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Introduction: Endometrial cancer is one of the most common uterine cancers worldwide. AKT is reported to regulate progesterone receptor B dependent transcription and angiogenesis in endometrial cancer. However, the potential mechanisms of AKT in the tumor progression of endometrial cancer remain unclear.

Methods: We used GSE72708 with gene expression profiles of AKT regulation from the GEO database. We performed GSEA analysis to explore pathway enrichments. We found that most upregulated enriched pathways in siAKT group were associated with acid metabolism and immune network. Endometrial cancer and various signaling pathways were downregulated enriched. Moreover, different molecular mechanism of regulation between progestin (R5020) and AKT was identified, which were related to VEGF signaling pathway. The hub genes were evaluated by immunohistochemical staining of endometrial cancer tissues.

Results: We screened out a total of 623 differentially expressed genes among different groups. According to weighted gene co-expression network analysis (WGCNA) method, four distinct modules were identified. We found brown module showed a very high positive correlation with siAKT group and a very high negative correlation with R5020 group. A total of six hub genes including PBK, BIRC5, AURKA, GTSE1, KNSTRN, and PSMB10 were finally identified associated with AKT1. In addition, the data also shows that the higher expression of AKT1, GTSE1, BIRC5, AURKA, and KNSTRN is significantly associate with poor prognosis of endometrial cancer.

Conclusion: Our study identified six hub genes related to the prognosis of endometrial cancer, which may provide new insights into the underlying biological mechanisms driving the tumorigenesis of endometrial cancer, especially in AKT1 regulation.
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INTRODUCTION

Uterine cancer among women was frequently diagnosed worldwide. Endometrial cancer (EC) is the most common uterine cancer that is commonly diagnosed worldwide, accounting for ~382,069 new cases every year with an incidence rates of 8.4 per population (1). Moreover, the mortality rates were 4.3–4.5 and 8.2–8.9 per 100,000 population for the white and black race in Unite States, respectively, and 2.5 per 100,000 population for the yellow race in China (2, 3). With the advances in diagnosis and treatment strategies and techniques, the 5-year survival rate of localized endometrial cancer has achieved to 95% (3). While 80% of endometrial cancer is endometroid adenocarcinoma which is hormonally driven and hormone dependent (4). At present, nearly 5% of women with endometrial cancer are under age 40, these young patients usually have a long history of abnormal uterine bleeding or infertility and have strong desire to maintain their reproductive potential. High dose progesterone is the most commonly used fertility preservation option for stage 1, grade 1, endometrioid adenocarcinoma confined to endometrium (5). Moreover, hormone therapy also was recommended for the recurrent, metastatic or high-risk disease as systemic therapy (6). However, the response rates to progestin therapy vary and the underlying molecular mechanisms of progestin insensitivity are still poorly understood by people. Therefore, the identification of biological ways to improve the prognosis or explore significant molecular functions in endometrial cancer is necessary. This could help understand its pathogenesis and provide more effective treatment of endometrial cancer.

AKT is reported to regulate progesterone receptor B (PRB)-dependent transcription and angiogenesis in endometrial cancer (7). In addition, the phosphoinositide 3-kinase (PI3K)/AKT signaling pathway was activity in endometrial cancer, which can promote the proliferation of endometrial cancer cells (8). It was reported that it is the activation of AKT resulted to the proliferation and metastasis of endometrial stromal cells (9, 10). In human cancers, AKT1 plays a central role in tumorigenesis. Moreover, it is involved in various cellular processes, such as apoptosis, proliferation, cell metabolism, cell cycle, and transcription of protein (11). In endometrial cancer, the activation of AKT1 in adult endometrium was enough to initiate endometrial cancer (12). Therefore, the PI3K/AKT signaling pathway is the most commonly mutated pathway in type I endometrial cancers, which indicated that it played an important role in the pathogenesis of endometrial cancer (8).

Recently, with rapid development of the microarray and sequencing technology, as well as available open-access databases such as the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA), the identification of key genes in human cancers and discovery of molecular markers have been performed including endometrial cancer. The TCGA database integrates a large amount of clinical information and gene sequencing data, allowing for comprehensive analysis of various of cancers. The gene expression profiling interactive analysis (GEPIA), which is an web server for cancer gene expression profiling and interactive analyses (13), provides tumor/normal differential expression analysis, according to different cancer characteristic such as cancer types or pathological stages. Moreover, survival analysis, similar gene detection and gene expression-survival correlation analysis are also can be performed. Weighted gene co-expression network analysis (WGCNA) which is widely used to capture the hub gene according to explore the relationships of different genes by constructing free-scale gene co-expression networks. WGCNA has been widely used to capture the hub genes. For instance, Yin et al. (14) used the gene expression profiles of chromophobe renal cell carcinoma from TCGA database. A total of 2,215 differentially expressed genes (DEGs) were screened out, and eight co-expression modules were constructed by WGCNA method. The highest correlations with pathologic stage, neoplasm status, and survival status were identified as the key modules. Thus, 29 candidate hub genes were identified. In another study (15), microarray data of 101 clear cell renal cell carcinoma samples and 95 normal kidney samples were analyzed and 2,425 DEGs were screened. Eleven co-expressed gene modules were identified by WGCNA. In endometrial cancer, there was only one study using WGCNA method in 2014 (16).

In this study, by integrating different bioinformatic methods, and analyzing clinical information and gene expression profiles of endometrial cancer patients, we aim to investigate the potential mechanisms of AKT1 in the tumor progression of endometrial cancer. Our results may improve the understanding of pathogenesis of endometrial cancer. Moreover, it may provide insight regarding the novel treatment of endometrial cancer.



MATERIALS AND METHODS


Gene Expression Datasets and Clinical Pathological Data

Microarray-based dataset GSE72708 (7), which contains a total of 12 Ishikawa endometrial cancer cells were obtained from the GEO database (https://www.ncbi.nlm.nih.gov/) and annotated according to the Illumina HumanHT-12 V4.0 platform. In the overall design of this dataset, Ishikawa endometrial cancer cells were transfected with either siCtrl or siAKT. Cells were then serum starved overnight and then treated with either Ethanol Vehicle Control (VC) or 10 nM progestin (R5020) for 24 h. Each treatment was performed in triplicate. When multiple probes corresponded to one specific gene, the median expression level was considered its final expression. The RNA sequencing data of endometrial cancer obtained from TCGA dataset (https://cancergenome.nih.gov/), were used as an independent validation cohort. In this study, we enrolled patients histologically diagnosed as endometrial cancer for further analysis.



Gene Set Enrichment Analysis (GSEA)

In order to explore biological pathways of different groups, GSEA was used. The annotated gene sets of c2.cp.kegg.v6.1.symbols.gmt were considered as the reference gene sets. The number of permutations was 1,000. Other parameters were set to default. Significant differences at p-value < 0.05 was defined as the cutoff criteria. The EnrichmentMap plug-in of the Cytoscape software (version 3.6.1) was used to integrate and visualize these pathways.



Identification of DEGs

Open-source software R language (Version 3.3.3, https://www.r-project.org/) and a R package of Bioconductor (http://www.bioconductor.org/) limma (17) package were utilized to identified DEGs between progestin (R5020), siAKT, and R5020+siAKT groups. A |Fold Change (FC)| > 1.3 and false discovery rate (FDR) < 0.05 were set as cut-off criteria for the screening of DEGs. Differentially expressed genes were selected for co-expression analysis. The Volcano plot and heatmap were generated by base R package. The results of gene intersections were used UpSetR R package.



Functional Enrichment Analysis of DEGs

In order to explore the potential mechanism, we performed KEGG pathway enrichment analysis by clusterprofiler (18) package in R software (Version 3.3.3). FDR < 0.1 was set as cut-off value. The clusterProfiler is an ontology-based R package that not only automates the process of biological-term classification and the enrichment analysis of gene clusters, but also provides a visualization module for displaying analysis results.



Construction of Gene Co-expression Network by WGCNA Method

Scale-free gene co-expression networks were constructed by the WGCNA package (19). To ensure that the results of network construction were reliable, outlier samples were removed. An appropriate soft threshold power was selected in accordance with standard scale-free networks, with which adjacencies between all differentially expressed genes were calculated by a power function. Then, the adjacency was transformed into a topological overlap matrix (TOM), and the corresponding dissimilarity (1-TOM) was calculated. Module identification was accomplished with the dynamic tree cut method by hierarchically clustering genes using 1-TOM as the distance measure with a deepSplit value of two and a minimum size cutoff of 30 for the resulting dendrogram. Highly similar modules were identified by clustering and then merged together with a height cut-off of 0.25.



Functional Enrichment Analysis

To explore biological functions of above significant genes, all genes in brown and yellow module were mapped into the gprofiler (http://biit.cs.ut.ee/gprofiler) (20).



Identification of Hub-Gene

We uploaded all genes in the brown module into the Search Tool for the Retrieval of Interacting Genes (STRING) database (21) to build the protein-protein interaction (PPI) network. The hub genes in the module were defined by using network construction and those genes choosing a confidence > 0.4 to construct a PPI. In the PPI network, genes with a connectivity degree ≥ 4 (node/edge) were defined hub genes and used for further analysis.

To explore the expression patterns between tumor and normal tissues of endometrial cancer, GEPIA database (http://gepia.cancer-pku.cn) (13) was used. This database is an interactive web server for analyzing the RNA sequencing expression data from the TCGA projects. The gene expression profiles of paired tumor and normal tissues were used. In the validation analysis, the gene expression of samples lower than 25% of total samples were considered as low-AKT1 group. The gene expression of samples higher than 75% of total samples were considered as high-AKT1 group.



Immunohistochemical Staining (IHC)

We collected a total of 182 progesterone receptor positive human endometrial tissue samples, 107 stage III-IV cancer tissue of which had accompanying follow-up information, and 75 cancer-adjacent endometrial tissue samples from archives of paraffin-embedded tissues between May, 2011 and May, 2014 at the Department of Pathology of Peking Union Medical College Hospital. The follow-up was performed until May 30, 2019. The pathological diagnoses were reconfirmed by a pathologist. The project was approved by the Ethical Committee (Peking Union Medical College Hospital), and informed consent was acquired from patients or family members. IHC was performed as previously described (22). Anti-antibody (AKT1 1:250, Abcam, ab235958; PR 1:100, Abcam, ab32085; PBK 1:100, Abcam, ab75987; BIRC5 1:800, Abcam, ab469; AURKA 1:100, Abcam, ab52973; GTSE1 1:50, Abcam, ab103232; KNSTRN 1:50, Abcam, ab122769; PSMB10 1:100, Abcam, ab183506) was used for IHC. The scoring details have been described previously (23).




RESULTS


Data Processing and GSEA Analysis

In this study, we performed a multi-steps analysis to explore the molecular mechanisms of AKT1 in the pathogenesis of endometrial cancer. First, we selected the GSE72708 dataset with gene expression profiles from GEO database, which contained 12 PRB-Ishikawa samples, including a total of four different groups. They were siCtrl or siAKT groups and treated with either Ethanol Vehicle Control (VC) or progestin (R5020) for 24 h.

According to the probe annotation information, we then map the probes to gene symbols. Next, the gene expression profiles were used quantile normalization and when multiple probes corresponded to one specific gene, the median expression level was considered its final expression.

To compare the different effects of R5020 and siAKT on the biological pathways, we used GSEA analysis (Supplementary S1). As shown in Figure 1A, there were total of 40 pathways in R5020 groups (vs. control groups), and 64 enriched pathways in siAKT groups (vs. control groups). There were 17 mutual pathways between these two groups, such as regulation of actin cytoskeleton, VEGF signaling pathway, and GAP junction. In addition, there were 57 enriched pathways in siAKT+R5020 group. Moreover, we found that most upregulated enriched pathways in siAKT group were associated with acid metabolism and immune network. Endometrial cancer and various signaling pathways were downregulated enriched (Figure 1B). The results of R5020 group were associated with acid metabolism. Downregulated pathways were enriched in DNA activities and signaling pathway (Figure 1C). Interestingly, the VEGF signaling pathway was upregulated in R5020 group, however, downregulated in siAKT group. As shown in Figure 1D, VEGF signaling pathway was also downregulated in siAKT+R5020 group. Above results suggested that different molecular mechanism of regulation between R5020 and AKT, which were related to VEGF signaling pathway.


[image: Figure 1]
FIGURE 1. The results of GSEA analysis. (A) The heatmap of GSEA enriched pathways among different treatment groups. (B) The pathway network of siAKT group. (C) The pathway network of R5020 group. (D) The pathway network of siAKT+R5020 group. The blue dots represent upregulated pathways and the red dots were downregulated pathways.




Identification of DEGs Among Different Treatment Groups

In order to observe the effects of R5020, siAKT, and R5020 + siAKT on gene expression, we used R software package limma package to screen out the genes differentially expressed among different groups (Supplementary S2). The difference results of each comparison group were show in Supplementary S3. In brief, we found a total of 157 significant DEGs in R5020 group, including 104 up- and 53 downregulated DEGs. Moreover, there were 270 DEGs in siAKT group, including 126 up- and 144 downregulated DEGs. The volcano plot was shown in Figures 2A–C and the results of gene intersections were shown in Figure 2D. We found that a small number of intersected genes between R5020 and siAKT groups, suggesting that the treatments of R5020 and siAKT affected the expression of genes and thus played different roles in biological regulations.


[image: Figure 2]
FIGURE 2. The results of DEGs among different groups. (A) The volcano plot of DEGs in R5020 group. (B) The volcano plot of DEGs in siAKT group. (C) The volcano plot of DEGs in siAKT+R5020 group. (D)The gene intersections among different groups.




Functional Enrichment Analysis of DEGs

To investigate the molecular mechanism of those genes, we performed functional enrichment analysis. The DEGs were processed by KEGG pathway enrichment analysis (Supplementary S4). As shown in Supplementary S5, we found that upregulated DEGs of R5020 group were significantly enriched in mineral absorption, fructose and mannose metabolism, and aldosterone-regulated sodium reabsorption. Downregulated DEGs were enriched in cytokine-cytokine receptor interaction. In addition, upregulated genes of siAKT group were also enriched in mineral absorption. Downregulated genes of siAKT group were enriched in a total of 18 various cancer pathways, such as central carbon metabolism in cancer, apoptosis, and mTOR signaling pathway. Above results suggested that the tumor inhibition effect of siAKT treatment was more obvious than R5020 treatment.



Construction of Co-expression Modules by WGCNA Method

All DEGs that we obtained were included for constructing co-expression modules by WGCNA algorithm. First, 623 DEGs were used in clustering analysis that they can clearly distinguish the four types of samples (Figure 3A). Next, we used 623 DEGs to establish a co-expression network. First of all, the appropriate power value was screened out. When the power value was equal to 18, scale free networks were constructed with best topology module fit index and the relatively higher average connectivity (Figures 3B,C). Therefore, four distinct gene co-expression modules were identified by the appropriate power value (Figure 3D, Supplementary S6). There was a close internal similarity in each module. By computing the Pearson correlation coefficients between ME of each module and each group of samples (Figure 3E), which means that the higher the correlation coefficient, the closer of the relationship is between the module and the group of samples. From the graph, we can see that the brown module showed a very high positive correlation with siAKT group and a very high negative correlation with R5020 group. Moreover, yellow module was significantly negatively correlated with siAKT group. Above results suggested that genes in brown module may cause the difference between R5020 and siAKT treatments. And the genes in the yellow module are co-expressed with AKT.


[image: Figure 3]
FIGURE 3. Construction of co-expression modules by WGCNA method. (A) The results of clustering analysis. (B) Analysis of the scale-free fit index for various soft-thresholding powers (β). (C) Analysis of the mean connectivity for various soft-thresholding powers. (D) Dendrogram of all DEGs clustered based on a dissimilarity measure (1-TOM). (E) Heatmap of the correlation between module eigengenes and sample groups of endometrial cancer.




Functional Enrichment Analysis of Modules

To explore biological functions of these genes in above two modules, all the genes in brown and yellow modules were mapped into g:profiler (Supplementary S7). As the results of brown module, we found that genes were enriched in GO terms and signaling pathways. In addition, genes in yellow module were enriched in Protein databases such as Human Protein Atlas (HPA). As shown in Supplementary S8A, genes in brown module were mainly enriched in immune response and cell death, which played important roles in the development of tumor progression. However, genes in yellow module were not enriched in pathways. They were only enriched in tissues (Supplementary S8B).



Identification of Hub Genes Associated With AKT1

In order to select genes associated with AKT1, we used the gene expression profile in the brown module and performed hierarchical clustering analysis to observe the expression patterns of these genes in each sample. As shown in Figure 4A, these genes could clearly divide all the samples into two group. Then, all of these genes were subjected to STRING database and the interactions between these genes with AKT1 were obtained. We selected the genes with the shortest path to AKT1 as the final interaction network by Cytoscope for visualization (Figure 4B). The shortest path between gene and AKT1 is <2. Furthermore, the plug-in of ClusterOne in Cytoscape was used to search the hub genes. A total of six genes including PBK, BIRC5, AURKA, GTSE1, KNSTRN(C15orf23), and PSMB10 were finally identified, among them, five are negatively correlated with the brown module.


[image: Figure 4]
FIGURE 4. Identification of hub genes associated with AKT. (A) The results of clustering analysis based on genes in brown module. (B) The PPI network of genes in brown module. (C) The box plot of differentially expressed patterns of six hub genes in endometrial cancer.


Next, we applied GEPIA (http://gepia.cancer-pku.cn) to detect the difference in expression levels of the hub genes between tumor and normal tissues (Figure 4C). The results indicated that all these six hub genes were significantly differentially expressed in endometrial cancer.



The Expression and Clinical Significance of Hub Genes

In order to explore the expression profiles of these six hub genes in other cancers, we used GEPIA database. As shown in Figure 5A, we found that above six genes were all expressed in other tumor tissues, however, lower expressed in paired normal tissues. Next, we used HPA database to investigate their clinical significances (Figure 5B). The K-M plots showed that, except GTSE1, all genes were significantly associated with endometrial cancer patients' prognosis. Above results suggested that these genes may have great impact on the progression and development of endometrial cancer.


[image: Figure 5]
FIGURE 5. The expression and clinical significance of hub genes. (A) The expression heatmap of six genes in human cancers. (B) The survival K-M plot of six genes.


Then, we used the gene expression profiles from TCGA database to valid our results. A total of 578 endometrial cancer patients, including 543 tumors and 35 adjacent normal tissues were obtained from TCGA database. First, we selected a total of 258 patients with stable expression of PGR gene as endometrial cancer patients, whose expressions were higher than half of samples. Then, we performed hierarchical cluster and correlation analyses. As shown in Figure 6A, there were close corrections among five genes including GTSE1, BIRC5, AURKA, PBK, and KNSTRN. When calculating the Pearson correlation coefficient of these genes, we found that all above five genes were positive corrections with AKT1, however, PSMB10 presented a negative correction with AKT1 (Figure 6B). Furthermore, four of these six genes were differentially expressed between high-AKT1 group and low-AKT1 group (Figure 6C). The remaining two genes, KNSTRN and PSMB10, were also notably differentially expressed, although the difference was not statistically significant.


[image: Figure 6]
FIGURE 6. The validation analysis of AKT in TCGA database. (A) The expression heatmap of six genes and AKT in TCGA database. (B) The Pearson correlation coefficient of these genes and AKT. (C) The violin plot of these six genes in high-AKT and low-AKT groups.




Evaluation of the Hub Genes by IHC

From May, 2011 to May, 2014, a total of 182 human endometrial tissue samples, 107 stage III-IV cancer of which had accompanying follow-up information, and 75 cancer-adjacent endometrial tissue samples from archives of paraffin-embedded tissues was collected at the Department of Pathology of Peking Union Medical College Hospital. The follow-up was performed until May 30, 2019. Supplementary S9 summarizes the characteristic of all patients, including, age, disease stage, and tumor grade. We selected the six hub genes (GTSE1, BIRC5, AURKA, PBK, KNSTRN, and PSMB10) and AKT1 to evaluate gene expression values in endometrial cancer using IHC.

The expression differences of GTSE1, BIRC5, AURKA, PBK, KNSTRN, PSMB10, and AKT1 between endometrial cancer tissues and adjacent normal endometrial tissues were explored, as shown in Figure 7. The correlation of the expression of AKT1 and GTSE1, BIRC5, AURKA, PBK, KNSTRN, PSMB10 is shown in Table 1. The data shows that the expression of BIRC5 (p = 0.0035) and KNSTRN (p = 0.0002) was significantly correlation to the expression of AKT1. The expression of GTSE1 (p = 0.1312) and AURKA (p = 0.075) has not got the statistics significant correlation to the expression of AKT1, which might due to the insufficient cases in present study. The AKT1 (49.53 ± 1.965 vs. 34.40 ± 2.358, p < 0.01), GTSE1 (45.23 ± 2.045 vs. 37.33 ± 2.182, p = 0.01), BIRC5 (47.85 ± 2.197 vs. 27.80 ± 2.003, p < 0.01), AURKA (49.95 ± 2.408 vs. 34.40 ± 2.603, p < 0.01) and KNSTRN (43.79 ± 2.357 vs. 30.07 ± 2.039, p < 0.01) shows significantly higher expression in endometrial cancer than cancer adjacent tissue. In addition, the correlation between the expression of these genes and the prognosis of endometrial cancer is shown in Figure 8. These data show that the higher expression of AKT1 (OS, HR = 1.863, 95% CI 1.050-3.218, p = 0.034; PFS, HR = 1.789, 95% CI 1.014-3.107, p = 0.047), GTSE1 (OS, HR = 1.817, 95% CI 1.056–3.306, p = 0.072; PFS, HR = 1.782, 95% CI 1.038–3.245, p = 0.039), BIRC5 (OS, HR = 3.130, 95% CI 2.109–7.325, p < 0.001; PFS, HR = 3.192, 95% CI 2.203–7.691, p < 0.001), AURKA (OS, HR = 2.082, 95% CI 1.230–3.920, p = 0.008; PFS, HR = 2.097, 95% CI 1.249–3.987, p = 0.008), and KNSTRN (OS, HR = 3.619, 95% CI 2.742–10.21, p < 0.001; PFS, HR = 3.563, 95% CI 2.705–10.02, p < 0.001) were associated with poor prognosis in endometrial cancer patients. In addition, the higher expression of PBK (OS, HR = 1.398, 95% CI 0.802–2.474, p < 0.236; PFS, HR = 1.386, 95% CI 0.797–2.456, p < 0.147) was also associated with poor prognosis, though it didn't shown significance in present IHC evaluation.
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FIGURE 7. Immunohistochemistry for AKT1, GTSE1, BIRC5, AURKA, PBK, KNSTRN, and PSMB10. Samples from cancer-adjacent endometrial tissue (N = 75) and endometrial cancer (N = 107). Cancer-adjacent endometrial tissue sample of weak immunostaining score for either AKT1 (A), GTSE1 (D), BIRC5 (G), AURKA (J), PBK (M), KNSTRN (P), and PSMB10 (S). Endometrial cancer sample of weak and strong immunostaining score for either AKT1 (B,C), GTSE1 (E,F), BIRC5 (H,I), AURKA (K,L), PBK (N,O), KNSTRN (Q,R), and PSMB10 (T,U). The expression for each gene were depicted in (V) slides (200 X, *p < 0.05, **p < 0.01).



Table 1. The cases of different gene expression in endometrial cancer.
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FIGURE 8. Overall (OS) and progression-free survival (PFS) curves in endometrial cancer (N = 107) according to AKT1 (A,B), GTSE1 (C,D), BIRC5 (E,F), AURKA (G,H), PBK (I,J), KNSTRN (K,L), and PSMB10 (M,N) genes expression status.





DISCUSSION

The PI3K pathway regulates key biology aspects of cancer including metabolism, cellular growth, and survival (24). After be recruited to the membrane by PI3K phosphorylated, AKT indirectly inhibits mTOR complex 1 (mTORC1) which is a key regulator of metabolism and biosynthetic processes (25, 26). Therefore, the PI3K/AKT/mTOR pathway plays an important role in gynecological carcinogenesis. Meanwhile, the PI3K-Akt signal pathway is also the most frequently mutated pathway in type I endometrial cancer. Most type I endometrial tumors had more or less somatic alterations related to this pathway (27). Siming Zhao et al. also reported that a significantly increased burden of mutation in 14 genes, including PIK3CA, TP53, PPP2R1A, KRAS, FBXW7, CHD4, TAF1, PTEN, HCFC1R1, CDKN1A, CTDSPL, YIPF3, SPOP, and FAM132A, in the whole-exome sequencing of 57 uterine serous carcinoma compared to their matched normal DNA from the same patients (28). Recently, studies have showed that AKT can regulate the PR-dependent transcription and angiogenesis, and progestin resistance can be reversed by inhibiting the PI3K/AKT pathway in endometrial cancer (7, 29). Actually, our previous study which focused on AKT also find that siAKT significantly inhibit the proliferation of PR positive endometrial cancer cells and progesterone resistance endometrial cancer cells than progestin treatment. However, the molecular mechanism and more specific therapy target is still unclear.

Recently, with the help of next generation sequencing technology, many gene expression studies on human cancer have been reported on the public databases in the last decade. In endometrial cancer, Xu et al. (30) performed a lncRNA-based signature risk score to predict patient's survival by the genome-wide analysis of the lncRNA expression profiling in TCGA. In another study, a six-gene prognostic signature, including CTSW, PCSK4, LRRC8D, TNFRSF18, IHH, and CDKN2A, in endometrial cancer was also established using robust likelihood-based survival modeling (31). Meanwhile, Ying et al. (32) elevated the mortality risk of endometrial cancer patients according to a novel prognostic model which was performed using stepwise selection of endometrial cancer TCGA database. However, most studies focused on prognostic gene panels of endometrial cancer.

In present study, we have performed a multi-steps bioinformatics analysis in endometrial cancer using the gene expression profiles from GEO database and identified a set of genes that may be regulated by AKT1. We expected to explore the DEGs between siAKT and progesterone treatment by bioinformatics, and to evaluate these DEGs in PR-positive endometrial carcinoma tissues with prognostic information, so as to identify the more specific therapeutic targets, which may improve the clinical treatment response for endometrial cancer patients.

The present study identified six hub genes in the networks, including PSMB10, GTSE1, BIRC5, AURKA, PBK, and KNSTRN. In agreement with previous study, these hub genes were differentially expressed and significantly correlated with patient's survival in a variety of human tumors. For example, PSMB10 (Proteasome subunit beta type-10), as part of an immunoproteasome, has a major role in the immune system. In various type of human malignancies, the overexpression of GTSE1 (G-2 and S-phase expressed 1) has been reported as a potential marker associated to metastasis (33). The paclitaxel sensitivity of cancer cells and cisplatin-induced cell death was enhanced after silencing the expression of GTSE1. Moreover, study also demonstrated that it diminishes the defects of chromosome segregation in highly CIN cancer cell lines (34). As a target gene of the TEAD4 transcription factor, GTSE1, which transcriptional regulation related to the YAP and TAZ coactivator, plays an important role in triple-negative breast cancer (35). In addition, it was found as hub gene in kidney renal clear cell carcinoma (36). BIRC5 (baculoviral IAP repeat containing five) is a member of the inhibitor of apoptosis (IAP) gene family, which can prevent apoptotic cell death by encoding negative regulatory proteins. Previous study has reported that overexpression of PI3K can induce the expression of BIRC5 mRNA through Akt activation. Besides, it also indicated that p70S6K1 is an important downstream of PI3K and Akt in regulating the expression of BIRC5 (37). Recently, Chuwa et al. have demonstrated that overexpression of BIRC5 was an independent prognostic factor for poor progression free survival of endometrial cancer patients. Moreover, knockdown of BIRC5 in endometrial cancer cell lines induced cell apoptosis, which indicated that BIRC5 is not only a prognostic factor also a promising therapeutic target for endometrial cancer (38). AURKA (aurora kinase A) was shown to promote cell proliferation and predicts poor prognosis in bladder cancer (39). Moreover, based on bioinformatics analysis, this gene was also considered as hub gene in bladder cancer (40). AURKA also was reported to be associated with poor prognosis of smoking related lung adenocarcinoma using bioinformatics analysis (41). Overexpression of PBK (PDZ binding kinase) has been implicated in tumorigenesis. It was also reported as hub gene in diffuse large B-cell lymphoma (42). Besides, PBK also played important roles in other cancers, including lung adenocarcinoma (43, 44). Moreover, KNSTRN [Kinetochore Localized Astrin (SPAG5) Binding Protein], which was essential for the mitotic spindle, faithful chromosome segregation and progression into anaphase, was reported to be involved in pathogenesis of leukemias (45), basal cell carcinoma (46). Moreover, Lee et al. performed the whole-exome sequencing on cutaneous squamous cell carcinoma samples and patients-matched normal skin samples to investigate the genetic causes of cutaneous squamous cell carcinoma. The results showed that KNSTRN was one of the top three most frequently mutated genes, which provided evidence that KNSTRN is an oncogene we were unfamiliar with. They search of publicly available TCGA data suggests KNSTRN might also play a role in melanoma. However, the role of KNSTRN in endometrial cancer was rarely be reported.

In present study, the IHC results also demonstrated that the expression of GTSE1, BIRC5, AURKA, PBK, and KNSTRN were positive corrections with AKT1. Moreover, the data also shows that the higher expression of AKT1, GTSE1, BIRC5, AURKA, and KNSTRN is significantly associate with poor prognosis of endometrial cancer. Therefore, these hub genes associated AKT1 may serve as important roles in the pathogenesis of endometrial cancer. Although some hub genes might not be the most specific markers for endometrial cancer, our study found that the part of them have a significant correlation with the prognosis of PR-positive endometrial cancer patients. Just as the BRCA genes play an important role in both breast and ovarian cancer, the present study also expected to identify new therapeutic targets for PR-positive endometrial cancer, although it might also play an important role in other cancers. Our results may provide new insights into the underlying biological mechanisms driving the tumorigenesis of endometrial cancer. However, present study lacks experimental studies to explore the molecular mechanism of these hub genes in endometrial cancer, which we will perform in near future. Moreover, we will also validate the prognostic value of the hub genes in more large population so that to evaluated the clinical benefit possibility.



CONCLUSION

In conclusion, after a comprehensive analysis of the data of endometrial cancer patients, we have identified a set of hub genes that were regulated by AKT1 and may serve as potential biomarkers for prognosis prediction of endometrial cancer patients. This study highlights a novel understanding of the potential molecular mechanism in endometrial cancers tumorigenesis and provides novel molecular targets for the development of more effective therapies for the treatment of endometrial cancer.
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