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Background: Accumulating evidence suggests that anti-estrogens have been effective against multiple gynecological diseases, especially advanced uterine corpus endometrial carcinoma (UCEC), highlighting the contribution of the estrogen response pathway in UCEC progression. This study aims to identify a reliable prognostic signature for potentially aiding in the comprehensive management of UCEC.
Methods: Firstly, univariate Cox and LASSO regression were performed to identify a satisfying UCEC prognostic model quantifying patients’ risk, constructed from estrogen-response-related genes and verified to be effective by Kaplan-Meier curves, ROC curves, univariate and multivariate Cox regression. Additionally, a nomogram was constructed integrating the prognostic model and other clinicopathological parameters. Next, UCEC patients from the TCGA dataset were divided into low- and high-risk groups according to the median risk score. To elucidate differences in biological characteristics between the two risk groups, pathway enrichment, immune landscape, genomic alterations, and therapeutic responses were evaluated to satisfy this objective. As for treatment, effective responses to anti-PD-1 therapy in the low-risk patients and sensitivity to six chemotherapy drugs in the high-risk patients were demonstrated.
Results: The low-risk group with a relatively favorable prognosis was marked by increased immune cell infiltration, higher expression levels of HLA members and immune checkpoint biomarkers, higher tumor mutation burden, and lower copy number alterations. This UCEC prognostic signature, composed of 13 estrogen-response-related genes, has been identified and verified as effective.
Conclusion: Our study provides molecular signatures for further functional and therapeutic investigations of estrogen-response-related genes in UCEC and represents a potential systemic approach to characterize key factors in UCEC pathogenesis and therapeutic responses.
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INTRODUCTION
Uterine corpus cancer is the sixth most commonly diagnosed cancer in women globally, with an estimated 417,000 new cases and 97,000 deaths in 2020 worldwide (Sung et al., 2021). Among them, uterine corpus endometrial carcinoma (UCEC), which originates from the uterine epithelium, is the most common uterine cancer type (Urick and Bell, 2019). In 1983, considering the role of endocrine and metabolic disturbances in the pathogenesis of endometrial carcinoma, Bokhman JV (Bokhman, 1983) postulated two different types: estrogen-dependent Type I and estrogen-independent Type II. The prognosis for Type I is favorable, with a greater than 85% 5-years disease-free survival rate. In contrast, Type II is associated with a poor response to hormonal therapy and a relatively poor outcome (Brinton et al., 2013). However, this classification method has severe limitations in routine clinical practice due to high subjectivity and low reproducibility, and it fails to evaluate prognosis and guide individualized treatment well (Huvila et al., 2021). With the aim of more precise classification, based on multi-omics characterization, The Cancer Genome Atlas (TCGA) took tumor mutation burden into account. It classified endometrial carcinomas into four molecular subtypes with prognostic significance, including POLE ultra-mutated, microsatellite instability hypermutated (MSI-H), copy-number low (CN-low), and copy-number high (CN-high) (Cancer Genome Atlas Research et al., 2013). Theoretically, TCGA classification can assist in clinical determination. Whereas poor maneuverability of the method leads to limited clinical application. Therefore, it is necessary to explore tumor molecular profiling to overcome difficulties associated with incorporating molecular subtyping into the clinic and improve our capacity to predict patients’ prognoses.
Estrogens are a group of steroid compounds that function in a myriad of physiologic and pathologic processes (Markov et al., 2017). Estrogens exert both genomic and non-genomic biological effects, mediated traditionally by two cognate estrogen receptors (ERs): estrogen receptor α (ERα) or estrogen receptor β (ERβ), which belong to the nuclear receptor superfamily (Mosselman et al., 1996; Chen et al., 2008). Estrogen and its receptors orchestrate the development of malignant tumors such as breast and gynecologic cancers, endocrine gland cancers, digestive cancers, and lung carcinoma (Chen et al., 2008; Liang and Shang, 2013; Rothenberger et al., 2018). It is worth noting that the continued annual increase in incidence and disease-related mortality of endometrial carcinomas (Lortet-Tieulent et al., 2018). The 5-years survival rate of stage IV endometrial carcinoma can only reach 20% (Braun et al., 2016). Meanwhile, the treatment options for endometrial carcinoma have been limited and relatively unchanged in the past several years (Ito et al., 2007; Rodriguez et al., 2019). Despite a high proportion of endometrioid ECs being ER and/or PR positive, endocrine therapy is only effective in a minority of women with EC, and ultimately patients progress with resistance to treatment. A greater understanding of ER and PR biology may help identify patient populations who will derive benefits and strategies for new therapeutic options. Obtaining a more accurate understanding of how estrogen functions in EC might provide significant insights into the development of therapies that block estrogen pathways.
Immunotherapy has become a potential therapeutic strategy for treating advanced cancer in recent years (Rodriguez et al., 2019). Currently, immune checkpoint inhibitors (ICIs) targeting Cytotoxic T-lymphocyte antigen 4 (CTLA-4) and Programmed cell death 1 receptor (PD1, PDCD1) are undergoing clinical evaluation (Blackburn et al., 2009; Rothenberger et al., 2018; Forschner et al., 2019). In a subset of patients with heavily pretreated advanced PD-L1-positive EC, pembrolizumab, a humanized monoclonal antibody that targets PD-1, demonstrated a favorable safety profile and durable antitumor activity (Ott et al., 2017). Unarguably, ICIs significantly improve the treatment of advanced cancers and benefit EC patients’ survival rates compared to conventional chemotherapy. Nevertheless, only around 20–35% of typical response rates to these therapies cannot be overlooked (Patel and Kurzrock, 2015; Reck et al., 2016; Wolchok et al., 2017; Rothenberger et al., 2018). Estrogen receptors are widespread in many kinds of cells involved in innate and adaptive immune responses and the formation of the tumor microenvironment. Recent research implicates estrogen as a potential mediator of immunosuppression by modulating protumor responses independent of direct activity on tumor cells (Rothenberger et al., 2018). Susanne Svensson et al. showed that estradiol enhanced macrophage influx and angiogenesis by releasing CCL2, CCL5, and vascular endothelial growth factor (Svensson et al., 2015). Also, several animal and human studies revealed that elevated estrogen enhanced Th2 responses and thus exhibited cancer-promoting activity (Khan and Ansar Ahmed, 2015). Furthermore, estrogen enhances immunosuppression by inhibiting NK and CTL-mediated tumor cell elimination (Jiang et al., 2006; Jiang et al., 2007). In spite of this, it remains unclear whether estrogen response-related genes influence the EC microenvironment and clinical outcomes.
This study captured the expression profiles of 200 genes related to estrogen-response from the TCGA-UCEC dataset. The single sample Gene Set Enrichment Analysis (ssGSEA) algorithm was performed to obtain the enrichment scores of the estrogen response pathway of each UCEC patient. Subsequently, correlation analysis among estrogen response ssGSEA score, prognosis, and clinical features of patients was performed. Next, an estrogen-response-related risk model was established, and the UCEC patients were classified into low- and high-risk groups in light of their risk scores. Additionally, we established a nomogram that integrated the prognosis model with clinicopathological factors to predict the overall survival of patients with UCEC. Finally, integrated analyses of pathway enrichment, immune landscape, somatic mutation and copy number variation (CNV), and immuno-/chemotherapeutic response prediction were conducted in the two risk groups.
MATERIALS AND METHODS
Data Acquisition and Preprocessing
The transcriptome data (FPKM values) of the TCGA-UCEC was downloaded from the UCSC Xena browser (https://xena.ucsc.edu/public-hubs). The mRNAs with a normalized count equal to or above 1 in at least 10% of the samples were left for further analysis (Lu et al., 2019). The corresponding UCEC clinical parameters were downloaded from the UCSC Xena browser and cBioPortal (http://www.cbioportal.org/datasets). 570 samples, including 535 tumor samples and 35 normal samples, were obtained with integrated clinical information. These tumor samples (the Entire set) were randomly classified into the Training set (n = 268) and the Validation set (n = 267). The Training set was used for constructing the prognostic model, while both the Entire set and the Validation set were used for validation. The data of somatic mutations and CNV was obtained through the “TCGAbiolinks” package. The mutation data was processed and visualized using the “maftools” package. The CNV data was processed and visualized using GISTIC 2.0.
Identification of Hallmarks With Prognostic Significance
Gene sets of cancer-related hallmarks were downloaded from the Molecular Signatures Database (MSigDB) (https://www.gsea-msigdb.org/gsea/msigdb/index.jsp). To obtain the enrichment scores of gene sets with these hallmarks, we used the ssGSEA algorithm according to our previous studies (Tian et al., 2021). Further, univariate regression analysis was performed to explore the correlation between hallmarks and patients’ overall survival (OS) or disease-free survival (DFS).
Construction of Prognostic Signature With LASSO Regression Model
A Univariate Cox regression analysis was performed to evaluate the correlation between OS and differentially expressed genes in the estrogen response pathway. According to the criteria of p -value < 0.05, 34 genes significantly associated with OS were selected out for the least absolute shrinkage and selection operator (LASSO) Cox regression by using the “glmnet” package with the penalty parameter estimated by 10-fold cross-validation. So far, the UCEC prognostic signature consisting of 13 genes has been established. The risk score calculation formula is:
[image: image]
(Coefi means the coefficients, [image: image] is the FPKM value of each prognostic-related gene).
According to the median risk score, UCEC patients from the Training, Validation, and Entire set were divided into low- and high-risk groups. A time-dependent ROC and Kaplan–Meier curve analysis were performed to test the validity of the prognostic signature. Further Univariate and multivariate Cox regression analyses were performed to validate the independent role of the prognostic signature.
Functional and Pathway Enrichment Analyses
We compared the differences in biological characteristics between the low- and high-risk groups in the TCGA-UCEC dataset with p -value < 0.05 and t -value > 2 as thresholds (PMID: (Hanzelmann et al., 2013). Gene ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were performed using the “clusterProfiler” package (Yu et al., 2012).
Comparison of Immune Status in the Low- and High-Risk Groups
These ssGSEA scores of 24 immune cell types were obtained using the “Gene Set Variation Analysis (GSVA)” package with default parameters. Differences in these scores were analyzed in the low- and high-risk groups. Specifically, the ESTIMATE algorithm was used to evaluate Tumor Purity, ESTIMATE Score, Immune Score, and Stromal Score. The differential expression levels of human leukocyte antigen (HLA) family members and immune checkpoint biomarkers between the high- and the low-risk group were further analyzed.
Prediction of Patients’ Responses to Immunotherapy and Chemotherapy
SubMap was used to compare the similarity of expression profiles, and this feature can be reflected as a treatment response. To predict the sensitivity of each subgroup to immunotherapy, we used a subclass mapping algorithm to compare the similarity of the gene expression profiles of the subgroups to those of melanoma patients receiving checkpoint blockade against programmed cell death protein-1 (PD1) or cytotoxic T lymphocyte antigen-4 (CTLA4) (Roh et al., 2017; Tang et al., 2020). Based on the Genomics of Drug Sensitivity in Cancer (GDSC) (https://www.cancerrxgene.org/), UCEC patients’ sensitivity to six chemotherapeutic agents was estimated, including docetaxel, lenalidomide, doxorubicin, cisplatin, vinorelbine, and gefitinib, by using the “pRRophetic” package (Lu et al., 2019), which is a popular enrichment algorithm extensively utilized in medical studies (Liu et al., 2021; Liu et al., 2022a; Liu et al., 2022b; Liu et al., 2022c).
Statistical Analysis
Statistical analyses were implemented using R software (version 3.6.3). Survival analysis was performed by the Kaplan-Meier method using the “survminer” package, with the log-rank test used for comparisons. The prognostic nomogram was built based on the result of the multivariate Cox proportional hazards regression analysis, which was used to predict the 1-, 3- and 5-years OS by representing the sum of points for each factor. Next, the calibration curves were used to assess the relationship between the predicted probabilities and actual outcomes, and the calibration was evaluated by bootstrapping 1,000 times. Further, the time-dependent area under the ROC curve (AUC) were calculated to evaluate the accuracy values of prognostic models. Also, decision curve analysis (DCA) was used to evaluate the clinical benefit of the nomogram model by quantifying the net benefit of nomogram-assisted decisions. The “limma” package was used to identify differentially expressed genes with | log2(Fold change (FC)) | > 0.5 and adj p -value < 0.05 as the cut-off. The Chi-square test, or Fisher’s exact test, was used for categorical data. Unpaired Student’s t-test, Wilcoxon rank-sum test, or Kruskal–Wallis tests was used for continuous data. All p -values of statistical data were based on two-sided statistical tests, and data with p < 0.05 was considered to be statistically significant.
RESULTS
Estrogen Response Pathway ssGSEA Score Was Correlated With Clinical Features of Patients With UCEC
The overview workflow of our research is shown in Figure 1. The gene sets of cancer-related hallmarks were downloaded from MSigDB, and the activation levels of these hallmarks in each sample from TCGA-UCEC were quantified using the ssGSEA method based on transcriptome profiling data. An unrooted clustering dendrogram was generated through hierarchical clustering analysis to show the distance between these hallmarks (Figure 2A). We performed a univariate Cox regression analysis to determine which hallmarks might affect UCEC progression, demonstrating that the “Estrogen response late” ssGSEA score was the most significant protective factor for OS and DFS in UCEC (Figure 2B). Further, we divided UCEC patients into two groups (the low and the high ssGSEA score groups) by the median ssGSEA score of “Estrogen response late”. Contingency tables demonstrated the correlation between the “Estrogen response late” ssGSEA score and pathological parameters (stage, grade, and TCGA molecular subtype) in TCGA-UCEC (Figure 2C). Kaplan–Meier survival analysis revealed that patients in the high ssGSEA score group had notably more favorable OS and DFS than those in the low ssGSEA score group (Figure 2D). Furthermore, we evaluated this classification based on the estrogen response pathway at different UCEC stages regarding patient outcomes. The results did reveal significant differences in OS as well as DFS between the two groups at stage III ∼ IV, whereas the difference in the prognosis of patients at stage I ∼ II was significant but not obvious (Figures 2E,F). It meant that this classification might be more discriminative in assessing the outcomes of patients at stage III ∼ IV. The above data indicated that the estrogen response pathway ssGSEA score could be a significant predictive factor for OS and DFS of UCEC patients, specifically in their senior stages.
[image: Figure 1]FIGURE 1 | Schematic workflow for establishing the estrogen-response-related risk model and a multidimensional evaluation of patients in different risk groups. First, the transcriptome data and the corresponding clinical characteristics data of UCEC were downloaded from the UCSC Xena browser and cBioPortal. These tumor samples (the Entire set) were then randomly classified into the Training set (n = 268) and the Validation set (n = 267). The ssGSEA scores of various hallmarks were calculated based on the transcriptome profiling of the Entire set and gene sets of MSigDB using ssGSEA. We identified that the “Estrogen response late” ssGSEA score was the most significant protective factor for OS and DFS in UCEC. Subsequently, the LASSO Cox analysis model was used to identify and construct a prognostic gene signature in the Training set, further verified in the Validation set and Entire set. Next, UCEC patients from the TCGA dataset were divided into low- and high-risk groups according to the median risk score. The Kaplan–Meier curves, ROC curves, univariate and multivariate Cox regression, and nomogram were performed to identify the independent predictors of OS. To elucidate differences in biological characteristics between the two risk groups, pathway enrichment, immune landscape, genomic alterations, and therapeutic responses were evaluated to satisfy this objective.
[image: Figure 2]FIGURE 2 | Estrogen response pathway ssGSEA score was correlated with clinical features of patients with UCEC. (A) An unrooted clustering dendrogram depicting the distance between different hallmarks of cancer. (B) Univariate Cox regression analysis indicating cancer-related hallmarks that might affect UCEC progression. (C) Contingency tables demonstrating the correlation between the “Estrogen response late” ssGSEA score and pathological parameters, including tumor grade (upper), clinical stage (middle), and TCGA molecular subtypes (bottom). (D–F) Kaplan–Meier survival analyses of the low and high ssGSEA score groups patients at all stages (D), stage I ∼ II (E), and stage III ∼ IV (F).
Analyses of the Differentially Expressed Genes and Genomic Alterations in the Estrogen Response Pathway
Since the protective role of estrogen response pathway ssGSEA score has been identified, it deserves further exploration of the role of key genes in the estrogen response pathway in UCEC development as well as prognosis and their alterations within the genomes. We analyzed a total of 200 estrogen-response-related genes (ERGs) to investigate whether estrogen response has a bearing on the prognosis of UCEC patients. According to the criteria of |log2FC| > 0.5 and adj p -value < 0.05, the expression of these 200 genes was analyzed between UCEC and normal samples. We found 132 differentially expressed ERGs (DEERGs), of which 57 and 75 were up-regulated and down-regulated, respectively (Figure 3A). Based on the expression of these DEERGs, we could completely distinguish UCEC samples from normal samples (Figure 3B). Next, we analyzed the occurrence of CNV and somatic mutations of these genes in UCEC samples. The top 20 frequent CNV and the top 30 most frequently mutated genes were illustrated (Figures 3C,D). Most DEERGs were discovered with altofrequent CNV amplifications, while only TJP3 had a widespread CNV deletion (Figure 3C). Meanwhile, ANXA9 exhibited the highest mutation frequency, followed by LLGL2 (Figure 3D). These data indicated that abnormal expression and mutation of these DEERGs contribute to the oncogenesis and progression of UCEC.
[image: Figure 3]FIGURE 3 | Analyses of the differentially expressed genes and genomic alterations in the estrogen response pathway. (A) Volcano plot representing the DEERGs in estrogen response pathway between normal and UCEC samples. (B) Principal component analysis (PCA) indicating the expression profiles of 132 DEERGs s being able to distinguish UCEC tumors from normal samples. (C) The CNV frequency of the top 20 DEERGs in the estrogen response pathway in TCGA-UCEC. (D) The mutation frequency of the top 30 DEERGs in the estrogen response pathway in TCGA-UCEC.
Establishment of the UCEC Prognostic Signature Consisting of 13 Genes in the Estrogen Response Pathway
Given that only the UCEC-TCGA public dataset covers detailed clinical parameters and prognostic information, we entirely randomly grouped patients from UCEC-TCGA (n = 535) into two sets: the Training set (n = 268) and the Validation set (n = 267). To screen out DEERGs with potential prognostic value and develop one robust model to predict the prognosis of patients with UCEC, we performed a univariate Cox regression analysis in the entire set and identified 34 genes significantly associated with OS according to the criteria of p -value < 0.05 (Table 1). Next, we adopted the least absolute shrinkage and selection operator (LASSO) regression algorithm in the Training set for narrowing down and identifying critical candidates for further study (Figures 4A,B). At this point, we had established the UCEC prognostic signature consisting of 13 DEERGs, and the risk score was calculated as the following formula:
[image: image]
TABLE 1 | 34 genes significantly associated with OS by univariate Cox proportional hazards regression.
[image: Table 1][image: Figure 4]FIGURE 4 | Establishment of the UCEC prognostic signature consisting of 13 genes in the estrogen response pathway. (A) LASSO regression identifying robust prognostic genes. (B) Distribution of LASSO coefficients for 34 genes in the 10-fold cross-validation. (C) Forest plot of the prognostic ability of the 13 DEERGs included in the prognostic signature. (D). The risk score plots, OS status plots, and heatmaps of these 13 genes in the TCGA-UCEC. (E) Kaplan–Meier survival analysis of the low- and high-risk groups patients in the Training set. (F). ROC curves analysis according to the 1, 3, 5-years survival of the area under the AUC value in the Training set. (G) Differences in risk scores of patient groups with different tumor grades (left), clinical stage (middle), and TCGA molecular subtypes (right). (H) Alluvial diagram establishing associations among risk groups, estrogen response ssGSEA score groups, TCGA molecular subtypes, and survival outcomes.
In this formula, the gene with a positive coefficient was a risk factor for UCEC patients, whereas the gene with a negative coefficient was a protective factor (Figure 4C).
Evaluation of the 13 ERGs Signature as an Independent Prognostic Factor for Patients With UCEC
Next, the median risk score was used for grouping UCEC patients into low- and high-risk groups in all three groups. The Scatterplots and Heatmap were drawn to show the distribution of risk scores and the correlation between risk scores and OS, prognostic risk gene expression in the entire group. High-risk individuals were more likely to die. Some of their risk genes were overexpressed, whereas the protective genes were under-expressed (Figure 4D). The survival analysis indicated that high-risk score was significantly negatively associated with OS and DFS, whether in the Training, Validation, or Entire set (Figure 4E; Supplementary Figures S1A,B). Furthermore, whether at stage I ∼ II or stage III ∼ IV, low-risk patients all had notably favorable OS and DFS compared to high-risk ones (Supplementary Figures S1C,D). Besides, the AUCs for 1-, 3- and 5-years ROC curves in the training set were 0.73 (OS, 1 year), 0.84 (OS, 3 years), 0.82 (OS, 5 years), 0.64 (DFS, 1 year), 0.80 (DFS, 3 years), and 0.75 (DFS, 5 years), respectively (Figure 4F). Similar results were obtained in the test or Entire set (Supplementary Figures S1E,F).
Through analyzing the difference in risk scores of patient groups with different UCEC grades, stages, and TCGA subtypes, we discovered that patients with higher grades and/or stages consistently had higher risk scores (Figure 4G). Specifically, as for TCGA molecular subtypes, patients belonging to the CN-high subtype group with a relatively poor prognosis got the highest risk scores compared to the other three subtypes (Figure 4G). The Alluvial diagram showed that the high-risk group primarily corresponded to the estrogen response low ssGSEA scores group and CN-high molecular subtypes and was relevant to the poor prognosis (Figure 4H).
The above results strongly suggested that high-risk scores were significantly correlated with OS and DFS of patients with UCEC. Combined with both univariate and multivariate Cox regression analyses, the screening process identified a signature consisting of 13 DEERGs as a UCEC prognostic factor independent of clinicopathological factors such as age, grade, stage, and histological type. It proved that the risk score based on 13 DEERGs could be an independent prognostic factor for patients with UCEC, whether in the Training, Validation, or Entire set (Table 2).
TABLE 2 | Univariate and multivariate investigation of clinic pathologic aspects for its comprehensive survival in UCEC patients.
[image: Table 2]Establishment of the Prognostic Nomogram for the Survival of Patients With UCEC
To establish a clinically applicable model for predicting the survival probability of UCEC patients, we created a prognostic nomogram based on the risk score, age, group, and stage in the Entire set (TCGA-UCEC) to estimate the probability of the 1-, 3- and 5-years OS (Figure 5A). The calibration plots indicated the performance of the nomogram, and the 45° line represented the best predictive effect (Figure 5B). The results suggested that the nomogram performed well. Importantly, to further evaluate the predictive performance of the nomogram model in UCEC patients, we compared the nomogram model with other clinicopathological features, the Wang. model and the Yao. model (Yang et al., 2021; Chen et al., 2022). The nomogram with powerful and robust prediction performance has advantages over other clinicopathological features and models (Figure 5C). DCA graphically illustrated that the nomogram model brought more net benefit in terms of survival than other parameters and models at 5-years points (Figure 5D).
[image: Figure 5]FIGURE 5 | Establishment of the prognostic nomogram for the survival of patients with UCEC. (A) Nomogram for predicting the 1/3/5-years overall survival of patients with UCEC. (B) Calibration curve for the prediction of 1/3/5-years overall survival. (C) A comparison of time-dependent AUC curves with other clinicopathological features showing the powerful capacity for survival prediction of the nomogram. (D) Decision curves for 5-years OS in the Entire set.
Comprehensive Analyses of Enriched Pathways in Different Risk Groups
To explore the differences in biological characteristics in both low- and high-risk groups, we performed GSVA enrichment analysis, which indicated that carcinogenic pathways such as G2M checkpoint, DNA repair, and TGF-beta signaling were mainly activated in the high-risk group. Whereas immune-related pathways, including the IL6-JAK-STAT3 signaling, inflammatory response, IL2-STAT5 signaling, and interferon-gamma response, were enriched in the low-risk group (Figure 6A). Comparison of transcriptional expression profiles of low- and high-risk groups identified 841 DEGs according to the screening criteria of |log2FC| > 0.5 and adj p -value < 0.05 (Supplementary Figure S2A). Next, the GO and KEGG pathway enrichment analyses of the 841 DEGs were performed. As the GO terms analysis showed, the top five enriched terms in biological processes were T cell activation, leukocyte cell-cell adhesion, regulation of T cell activation, regulation of leukocyte proliferation, and leukocyte proliferation. In terms of molecular function, most genes were enriched in G protein-coupled receptor binding, immune receptor activity, peptidase regulator activity, cytokine binding, and serine-type endopeptidase activity. As for the cellular component, the significantly enriched terms were MHC class II protein complex, specific granule, collagen-containing extracellular matrix, motile cilium, and the external side of the plasma membrane. (Figure 6B) Meanwhile, the KEGG pathway analysis indicated that the significantly enriched pathways were human T-cell leukemia virus 1 infection and cell adhesion molecules (Supplementary Figure S2B). Based on the above results, we suspected that relatively high immune activated status might contribute to a favorable prognosis of UCEC patients in the low-risk group.
[image: Figure 6]FIGURE 6 | Comprehensive analyses of enriched pathways in different risk groups. (A) GSVA enrichment analyses in the low- and high-risk groups indicating the activated biological pathways. (B) GO terms analyses of 504 risk-related DEGs. Biological process (upper), Molecular function (middle), Cellular component (bottom).
The Description of Immune Cell Infiltrations and the Prediction of Immunotherapeutic Response in Different Risk Groups
Considering that the tumor microenvironment contributes to tumorigenesis and patient prognosis, we then checked the ssGSEA scores of 24 immune cell types and observed the high degree of infiltration of beneficial immune cells such as cytotoxic cells, pDC cells, T cells, and Treg cells in the low-risk group (Figure 7A). Meanwhile, the ESTIMATE algorithm was performed to calculate the Tumor Purity, ESTIMATE Score, Immune Score, and Stromal Score in the low- and high-risk groups. With relatively low Tumor Purity, the low-risk group gets a higher ESTIMATE, Immune and Stromal score when compared with the high-risk group (Figure 7B). Furthermore, we detected the expression levels of HLA family members and 31 immune checkpoint biomarkers in different risk groups. Relatively high expression levels of the above genes in the low-risk group suggested a potentially effective response to anti-immune checkpoint therapy (Figures 7C,D). The correlation between risk scores, HLA family members, and 31 immune checkpoint biomarkers was further analyzed. It was found that risk scores were significantly negatively correlated with the expression levels of HLA family members and 31 immune checkpoint biomarkers (Figures 7D,E). Therefore, we used a subclass mapping algorithm to predict the response to anti-PD1 therapy and anti-CTLA4 therapy for patients with UCEC. The Bonferroni corrected and normal p -values of the low-risk group were both less than 0.05, suggesting that patients from the low-risk group tended to respond effectively to anti–PD-1 therapy (Figure 7G).
[image: Figure 7]FIGURE 7 | The description of infiltration of immune cells and the prediction of immunotherapeutic response in different risk groups. (A) The ssGSEA scores of 24 immune cells in the low- and high-risk groups in TCGA-UCEC. (B) Comparison of ESTIMATE score, immune score, stromal score, and tumor purity between the low- and high-risk groups in TCGA-UCEC. (C,D) The expression levels of immune checkpoint biomarkers(C) and HLA family genes (D) in the low- and high-risk groups in TCGA-UCEC. E and (F). Correlation analysis for risk scores and the expression levels of immune checkpoint biomarkers(E) and HLA family genes (F). (G) Predicted responses to anti-PD1 therapy and anti-CTLA4 therapy of patients with UCEC in the low- and high-risk groups.
A Global Vision of Genomic Alterations and Chemotherapeutic Response Prediction in Different Risk Groups
There is increasing evidence that the burden of tumor mutations is related to immunotherapy in cancer patients (Samstein et al., 2019), and therefore, we detected tumor mutation burden (TMB) in different risk groups. TMB was significantly elevated in the low-risk group (Supplementary Figure S3A). To discover essential genes with somatic hypermutation that might master the oncogenesis and development of UCEC, we further analyzed the distribution of the top 30 genes in the two groups (Figure 8A). We noticed an unexpectedly higher somatic mutation frequency in the low-risk group (Figure 8B). TP53 mutations are considered a surrogate biomarker of the serous-like CN-high molecular subtype of UCEC (Singh et al., 2020). As shown in Figures 8A,B, the mutation frequency of TP53 in the high-risk group was also higher than that in the low-risk group (Figures 8A,B). In addition, the result that the CN-high subtype got the highest risk score was previously described (Figure 4E). Furthermore, we performed the GISTIC2.0 to analyze the CNV, and high-frequency amplification was discovered in the high-risk group (Figure 8C). In detail, representative amplified genes were shown, and oncogenes like MYC and CCNE1 were widely amplified in the high-risk group (Figure 8D). Considering chemotherapy as a standard treatment is currently used clinically for patients with UCEC, we used the “pRRophetic” package to estimate the patient’s sensitivity to six chemotherapeutic agents, including docetaxel, lenalidomide, doxorubicin, cisplatin, vinorelbine, and gefitinib in different risk groups. The relatively low estimated IC50 of each chemotherapeutic agent in the high-risk group indicated that although patients scored high on risk they might be more sensitive to these chemotherapeutic agents (Figure 8E).
[image: Figure 8]FIGURE 8 | A global vision of genomic alterations and chemotherapeutic response prediction in different risk groups. (A) Oncoplots of the somatic mutation in TCGA-UCEC. (B) The box plots of top 30 somatic mutations genes in the low- and high-risk groups. (C). Amplifications (Amp) and deletions (Del) of copy number in the low- and high-risk groups. (D) The CNV frequency of the frequently amplified (Amp) or deleted (Del) genes in TCGA-UCEC. (E) The box plots of the estimated IC50 of docetaxel, lenalidomide, doxorubicin, cisplatin, vinorelbine, and gefitinib.
DISCUSSION
Estrogens exhibit a wide range of physiological functions, including but not limited to the regulation of the menstrual cycle and reproduction to modulation of bone density, brain function, and cholesterol mobilization (Liang and Shang, 2013). The results of previous clinical, biological, and epidemiological studies have demonstrated that excessive and/or prolonged exposure to unopposed estrogen increases the risk of UCEC, especially in the endometrioid type (Zhou et al., 2019). Estrogens can signal through ERs in a genomic or nongenomic manner. Genomic signaling refers to ERs carrying out their typical steroid hormone receptor action by binding to the genome and regulating transcription. In nongenomic signaling, ERs bound to the cell surface will bind estrogens, activating other signaling pathways such as cAMP and MAPK (Losel and Wehling, 2003; Rodriguez et al., 2019). However, the mechanisms of these factors contribute to the malignant state remain unclear, despite a growing understanding of the pathophysiology and molecular biology of ERs (Zhou et al., 2019). A better understanding of ER and PR biology may make it possible to identify patient populations that are likely to benefit from new therapeutic options (Rodriguez et al., 2019).
Herein, we applied the ssGSEA algorithm to calculate the enrichment scores of gene sets of cancer-related hallmarks and found that high estrogen response ssGSEA scores indicated a better prognosis in terms of OS and DFS in UCEC patients. Furthermore, we used the LASSO Cox regression model to identify critical candidates and established a prognostic signature consisting of 13 DEERGs. Among these 13 genes, PTPN6 (Giordano et al., 2018), PGR (Zhou et al., 2020), and HPRT1 (Townsend et al., 2019) have been reported to predict the outcomes of UCEC patients. Others, including PKP3(Furukawa et al., 2005), TJP3 (Luo et al., 2020), NRIP1 (Chen X. et al., 2020), DNAJC12 (Uno et al., 2019), ASS1(Silberman et al., 2019), BATF (Feng et al., 2020), NMU (Liu et al., 2019), and IGFBP4 (Lee et al., 2018), had been verified to participate in carcinogenesis and affect patients’ prognoses in other cancers, although the relevant studies were rare in UCEC. The risk scores of UCEC patients were calculated based on the expression levels of 13 genes. Further analyses highlighted that the risk score was associated with grades, stage, and copy-number high (CN-high) subtype. Then, we divided the UCEC patients into low- and high-risk groups based on the median risk score and compared their clinicopathological parameters to clarify the correlation between the risk scores and clinical features. In the Training set, Validation set, and Entire set, the prognostic signature consisting of 13 DEERGs showed strong predictive capability and could act as a potentially independent indicator for the prognosis of UCEC patients.
To explore the biological characteristics between low- and high-risk groups, we performed GSVA enrichment analyses, which indicated that carcinogenic pathways were mainly activated in the high-risk group, whereas immune-related pathways were enriched in the low-risk group. Comparing transcriptional expression profiles of low- and high-risk groups identified 841 DEGs. Functional enrichment analyses of these DEGs could provide an understanding of their biological roles. In the GO analysis, both immune cell adhesion and activation and antigen presentation and binding were associated with the risk-related DEGs. Mounting evidence has shown that ERs are broadly expressed in many cell types involved in innate and adaptive immune responses (Rothenberger et al., 2018). Based on the above analyses, we hypothesized that a prognostic signature consisting of 13 DEERGs might be associated with immune cell infiltration and help guide therapeutic regimens.
In order to verify our hypothesis, the ssGSEA algorithm was used to evaluate the immune cell fraction, and ESTIMATE was used to evaluate Tumor Purity, ESTIMATE Score, Immune Score, and Stromal Score in UCEC patients. Many elegant studies have revealed that effectors, including CTLs, B cells, and NK cells, destroy tumor cells while myeloid-derived suppressor cells (MDSCs) and tumor-associated macrophages (TAMs) can contribute to immune escape and tumor growth (Taube et al., 2018). The low-risk group had relatively lower Tumor Purity and higher ESTIMATE, Immune, and Stromal Scores. Moreover, this group of patients was remarkably rich in cytotoxic cells, pDC cells, T cells, and Treg cells. Regulatory T cells (Tregs) are potent immunosuppressive lymphocytes that are crucial for immune tolerance and homeostasis (Adair et al., 2017). However, the function of Tregs in endometrial cancer is still controversial (Prieto, 2011). Bingnan Chen et al. found that the infiltrated level of Tregs was positively correlated with the survival rate of endometrioid endometrial adenocarcinoma and negatively correlated with clinical grading (Chen B. et al., 2020). Our study also found that the infiltrated Tregs level was elevated in the low-risk group with a better prognosis. The reason is still unclear and may be associated with the level of estrogen (Chen B. et al., 2020). T cells can recognize neoantigens via HLA molecules on the tumor cell surface, which provides an opportunity to initiate specific and effective anti-cancer immune responses (Liu et al., 2020). The results showed that HLA genes were significantly higher in the low-risk group. In addition, we observed that the low-risk group was significantly associated with elevated immune checkpoint levels, implying the potential predictive value of immunotherapy benefits. Based on the background mentioned before, we used a subclass mapping algorithm to predict the response of UCEC patients to immunotherapy. We found that patients in the low-risk group were more likely to respond effectively to anti-PD-1 immunotherapy. Previous studies demonstrated that the activation of the estrogen pathway could enhance macrophage influx, Th2 responses, and immunosuppression by NK and CTL-mediated tumor cell elimination (Jiang et al., 2006; Jiang et al., 2007; Khan and Ansar Ahmed, 2015; Svensson et al., 2015). Therefore, anti-estrogen therapy combined with immunotherapy should be considered an effective therapeutic regimen for patients with UCEC.
An assessment of the mutated genes underlying human tumors is essential to cancer diagnosis, therapy, and rational treatment selection (Chong et al., 2021). Tumors containing p53 mutations exhibit a high degree of genomic instability associated with tumor progression and invasion by upregulation of p53-mutant target genes, and the TP53 mutation is well known for its prognostic impact in endometrial carcinoma (Stelloo et al., 2016). Previous studies demonstrated that the CN-high molecular subtype of endometrial carcinoma was characterized by the TP53 mutation and frequently accompanied by many gene copy-number alterations, including the amplifying of essential oncogenes such as CCNE1 and c-MYC (Leskela et al., 2019). In our present study, the high-risk group primarily corresponded to the CN-high molecular subtype and was significantly correlated with more aggressive molecular changes such as frequent TP53 mutations and extensive copy number alterations. High TMB indicates that cancer cells have a high level of mutations, suggesting that cancer cells are more different from normal cells, which can be easily discovered by the human immune system (Zhao et al., 2021). In our study, the low-risk groups displayed more mutation frequency and a higher degree of infiltration of immune cells.
Despite some exciting discoveries, some problems remain. First, this study is a retrospective study only covering the TCGA dataset and thus should be validated by an external dataset and further confirmed by preliminary experiments. Second, the predictive capacity of the prognostic signature composed of 13 genes and its potential relationship with immune status, requires further verification testing in other clinical samples.
CONCLUSION
In this study, we developed an estrogen-response-related signature that could act as an independent prognostic factor for patients with UCEC. According to the prognostic model based on 13 DEERGs, we comprehensively evaluated the biological behaviors, immune status, genomic alterations, and therapeutic responses in different risk groups. In summary, our study provides a novel insight into potential strategies for diagnosing, monitoring, and treatment of UCEC.
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 authors.
AUTHOR CONTRIBUTIONS
YL: Data curation and Writing-original draft; RT: Formal analysis and Writing-original draft; JL: Software and Visualization; CO: Methodology; QW: Conceptualization, Funding acquisition, and Writing-review and editing; XF: Validation, Project administration, and Supervision.
FUNDING
This research was funded by the National Natural Science Foundation of China (NSFC) (Grant No. 81903032).
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.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmolb.2022.833910/full#supplementary-material
ABBREVIATIONS
CNV, copy number variation; DEERGs, differentially expressed estrogen-response-related genes; LASSO, least absolute shrinkage and selection operator; PCA, principal component analysis; ssGSEA, single-sample gene set enrichment analysis; TCGA, the cancer genome atlas; TMB, tumor mutational burden; UCEC, uterine corpus endometrial carcinoma.
REFERENCES
 Adair, P. R., Kim, Y. C., Zhang, A.-H., Yoon, J., and Scott, D. W. (2017). Human Tregs Made Antigen Specific by Gene Modification: The Power to Treat Autoimmunity and Antidrug Antibodies with Precision. Front. Immunol. 8, 1117. doi:10.3389/fimmu.2017.01117
 Blackburn, S. D., Shin, H., Haining, W. N., Zou, T., Workman, C. J., Polley, A., et al. (2009). Coregulation of CD8+ T Cell Exhaustion by Multiple Inhibitory Receptors during Chronic Viral Infection. Nat. Immunol. 10 (1), 29–37. doi:10.1038/ni.1679
 Bokhman, J. V. (1983). Two Pathogenetic Types of Endometrial Carcinoma. Gynecol. Oncol. 15 (1), 10–17. doi:10.1016/0090-8258(83)90111-7
 Braun, M. M., Overbeek-Wager, E. A., and Grumbo, R. J. (2016). Diagnosis and Management of Endometrial Cancer. Am. Fam. Physician 93 (6), 468–474.
 Brinton, L. A., Felix, A. S., McMeekin, D. S., Creasman, W. T., Sherman, M. E., Mutch, D., et al. (2013). Etiologic Heterogeneity in Endometrial Cancer: Evidence from a Gynecologic Oncology Group Trial. Gynecol. Oncol. 129 (2), 277–284. doi:10.1016/j.ygyno.2013.02.023
 Chen, B., Wang, D., Li, J., Hou, Y., and Qiao, C. (2020). Screening and Identification of Prognostic Tumor-Infiltrating Immune Cells and Genes of Endometrioid Endometrial Adenocarcinoma: Based on the Cancer Genome Atlas Database and Bioinformatics. Front. Oncol. 10, 554214. doi:10.3389/fonc.2020.554214
 Chen, G. G., Zeng, Q., and Tse, G. M. (2008). Estrogen and its Receptors in Cancer. Med. Res. Rev. 28 (6), 954–974. doi:10.1002/med.20131
 Chen, X., Jiang, J., Zhao, Y., Wang, X., Zhang, C., Zhuan, L., et al. (2020). Circular RNA circNTRK2 Facilitates the Progression of Esophageal Squamous Cell Carcinoma through Up-Regulating NRIP1 Expression via miR-140-3p. J. Exp. Clin. Cancer Res. 39 (1), 133. doi:10.1186/s13046-020-01640-9
 Chen, Y., Liao, Y., Du, Q., Shang, C., Qin, S., Lee, K., et al. (2022). Roles of Pyroptosis-Related Gene Signature in Prediction of Endometrial Cancer Outcomes. Front. Med. 9, 822806. doi:10.3389/fmed.2022.822806
 Chong, W., Shang, L., Liu, J., Fang, Z., Du, F., Wu, H., et al. (2021). m6A Regulator-Based Methylation Modification Patterns Characterized by Distinct Tumor Microenvironment Immune Profiles in colon Cancer. Theranostics 11 (5), 2201–2217. doi:10.7150/thno.52717
 Feng, Y., Pan, L., Zhang, B., Huang, H., and Ma, H. (2020). BATF Acts as an Oncogene in Non-Small Cell Lung Cancer. Oncol. Lett. 19 (1), 205–210. doi:10.3892/ol.2019.11075
 Forschner, A., Battke, F., Hadaschik, D., Schulze, M., Weissgraeber, S., Han, C.-T., et al. (2019). Tumor Mutation burden and Circulating Tumor DNA in Combined CTLA-4 and PD-1 Antibody Therapy in Metastatic Melanoma - Results of a Prospective Biomarker Study. J. Immunotherapy Cancer 7 (1), 180. doi:10.1186/s40425-019-0659-0
 Furukawa, C., Daigo, Y., Ishikawa, N., Kato, T., Ito, T., Tsuchiya, E., et al. (2005). Plakophilin 3 Oncogene as Prognostic Marker and Therapeutic Target for Lung Cancer. Cancer Res. 65 (16), 7102–7110. doi:10.1158/0008-5472.CAN-04-1877
 Giordano, G., Campanini, N., Goldoni, M., Rodolfi, A. M., Brigati, F., Merisio, C., et al. (2018). Immunohistochemical Detection of Hematopoietic Cell-specific Protein-Tyrosine Phosphatase (Tyrosine Phosphatase SHP-1) in a Series of Endometrioid and Serous Endometrial Carcinoma. Appl. Immunohistochem. Mol. Morphol. 26 (7), 468–477. doi:10.1097/PAI.0000000000000456
 Hänzelmann, S., Castelo, R., and Guinney, J. (2013). GSVA: Gene Set Variation Analysis for Microarray and RNA-Seq Data. BMC Bioinformatics 14, 7. doi:10.1186/1471-2105-14-7
 Huvila, J., Pors, J., Thompson, E. F., and Gilks, C. B. (2021). Endometrial Carcinoma: Molecular Subtypes, Precursors and the Role of Pathology in Early Diagnosis. J. Pathol. 253 (4), 355–365. doi:10.1002/path.5608
 Ito, K., Utsunomiya, H., Yaegashi, N., and Sasano, H. (2007). Biological Roles of Estrogen and Progesterone in Human Endometrial Carcinoma - New Developments in Potential Endocrine Therapy for Endometrial Cancer. Endocr. J. 54 (5), 667–679. doi:10.1507/endocrj.kr-114
 Jiang, X., Ellison, S. J., Alarid, E. T., and Shapiro, D. J. (2007). Interplay between the Levels of Estrogen and Estrogen Receptor Controls the Level of the Granzyme Inhibitor, Proteinase Inhibitor 9 and Susceptibility to Immune Surveillance by Natural Killer Cells. Oncogene 26 (28), 4106–4114. doi:10.1038/sj.onc.1210197
 Jiang, X., Orr, B. A., Kranz, D. M., and Shapiro, D. J. (2006). Estrogen Induction of the Granzyme B Inhibitor, Proteinase Inhibitor 9, Protects Cells against Apoptosis Mediated by Cytotoxic T Lymphocytes and Natural Killer Cells. Endocrinology 147 (3), 1419–1426. doi:10.1210/en.2005-0996
 Cancer Genome Atlas Research Kandoth, C., Schultz, N., Cherniack, A. D., Akbani, R., Liu, Y., Shen, H., et al. (2013). Integrated Genomic Characterization of Endometrial Carcinoma. Nature 497 (7447), 67–73. doi:10.1038/nature12113
 Khan, D., and Ansar Ahmed, S. (2015). The Immune System Is a Natural Target for Estrogen Action: Opposing Effects of Estrogen in Two Prototypical Autoimmune Diseases. Front. Immunol. 6, 635. doi:10.3389/fimmu.2015.00635
 Lee, Y.-Y., Mok, M. T., Kang, W., Yang, W., Tang, W., Wu, F., et al. (2018). Loss of Tumor Suppressor IGFBP4 Drives Epigenetic Reprogramming in Hepatic Carcinogenesis. Nucleic Acids Res. 46 (17), 8832–8847. doi:10.1093/nar/gky589
 Leskela, S., Pérez-Mies, B., Rosa-Rosa, J. M., Cristobal, E., Biscuola, M., Palacios-Berraquero, M. L., et al. (2019). Molecular Basis of Tumor Heterogeneity in Endometrial Carcinosarcoma. Cancers 11 (7), 964. doi:10.3390/cancers11070964
 Liang, J., and Shang, Y. (2013). Estrogen and Cancer. Annu. Rev. Physiol. 75, 225–240. doi:10.1146/annurev-physiol-030212-183708
 Liu, J., Nie, S., Wu, Z., Jiang, Y., Wan, Y., Li, S., et al. (2020). Exploration of a Novel Prognostic Risk Signatures and Immune Checkpoint Molecules in Endometrial Carcinoma Microenvironment. Genomics 112 (5), 3117–3134. doi:10.1016/j.ygeno.2020.05.022
 Liu, L., He, C., Zhou, Q., Wang, G., Lv, Z., and Liu, J. (2019). Identification of Key Genes and Pathways of Thyroid Cancer by Integrated Bioinformatics Analysis. J. Cell Physiol. 234 (12), 23647–23657. doi:10.1002/jcp.28932
 Liu, Z., Guo, C., Dang, Q., Wang, L., Liu, L., Weng, S., et al. (2022a). Integrative Analysis from Multi-center Studies Identities a Consensus Machine Learning-Derived lncRNA Signature for Stage II/III Colorectal Cancer. EBioMedicine 75, 103750. doi:10.1016/j.ebiom.2021.103750
 Liu, Z., Guo, C., Li, J., Xu, H., Lu, T., Wang, L., et al. (2021). Somatic Mutations in Homologous Recombination Pathway Predict Favourable Prognosis after Immunotherapy across Multiple Cancer Types. Clin. Translational Med 11 (12), e619. doi:10.1002/ctm2.619
 Liu, Z., Liu, L., Weng, S., Guo, C., Dang, Q., Xu, H., et al. (2022b). Machine Learning-Based Integration Develops an Immune-Derived lncRNA Signature for Improving Outcomes in Colorectal Cancer. Nat. Commun. 13 (1), 816. doi:10.1038/s41467-022-28421-6
 Liu, Z., Xu, H., Weng, S., Ren, Y., and Han, X. (2022c). Stemness Refines the Classification of Colorectal Cancer with Stratified Prognosis, Multi-Omics Landscape, Potential Mechanisms, and Treatment Options. Front. Immunol. 13, 828330. doi:10.3389/fimmu.2022.828330
 Lortet-Tieulent, J., Ferlay, J., Bray, F., and Jemal, A. (2018). International Patterns and Trends in Endometrial Cancer Incidence, 1978-2013. J. Natl. Cancer Inst. 110 (4), 354–361. doi:10.1093/jnci/djx214
 Lösel, R., and Wehling, M. (2003). Nongenomic Actions of Steroid Hormones. Nat. Rev. Mol. Cel Biol 4 (1), 46–55. doi:10.1038/nrm1009
 Lu, X., Jiang, L., Zhang, L., Zhu, Y., Hu, W., Wang, J., et al. (2019). Immune Signature-Based Subtypes of Cervical Squamous Cell Carcinoma Tightly Associated with Human Papillomavirus Type 16 Expression, Molecular Features, and Clinical Outcome. Neoplasia 21 (6), 591–601. doi:10.1016/j.neo.2019.04.003
 Luo, M., Zhang, L., Yang, H., Luo, K., and Qing, C. (2020). Long Non-coding RNA NEAT1 Promotes Ovarian Cancer Cell Invasion and Migration by Interacting with miR-1321 and Regulating Tight junction Protein 3 Expression. Mol. Med. Rep. 22 (4), 3429–3439. doi:10.3892/mmr.2020.11428
 Markov, G. V., Gutierrez-Mazariegos, J., Pitrat, D., Billas, I. M. L., Bonneton, F., Moras, D., et al. (2017). Origin of an Ancient Hormone/receptor Couple Revealed by Resurrection of an Ancestral Estrogen. Sci. Adv. 3 (3), e1601778. doi:10.1126/sciadv.1601778
 Mosselman, S., Polman, J., and Dijkema, R. (1996). ERβ: Identification and Characterization of a Novel Human Estrogen Receptor. FEBS Lett. 392 (1), 49–53. doi:10.1016/0014-5793(96)00782-x
 Ott, P. A., Bang, Y.-J., Berton-Rigaud, D., Elez, E., Pishvaian, M. J., Rugo, H. S., et al. (2017). Safety and Antitumor Activity of Pembrolizumab in Advanced Programmed Death Ligand 1-Positive Endometrial Cancer: Results from the KEYNOTE-028 Study. J. Clin. Oncol. 35 (22), 2535–2541. doi:10.1200/JCO.2017.72.5952
 Patel, S. P., and Kurzrock, R. (2015). PD-L1 Expression as a Predictive Biomarker in Cancer Immunotherapy. Mol. Cancer Ther. 14 (4), 847–856. doi:10.1158/1535-7163.MCT-14-0983
 Prieto, G. A. (2011). Progression of Endometriosis to Cancer: Too MUCh FoxP3+ Regulatory T-Cell Response?Dis. Model. Mech. 4 (2), 139–140. doi:10.1242/dmm.007278
 Reck, M., Rodríguez-Abreu, D., Robinson, A. G., Hui, R., Csőszi, T., Fülöp, A., et al. (2016). Pembrolizumab versus Chemotherapy for PD-L1-Positive Non-small-cell Lung Cancer. N. Engl. J. Med. 375 (19), 1823–1833. doi:10.1056/NEJMoa1606774
 Rodriguez, A. C., Blanchard, Z., Maurer, K. A., and Gertz, J. (2019). Estrogen Signaling in Endometrial Cancer: a Key Oncogenic Pathway with Several Open Questions. Horm. Canc 10 (2-3), 51–63. doi:10.1007/s12672-019-0358-9
 Roh, W., Chen, P.-L., Reuben, A., Spencer, C. N., Prieto, P. A., Miller, J. P., et al. (2017). Integrated Molecular Analysis of Tumor Biopsies on Sequential CTLA-4 and PD-1 Blockade Reveals Markers of Response and Resistance. Sci. Transl. Med. 9 (379), eaah3560. doi:10.1126/scitranslmed.aah3560
 Rothenberger, N., Somasundaram, A., and Stabile, L. (2018). The Role of the Estrogen Pathway in the Tumor Microenvironment. Int. J. Mol. Sci. 19 (2), 611. doi:10.3390/ijms19020611
 Samstein, R. M., Lee, C.-H., Shoushtari, A. N., Hellmann, M. D., Shen, R., Janjigian, Y. Y., et al. (2019). Tumor Mutational Load Predicts Survival after Immunotherapy across Multiple Cancer Types. Nat. Genet. 51 (2), 202–206. doi:10.1038/s41588-018-0312-8
 Silberman, A., Goldman, O., Boukobza Assayag, O., Jacob, A., Rabinovich, S., Adler, L., et al. (2019). Acid-Induced Downregulation of ASS1 Contributes to the Maintenance of Intracellular pH in Cancer. Cancer Res. 79 (3), 518–533. doi:10.1158/0008-5472.CAN-18-1062
 Singh, N., Piskorz, A. M., Bosse, T., Jimenez‐Linan, M., Rous, B., Brenton, J. D., et al. (2020). p53 Immunohistochemistry Is an Accurate Surrogate forTP53mutational Analysis in Endometrial Carcinoma Biopsies. J. Pathol. 250 (3), 336–345. doi:10.1002/path.5375
 Stelloo, E., Nout, R. A., Osse, E. M., Jürgenliemk-Schulz, I. J., Jobsen, J. J., Lutgens, L. C., et al. (2016). Improved Risk Assessment by Integrating Molecular and Clinicopathological Factors in Early-Stage Endometrial Cancer-Combined Analysis of the PORTEC Cohorts. Clin. Cancer Res. 22 (16), 4215–4224. doi:10.1158/1078-0432.CCR-15-2878
 Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, I., Jemal, A., et al. (2021). Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA A. Cancer J. Clin. 71 (3), 209–249. doi:10.3322/caac.21660
 Svensson, S., Abrahamsson, A., Rodriguez, G. V., Olsson, A.-K., Jensen, L., Cao, Y., et al. (2015). CCL2 and CCL5 Are Novel Therapeutic Targets for Estrogen-dependent Breast Cancer. Clin. Cancer Res. 21 (16), 3794–3805. doi:10.1158/1078-0432.CCR-15-0204
 Tang, C., Ma, J., Liu, X., and Liu, Z. (2020). Development and Validation of a Novel Stem Cell Subtype for Bladder Cancer Based on Stem Genomic Profiling. Stem Cel Res Ther 11 (1), 457. doi:10.1186/s13287-020-01973-4
 Taube, J. M., Galon, J., Sholl, L. M., Rodig, S. J., Cottrell, T. R., Giraldo, N. A., et al. (2018). Implications of the Tumor Immune Microenvironment for Staging and Therapeutics. Mod. Pathol. 31 (2), 214–234. doi:10.1038/modpathol.2017.156
 Tian, R., Li, Y., Liu, Q., and Shu, M. (2021). Identification and Validation of an Immune-Associated RNA-Binding Proteins Signature to Predict Clinical Outcomes and Therapeutic Responses in Glioma Patients. Cancers 13 (7), 1730. doi:10.3390/cancers13071730
 Townsend, M. H., Ence, Z. E., Felsted, A. M., Parker, A. C., Piccolo, S. R., Robison, R. A., et al. (2019). Potential New Biomarkers for Endometrial Cancer. Cancer Cel Int 19, 19. doi:10.1186/s12935-019-0731-3
 Uno, Y., Kanda, M., Miwa, T., Umeda, S., Tanaka, H., Tanaka, C., et al. (2019). Increased Expression of DNAJC12 Is Associated with Aggressive Phenotype of Gastric Cancer. Ann. Surg. Oncol. 26 (3), 836–844. doi:10.1245/s10434-018-07149-y
 Urick, M. E., and Bell, D. W. (2019). Clinical Actionability of Molecular Targets in Endometrial Cancer. Nat. Rev. Cancer 19 (9), 510–521. doi:10.1038/s41568-019-0177-x
 Wolchok, J. D., Chiarion-Sileni, V., Gonzalez, R., Rutkowski, P., Grob, J.-J., Cowey, C. L., et al. (2017). Overall Survival with Combined Nivolumab and Ipilimumab in Advanced Melanoma. N. Engl. J. Med. 377 (14), 1345–1356. doi:10.1056/NEJMoa1709684
 Yang, X., Li, X., Cheng, Y., Zhou, J., Shen, B., Zhao, L., et al. (2021). Comprehensive Analysis of the Glycolysis-Related Gene Prognostic Signature and Immune Infiltration in Endometrial Cancer. Front. Cel Dev. Biol. 9, 797826. doi:10.3389/fcell.2021.797826
 Yu, G., Wang, L.-G., Han, Y., and He, Q.-Y. (2012). clusterProfiler: an R Package for Comparing Biological Themes Among Gene Clusters. OMICS: A J. Integr. Biol. 16 (5), 284–287. doi:10.1089/omi.2011.0118
 Zhao, L., Fu, X., Han, X., Yu, Y., Ye, Y., and Gao, J. (2021). Tumor Mutation burden in Connection with Immune-Related Survival in Uterine Corpus Endometrial Carcinoma. Cancer Cel Int 21 (1), 80. doi:10.1186/s12935-021-01774-6
 Zhou, C., Li, C., Yan, F., and Zheng, Y. (2020). Identification of an Immune Gene Signature for Predicting the Prognosis of Patients with Uterine Corpus Endometrial Carcinoma. Cancer Cel Int 20 (1), 541. doi:10.1186/s12935-020-01560-w
 Zhou, W.-J., Zhang, J., Yang, H.-L., Wu, K., Xie, F., Wu, J.-N., et al. (2019). Estrogen Inhibits Autophagy and Promotes Growth of Endometrial Cancer by Promoting Glutamine Metabolism. Cell Commun Signal 17 (1), 99. doi:10.1186/s12964-019-0412-9
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.
Copyright © 2022 Li, Tian, Liu, Ou, Wu and Fu. 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.
OPS/images/math_qu2.gif
sk score = — - 0.1965 Exp PRES + 0.014+Exp NMU = 0,040+ Exp 1)F3 - 0.135+Exp
PTPNG - 0.379xp BATF +(.168+Exp GAL + 0.3550Exp HPRT1 - 0.1700Exp
NRIPI + 0.1200Exp ASS - 0209 Exp LARGEL + 00774Exp ANXAD + 0162+ Exp
DNAKZ ~ 88533 Ra PR





OPS/xhtml/nav.xhtml
Contents

		Cover

		A 13-Gene Signature Based on Estrogen Response Pathway for Predicting Survival and Immune Responses of Patients With UCEC		Introduction

		Materials and Methods		Data Acquisition and Preprocessing

		Identification of Hallmarks With Prognostic Significance

		Construction of Prognostic Signature With LASSO Regression Model

		Functional and Pathway Enrichment Analyses

		Comparison of Immune Status in the Low- and High-Risk Groups

		Prediction of Patients’ Responses to Immunotherapy and Chemotherapy

		Statistical Analysis





		Results		Estrogen Response Pathway ssGSEA Score Was Correlated With Clinical Features of Patients With UCEC

		Analyses of the Differentially Expressed Genes and Genomic Alterations in the Estrogen Response Pathway

		Establishment of the UCEC Prognostic Signature Consisting of 13 Genes in the Estrogen Response Pathway

		Evaluation of the 13 ERGs Signature as an Independent Prognostic Factor for Patients With UCEC

		Establishment of the Prognostic Nomogram for the Survival of Patients With UCEC

		Comprehensive Analyses of Enriched Pathways in Different Risk Groups

		The Description of Immune Cell Infiltrations and the Prediction of Immunotherapeutic Response in Different Risk Groups

		A Global Vision of Genomic Alterations and Chemotherapeutic Response Prediction in Different Risk Groups





		Discussion

		Conclusion

		Data Availability Statement

		Author Contributions

		Funding

		Publisher’s Note

		Supplementary Material

		Abbreviations

		References









OPS/images/math_qu1.gif
Coefisx






OPS/images/inline_1.gif





OPS/images/fmolb-09-833910-t002.jpg
Variables

Train set
Age (260 vs. < 60)
Histological.type (endometrial vs. mixed/serous)
Stage (I-V vs. I-1)
Grade (G3-High_Grade vs. G1-G2)
Risk_score (High vs. Low)
Test set
Age (260 vs. < 60)
Histological.type (endometrial vs. mixed/serous)
Stage (I-V vs. 1)
Grade (G3-High_Grade vs. G1-G2)
Risk_score (High vs. Low)
Entire set
Age (260 vs. < 60)
Histological.type (endometrial vs. mixed/serous)
Stage (I-V vs. 1)
Grade (G3-High_Grade vs. G1-G2)
Risk_score (High vs. Low)

Univariate analysis

Multivariate analysis

HR (95%Cl)

1861 (1.102-3.142)
2.04 (1.314-3.168)
1.985 (1.299-3.082)
2173 (1.261-3.742)
3.399 (1.971-5.864)

1.479 (0.883-2.476)
1916 (1.263-2.907)
3.516 (2.292-5.392)
2857 (1.616-5.053)
2.982 (1.781-4.995)

1691 (1.172-2.439)
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p value
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0.005

<0.001

0.137
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<0.001
<0.001
<0.001

0.005
<0.001
<0.001
<0.001
<0.001

HR (95%Cl)

1.477 (0.848-2.572)
0867 (0.516-1.458)
1.854 (1.17-2.936)

1.341 (0.733-2.455)

2.987 (1.657-5.383)

0.712 (0.443-1.147)
3.321 (209-5.279)

2.005 (1.134-3.869)
2758 (1602-4.747)

1.499 (1.021-2.201)
0.757 (0.529-1.084)
2.469 (1.793-3.399)
1.618 (1.054-2.482)
2795 (1.875-4.166)

p value

0.168
0.591

0.009
0.341
<0.001

0.162
<0.001
0.018
<0.001

0.039
0.129
<0.001
0.028
<0.001
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