immune cells in the tumor samples. The “GSVA” package of R was applied to perform the ssGSEA (20). The results of ESTIMATE and ssGSEA were presented in the form of a histogram. In addition, the “ggplot2” package of R was used to evaluate the correlation between risk score and immune cells.





Collection of samples and quantitative real-time polymerase chain reaction (qRT-PCR)

We collected 8 pairs of cancer tissues and peritumoral normal tissues from patients with breast cancer who received surgery between 2020 and 2021 at the Department of breast cancer surgery, Jiangxi Cancer Hospital. Before the surgery, patients did not undergo immunotherapy, chemotherapy, or radiotherapy. This study was approved by the ethics committee of Jiangxi Cancer Hospital. The RNA extraction reagent (ThermoFisher) was used to extract the total RNA from the tissue. The PrimeScript RT reagent kit (ThermoFisher) was used to perform the cDNA synthesis. Then, the Fast SYBR Green Master Mix (TaKaRa) was used to quantify the gene expression. The qRT-PCR was carried out on a StepOne Real-time PCR system (Applied Biosystems). The 2–ΔΔCt method was applied to quantify the relative gene expression level. The primers were listed in Table S2.





Tumor immune estimation resource (TIMER) database

The TIMER database (https://cistrome.shinyapps.io/timer/) is an online analysis tool, mainly used to visualize and analyze the level of tumor-infiltrating immune cells and calculate the abundance of various tumor immune cells from the TCGA database (21). In this study, we used the TIMER database to analyze the correlation between gene expression and immune cell infiltration in breast cancer.






Results




Analysis of DEGRGs in breast cancer

As shown in Figures 1A, B, a total of 43 DEGRGs were identified in the TCGA dataset, which included 28 up-regulated genes and 15 down-regulated genes. In addition, the results of GO-BP enrichment analysis indicated that these DEGRGs were significantly enriched in the regulation of membrane potential, neurotransmitter transport, anion transmembrane transport, amino acid transport, regulation of postsynaptic membrane potential, inorganic anion transmembrane transport, chloride transport, etc. The results of KEGG indicated that these DEGRGs were involved in GABAergic synapse, retrograde endocannabinoid signaling, morphine addiction, cholinergic synapse, circadian entrainment, glutamatergic synapse, apelin signaling pathway, relaxin signaling pathway, synaptic vesicle cycle, etc (Figure 1C).




Figure 1 | Analysis of DEGRGs in breast cancer. (A) Volcano plot of GRGs between tumor and normal groups. The green dots represent down-regulated genes, and the red dots represent up-regulated genes. (B) PPI network of DEGRGs. (C) Enrichment analyses of DEGRGs.







Construction and validation of the DEGRGs-related prognostic risk model

As shown in Figure 2A, 7 overall survival-related genes were identified by univariate Cox regression analysis of the 43 DEGRGs. Subsequently, the 7 overall survival-related genes were subjected to the LASSO Cox regression analysis, and 5 genes were identified and selected for the construction of the prognostic risk model (Figures 2B, C). The risk score model was calculated by the following formula: risk score = 0.5792 × expression of SLC6A1 + (-0.0485) × expression of ABAT + (-0.006) × expression of ADCY1 + (-0.2103) × expression of ADHFE1 + (-0.0188) × expression of GNG7. The results of Kaplan-Meier curves indicated that breast cancer patients in the high-risk score group had a worse prognosis than those in the low-risk group (Figure 2D, p < 0.001). Figure 2E presented the survival status of breast cancer patients and the expression of risk score-related genes sorted by risk score, and results indicated that patients in the high-risk score group were more likely to die. In addition, we used the ROC curve to assess the predictive performance of the risk score model. The AUC for the risk score model was 0.523 at 1-year, 0.697 at 3-year, and 0.655 at 5-year (Figure 2F), these results indicated that the risk score model exhibited discrimination.




Figure 2 | Construction of DEGRGs-related risk score model in TCGA dataset. (A) Univariate Cox regression analysis of DEGRGs. (B, C) LASSO regression analysis of 7 overall survival-related DEGRGs. (D) Kaplan-Meier survival analysis of risk score in the TCGA. (E) The expression level of DEGRGs (below), survival status (middle), and the distribution of risk scores in the low- and high-risk score groups (upper). (F) Time-dependent ROC curve analyses. Validation of DEGRGs-related risk score model in GSE21653 dataset. (G) Kaplan-Meier survival analysis of risk score in the GSE21653. (H) The expression level of DEGRGs (below), survival status (middle), and the distribution of risk scores in the low- and high-risk score groups (upper). (I) Time-dependent ROC curve analyses.



Furthermore, the prognostic values of the risk score and clinical characteristics were further investigated by univariate and multivariate analyses. As presented in Table S3, our results indicated that age, M stage, and risk score were independently associated with the outcome in breast cancer patients.

We also validated the predictive ability of the risk score model by the GSE21653 dataset. Kaplan-Meier curves indicated that breast cancer patients in the high-risk score group had a worse prognosis (Figure 2G, p = 0.006). The breast cancer patients in the high-risk score group were more likely to die (Figure 2H). The AUC for the risk score model was 0.54 at 1-year, 0.608 at 3-year, and 0.633 at 5-year (Figure 2I). The findings of the discovery cohort and validation cohort were comparable, implying that our prognostic model has considerable stability for the prediction of breast cancer patients.





Construction of the nomogram

The 1-, 3-, and 5-year prediction nomograms of breast cancer patients were drawn based on the risk score (Figure 3A). In addition, as shown in Figure 3B, the 1-, 3-, and 5-year calibration curves for overall survival showed a good fit between observed and predicted survival, the findings also demonstrated the accuracy of the prognostic nomogram.




Figure 3 | Construction and assessment of the nomogram. (A) Development of nomograms for predicting prognosis. (B) Calibration curve for predicting 1-, 3-, and 5-year survival in breast cancer patients. ***p < 0.001.







Differences in immune status between low- and high-risk score groups

We also investigated whether the tumor microenvironment was related to the risk score. As shown in Figures 4A–C, the high-risk group had a significantly higher ESTIMATE score (p < 0.001), higher stromal score (p < 0.001), and lower immune score (p < 0.01) compared to those in the low-risk score group. In addition, the results of ssGSEA indicated that the enrichment scores of T cells, aDC (activated dendritic cells), B cells, CD8 T cells, cytotoxic cells, DC (dendritic cells), NK CD56bright cells, NKCD56dim cells, TFH, and TReg in the high-risk score group were significantly lower than those in the low-risk score group (p < 0.05). Whereas, the enrichment scores of eosinophils, macrophages, mast cells, neutrophils, NK cells (natural killer cells), Tcm, and Tgd in the high-risk score group were significantly higher than those in the low-risk score group (p < 0.05) (Figure 4D).




Figure 4 | The association between the immune status and risk score. The comparison of ESTIMATE score (A), Immune score (B), and Stromal score (C) between the low- and high-risk score groups. (D) The box plot presented the differences in immune cell infiltration between the low- and high-risk score groups. (E) Correlation analysis of the risk score and immune cell infiltration in breast cancer. *p < 0.05, **p < 0.01, ***p < 0.001. "ns" is no significant difference.



Furthermore, we also performed the correlation analysis between the DEGRGs-related risk score and immune cell infiltration. As shown in Figure 4E, the infiltration level of the T cells, aDC, B cells, CD8 T cells, cytotoxic cells, DC, NK CD56bright cells, NKCD56dim cells, TFH, and TReg were negatively associated with the risk score, while the levels of the eosinophils, macrophages, mast cells, neutrophils, NK cells, Tcm, and Tgd were positively associated with the risk score.





Evaluation of the prognostic value of DEGRGs in the TCGA dataset

The expression level of ABAT (Figure 5A), and SLC6A1 (Figure 5I) was significantly up-regulated in the tumor group. In contrast, the expression level of ADHFE1 (Figure 5E) and GNG7 (Figure 5G) was significantly down-regulated in the tumor group. The up-regulation of ABAT (Figure 5B), ADCY1 (Figure 5D), and SLC6A1 (Figure 5J) were associated with poor prognosis in breast cancer patients (p < 0.05). The down-regulation of ADHFE1 (Figure 5F), and GNG7 (Figure 5H) was associated with poor prognosis in breast cancer patients (p < 0.05). There was no significant difference in the mRNA expression of ADCY1 (Figure 5C) in the primary breast tumor and normal breast tissue. These results indicated that ABAT, SLC6A1, ADHFE1, and GNG7 were the potential prognostic biomarkers for breast cancer.




Figure 5 | Evaluation of the prognostic value of DEGRGs in the TCGA dataset. The expression level of ABAT (A), ADCY1 (C), ADHFE1 (E), GNG7 (G), and SLC6A1 (I) in the TCGA dataset. Kaplan-Meier survival analysis of ABAT (B), ADCY1 (D), ADHFE1 (F), GNG7 (H), and SLC6A1 (J) in the TCGA breast cancer patients. ***p < 0.001. "ns" is no significant difference.







Validation of the expression level of the DEGRGs

As shown in Figure 6, the expression level of DEGRGs was verified using the GSE22820 dataset and clinical samples. The mRNA expression level of ADHFE1 and GNG7 was significantly down-regulated in the primary breast tumor. In contrast, the expression level of ABAT and SLC6A1 was significantly up-regulated in the primary breast tumor. There was no significant difference in the mRNA expression of ADCY1 in the primary breast tumor and normal breast tissue. This result was consistent with the above finding.




Figure 6 | Verification of expression of the five DEGRGs. (A) Gene expression level of five DEGRGs in the GSE22820 dataset. (B) Gene expression level of five DEGRGs in 8 pairs of breast cancer tissue samples. *p < 0.05, ***p < 0.001. "ns" is no significant difference.







Correlation analysis of the DEGRGs and immune cell infiltration in breast cancer

As shown in Figure 7A, the ABAT expression had a significantly negative correlation with infiltrating level of B cell (p = 1.33×10-3), and dendritic cell (p = 1.63×10-3); the ABAT expression had a significantly positive correlation with infiltrating level of macrophage (p = 1.43×10-4). ADCY1 expression had a significantly negative correlation with infiltrating level of B cell (p = 2.29×10-5), neutrophil (p = 5.56×10-4), and dendritic cell (p = 4.94×10-4) (Figure 7B). ADHFE1 expression had a significantly negative correlation with infiltrating level of B cell (p = 2.71×10-4); ADHFE1 expression had a significantly positive correlation with infiltrating level of CD4+ T cell (p = 3.84×10-6) (Figure 7C). GNG7 expression had a significantly positive correlation with infiltrating level of CD4+ T cell (p = 1.62×10-6) (Figure 7D). SLC6A1 expression had significantly positive correlation with infiltrating level of CD8+ T cell (p = 8.23×10-6), CD4+ T cell (p = 5.45×10-5), macrophage (p = 6.86×10-27), neutrophil (p = 1.87×10-5), and dendritic cell (p = 1.23×10-4) (Figure 7E). Our findings indicated that these DEGRGs play a vital role in the immune infiltration of breast cancer.




Figure 7 | Correlation analysis of the ABAT (A), ADCY1 (B), ADHFE1 (C), GNG7 (D) SLC6A1 (E) and immune cell infiltration levels in breast cancer.








Discussion

Breast cancer is a typical heterogeneous cancer. It is the malignant tumor with the highest incidence rate in women and poses a serious threat to women’s health. Despite significant advances in the treatment of breast cancer in recent years. However, it is still very important to develop effective markers for the diagnosis and prognosis of breast cancer, especially in the early diagnostic detection of breast cancer (22). In our study, we intended to construct an efficient prognostic model for breast cancer patients and identify specific targets for the diagnosis and treatment of breast cancer.

In the present study, a DEGRGs-related risk score model that efficaciously classified breast cancer patients and predicted overall survival was constructed based on the GABA pathways. This risk score model comprised five genes (ABAT, SLC6A1, ADCY1, ADHFE1, and GNG7), and it had excellent predictive power in the discovery and validation cohorts. In addition, in terms of AUC for the risk model’s ROC curve, the prognostic model exhibited good diagnostic performance for the prediction of 3-year and 5-year survival rates. Multivariate analysis revealed that risk score was an independent prognostic factor for breast cancer patients. These findings implied that the risk model had significant clinical implications in the diagnosis and prediction of clinical outcomes of breast cancer patients. Furthermore, we also performed ESTIMATE and ssGSEA analyses to investigate the immune cell infiltration landscape between the low- and high-risk groups. Our findings revealed that the high-risk group exhibited a bad prognosis and an immunosuppressive microenvironment characterized by low immune score and low infiltration level of immune cells. Especially, in the high-risk group with poor prognosis, there was a significant decrease in the infiltration of CD8 T cells and dendritic cells (DC). The results were consistent with previous studies: a low CD8 T cells score was associated with poorer survival in triple-negative breast cancer (23); Breast cancer patients with low DC count tended to have shorter progression-free survival than patients with high infiltrated DC (24). These findings further showed that GRGs may play a vital role in the changed tumor immune microenvironment in breast cancer.

The proposed risk score model contained five GRGs, including ABAT, SLC6A1, ADCY1, ADHFE1, and GNG7. Gamma-aminobutyrate aminotransferase (ABAT) was down-regulated in liver cancer tissue and cell levels, and low expression of ABAT was associated with poor prognosis in liver cancer (25). In addition, the down-regulation of ABAT expression was associated with poor first-line endocrine therapy outcomes in patients with advanced disease (26). Solute carrier family 6 member 1 (SLC6A1) overexpression promoted clear cell renal cell carcinoma cell invasion, migration, and proliferation (27). SLC6A1 overexpression was associated with tumor progression and poor prognosis in patients with prostate cancer (28). SLC6A1 was up-regulated in colorectal cancer and can be used as an independent marker for colorectal cancer prognosis (29). Adenylyl cyclase 1 (ADCY1) overexpression inhibited glioma cell invasion, migration, and proliferation (30). Low expression of ADCY1 was related to pancreatic adenocarcinoma patients’ overall survival, and it was an independent risk factor for pancreatic adenocarcinoma (31). Alcohol dehydrogenase iron containing 1 (ADHFE1) encoded hydroxy acid-oxyacid trans-hydro enzymes involved in a variety of biological processes, including cancer (32). Up-regulation of ADHFE1 suppressed the proliferation of colorectal cancer cells through regulation of the cell cycle (33). ADHFE1 contributed to metabolic reprogramming with a reductive glutamine metabolism in breast tumors (34, 35). G Protein Subunit Gamma 7 (GNG7) is involved in inducing apoptosis and regulating cell proliferation (36, 37). GNG7 prevented tumorigenesis in lung adenocarcinoma cells by suppressing E2F transcription factor 1 (38). GNG7 was a promising prognostic biomarker and was related to immune cell infiltration in colorectal cancer (39). Overall, these GRGs were closely associated with tumor progression, which merits further investigation.

However, our study has some shortcomings. Although the expression level of five DEGRGs was validated by qRT-PCR in 8 pairs of clinical samples, a larger number of samples would make the results more reliable. In addition, the prognostic performance of the risk model needs to be validated in larger breast cancer cohorts.





Conclusion

In conclusion, this was the first research to investigate the role of GABA-related pathways and construct the DEGRGs-related risk score model in breast cancer. This risk score model could effectively predict the prognosis of breast cancer patients. In addition, five DEGRGs associated with this risk model may be involved in the progression of breast cancer via impacting immune cell infiltration. Our findings could provide a scientific basis for the study of the GABA signaling pathway in breast cancer.





Data availability statement

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





Author contributions

LY wrote the manuscript. JZ designed the study. LW, LH, and YG analyzed the data. QL reviewed and edited the manuscript. All authors contributed to the article and approved the submitted version.





Conflict of interest

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





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2023.1108823/full#supplementary-material

Supplementary Table 1 | GABA pathways-related genes (GRGs) were acquired from MSigDB database (https://www.gsea-msigdb.org/).




References

1. Xia, C, Dong, X, Li, H, Cao, M, Sun, D, He, S, et al. Cancer statistics in China and united states, 2022: profiles, trends, and determinants. Chin Med J (2022) 135(5):584–90. doi: 10.1097/CM9.0000000000002108

2. Siegel, RL, Miller, KD, Fuchs, HE, and Jemal, A. Cancer statistics, 2021. CA: Cancer J Clin (2021) 71(1):7–33. doi: 10.3322/caac.21654

3. Peart, O. Metastatic breast cancer. Radiologic Technol (2017) 88(5):519m–39m.

4. Park, M, Kim, D, Ko, S, Kim, A, Mo, K, and Yoon, H. Breast cancer metastasis: Mechanisms and therapeutic implications. Int J Mol Sci (2022) 23(12):6806. doi: 10.3390/ijms23126806

5. Ciriello, G, Gatza, ML, Beck, AH, Wilkerson, MD, Rhie, SK, Pastore, A, et al. Comprehensive molecular portraits of invasive lobular breast cancer. Cell (2015) 163(2):506–19. doi: 10.1016/j.cell.2015.09.033

6. Bedognetti, D, Hendrickx, W, Marincola, FM, and Miller, LD. Prognostic and predictive immune gene signatures in breast cancer. Curr Opin Oncol (2015) 27(6):433–44. doi: 10.1097/CCO.0000000000000234

7. Comninos, AN, Yang, L, O’Callaghan, J, Mills, EG, Wall, MB, Demetriou, L, et al. Kisspeptin modulates gamma-aminobutyric acid levels in the human brain. Psychoneuroendocrinology (2021) 129:105244. doi: 10.1016/j.psyneuen.2021.105244

8. Siucinska, E. Γ-aminobutyric acid in adult brain: An update. Behav Brain Res (2019) 376:112224. doi: 10.1016/j.bbr.2019.112224

9. Ngo, DH, and Vo, TS. An updated review on pharmaceutical properties of gamma-aminobutyric acid. Molecules (Basel Switzerland) (2019) 24(15):2678. doi: 10.3390/molecules24152678

10. Jin, Z, Mendu, SK, and Birnir, B. GABA is an effective immunomodulatory molecule. Amino Acids (2013) 45(1):87–94. doi: 10.1007/s00726-011-1193-7

11. Huang, D, Wang, Y, Thompson, JW, Yin, T, Alexander, PB, Qin, D, et al. Cancer-cell-derived GABA promotes β-catenin-mediated tumour growth and immunosuppression. Nat Cell Biol (2022) 24(2):230–41. doi: 10.1038/s41556-021-00820-9

12. Zhang, B, Vogelzang, A, Miyajima, M, Sugiura, Y, Wu, Y, Chamoto, K, et al. B cell-derived GABA elicits IL-10(+) macrophages to limit anti-tumour immunity. Nature (2021) 599(7885):471–6. doi: 10.1038/s41586-021-04082-1

13. Wang, T, Huang, W, and Chen, F. Baclofen, a GABAB receptor agonist, inhibits human hepatocellular carcinoma cell growth in vitro and in vivo. Life Sci (2008) 82(9-10):536–41. doi: 10.1016/j.lfs.2007.12.014

14. Schuller, HM, Al-Wadei, HA, and Majidi, M. GABA b receptor is a novel drug target for pancreatic cancer. Cancer (2008) 112(4):767–78. doi: 10.1002/cncr.23231

15. Yan, L, Gong, YZ, Shao, MN, Ruan, GT, Xie, HL, Liao, XW, et al. Distinct diagnostic and prognostic values of γ-aminobutyric acid type a receptor family genes in patients with colon adenocarcinoma. Oncol letters (2020) 20(1):275–91. doi: 10.3892/ol.2020.11573

16. Gao, X, Jia, X, Xu, M, Xiang, J, Lei, J, Li, Y, et al. Regulation of gamma-aminobutyric acid transaminase expression and its clinical significance in hepatocellular carcinoma. Front Oncol (2022) 12:879810. doi: 10.3389/fonc.2022.879810

17. Brzozowska, A, Burdan, F, Duma, D, Solski, J, and Mazurkiewicz, M. γ-amino butyric acid (GABA) level as an overall survival risk factor in breast cancer. Ann Agric Environ medicine: AAEM (2017) 24(3):435–9. doi: 10.26444/aaem/75891

18. Wu, M, Li, X, Zhang, T, Liu, Z, and Zhao, Y. Identification of a nine-gene signature and establishment of a prognostic nomogram predicting overall survival of pancreatic cancer. Front Oncol (2019) 9:996. doi: 10.3389/fonc.2019.00996

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

20. Hänzelmann, S, Castelo, R, and Guinney, J. GSVA: Gene set variation analysis for microarray and RNA-seq data. BMC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7

21. Li, T, Fan, J, Wang, B, Traugh, N, Chen, Q, Liu, JS, et al. TIMER: A web server for comprehensive analysis of tumor-infiltrating immune cells. Cancer Res (2017) 77(21):e108–e10. doi: 10.1158/0008-5472.CAN-17-0307

22. Low, SK, Zembutsu, H, and Nakamura, Y. Breast cancer: The translation of big genomic data to cancer precision medicine. Cancer science (2018) 109(3):497–506. doi: 10.1111/cas.13463

23. Oshi, M, Asaoka, M, Tokumaru, Y, Yan, L, Matsuyama, R, Ishikawa, T, et al. CD8 T cell score as a prognostic biomarker for triple negative breast cancer. Int J Mol Sci (2020) 21(18):6968. doi: 10.3390/ijms21186968

24. Szpor, J, Streb, J, Glajcar, A, Frączek, P, Winiarska, A, Tyrak, KE, et al. Dendritic cells are associated with prognosis and survival in breast cancer. Diagnostics (Basel Switzerland) (2021) 11(4):702. doi: 10.3390/diagnostics11040702

25. Han, H, Zhou, S, Chen, G, Lu, Y, and Lin, H. ABAT targeted by miR-183-5p regulates cell functions in liver cancer. Int J Biochem Cell Biol (2021) 141:106116. doi: 10.1016/j.biocel.2021.106116

26. Jansen, MP, Sas, L, Sieuwerts, AM, Van Cauwenberghe, C, Ramirez-Ardila, D, Look, M, et al. Decreased expression of ABAT and STC2 hallmarks ER-positive inflammatory breast cancer and endocrine therapy resistance in advanced disease. Mol Oncol (2015) 9(6):1218–33. doi: 10.1016/j.molonc.2015.02.006

27. Maolakuerban, N, Azhati, B, Tusong, H, Abula, A, Yasheng, A, and Xireyazidan, A. MiR-200c-3p inhibits cell migration and invasion of clear cell renal cell carcinoma via regulating SLC6A1. Cancer Biol Ther (2018) 19(4):282–91. doi: 10.1080/15384047.2017.1394551

28. Chen, C, Cai, Z, Zhuo, Y, Xi, M, Lin, Z, Jiang, F, et al. Overexpression of SLC6A1 associates with drug resistance and poor prognosis in prostate cancer. BMC cancer (2020) 20(1):289. doi: 10.1186/s12885-020-06776-7

29. Wang, QQ, Wei, Y, Luo, LP, Li, X, and Jiang, WJ. Integrated analysis of DNA repair genes identifies SLC6A1 as a new marker for the clinical outcome of patients with colorectal cancer. Dis markers (2022) 2022:4952812. doi: 10.1155/2022/4952812

30. Yao, G, Le, S, Min, S, Gao, Z, Cai, C, and Deng, L. CUX2 prevents the malignant progression of gliomas by enhancing ADCY1 transcription. Exp Brain Res (2022) 240(12):3153–65. doi: 10.1007/s00221-022-06481-w

31. Zhang, Y, Yang, J, Wang, X, and Li, X. GNG7 and ADCY1 as diagnostic and prognostic biomarkers for pancreatic adenocarcinoma through bioinformatic-based analyses. Sci Rep (2021) 11(1):20441. doi: 10.1038/s41598-021-99544-x

32. Chen, Q, Wu, Q, and Peng, Y. ADHFE1 is a correlative factor of patient survival in cancer. Open Life Sci (2021) 16(1):571–82. doi: 10.1515/biol-2021-0065

33. Hu, YH, Ma, S, Zhang, XN, Zhang, ZY, Zhu, HF, Ji, YH, et al. Hypermethylation of ADHFE1 promotes the proliferation of colorectal cancer cell Via modulating cell cycle progression. OncoTargets Ther (2019) 12:8105–15. doi: 10.2147/OTT.S223423

34. Mishra, P, Tang, W, Putluri, V, Dorsey, TH, Jin, F, Wang, F, et al. ADHFE1 is a breast cancer oncogene and induces metabolic reprogramming. J Clin Invest (2018) 128(1):323–40. doi: 10.1172/JCI93815

35. Mishra, P, Tang, W, and Ambs, S. ADHFE1 is a MYC-linked oncogene that induces metabolic reprogramming and cellular de-differentiation in breast cancer. Mol Cell Oncol (2018) 5(3):e1432260. doi: 10.1080/23723556.2018.1432260

36. Zhou, JY, Liu, JY, Tao, Y, Chen, C, and Liu, SL. LINC01526 promotes proliferation and metastasis of gastric cancer by interacting with TARBP2 to induce GNG7 mRNA decay. Cancers (2022) 14(19):4940. doi: 10.3390/cancers14194940

37. Liu, J, Ji, X, Li, Z, Yang, X, Wang, W, and Zhang, X. G Protein γ subunit 7 induces autophagy and inhibits cell division. Oncotarget (2016) 7(17):24832–47. doi: 10.18632/oncotarget.8559

38. Zheng, H, Tian, H, Yu, X, Ren, P, and Yang, Q. G Protein gamma 7 suppresses progression of lung adenocarcinoma by inhibiting E2F transcription factor 1. Int J Biol macromolecules (2021) 182:858–65. doi: 10.1016/j.ijbiomac.2021.04.082

39. Fang, C, Zhong, R, Qiu, C, and Zou, BB. The prognostic value of GNG7 in colorectal cancer and its relationship with immune infiltration. Front Genet (2022) 13:833013. doi: 10.3389/fgene.2022.833013




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 Yang, Zhu, Wang, He, Gong and Luo. 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-13-1108823-g002.jpg
gene_name  HR cl P
ADCY4 0710 05130983  —e—) 0.039
ADHFE1 0679 04900940  —o—i, 00198

'
SLC6A1 1618  1.173-2.233 ! —e——— 00034
GNG3 0712 05150.984 n—o—|: 0.0398
ADCY1 0722 05220998  +e— 0.0484
GNG7 0686  0.498-0.945 n—o—ci 00212
ABAT 0713 0.518-0.982 l—.—ll 0.0382

B T777777777777777T7717777777665555433333220 Cc
8
2
s
H
g £
B 5}
[} Q
= o
s
T
5
o
D E F
TCGA 0 08 ' 0
1.0 ) Ly E 04 : Risk group
—— High : 0.0 ) . Low 08
% * High
208 2 j.; g
i . = 06
8 2 8000 E
g %8 £ 5000 status 2
o © * Alive E
s 2 40004¢ B 04
g 04 € 2000 o Dead §
5 @ 0
7
02 sowrer [ T T 02 s — tovear (UG- 0529)
s L0useael \l”\l\ H|[ H H\ | 4 — 3-Year (AUG=0.697)
| ] 4
0.0 P <0.001 | ‘H | ‘ 0.0 |/ —— 5-Year (AUC = 0.655)
S NG? il i | ‘|‘ | MH mn‘J i ’ |\NMN\\ . S e
Time (days) " 2 1-Specificity (FPR)
G |
GSE21653 Risk group 1.0
* Low
1.0 —+ Low - High
—— High 08
08 —
2 '3
o
| £ 08
g oe Status B
a Alive 2
g 04 Dead '% 04
g 3
@
02 —— 0z — -Year (AUC = 0.540)
HR = 2.19 (1.25-3.85) H | “ lm \| m — 3.Year (AUC = 0.608)
0.0 P=0006 | l - 8 — 5-Year (AUC = 0.633)
T T T X
0 2000 4000 6000 NI L 00 02 04 06 08 10
Time (days) 1-Specificity (FPR)

‘ HH /‘.z





OEBPS/Images/fonc-13-1108823-g007.jpg
CDg+ T Cell
~ partial.cor

CD4+TCell Macrophage Neutrophi Dendriic Cell

- partial.cor = ~ partial.cor = 0.121 partial.cor = ~0.039| partial.cor = -0.102
*p=143e-04 p*= 1.636-63

s

=
E
;
g
s
3
H

02 04 05 00 01 02 03 04 0500 01 02 03 04
Infillration Level

Bcal CoB+ T Call CO4+ T Cal Macrophage Neutrophi

partal.cor = ~0.135 partial.cor = -0.041 partial.cor = 0.044 partial.cor = -0.112|
b = 2.26-05| b=196-01 p=1.66e-01 P =5.566-04|

ADCY1 Expression Level (log2 1PM)

5018
8
&
254
004
00 o1 02 05 a4 0500 01 02z 03 04 00 o1 0z 03 00 05 0
Infiration Level
Pty BCel Co8 T Gal ot Tcan
4 “ogr =-0.102| . : partial.cor = 001 partial cor = 0.148
5 p=1256-03| | * 1 56e-01| [* = 3.84e-06 |

BRCA

ADHFET Expression Level (log2 TPM)

06 00 o1 02 03 04 0500 01 02 03 04 00 01 o2 03 00 s o
Infiltration Level

s ot T Gal Macrophage Neutropni Dendiil Cel
z partial cor= 0154 |+ partial.cor= 0048 [+ partial.cor = 0.016 « partialcor = 0012
. p=1626-06 |« p=130e-01 « p=6.15e-01 + p=7210-01

BROA

GNG7 Expression Level (log2

06 00 o1 02 03 0¢ 0500 01 02z 03 0s 00 a1 0z 03 00 05 0
Infiltration Level

B Cel C08+ 7 Gl GO+ 7 Cel Macrophage Dendrito Coll
259 . partilcor = 20036 .+ patalcor=0142| [ . - partialcor=013 |, 2 g parkal.cor = 0124
p=257e-01 p=8.23¢-05 450-05 230-04

BRCA

G0 01 0z 03 g4 0500 01 02z 03 a4 go 01 o0z 03 00 05 g
e e

SLC6AT Expression Level (log2 1PM)






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        A novel risk score model based on gamma-aminobutyric acid signature predicts the survival prognosis of patients with breast cancer

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          Introduction

        



        		

          Methods and materials

        

          		

            Acquisition of data

          



          		

            Construction of protein-protein interaction (PPI) network

          



          		

            Functional enrichment analysis of DEGRGs

          



          		

            Establishment of the prognostic risk score model based on DEGRGs

          



          		

            Establishment of nomogram

          



          		

            Assessment of immune cell infiltration between the two risk score groups

          



          		

            Collection of samples and quantitative real-time polymerase chain reaction (qRT-PCR)

          



          		

            Tumor immune estimation resource (TIMER) database

          



        



        



        		

          Results

        

          		

            Analysis of DEGRGs in breast cancer

          



          		

            Construction and validation of the DEGRGs-related prognostic risk model

          



          		

            Construction of the nomogram

          



          		

            Differences in immune status between low- and high-risk score groups

          



          		

            Evaluation of the prognostic value of DEGRGs in the TCGA dataset

          



          		

            Validation of the expression level of the DEGRGs

          



          		

            Correlation analysis of the DEGRGs and immune cell infiltration in breast cancer

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-13-1108823-g004.jpg
ESTIMATEScore

6000

4000
2000
4000 3000

g o 100

2000 g 2000 2
2 2 o

]

S 1000 £

0 E g

3 @
= 1000

-2000

-1000 2000

-4000

Low risk High risk Low risk High risk

0.8 krk wak kak ke xkr ke wx NS & wex w2k ke wer ewn !15 NS * NS «+ #+ NS NS NS #+
.

8 o6 ., = g H,
S . .3
2 04 ' H 1, M Low risk
é T : o ! H B8 High risk
E 02 . 1 !
k) .
c 004! i 4 e oL .
i .t C : T a3

..

5
N

9 O 32 02 320 220 2 W2 A2 32 @ 32,0 2 . D W2 W@ W@
FESEF T EE RS EFEFSESS 5%

C; F L E S
A QAT RGP RPN
S 2 € ¢ & O
P S G T A
DAY & NP &
G W~ S
O
&
2
B
8
2 » £
23 2 &, % 3 .
Y z g 2 = g o 2 T o
e v 3 g g & 8 é 3 2 & 3 8 3 &
g & 8 2 2 o 8 3 3 S 9 8 2 g E T 5o T oo
S o8 58882 8858k @EERE
Risk score [N IR 1+ R0 50 e [ [ - - - T -
-
" I
- o
-
- w1
= e
Macrophages ** > e wx w
Mast cells | #% | #% o wr wx
Neutrophils - LR
NK CDS6bright cells o o B
NKCOSOdin ol <+ (oo [ w+ (s e e
NKcells (#8. #x s » ax ax w - BN
*p<0.05 pDC [#% o anww W -
“poon Toors 58] v [
Thelpercells [l *#* [#% ~+ [ax | ax an Cax
Correlation Tem =
10
N Tom [ e [EE + [
00 TRH o+ [ e e [ERD
05 Tgd **
10 Thi cells «
Th17 cells **
Th2 cells = **





OEBPS/Images/fonc.2023.1108823_cover.jpg
, frontiers ‘ Frontiers in Oncology

A novel risk score model
based on gamma-aminobutyric
acid signature predicts the
survival prognosis of patients
with breast cancer





OEBPS/Images/fonc-13-1108823-g003.jpg
.0 10 20 30 40 50 60 70 80 90 100
Points | L I 1 1 L 1 1 1 1 ]

age(-) v
85 4520

Risk score(***)

-04  -0.2 0 02 04 06 08 1 12
26.78
Total points T T T \ S T T T T T T T
0 10 20 30 40 50 60 70 80 90 100 110
Linear Predictor T T T T T T T T T T 1
08 -06 -04 -02 0 02 04 06 08 1 1.2 1.4
1-year survival r T T 1
0.95 0.9 0.85 0.8

3-year survival r T T T T T T T T T 1
0.9 0.85 0.8 0.75 0.7 065 06 055 0.5 045 04

S-year survival T T T T
0.85

— 1-Year

— 3-Year
5-Year
Ideal line

Observed fraction survival probability

03 04 05 06 07 08 09 1.0
Nomogram predicted survival probability





OEBPS/Images/fonc-13-1108823-g006.jpg
Relative mRNA expression

Gene expression levels

20

15

10

ol

el

SLC6A1 ABAT

Relatve mRNA expression

Cancer

GSE22820

ns

‘&‘ aae

b L7 L™

ADCY1  ADHFE1 GNG7

Relative mRNA expression

§
§
]
€
3
E3

i

g

g &

B3 primary breast tumor
B3 normal breast tissue






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





OEBPS/Images/fonc-13-1108823-g005.jpg
The expression of ABAT
Log, (FPKM+1)

‘I'he expression of ADHFE
Log, (FPKM+1)

o

10 104
08 . 0.8
2 0 =
. 2 2
8 o6 5% £ 064
2 < g
= o =
S o4 2= S 044
3 2s 2
59
5 o8 5
? 02 o ? 02
Overall Survval 2 T overai suver
HR = 0.71 (0.62-0.98) F HR=0.72 (0.52-1.00)
0.0 P=0039 0.0 P=0048
b
0 100 200 300 100 200 300
Time (months) Time (months)
10 ADHFE1 5 e 104 GNGT
—+ Low .

— High
08

o
>

Survival probability
o
=

o
~

Overall Survival
HR = 0.68 (0.49-0.94)

004 P=0018

0 100 200 300
Time (months)

2.0

o
L

Survival probability

The expression of SLC6A1
Log, (FPKM+1)
o %
b o

The expression of GNG7
Log, (FPKM+1)

°
ks

3
El
8
[
5
T
2
=
5
@

o
N

Overall Survival
HR = 0.69 (0.50-0.95)
4 p=0022

o
°

100 200 300
Time (months)

SLCBA1
— Low
— High

»
@

a2
S

=
o

Overall Survival
HR =162 (1.17-2.23)
P=0.003

2
°

0 100 200 300
Time (months)





OEBPS/Images/fonc-13-1108823-g001.jpg
-Log 1o (Fad))

150

100

50

Log, (Fold Change)

regulation of membrane potential
neurotransmitter transport

anion transmembrane transport
amino acid transport

regulation of postsynaptic membrane potential o )
inorganic anion transmembrane transport O | P oso80e-14
chloride transport 1.654492e-14
chloride transmembrane transport AR

gamma-aminobutyric acid signaling pathway
acidic amino acid transport

5.514973e-15
1.149917e-72

GABAergic synapse Counts
e e O 2
Retrograde endocannabinoid signaling
Morphine addiction O 0
Cholinergic synapse O 40

Circadian entrainment
Glutamatergic synapse
Apelin signaling pathway
Relaxin signaling pathway
Synaptic vesicle cycle
Nicotine addiction

BhEM

0.20.30.40.50.60.7
GeneRatio





