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Aims

As sex hormone-dependent tumors, it remains to be clarified whether there is a common genetic signature and its value between breast and endometrial cancers. The aim of this study was to establish the shared sex hormone metabolism-related gene prognostic index (SHMRGPI) between breast and endometrial cancers and to analyze its potential role in the therapeutic and prognostic assessment of endometrial cancers.



Methods

Using transcriptome data from TCGA, tumor-associated gene modules were identified by weighted gene co-expression network analysis, and the intersection of module genes with female sex hormone synthesis and metabolism genes was defined as sex hormone metabolism-related gene. SHMRGPI was established by the least absolute shrinkage and selection operator and Cox regression. Its prognostic value of patients with endometrial cancer was validated, and a nomogram was constructed. We further investigated the relationship between SHMRGPI groups and clinicopathological features, immune infiltration, tumor mutation burden, and drug sensitivity.



Results

A total of 8 sex hormone metabolism-related gene were identified as key genes for the construction of prognostic models. Based on SHMRGPI, endometrial cancer patients were divided into high and low SHMRGPI groups. Patients in the low SHMRGPI group had longer overall survival (OS) compared with the high group (P< 0.05). Furthermore, we revealed significant differences between SHMRGPI groups as regards tumor immune cell infiltration, somatic mutation, microsatellite instability and drug sensitivity. Patients with low SHMRGPI may be the beneficiaries of immunotherapy and targeted therapy.



Conclusions

The SHMRGPI established in this study has prognostic power and may be used to screen patients with endometrial cancer who may benefit from immunotherapy or targeted therapy.
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1 Introduction

Breast and endometrial cancers are the first and fourth most common tumors in women and pose a serious threat to women’s health (1). As tumors originating from sex hormone-dependent organs, there is accumulating evidence that sex hormones and dysregulated hormonal signaling influence disease origin, treatment response, and clinical outcomes in breast and endometrial cancers (2–6). Based on clinicopathological characteristics and immunohistochemical tests, breast cancer has been classified into different pathological subtypes, in which patients who are estrogen receptor (ER) and progesterone receptor (PR) positive show an ideal response to endocrine therapy and a good prognosis (7). Similarly, endometrioid endometrial cancer (EEC), as a tumor affected by sex hormones and sensitive to endocrine therapy (8, 9). Investigating the molecular markers and potential mechanisms it shares with breast cancer can help deepen our understanding of EEC.

The morbidity and mortality of endometrial cancer have increased annually in recent years, which is probably due to the combined effects of an aging population, the decline in benign hysterectomies, and the obesity epidemic (10). Despite significant advances in various aspects of endometrial cancer management, the cumulative threat to women’s health from endometrial cancer has not abated. Molecular classification based on genomic features has improved our understanding of endometrial cancer and clinical practice has changed as a result (11). Further analysis of The Cancer Genome Atlas (TCGA) data to advance our knowledge of the tumor and address the rising burden of disease is critical.

In this study, we performed a weighted gene co-expression network analysis (WGCNA) using transcriptome data from the TCGA database for breast and endometrial cancers to identify the sex hormone metabolism-related gene (SHMRG) associated with the synthesis and metabolism of female sex hormone, and subsequently established the SHMRG prognostic index (SHMRGPI) in patients with endometrial cancer and analyzed the value of SHMRGPI in survival assessment and therapeutic modality selection. With this study, we hope to identify novel biomarkers that can be used for screening and treatment and provide a basis for the search for potential beneficiaries of immunotherapy and targeted therapy.



2 Methods


2.1 Data download and selection

The transcriptome data for the breast cancer samples were downloaded from TCGA. Samples from ER and PR positive female patients were selected for subsequent analysis. Transcriptome, somatic variation and clinical data for endometrial cancer samples were downloaded from TCGA, and EEC samples were selected. Transcriptome data for normal breast and uterine tissues were downloaded from the Genotype-Tissue Expression (GTEx) dataset from XENA (12). Gene sets associated with the synthesis and metabolism of female sex hormones were downloaded from the Molecular Signatures Database (MSigDB) for subsequent analysis (13).



2.2 Identification of SHMRG

Weighted gene co-expression network analysis (WGCNA) was established to explore the relationship between expression and phenotype data based on correlation coefficients (14). In this study, WGCNA was used to identify gene modules associated with ER/PR positive breast cancer and EEC. First, the sample clustering was performed and abnormal samples were removed. After correlations between genes were calculated, a matrix was built for gene stratification and module clustering to determine the correlation between gene modules and tumors based on the eigenvalues of gene modules of tumor samples and normal samples. In the WGCNA of this study, the soft threshold beta was 2, minModuleSize was 30, mergeCutHeight was 0.25 and deepSplit was 2. Subsequently, we took the intersection of EEC-related modules, ER/PR positive breast cancer-related modules and gene sets downloaded from MSigDB as shared SHMRG.



2.3 Training and testing of the SHMRGPI

The EEC sample was randomly divided into training and testing cohorts in a ratio of 7:3. SHMRG associated with the prognosis of EEC patients was screened in the training cohort using univariate Cox regression. Subsequently, the SHMRGPI was established using the least absolute shrinkage and selection operator (LASSO) and stepwise multivariate Cox regression. The SHMRGPI was calculated according to the following equation:

	

The distributions of SHMRGPI and survival status were plotted as scatter plots. The correlation between SHMRG and SHMRGPI was shown as heat maps. Patients with EEC were divided into two groups based on the median SHMRGPI (Supplementary Table 1). The principal component analysis (PCA) showed the distribution of the two SHMRGPI groups. Overall survival (OS) was compared between the two groups using the log-rank test. We plotted time-dependent receiver operating characteristic (tdROC) curves and calculated the area under the curve (AUC) for assessing the predictive power of SHMRGPI. The above analysis was validated in the test and entire cohorts. The SHMRGPI was established and validated using survminer, survival, glmnet, ggplot2 R packages.



2.4 Clinical correlation of the prognostic model

We performed a multifactor ROC analysis to demonstrate the advantages of SHMRGPI over other relatively complete clinicopathological characteristics (age, tumor stage and grade) in prognostic prediction. We then use the regplot R packages to develop a nomogram. The accuracy of the nomogram was assessed using calibration curves. Furthermore, we performed a stratified analysis to examine the predictive power of SHMRGPI in different clinical subgroups.



2.5 Immune correlation analysis

To assess immune cell infiltration in the different SHMRGPI groups, we performed single sample gene set enrichment analysis (ssGSEA). Then we investigated the differential expression of immune checkpoint genes between the SHMRGPI groups. Tumor immune dysfunction and exclusion (TIDE) scores predict the response of immunotherapy by model primary mechanisms of tumor immune evasion (15). We calculated TIDE scores for each sample using an online tool to analyze the differences in TIDE scores between SHMRGPI groups.



2.6 Tumor somatic mutation analysis

We used the maftools R package to collate and analyze the somatic mutation data from patients with EEC. Fifteen genes with the highest tumor mutation frequency in each SHMRGPI group were visually analyzed. The tumor mutation burden (TMB) was subsequently calculated for each sample to analyze the discrepancy in TMB levels between SHMRGPI groups. After establishing subgroups based on the median TMB, we analyzed the prognostic value of SHMRGPI in the TMB subgroups. The microsatellite instability (MSI) status of EEC patients is downloaded by invoking the cBioPortalData R package. Thereafter, differences of MSI status in the SHMRGPI group and differences of SHMRGPI in the MSI subgroup were analyzed.



2.7 Drug sensitive analysis

The half-maximal inhibitory concentrations (IC50) of common antitumor drugs were predicted for both SHMRGPI groups based on data from Cancer Drug Sensitivity Genomics (16). The differences in IC50 between the two groups were analyzed and visualized by the oncopredict and ggplot2 R packages (17).



2.8 Statistical analysis

The WGCNA was analyzed and visualized using the WGCNA and limma R packages. Cox regression and survival analysis was performed by the survivor and survminer R packages. Differences in survival between groups were visualized using Kaplan-Meier survival curves. The Wilcoxon signed-rank test was used to test the differences between quantitative data. The entire analysis was conducted in R (version 4.0.3). P< 0.05 was considered statistically significant.




3 Results


3.1 The tumor-related gene modules in ER/PR positive breast cancer and EEC

802 ER/PR positive tumor tissue samples and 79 normal samples were selected from the TCGA-BRCA dataset, and 179 normal samples from the GTEx database were combined for WGCNA after batch effects were removed. The gene clustering dendrogram was shown in Figure 1A. The expression matrix was divided into 19 gene modules, and four modules “blue”, “cyan”, “turquoise” and “yellow” were highly associated with ER/PR positive breast cancer and identified as ER/PR positive breast cancer-related modules (Figure 1B). Similarly, 408 EEC tissue samples and 19 normal samples were selected from the TCGA-UCEC dataset, and 78 normal samples from the GTEx database were combined. The results of the WGCNA after removing batch effects were showen as in Figures 1C, D. The expression matrix was divided into 16 gene modules, “grey”, “purple”, “turquoise”, “tan”, “cyan”, “blue”, “green”, “pink”, “red”, “black”, “brown” were highly associated with EEC and were identified as EEC-related modules.




Figure 1 | WGCNA of ER/PR-positive breast cancer and EEC. (A) The cluster dendrogram of ER/PR-positive breast cancer. (B) Correlation of WGCNA modules and ER/PR-positive breast cancer. (C) The cluster dendrogram of ER/PR-positive breast cancer. (D) Correlation of WGCNA modules and EEC. WGCNA, weighted gene co-expression network analysis. ER, estrogen receptor; PR, progesterone receptor.





3.2 Identification of shared SHMRG

The female sex hormone synthesis and metabolism related-gene sets downloaded from MSigDB were shown in Supplementary Table 2. The intersection of ER/PR positive breast cancer-related modules, EEC-related modules, and gene sets from MSigDB was taken. As a result, 126 genes were identified as shared SHMRG (Supplementary Table 3).



3.3 Training and testing of SHMRGPI

Total 399 samples from the TCGA database were included in this study and were randomly divided into training and test groups in a 7:3 ratio. The univariate regression analysis of SHMRG combined with expression and clinical data revealed a total of 19 SHMRG were potentially associated with prognosis in patients with EEC (P< 0.1, Figure 2A). We then performed LASSO and stepwise multivariate Cox regression, and finally identified 8 SHMRG for the construction of the SHMRGPI (Figures 2B, C). The SHMRGPI was calculated according to the following formula, and the training cohort was divided into high and low groups based on the median SHMRGPI:




Figure 2 | Establishment of the SHMRGPI in the train cohort. (A) Univariate Cox regression analysis for screening prognostic SHMRG. (B, C) LASSO regression analysis for variable selection. (D) PCA plot for different SHMRGPI groups. (E) Scatter diagram for the SHMRGPI and survival status of EEC patients. (F) Heat map for the expression of SHMRG and SHMRGPI groups. (G) Kaplan–Meier curves of survival difference between SHMRGPI groups. (H) ROC for predicting the sensitivity and specificity of survival according to the SHMRGPI. SHMRGPI, sex hormone metabolism-related gene prognostic index; LASSO, least absolute shrinkage and selection operator; PCA, principal component analysis; EEC, endometrioid endometrial cancer. ROC, receiver operating characteristic curve.



SHMRGPI = ESRRB × 1.42469 – KDM1A × 3.68341 + HSD3B1 × 3.21536 + PGR × 0.52695 + AKR1C3 × 0.38220 – ARSB × 1.10113 + RDH8 × 2.77368 + KDM5B × 2.34959.

PCA analysis showed the difference in distribution between the two SHMRGPI groups (Figure 2D). The survival time and survival status of the SHMRGPI groups in patients with EEC were shown in Figure 2E. As SHMRGPI increased, survival time decreased and the number of deaths increased. The expression of key genes of SHMRGPI and their correlation with SHMRGPI groups were shown in a heat map (Figure 2F). The Kaplan-Meier curves demonstrated a better prognosis in the low SHMRGPI group (P = 0.041, Figure 2G). The tdROC illustrated the predictive power of SHMRGPI (AUC 0.854 at one year, 0.744 at three years, and 0.754 at five years, Figure 2H).

The same distribution between groups and differential survival results as in the training cohort were also observed in the test and entire cohorts, validating the strong and robust prognostic power of SHMRGPI (Figures 3A-H).




Figure 3 | Validation of the SHMRGPI in the test and entire cohorts. PCA plot (A), scatter plot (B), heat map (C) and Kaplan–Meier curves (D) for the test cohort. PCA plot (E), scatter plot (F), heat map (G), and Kaplan–Meier curves (H) for the entire cohort.





3.4 Correlation analysis of clinical features

The Multifactor ROC analysis demonstrated the strong predictive power of SHMRGPI compared to other clinicopathological (Figure 4A). Combining SHMRGPI, age, tumor stage, and grade, we constructed a nomogram to predict survival at one, three, and five years after diagnosis in EEC patients. (Figure 4B). The agreement between the predictions of the nomogram and actual observations was confirmed using calibration curves (Figure 4C). To further assess the prognostic value of SHMRGPI, we performed a stratified analysis in the entire cohort. The results showed that SHMRGPI was associated with prognosis in white, FIGO stage I-II, tumor grade 3 and obese EEC patients (P< 0.05; Figures 5A-D).




Figure 4 | Construction and examination of nomogram. (A) The multifactor ROC of SHMRGPI, age, FIGO stage, and tumor grade. (B) The nomogram for predicting prognosis of EEC patients. **: p value < 0.01. (C) The calibration curves of the nomogram. ROC, receiver operating characteristic curve.






Figure 5 | Stratified analysis of EEC patients. Kaplan-Meier curves of patients with white race (A), FIGO stage I-II (B), tumor grade 3 (C), BMI ≥ 30 (D). FIGO, the international federation of gynecology and obstetrics. BMI, body mass index.





3.5 Immune correlation analysis

To investigate the relationship between SHMRGPI grouping and immune status, ssGSEA analysis was performed for each immune cell subset. Activated CD4+ T cells, effector memory CD4+ T cells, gamma delta T cells, and type 2 T helper cells were more infiltrated in the low SHMRGPI group, whereas CD56dim natural killer cells, eosinophil Immature dendritic cells, and plasmacytoid dendritic cells were more infiltrated in the high SHMRGPI group (Figure 6A). To explore the potential value of SHMRGPI in immunotherapy, we further analyzed the expression of immune checkpoint genes between the two groups and found that the immune checkpoint genes CD276, CD40, ICOSLG, LAG3, PD-1, TNFRSF8, TNFSF4, TNFSF9, and TNFSF18 were more highly expressed in the low SHMRGPI group (Figure 6B). In addition, we predicted the response of each SHMRGPI group to immunotherapy based on the TIDE scores, and the results showed that the low SHMRGPI group was more likely to benefit from immunotherapy (Figure 6C).




Figure 6 | Immune correlation analysis. (A) Comparison of the discrepancy in immune cell infiltration between two groups based on ssGSEA. (B) Differences in the expression of immune checkpoint genes between the two groups. (C) Differences in the TIDE scores between the two groups. ssGSEA, single-sample gene set enrichment analysis; TIDE, tumor immune dysfunction and exclusion. ns, not significant. *: p value < 0.05, **: p value < 0.01, and ***: p value < 0.001.





3.6 Gene mutation analysis

Somatic mutations in different SHMRGPI groups were demonstrated by waterfall plots (Figure 7A). PTEN, ARID1A, PIK3CA, and TTN were mutated frequently in the EEC and more frequently in the low SHMRGPI group, and CTNNB1 was mutated more frequently in the high SHMRGPI group. After that, we calculated the tumor mutation burden in each group and observed difference close to the statistical threshold in TMB levels between SHMRG groups, with relatively higher TMB in the low SHMRGPI group (Figure 7B). Grouped by median TMB, SHMRGPI maintained its prognostic value in the low TMB subgroup (Figure 7C). We further analyzed the correlation between MSI and SHMRGPI. Figure 7D shows the difference in the distribution of microsatellite instability status in SHMRGPI groups, with a higher proportion of MSI-high (MSI-H) in patients in the low SHMRGPI group. Patients with MSI-H patients had a lower SHMRGPI, compared to patients with microsatellite stable (MSS, Figure 7E).




Figure 7 | Analysis of mutation data. (A) Waterfall plot for somatic mutations in different SHMRGPI groups. (B) Differential analysis of TMB in different SHMRGPI groups. (C) Kaplan–Meier curves of survival differences between the SHMRGPI groups in patients with low TMB. (D) Distribution of MSI status in the different SHMRGPI groups. (E) Differential analysis of the SHMRGPI in patients with different MSI status. TMB, tumor mutation burden; MSI, microsatellite instability.





3.7 Drug sensitive analysis

Drug sensitivity analysis based on the oncopredict R package revealed significant differences between the SHMRGPI groups in olaparib, niraparib, and talazoparib (Figures 8A–C). The low SHMRGPI group was more sensitive (P< 0.05).




Figure 8 | Drug sensitivity analysis. Comparison of drug sensitivity differences between SHMRGPI groups in olaparib (A), niraparib (B), and talazoparib (C).






4 Discussions

Sex hormones play an important role in the oncogenesis, diagnosis, and treatment of breast cancer, and similarly, sex hormones influence the management of patients with endometrial cancer as important disease-related risk factors (7, 9, 10). However, few studies have addressed the transcriptomic commonalities between breast and endometrial cancers. Our study used WGCNA to identify shared SHMRG between ER/PR-positive breast cancer and EEC. On this basis, we explore the potential benefits of SHMRG in the management of patients with EEC.

By Cox and LASSO regression we established a prognostic gene formula called SHMRGPI, which includes ESRRB, KDM1A, HSD3B1, PGR, AKR1C3, ARSB, RDH8, and KDM5B. KDM1A, also called LSD1, has been found to be aberrantly expressed in a variety of cancers and is closely associated with cellular effects such as epithelial-mesenchymal transition (EMT), proliferation, and malignant transformation (18). Drugs targeting KDM1A have entered clinical studies in small cell lung cancer and acute myelocytic leukemia (19). In the treatment of endometrial cancer, combined with mTOR inhibitors, KDM1A inhibitors were found to inhibit tumor growth in ex vivo and in vivo experiments (20). The protein encoded by PGR, a member of the steroid receptor superfamily, regulates the biological effects of progesterone, and it has been studied as an important marker associated with prognosis and disease progression in endometrial cancer (21). KDM5B, ARSB, AKR1C3, HSD3B1, ESRRB are involved in steroid hormone metabolism and have been found to be associated with other hormone-dependent tumors, such as prostate and breast cancers (22–26). However, evidence of their association with endometrial cancer is limited. The enzyme encoded by RDH8 involved in the rhodopsin regeneration pathway, but it’s relationship with tumors has not been mentioned.

Based on SHMRGPI, EEC patients were divided into two distinct groups. The prognostic value of SHMRGPI for patients with EEC was demonstrated from different points of view. Combining age, FIGO stage, tumor grade, and SHMRGPI, we developed a nomogram to stratify the prognosis of patients with EEC, which may have clinical significance.

Considering the complex relationship between host immune function and tumor, and the prospect of immunotherapy in the treatment of patients with EEC, we analyzed the discrepancy in immune cell infiltration in each SHMRGPI group. The results revealed that CD4+ T cells, Gamma delta T cells, and Type 2 T helper cells were more abundant in the low SHMRGPI group. CD4+ T cells and TH cells played an important supportive role in the anti-tumor immune effect, and Gamma delta T cells killed tumor cells through a non-MHC-restricted manner (27, 28). Their infiltration reflects the active anti-tumor immune effect in the low SHMRGPI group. Subsequently, we analyzed the expression of immune checkpoint genes in different SHMRGPI groups and found that a variety of immune checkpoint genes, including PD-1, were more expressed in the low SHMRGPI group. Based on the TIDE scores to predict the potential clinical efficacy of immunotherapy in different SHMRGPI groups, it was found that the high SHMRGPI group was more likely to exhibit T cell dysfunction and exclusion and might have poor response when receiving immunotherapy (15). Therefore, we speculate that SHMRGPI can be used as a potential tool to screen patients with EEC who are suitable for immunotherapy.

We found differences in mutation frequency between SHMRGPI groups by analyzing somatic mutation data. Calculation of TMB revealed differences close to the statistical threshold in TMB levels between SHMRGPI groups. Subsequent analysis of data based on microsatellite instability status revealed a higher proportion of MSI-H in the low SHMRGPI group and a lower SHMRGPI in patients with MSI-H than in patients with MSS. Data from Keynote 028 and Keynote 158 supported the view that patients with TMB-H, MSI-H, and PD-1/PD-L1 positive relapsed or metastatic endometrial cancer can benefit from immunotherapy (29–31). In our study, the low SHMRGPI group with high TMB levels and a high proportion of MSI-H was more likely to benefit from immunotherapy. This result is consistent with the aforementioned results of SHMRGPI and immune correlation analysis.

Whether the encouraging results of poly (ADP-ribose) polymerase inhibitors (PARPi) in maintenance therapy for ovarian cancer can be replicated in the management of patients with endometrial cancer is a common concern among gynecologic oncologists (10, 32, 33). The results of the drug sensitivity analysis of gynecologic antineoplastic agents showed that PARPi (including olaparib, niraparib and talazoparib) differed in drug sensitivity between the SHMRGPI groups. In breast cancer, estrogen was found to enhance the cytotoxicity of PARP inhibitors on ER-positive tumor cells, resulting in inhibition of cell growth (34). In EEC, the ability of SHMRGPI to screen potential PARPi beneficiaries and the mechanism of correlation between SHMRG and PARPi remain to be further confirmed.

A limitation of this study is that the data used to build the model were obtained from a retrospective database and the findings are potentially susceptible to bias. Inferences based on the results of immune and drug sensitivity analysis need to be supported by additional experimental evidence.



5 Conclusions

In this study, we developed a prognostic model and analyzed it with respect to clinical, somatic mutation, immune and drug sensitivity. Focusing on biomarkers shared by endometrial cancer and breast cancer, it provides a new idea for the precise treatment of patients with EEC.



Data availability statement

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



Author contributions

JD and CL participated throughout the conception, data analysis, and manuscript writing of the study. JY was primarily involved in the writing of the study. YW was involved in the conception of the study and review of the manuscript. All authors contributed to the article and approved the submitted version.



Acknowledgments

The authors express sincere thanks to the TCGA working group for their efforts in data collection and maintenance.



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/fendo.2023.1126862/full#supplementary-material



References

1. Siegel, RL, Miller, KD, Fuchs, HE, and Jemal, A. Cancer statistics, 2022. CA Cancer J Clin (2022) 72(1):7–33. doi: 10.3322/caac.21708

2. de Blok, CJM, Wiepjes, CM, Nota, NM, van Engelen, K, Adank, MA, Dreijerink, KMA, et al. Breast cancer risk in transgender people receiving hormone treatment: nationwide cohort study in the Netherlands. Bmj (2019) 365:l1652. doi: 10.1136/bmj.l1652

3. Liu, Y, Zhao, R, Chi, S, Zhang, W, Xiao, C, Zhou, X, et al. UBE2C is upregulated by estrogen and promotes epithelial-mesenchymal transition via p53 in endometrial cancer. Mol Cancer Res (2020) 18(2):204–15. doi: 10.1158/1541-7786.MCR-19-0561

4. Rodriguez, AC, Vahrenkamp, JM, Berrett, KC, Clark, KA, Guillen, KP, Scherer, SD, et al. ETV4 is necessary for estrogen signaling and growth in endometrial cancer cells. Cancer Res (2020) 80(6):1234–45. doi: 10.1158/0008-5472.CAN-19-1382

5. Trabert, B, Sherman, ME, Kannan, N, and Stanczyk, FZ. Progesterone and breast cancer. Endocr Rev (2020) 41(2):320–44. doi: 10.1210/endrev/bnz001

6. Nounu, A, Kar, SP, Relton, CL, and Richmond, RC. Sex steroid hormones and risk of breast cancer: a two-sample mendelian randomization study. Breast Cancer Res (2022) 24(1):66. doi: 10.1186/s13058-022-01553-9

7. Loibl, S, Poortmans, P, Morrow, M, Denkert, C, and Curigliano, G. Breast cancer. Lancet (2021) 397(10286):1750–69. doi: 10.1016/S0140-6736(20)32381-3

8. Brooks, RA, Fleming, GF, Lastra, RR, Lee, NK, Moroney, JW, Son, CH, et al. Current recommendations and recent progress in endometrial cancer. CA Cancer J Clin (2019) 69(4):258–79. doi: 10.3322/caac.21561

9. Lu, KH, and Broaddus, RR. Endometrial cancer. N Engl J Med (2020) 383(21):2053–64. doi: 10.1056/NEJMra1514010

10. Crosbie, EJ, Kitson, SJ, McAlpine, JN, Mukhopadhyay, A, Powell, ME, and Singh, N. Endometrial cancer. Lancet (2022) 399(10333):1412–28. doi: 10.1016/S0140-6736(22)00323-3

11. Kandoth, C, Schultz, N, Cherniack, AD, Akbani, R, Liu, Y, Shen, H, et al. Integrated genomic characterization of endometrial carcinoma. Nature (2013) 497(7447):67–73. doi: 10.1038/nature12113

12. Goldman, MJ, Craft, B, Hastie, M, Repečka, K, McDade, F, Kamath, A, et al. Visualizing and interpreting cancer genomics data via the xena platform. Nat Biotechnol (2020) 38(6):675–8. doi: 10.1038/s41587-020-0546-8

13. Liberzon, A, Birger, C, Thorvaldsdóttir, H, Ghandi, M, Mesirov, JP, and Tamayo, P. The molecular signatures database (MSigDB) hallmark gene set collection. Cell Syst (2015) 1(6):417–25. doi: 10.1016/j.cels.2015.12.004

14. Langfelder, P, and Horvath, S. WGCNA: an r package for weighted correlation network analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

15. Jiang, P, Gu, S, Pan, D, Fu, J, Sahu, A, Hu, X, et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat Med (2018) 24(10):1550–8. doi: 10.1038/s41591-018-0136-1

16. Yang, W, Soares, J, Greninger, P, Edelman, EJ, Lightfoot, H, Forbes, S, et al. Genomics of drug sensitivity in cancer (GDSC): a resource for therapeutic biomarker discovery in cancer cells. Nucleic Acids Res (2013) 41(Database issue):D955–61. doi: 10.1093/nar/gks1111

17. Maeser, D, Gruener, RF, and Huang, RS. oncoPredict: an r package for predicting in vivo or cancer patient drug response and biomarkers from cell line screening data. Brief Bioinform (2021) 22(6):bbab260. doi: 10.1093/bib/bbab260

18. Abdel-Magid, AF. Lysine-specific demethylase 1 (LSD1) inhibitors as potential treatment for different types of cancers. ACS Med Chem Lett (2017) 8(11):1134–5. doi: 10.1021/acsmedchemlett.7b00426

19. Fang, Y, Liao, G, and Yu, B. LSD1/KDM1A inhibitors in clinical trials: advances and prospects. J Hematol Oncol (2019) 12(1):129. doi: 10.1186/s13045-019-0811-9

20. Venkata, PP, Chen, Y, Alejo, S, He, Y, Palacios, BE, Loeffel, I, et al. KDM1A inhibition augments the efficacy of rapamycin for the treatment of endometrial cancer. Cancer Lett (2022) 524:219–31. doi: 10.1016/j.canlet.2021.10.019

21. Coll-de la Rubia, E, Martinez-Garcia, E, Dittmar, G, Gil-Moreno, A, Cabrera, S, and Colas, E. Prognostic biomarkers in endometrial cancer: A systematic review and meta-analysis. J Clin Med (2020) 9(6):1900. doi: 10.3390/jcm9061900

22. Skarydová, L, Zivná, L, Xiong, G, Maser, E, and Wsól, V. AKR1C3 as a potential target for the inhibitory effect of dietary flavonoids. Chem Biol Interact (2009) 178(1-3):138–44. doi: 10.1016/j.cbi.2008.10.015

23. Feferman, L, Deaton, R, Bhattacharyya, S, Xie, H, Gann, PH, Melamed, J, et al. Arylsulfatase b is reduced in prostate cancer recurrences. Cancer biomark (2017) 21(1):229–34. doi: 10.3233/CBM-170680

24. Jose, A, Shenoy, GG, Sunil Rodrigues, G, Kumar, NAN, Munisamy, M, Thomas, L, et al. Histone demethylase KDM5B as a therapeutic target for cancer therapy. Cancers (Basel) (2020) 12(8):2121. doi: 10.3390/cancers12082121

25. Naik, SK, Lam, EW, Parija, M, Prakash, S, Jiramongkol, Y, Adhya, AK, et al. NEDDylation negatively regulates ERRβ expression to promote breast cancer tumorigenesis and progression. Cell Death Dis (2020) 11(8):703. doi: 10.1038/s41419-020-02838-7

26. Kruse, ML, Patel, M, McManus, J, Chung, YM, Li, X, Wei, W, et al. Adrenal-permissive HSD3B1 genetic inheritance and risk of estrogen-driven postmenopausal breast cancer. JCI Insight (2021) 6(20):e150403. doi: 10.1172/jci.insight.150403

27. Li, Y, Li, G, Zhang, J, Wu, X, and Chen, X. The dual roles of human γδ T cells: Anti-tumor or tumor-promoting. Front Immunol (2020) 11:619954. doi: 10.3389/fimmu.2020.619954

28. Oh, DY, and Fong, L. Cytotoxic CD4(+) T cells in cancer: Expanding the immune effector toolbox. Immunity (2021) 54(12):2701–11. doi: 10.1016/j.immuni.2021.11.015

29. Ott, PA, Bang, YJ, Berton-Rigaud, D, Elez, E, Pishvaian, MJ, Rugo, HS, et al. Safety and antitumor activity of pembrolizumab in advanced programmed death ligand 1-positive endometrial cancer: Results from the KEYNOTE-028 study. J Clin Oncol (2017) 35(22):2535–41. doi: 10.1200/JCO.2017.72.5952

30. Marabelle, A, Fakih, M, Lopez, J, Shah, M, Shapira-Frommer, R, Nakagawa, K, et al. Association of tumour mutational burden with outcomes in patients with advanced solid tumours treated with pembrolizumab: prospective biomarker analysis of the multicohort, open-label, phase 2 KEYNOTE-158 study. Lancet Oncol (2020) 21(10):1353–65. doi: 10.1016/S1470-2045(20)30445-9

31. Marabelle, A, Le, DT, Ascierto, PA, Di Giacomo, AM, De Jesus-Acosta, A, Delord, JP, et al. Efficacy of pembrolizumab in patients with noncolorectal high microsatellite Instability/Mismatch repair-deficient cancer: Results from the phase II KEYNOTE-158 study. J Clin Oncol (2020) 38(1):1–10. doi: 10.1200/JCO.19.02105

32. Musacchio, L, Caruso, G, Pisano, C, Cecere, SC, Di Napoli, M, Attademo, L, et al. PARP inhibitors in endometrial cancer: Current status and perspectives. Cancer Manag Res (2020) 12:6123–35. doi: 10.2147/CMAR.S221001

33. Banerjee, S, Moore, KN, Colombo, N, Scambia, G, Kim, BG, Oaknin, A, et al. Maintenance olaparib for patients with newly diagnosed advanced ovarian cancer and a BRCA mutation (SOLO1/GOG 3004): 5-year follow-up of a randomised, double-blind, placebo-controlled, phase 3 trial. Lancet Oncol (2021) 22(12):1721–31. doi: 10.1016/S1470-2045(21)00531-3

34. Zhou, S, Liu, Y, Jin, L, Guo, P, Liu, Q, Shan, J, et al. Estrogen enhances the cytotoxicity of PARP inhibitors on breast cancer cells through stimulating nitric oxide production. J Steroid Biochem Mol Biol (2021) 209:105853. doi: 10.1016/j.jsbmb.2021.105853


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 Duan, Liu, Yi and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fendo-14-1126862-g003.jpg
Time (years)

Time (years)

A © Low SHMRGPI e High SHMRGPI B © Low SHMRGPI e High SHMRGPI
© | . - .
2 -
-
~
~
@ @
s . g S
o o
L . IR ! ; ‘8
g & + . (] 0]
1 =0 i d 2
4 -4
? % ? 6
-4 -2 0 2 4 6 -4 -2 0 2 4 6
PC1 PC1
o D
e 4 = T ——
® High SHMRGPI © High SHMRGPI ! N
@ - ¢ Low SHMRGPI -~ @ <« Low SHMRGPI : /
& o~ : %o :
g g ;
T o= - H
®» » H
N ~ 4
o o i
T T T T T
0 100 200 300 400
v - 0 T
_ @ - ® Dead = 7| @ Dead : .
§ ©<Alive 4 o Alive
S © 2o | :
s . =% " :
£ :
I £ . oL
H e e o P> @ p
3N % 5 3 XX ‘.
o - o 4 &e
T T
o 0 100 200 300 400
Patients (increasing SHMRGPI) Patients (increasing SHMRGPI)
E F
p—— g
Ikm
RTINSl Sl L UL ==
1T RN L A
o I
| i |- ]| AT R
-
LI IN ] T~ LMD N
I 11 L |
101 | LT}~ M L=
[N LI - AT LR
G H
SHMRGPI =+ high = low SHMRGPI == high = low
1.00 -+ 1.00
i PP ‘ WMHW - ————————————
= 075 = 075
g K
: g
2 050 2 050
s s
o [}
2
3 <]
025 025
P =0.040 P =0.005
0.00 0.00
0 1' 2 3 4 5 6 8 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

high





OEBPS/Images/fendo-14-1126862-g008.jpg
SHMRGPI low E83 high SHMRGPI low B3 high SHMRGPI low B3 high

4.1e-05 4.3e-05 5 2.1e-07
. B, c -

4

z 2
%2 B,

5 3

L4 o

2 =
g g2

£1 E
= g 1

.
10

0 . 0

low high low high low





OEBPS/Images/fendo-14-1126862-g001.jpg
>
10

0.8
L

Height
07

0.6

©
=)

<
=)

Dynamic Tree Cut

Merged Dynamic

(9]
1.0

07 09
L L

Height

0.5
!

0.3
L

Dynamic Tree Cut

Merged Dynamic

Gene dendrogram and module colors

Gene dendrogram and module colors

il

MEblack
MEblue
MEgreen
MEdarkgreen
MElightcyan
MElightyellow
MEdarkred
MEgreenyellow
MEmidnightblue
MEcyan
MEturquoise
MElightgreen
MEroyalblue
MEsalmon
MEdarkturquoise
MEpurple
MEgrey60
MEyellow
MEgrey

MEgrey60
MEpurple
MEturquoise

MEtan

MEcyan
MEsalmon
MElightcyan
MEmidnightblue
MEblue
MEgreen
MEyellow
MEmagenta

MEpink
MEred
MEblack
MEbrown

Module-trait relationships

o .
s i
59
w\m s
&
oo
i i
:
oy
& i)
& i
b e
i i
i P
2 5
a5 a
ma) i
i )
& i
88 [:
) b
a2
i H
] 52
i i
[
P i
: 5%

Module-trait relationships

0.5

-1





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Shared sex hormone metabolism-related gene prognostic index between breast and endometrial cancers

      

        		

          Aims

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          1 Introduction

        



        		

          2 Methods

        

          		

            2.1 Data download and selection

          



          		

            2.2 Identification of SHMRG

          



          		

            2.3 Training and testing of the SHMRGPI

          



          		

            2.4 Clinical correlation of the prognostic model

          



          		

            2.5 Immune correlation analysis

          



          		

            2.6 Tumor somatic mutation analysis

          



          		

            2.7 Drug sensitive analysis

          



          		

            2.8 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 The tumor-related gene modules in ER/PR positive breast cancer and EEC

          



          		

            3.2 Identification of shared SHMRG

          



          		

            3.3 Training and testing of SHMRGPI

          



          		

            3.4 Correlation analysis of clinical features

          



          		

            3.5 Immune correlation analysis

          



          		

            3.6 Gene mutation analysis

          



          		

            3.7 Drug sensitive analysis

          



        



        



        		

          4 Discussions

        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fendo-14-1126862-g006.jpg
1.00

0.75;

°
o
3

Expression

0.25.

0.00

SHMRGPI low E3 high

ns + ns ms ns NS Ms  + NS e % NS~ NS NS NS NS NS NS NS NS e NS NS NS ns e

SHMRGPI * low 3 high SHMRGPI (1 low B3 high
8 *
0.25)
6 2 ' .
. 0.00{
_ .
8 .
2 .
£ .
° . $ #-025
5 & ? F
S . . [}
2
» -050
A B °
o E‘H E& 075 o @
&S 6’\9 J& °§\ L & & &L Low High
S & & ,\ég & & N





OEBPS/Images/fendo-14-1126862-g004.jpg
Sensitivity

0.2 0.4 0.6 0.8 1.0

0.0

C o ] “'""%2
© /
= /

2 I
= ©
8 51
el
<
o Lo
2 o 7
o3
o
SHMRGPI: 0.79 o |
—— age: 0.51 o — 1-year
—— stage: 0.53 — 3-year
grade: 0.45 g = — b5-year
T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity Nomogram-predicted OS (%)
B 4
Folnts 0 0 W e B0 T00
grade U
stage |
age M/\f\/\\,\‘\%
35 40 45 50 55 60 65 70 75 B0 &
SHMRGPI* o
. °
Total points
120 160 180 200 220 260 300

Pr( futime >5) 0.
Pr( futime >3) 0.98

Pr(futime >1) ¢,






OEBPS/Images/logo.jpg
, frontiers ’ Frontiers in Endocrinology





OEBPS/Images/fendo-14-1126862-g002.jpg
Partial Likelihood Deviance

SHMRGPI

Overall survival

Prave [H— '
ARSE 0010 0.290 (0.114-0.740) ——
PARK7 0.038 0.307 (0.101-0.938) —
Tore oo 05 (0258-0987) P |
IGFBP2 0.050 0.707 (0.500-1.000) kA4
HSDI7B1 0058  0.378(0139-1.027) ——]
KDM1A 0.057 0.296 (0.084-1.037) e |
AKR1C3 0.044 1.294 (1.007-1.663) I.'
SADSR 0085 1.344 (0959-1.884) =
PGR 0063 1.414 (0981-2.087) e 2
5
TXNIP 0062 1524 (0.980-2.369) |.... 2
ESRRB 0005  2.362(1.291-4319) jri—— T
o 0020 2769 (1.174-6.504) [ 38
KOMSE 0063 2656 (1.030-6.849)
Rt oo 2502(0.887-7.059)
RO 0057 2952(0970-8.990)
Lst 0029 4493 (1.169-17.277)
MYOG 0.007 10.145 (1.906-54.005)
HSD3B1 <0.001 16.523 (3.350-81.495)
AKR1D1 0002 15.961 (2.863-88.987)
0.01 01 10 100
17 16 15 14 14 14 14 12 10 9 7 1 1 1.0 D
o g -
o }
. :
| ‘ .
1111 | IERRER)
I ¢+t
by
e |
T T T T T T
-5.0 -45 -4.0 -35 -30 -25
Log(»)
e ———
 High SHMRGPI H
@ - o Low SHMRGPI H
o i
«d
el
o
T
0 50 100 150 200 250
- . -
2 7| e Dead i .
© Alive i
B i
w '.»v- . L o .
0o’h o8 eate’ e g
’g 3:\"- .‘--.e.,.;,..c.
o \Js—-‘i.h %..u’ »’n\‘n-x&-f:ﬁ
T T
0 50 100 150 200 250
Patients (increasing SHMRGPI)
SHMRGPI - tign  — low
100 44
075
0.50
0.25
p=0.041
0.00
01 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Time (years)

17 14 14 10 1 0
5 o
oA
-
‘.
o 4=
T
M
v
T T T T T T
-5.0 -45 -4.0 -35 -30 -25
Log Lambda
* Low SHMRGPI e High SHMRGPI
& .
°
__—
5
¥ : . 7 ‘%
T 5 °
=1
¢ =
X 2 o 2z 4
PC1

o — i o SRR

|||I"

II\HII

I 1]

I g
| ||I|||||
(LAt 1 01 IHHHII‘ I

‘ o
| rore
H|\ H‘l ‘HI | ||‘|\'~m

axAica

1.0

—— AUCat 1 years: 0.854
—— AUC at 3 years: 0.744
AUC at 5 years: 0.754

T T T T
04 06 08 10
1 - Specificity





OEBPS/Images/M1.jpg
SHMRGPI = 3 coeflicient(SHMRG,)  expression(SHMRG,)





OEBPS/Images/fendo.2023.1126862_cover.jpg
’ frontiers | Frontiers in Endocrinology

Shared sex hormone
metabolism-related gene
prognostic index between breast
and endometrial cancers





OEBPS/Images/fendo-14-1126862-g005.jpg
Patients with WHITE

SHMRGPI =+ high low
A 1.00{
P =0.008
0.001
0 1 2 3 4 5 6 7 8 9 1011 12 13 14 15
Time (years)
Patients with G3
SHMRGPI =+ high low
Cio0
©
Qo
[
4 0.50
s
2
&
3
@ 0.25
P=0.012
0.00
0 1 2 3 4 5 6 7 8 9 1011 12 13 14 15

Time (years)

Patients with I-II

SHMRGPI =~ high low

1.00 s
20759
=
©
Q
°
5 0.50
2
=
=3
@025

P =0.013
0.00
01 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Time (years)
Patients with obesity
SHMRGPI =~ high low

1.001 "
20759
=
©
Q
(=
5 0.50
2
=
5
@ 0.25

P =0.005
0.004
0 i 2 3 4 5 6 7 8

Time (years)





OEBPS/Images/fendo-14-1126862-g007.jpg
®

>

Tumor tmbation burden (log2)
N >

o

Altered in 172 (93.48%) of 184 samples.

i

= Frame_Shift_Del

* In_Frame_Del

||

= Missense_Mutation

Survival probability

000

P =0.028

147
No ofsampies

High SHMRGPI

= In_Frame_Ins

Low =+ High

= Spice_Site

bl e k.

Percent weight

100

75

50

2

A

= Translation_Start_Site

Altered in 190 (97.94%) of 194 samples.

il

= Frame_Shift_Ins

MSI

Mss
W s
W s

Low High

[ 9
Time (years)

high

= Multi_Hit

E

SHMRGPI

20

Low SHMRGPI

= Nonsense_Mutation

Ms| MsS E MSI-L B3 MSI-H

0.82

0.017

MSS MSI-H





