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Backgrounds

Uterine corpus endometrial carcinoma (UCEC) is one of the greatest threats on the female reproductive system. The aim of this study is to explore the inflammation-related LncRNA (IRLs) signature predicting the clinical outcomes and response of UCEC patients to immunotherapy and chemotherapy.



Methods

Consensus clustering analysis was employed to determine inflammation-related subtype. Cox regression methods were used to unearth potential prognostic IRLs and set up a risk model. The prognostic value of the prognostic model was calculated by the Kaplan-Meier method, receiver operating characteristic (ROC) curves, and univariate and multivariate analyses. Differential abundance of immune cell infiltration, expression levels of immunomodulators, the status of tumor mutation burden (TMB), the response to immune checkpoint inhibitors (ICIs), drug sensitivity, and functional enrichment in different risk groups were also explored. Finally, we used quantitative real-time PCR (qRT-PCR) to confirm the expression patterns of model IRLs in clinical specimens.



Results

All UCEC cases were divided into two clusters (C1 = 454) and (C2 = 57) which had significant differences in prognosis and immune status. Five hub IRLs were selected to develop an IRL prognostic signature (IRLPS) which had value in forecasting the clinical outcome of UCEC patients. Biological processes related to tumor and immune response were screened. Function enrichment algorithm showed tumor signaling pathways (ERBB signaling, TGF-β signaling, and Wnt signaling) were remarkably activated in high-risk group scores. In addition, the high-risk group had a higher infiltration level of M2 macrophages and lower TMB value, suggesting patients with high risk were prone to a immunosuppressive status. Furthermore, we determined several potential molecular drugs for UCEC.



Conclusion

We successfully identified a novel molecular subtype and inflammation-related prognostic model for UCEC. Our constructed risk signature can be employed to assess the survival of UCEC patients and offer a valuable reference for clinical treatment regimens.
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Introduction

UCEC ranks the fourth most common in cancer incidence among females around the world (1), with unfavorable cure rate and high mortality (2). UCEC patients diagnosed in later stage have a significantly higher rate of recurrence and complications, leading to a bleak prognosis (3, 4). Traditional surgical resection, chemotherapy, and radiotherapy have been developed and have undergone constant evolution, but the overall survival (OS) has seen no significant improvement. Therefore, gaining new insight into the tumorigenesis process, pathological nature, and therapeutical agent of UCEC is vital in fighting this deadly disease.

Inflammation has a predominant effect on the immune system, creating a microenvironment conducive to cellular transformation and the spread of invasive diseases (5, 6). Research evidence shows that inflammation can also affect the occurrence and progression of cancer, via various pathways like oxidative stress, interleukin secretion, and pro-inflammatory transcription factors (7). Cumulative evidence also suggests epigenetics modifications like DNA methylation, histone modification, remodeling of chromatin, and regulation via non-coding RNAs can modulate the balance of inflammation and accelerate the tumorigenesis process (8). LncRNAs are a novel kind of RNA that can regulate cellular signaling pathways in UCEC (9). For example, LncRNA NEAT1 is found to drive endometrial cancer progression by targeting the oncogene STAT3 (10). Similarly, Wang et al. reported another LncRNA NR2F1-AS1 is able to assist miR-363 to target SOX4, thus increasing the risk of endometrial cancer (11). Considerable research has shown the role of inflammatory pathways in cancer is regulated by a number of lncRNAs. Hu et al. disclosed that upregulation of lncRNA XLOC-000647 can inhibit the expression of NLRP3 inflammatory vesicles, which in turn suppresses the metastasis of pancreatic cancer cells (12). In breast cancer, lncRNA NKILA was proven to interact directly with NF-κB to mediate inflammatory pathways and thereby inhibit tumor metastasis (13). 

The TME supports the intricate process of tumorigenesis by modulating various functionally interlinked cells and non-cellular components (14, 15). Numerous previous studies have reported modulation function of immune and inflammatory cells on UCEC cells. These factors woven together provide a welcoming host for the UCEC cells, and greatly enhance their capability to replicate, invade, and resist drugs. Previous research has discovered numerous potential hallmark signals and proteins. For example, the overexpression of CXCL12/CXCR4 is reported to be correlated with unfavorable prognosis in UCEC patients (16). Utilizing the ESTIMATE and CIBERSORT algorithms, Xu et al. discovered that cell-cell chemokine receptor 2 (CCR2) can facilitate the recruitment of monocytes and macrophages into the TME, affecting the prognosis of UCEC patients. On the other hand, MSI status implies the existence of high-level TIL-infiltration, taking mismatch repair defect into consideration. Prognostic effects of biomarkers varies on molecular subtypes: In p53-mutant UCEC, Treg is an independent prognostic factor, while in NSMP, WHO-grading has unreplaceable prognostic value (17). Cumulating evidence implies additional factors are needed to drive the tumorigenesis process apart from merely genetic mutations, and the microenvironment-derived factors may be exactly the missing puzzle piece. However, the precise mechanism and molecular signal remains disputed, and calls for additional research. Any new insight into the nature of TME can potentially improve the precision of prognosis prediction or reveal promising therapeutic targets.

In this project, we determined a novel molecular subtype and a risk signature based on IRLs which were tightly correlated with survival outcome of UCEC cases. Moreover, our proposed risk model can reflect the immune status and evaluate the benefits of immunotherapy and chemotherapy.



Methods


Data Acquisition

Transcriptome and RNA-seq data of UCEC patients were retrieved from the TCGA database (https://portal.gdc.cancer.gov/) and the transcriptome data files were in “FPKM” format. Five hundred eleven UCEC patients with clinicopathological information were used for analysis. The exclusion criteria were set as follows (1): histologic diagnosis is not UCEC (2); samples without completed clinical data; and (3) survival time of less than 30 days. In total, 511 UCEC patients were randomly divided equally into the training cohort (256 patients) and a validation cohort (255 patients) by utilizing the caret R package. Detailed annotation of the tumor samples complete with clinical and pathological information can be found in Table S1 (P > 0.05, Chi squared test).



Determination of the IRLs

The list of 200 inflammation-related genes was acquired from the GSEA database (http://www.gsea-msigdb.org). We screened the IRLs by Pearson’s correlation analysis, and 636 IRLs were identified. The process applied the criteria of |Pearson R| >0.5 and p <0.001.



Gene Set Enrichment Analysis

The training set was applied to establish the IRLPS, and validation of aforementioned model is made using the testing set and entire set. Completed with survival data retrieved from TCGA, we explored the prognosis value of IRLs, and univariate Cox regression was used to filter 27 prognostic IRLs. The next step was to understand the biological processes that these IRLs are involved in. The “ConsensusClusterPlus” package was used to divide UCEC patients into groups based on clinical outcome and pathological classifications (18). Then, gene set enrichment analysis (GSEA) was used to determine which process or pathway made a difference in the outcome (19, 20). KEGG can identify predefined gene sets activated or deactivated, p-value were determined by performing 5000 permutations according to the gene set. A pathway with a p-value < 0.05 was considered as significant.



Estimating of Tumor-Infiltrating Immune Cells

CIBERSORT was employed to calculate the abundance of 22 types of immune-related tumor-infiltrating cells in all samples (21). The proportion of data generated will be used for further analysis. ESTIMATE algorithm was used to screen each sample, computing the proportion of immune and stromal components in the TME (22); the immune score and stromal score are results of these algorithms. The ESTIMATE score is determined by combining immune score and stromal score. The value of these scores has a positive connection with the proportion of stromal, immune, and the sum of the first two, respectively. With the “GSVA” package in R, we calculated the abundance of 16 immune cells in the microenvironment, represented by the infiltration scores, and the activities of 13 immune-related pathways between the high-risk and low-risk groups via single-sample gene set enrichment analysis (ssGSEA) (23).



Establishment of the IRLPS

To build our risk model, we chose the LASSO Cox regression to generate the optimal choice of coefficients and variants that constitutes the risk score equation (24). A 10-fold cross validation with minimum criteria was applied to optimize the signature. The remaining non-zero features were utilized to build the final model. LASSO regression was conducted with the R package “glmnet” (25). Generated from LASSO, these coefficients made up our risk score equation:

	



Acquisition of Clinical Specimens

The 32 specimens (16 tumor samples and 16 normal samples) used for quantitative PCR assay were acquired from 16 consenting patients at Maternity and Child Health Care Hospital of Nantong University. Our research protocol was approved by the Ethics Committee for Clinical Research of the Maternity and Child Health Care Hospital of Nantong University. All research was conductedin strict adherence to the Declaration of Helsinki.



RNA Extraction and Quantitative Real-Time Quantitative PCR (RT-qPCR) Analysis

The total RNA was extracted from the aforementioned 32 samples using TRIzol reagent (Thermo Fisher Scientific, Waltham, MA, USA), and then evaluated for RNA structure integrity using the Agilent Bioanalyzer 2100 (Agilent Technologies, Santa Clara, CA, USA) with the RNA 6000 Nano Kit. By utilizing the High-Capacity cDNA Reverse Transcription Kit (Thermo Fisher Scientific), we therefore synthesized complementary single-stranded DNA and then performed the real-time quantitative analysis by the SYBR Green PCR Kit (Thermo Fisher Scientific). The relative transcription level was assessed with the 2-△△Ct method, Ct represents the cycle threshold of each IRL. All programs and procedures were conducted on the basis of the instructions offered by the manufacturer. Primer sequences that were used can be found in Table S2.



Validation of the IRLPS

Now that we have this risk score to forecast the OS of UCEC patients, the next step was validation of our model. Again, our patients were assigned to groups assigned by the median risk score, and then we checked whether there was a statistical difference in OS between groups. The accuracy of IRLPS was presented in the form of receiver operating characteristic (ROC) curve and the area under the ROC curve (AUC value), generated by using R package “survivalROC” (26). The model was then validated with the testing data set and entire set, its effectiveness was measured by ROC curve, compared with clinical or pathological criteria alone and combined as a risk indicator. The Kaplan-Meier analysis was performed with the “survival” package (27). The risk curve and scatter plot were generated to illustrate the risk score and survival status of each sample. The heatmap indicated the expression pro-files of the signature in the two groups. Principal components analysis (PCA) was applied to dimensionality reduction (28). In order to identify independence of IRLPS, we employed both univariate and multivariate Cox regression analyses. To further verify the prediction power of our risk score, we performed stratified analysis by clinical classifications. We built the nomogram on the basis of the outcomes of multivariate Cox regression to predicting 1-, 3-, and 5-year survival probability through “rms” package (29). The calibration figures represent the consistency of our prediction with reality.



Mutation Analysis

Patient characteristics and their sequencing status were retrieved from TCGA. The fall plots give visual hints of the 20 most frequent mutated genes, made by the R package “maftools” (30). Additionally, the stemness of tumor cells in each endometrial carcinoma sample wasdetermined by one-class logistic regression, represented by the stemlike indices (31).



Immunophenoscore Analysis

Derived by z-scores of iconic genes related to immunogenicity, immunophenoscore (IPS) is a representation of a sample’s overall immunogenicity. The IPSs of UCEC patients were extracted from the Cancer Immunome Atlas (TCIA) (32) (https://tcia.at/home). Based on four main classes of genes (PD1, PD-L1, PD-L2, CTLA-4), MSI was generated by machine learning in an unbiased manner. Together, IPS and MSI give an overview of the immunophenotype.



Chemotherapy Response and Drug Sensitivity Analysis

The response of UCEC patients to therapeutic agents, whether chemotherapy or small molecular agents, were found in a public database called Genomics of Drug Sensitivity in Cancer (GDSC; https://www.cancerrxgene.org). The half-maximal inhibitory concentration (IC50) was taken as an index to measure the sensitivity (33). Up to 60 different cancer cell lines that originated from nine different cancers were made available as per request via the CellMiner interface (https://discover.nci.nih.gov/cellminer) (34, 35). Correlation between the expression of previously mentioned genes with prognostic value and drug sensitivity were explored using Pearson correlation analysis.



Statistical Analysis

All the analyses were processed using R software (version 4.1.0) (36). Student’s t-test was applied to perform the group comparisons between subgroups separately. To uncover potentially significant differences in OS between risk score defined groups, Kaplan-Meier analysis and log-rank tests were used. The correlation of the risk score generated by our model with stemness score, stromal score, immune score, and drug sensitivity was tested by Spearman or Pearson correlation analysis. a p-value < 0.05 is considered significant.




Results


Data Acquisition and Generation of Differential Expressed lncRNAs

The total workflow of this research is shown in Figure 1. In short, we first retrieved transcriptome and clinical data of the UCEC patients from the TCGA database, and inflammation-related gene sets from the GSEA database. Combining them, we subsequently used Pearson correlation analysis to screen 636 lncRNAs to find those most closely correlated with prognosis. Twenty-seven lncRNAs were identified as prognostic via univariate Cox regression (Table S3). The expression levels of 27 IRLs in UCEC and normal tissues were evident (Figures 2A, B).




Figure 1 | An outline of this research is depicted in this plot.






Figure 2 | The association between the transcription level of IRLs and clinicopathological and prognostic features of the UCEC patients. (A, B) The transcription levels of 27 differentially expressed IRLs between the tumor and normal samples were visualized by heatmap and boxplot. (C) The overall survival of UCEC patients in the two clusters was calculated by Kaplan-Meier curves. (D) The transcription levels of 27 differentially expressed IRLs between the two clusters with clinical features were shown in heatmap. (E-H) The ratio of different age (E), grade (F), histological type (G), and stage (H) in the groups. *P < 0.05, **P < 0.01, ***P < 0.001.





Identification of Inflammation Molecular Subtype in UCEC

To determine the inflammation-associated subtype, all UCEC cases were subject to consensus clustering method based on 27 IRLs. Figures S1A, S1B show the respective cumulative distribution function (CDF) of consensus clusters ranging from k = 2 to 9 and the corresponding area under curve. As is shown, k = 2 is the choice to divide the UCEC patient in order to reach maximum consensus within clusters (Figures S1A, B). Tracking plots for k = 2 to k = 10 is exhibited in Figure S1C, and relative change in area under CDFG curve is demonstrated in Figure S1D. According to the expression levels of the 27 IRLs, 511 UCEC patients were clustered into cluster 1 (n1 = 454) and cluster 2 (n2 = 57). As suggested by Figure 2C, patients in cluster2 presented a dismal outcome compared to those in cluster 1 (p < 0.001). We then assessed the correlation between clusters and clinical parameters of UCEC patients. (Figures 2D–H).



Immune Activity Analysis of Molecular Subtype

Expression of PD-1 and CTLA-4 were compared between tumor and normal tissue samples in UCEC patients. Our result revealed that the expression of PD-1 and CTLA-4 in UCEC tissues was upregulated (P < 0.001, Figures 3A, B) compared to their normal counterparts. In regard to the consensus clusters, we observed the higher expression of PD-1 and CTLA-4 in cluster 1 (Figures 3C, D). In addition, the expression of two immune checkpoints was positively related to the expression levels of FAM66C, UNQ6494, AC078883.1, AP002761.4, FMR1-IT1, LINC01126, AC244517.7, and AC244517.1 (Figures 3E, F). The differential infiltration of 22 immunocytes between the two clusters is shown in Figure 3G.




Figure 3 | Differential expression profile of immune checkpoint related genes and TME components between clusters. (A) The expression of PD-1 in normal and UCEC tissues. (B) The expression of CTLA-4 in normal and UCEC samples. (C) The expressionion level of PD-1 in the clusters. (D) The expression level of CTLA-4 in the clusters. (E) The correlation of the transcription levels of IRLs and PD-L1, red circle means positive relationship. (F) The correlation of the transcription levels of IRLs and CTLA-4, red circle means positive correlation. (G) The infiltrating levels of 21 immune cell types in two clusters. (H–K) The (H) Immunescore, (I) Stromalscore, (J) Tumor purity score, and (K) ESTIMATEscore in cluster 1 and cluster 2. *P < 0.05, ***P < 0.001.



Moreover, we assessed the immune microenvironment value of the UCEC samples. The results suggested that cluster 1 displayed a higher immune microenvironment score, whereas cluster 2 had the higher level of tumorpurity (Figures 3H–K). Meanwhile, GSEA was employed to detect the TME phenotype of the two clusters. We found that immune-related pathways were mainly enriched in cluster 2. The results reveal that the top 10 pathways enriched in cluster 1, while cancer-associated pathways were activated in cluster 2 (Figure S2A).



Establishment of Prognostic Signatures Based on IRL

In the training dataset, univariate Cox regression was first used to filter 27 prognostic IRLs. Then we employed LASSO algorithm to remove overfitting genes and selected five lncRNAs to create a signature (Figure S3), including HMGN3-AS1, LEMD1-AS1, AP000880.1, AC244517.1, and AC011466.1. The complete formula was as below: Risk score = (0.286 × HMGN3-AS1) + (0.065 × LEMD1-AS1) + (0.854 × AP000880.1) + (0.048 × AC244517.1) + (0.600 × AC011466.1). Next, the expression pattern of five hub markers between tumor and normal specimens was confirmed. Both five lncRNAs were downregulated in tumor tissues based on TCGA-UCEC dataset (Figure S4A–E). We further examined the expression level of five lncRNAs in clinical samples. The results indicated that only AP000880.1 and AC244517.1 showed the expression difference between two groups (Figure S4F–J).

Subsequently, UCEC patients were divided into high-risk and low-risk groups. PCA analysis shows satisfying separation efficacy in the training, testing group, and entire cohort (Figures S5A–C). Sankey diagram presented the association among cluster, risk score, and survival outcome of UCEC cases (Figures S5D).

Then we validated this model in the test set and entire set. In the training set, Kaplan-Meier curves uncovered the significant difference of prognosis between two high groups (Figures 4A). The AUC value of 1-, 3-, and 5-year OS were 0.725, 0.780, and 0.758, respectively (Figure 4D). The performance of model was shown in Figure 4G. At the same time, the test set and entire set were utilized to confirm our proposed signature (Figure 4)




Figure 4 | Construction and validation of IRLPS. (A-C) Survival analysis for patients in the (A) training, (B) testing, and (C) entire cohort. (D-F) ROC curves measuring the predictability of the signature in the (D) training set, (E) testing set, and (F) entire cohort. (G-I) Distribution of risk score, survival status, and heatmap of the transcription levels of five prognostic signatures in the (G) training set, (H) testing set, and (I) entire cohort.



In addition, we explored the predictive ability of the model based on subgroup analysis. Figure 5 reveals that signature showed the favorable power in age and stage subgroups. Furthermore, we plotted a heatmap as an overview of the relationship between clinical features and risk score (Figure 5I). The risk score was significantly different between some clinical factors including age, grade, histological type, immune subtype, immunescore, stage, and cluster (Figures 5J–P).




Figure 5 | The prognostic value of IRLPS in stratified patient groups, and correlation of IRLPS with clinicopathological features and immunescore. IRLPS showed satisfactory prediction performance in patients regardless of (A, B) age and (C, D) stage, (E, F) histological type and (G, H) grade. (I) Heatmap and clinical features of the groups. (J–P) Distribution of IRLPS stratified by (J) age, (K) grade, (L) histological type, (N) immunological subtype, (M) Immunescore, (O) tumor stage and (P) cluster. *P < 0.05, **P < 0.01 ***P < 0.001.





Development of a Prognosis Nomogram

As uncovered by Cox regression analysis, our constructed signature was proven to be an independent factor in training, testing, and entire sets, respectively (Table S4). Previous work has already explored the prognostic value of lncRNAs in UCEC, and yielded promising results (37, 38). In this research, risk score based on IRLs (IRLPS) is more superior in prognostic accuracy compared to its predecessors (Figure 6A). Next, we conducted the univariate and multivariate methods and found that the histological type and stage are also independent prognostic factors in UCEC (Figure 6B). We then compared our model and clinical characteristics in pursuit of greater efficacy for predicting clinical outcome (Figure 6C) and observed that taking clinical factors into consideration presented higher AUC value. To further expand the forecasting ability, we established a nomogram by combining risk score and other clinical traits (Figure 6D). Each of them is mapped to a bar representing range of value they contribute to prognostic risk. To test the sensitivity and specificity of the nomogram, we established calibration curves, which implies there was a close fit between the prognosis and real curves (Figures 6E–G).




Figure 6 | Establishing the IRLPS based on risk score and clinical factors, and validating it in calibration plot. (A) ROC plot indicates that IRLPS is superior in predicting the prognosis in UCEC patients than previous works. (B) IRLPS is also more superior in prediction accuracy than histological type or tumor stage alone. (C) Combining IRLPS with clinical factors is better yet. (D) A nomogram to illustrate the IRLPS, a risk model to predict endometrial carcinoma patient prognosis basing on aforementioned IRLPS, and clinical factors. (E–G) Calibration curves showing the favorable performance of nomogram. **P < 0.01 ***P < 0.001.





GSEA Enrichment of Risk Model

GSEA revealed the top five active pathways in the high-risk group including cell cycle, endometrial cancer, ERBB signaling pathway, TGF-β signaling pathway, and WNT signaling pathway (Figure 7A), while the low-risk group included allograft rejection, autoimmune thyroid disease, graft versus host disease, intestinal immune network for IgA production, and primary immunodeficiency (Figure 7B).




Figure 7 | Differentially activated pathways and immune infiltration between the groups. (A, B) Multiple GSEA analysis was conducted to predict the potential functions and pathways involved in (A) high-risk and (B) low-risk groups. (C, D) Stromal score does not differ significantly between the groups. However, correlation analysis implies significant relationship between stromal score and IRLPS. (E, F) ESTIMATE score differs significantly between the groups, and correlation analysis implies a significant relationship between ESTIMATE score and IRLPS. (G, H) Immunescore differs significantly between the groups, and correlation analysis implies a significant relationship between Immunescore and IRLPS risk score.





Immune Landscape Between Two Risk Groups

Considering that the IRLPS were associated with the immune-related pathway, we detected the immune status of two subgroups. Firstly, we noticed that the low-risk patients had a higher TME score than the high-risk patients (Figures 7C, E, G). Also, correlation analysis verified the above results (Figures 7D, F, H). Subsequently, the immune landscape of the two risk groups was mirrored by Figure 8A. The relationship between five model lncRNAs and immune cell infiltration was further analyzed (Figure 8B). Correlation method showed that the infiltration levels of B cells and Macrophages M2 were positively associated with risk score, while risk score had a negative correlation with the proportions of monocytes, activated NK cells, and CD8 T cells (Figures 8C–H).




Figure 8 |  Relationships between IRLPS and different aspects in the immune microenvironment, including infiltration abundances and activation status of immune cells and cell stemness. (A) Violin plot depicts 21 immune cell types that is differently distributed in high and low risk IRLPS risk score groups. (B) The correlation of IRLs expression and infiltration abundance of immune cells, visualized by heatmap. (C–H) The correlation of 6 immune cell types with the 5 IRLs in our risk signature. (I, J) ssGSEA reveals significant difference in (I) immune cell abundance and (J) activation of immune processes between the groups. (K) Correlation analysis implies significant relationship in cancer cell stemness represented by methylation of RNA (RNAss) with risk score. (L) No significant difference in epiregulin mRNA stemlike indices (EREG mRNAsi) between the groups. (M) The mRNA based stemlike indices (mRNAsi) is significantly different in the groups. *P < 0.05, **P < 0.01 ***P < 0.001, ns indicates no statistical difference.



ssGSEA also presented the similar immune status of all patients (Figure 8I). Additionally, we found that the high-risk group had lower immune activity, which might be a potential explanation for the dismal outcome of cases with high risk (Figure 8J). Previous reports have demonstrated that patients with poor immune activity tend to have worse prognosis (39–41).

RNA stemness score (RNAss) is an effect index representing tumor stemness (42). All three types of stemness-related indicators uncovered that the high-risk group had a higher tumor stemness (Figures 8K–M).



Immunotherapy Response Analysis of IRLPS

Considering the crucial role of immune checkpoints in immunotherapy, we collected 27 immune checkpoint genes (ICGs), including CD44, TNFRSF9, CD27, TNFRs108, CTLA4, CD244, ICOS, CD48, NRP1, CD276, TIGIT, TNFSF9, PDCD1, HAVCR2, TNFs104, TMIGD2, CD70, TNFRs104, CD40LG, LGALS9, TNFRs10, and LAIR1. The results suggested that most immune checkpoints were highly expressed in the low-risk group (Figure 9A). The relationship between six classical immune checkpoints and risk score are shown in Figure 9B. Meanwhile, we observed that high risk score was positively correlated with the expression levels of CTLA-4, HAVCR-2, and PD1 (Figures 9C–F). Moreover, IPS algorithm was employed to determine the immunogenicity of the two groups. Four types of IPS-related scores were lower in the high-risk group (Figures 9G–J).




Figure 9 | Difference in ICGs expression in the two IRLPS groups. (A) The boxplot shows the correlation of ICGs and risk score. (B) Correlation between expression of ICGs and IRLPS. (C-E) Correlation analysis reveals expression levels of ICGs (C) CTLA-4, (D) HAVCR-2, and (E) PDCD1 are negatively related to IRLPS risk score. (F) Boxplot illustrates significantly higher expression of ICG PD-1 in the IRLPS low-risk group than in the high-risk group. (G–J) IPS scoring reveals (G) IPS, (H) IPS-CTLA4, (I) IPS-CTLA-4/PD-L1/PD-1/PD-L2, and (J) IPS-PD-L1/PD-1/PD-L2 scores were all significantly higher in the low-risk group. *P < 0.05; **P < 0.01; ***P < 0.001.



The comparison in the expression of m6A-related markers between the two groups indicated that the expressions of all markers were significant except for FTO, YTHDC2, and ALKBH5 (Figure S6A). Mismatched repair genes (MRGs) have long been established as predictors for immunotherapy benefits (43, 44). Here, we found that four MRGs (MSH2, MSH6, PMS2, and MLH1) were highly expressed in the high-risk group.



TMB Analysis of the IRLPS

TMB level was yet another factor that can’t be ignored in predicting the response to immunotherapy. Here, we examined both subgroups and compared their TMB levels. Figures 10A, B showsthat the TMB was negatively related to risk score. Subsequently, the patients were assigned into unique clusters in terms of the TMB value. Survival analysis showed that the high-TMB group displayed a favorable outcome (Figure 10C, p < 0.001). Furthermore, we noticed that patients with low TMB as well as a high-risk score showed the worst clinical outcomes (Figure 10D, p < 0.001).




Figure 10 | TMB and microsatellite instability are negatively correlated to IRLPS risk score, and can contribute to more significant prognostic discrimination combined with risk score. (A) Boxplot shows higher TMB in the low-risk group. (B) Correlation analysis implies TMB is potentially negatively related to IRLPS risk score. (C) Kaplan-Meier analysis indicates unfavorable outcome for low TMB patients. (D) Patients with lower TMB and higher risk score have significantly more pessimistic outcomes. (E, F) Mutation profile in (E) low and (F) high risk score groups. (G) IRLPS high-risk group has higher proportion of MSS and lower proportion of MSI-H. (H) Divided by microsatellite status, the MSI-H group has significantly lower risk score.



An overview of somatic variants provides an insight into the scatter patterns of the top 20 most frequently mutated genes. The mutational landscapes presented that the top 20 mutated genes were the same in both groups, led by PTEN, PIK3CA, and ARID1A (Figures 10E, F). In this case, we also evaluated the MSI of UCEC patients. As is shown in Figure 10G, the prevalence of high instability of microsatellites (MSI-H) was higher in the low-risk group (38% vs. 27%), while the prevalence of stable microsatellites (MSS) was higher in the high-risk group (Figures 10G, H). This implies a negative correlation between microsatellite instability and IRLPS risk score.



Chemotherapy Response Analysis of IRLPS

To select potential chemotherapeutics for UCEC patients, we calculated the IC50 of three common chemotherapeutic drugs in two groups and assessed the correlation between IRLs and chemotherapeutic drugs. The results showed that etoposide and doxorubicin had higher IC50 in the low-risk group (Figures 11A–C). Five model lncRNAs were closely related to the sensitivity of chemotherapeutic drugs (P < 0.05) (Figure 11D).




Figure 11 | High-risk group is generally less sensitive to chemotherapy and several potential small molecule therapeutical agents targeting the IRLs. (A-C) Correlation of risk score clustering and chemotherapy response. Response to (A) etoposide, (B) cisplatin, and (C) doxorubicin is generally less significant in high-risk patients. (D) Several small molecular agents are found to be able to counter the expression of these IRLs.






Discussion

UCEC is among the most encountered threat to the female reproductive system. As for now, the therapy in clinical use is based on the clinical staging system, which is far from satisfactory, partly because it neglects the heterogeneity of UCEC patients and interactions in the TME (45).

Numerous reports have suggested that the inflammatory chemokine ligand/receptor axis promotes UCEC proliferation, progression, and metastasis (46). The inflammation process play an indispensable role in the progression and metastasis phase (47). Sorted by TME profiling signatures, the solid tumor is classified into three types, the T cell inflamed, the “desert,” and the “excluded” phenotype (48). The context of this specified immune landscape is closely associated with response to immunotherapy. Therefore, understanding the extent to which the tumor is inflamed is of vital significance, and should be the starting point of effective immunotherapy. Currently, there is no widely recognized indicator of inflammation activity on the epigenetics level. Our work is aimed to contribute to a more comprehensive and decisive means to predict and optimize the efficacy of immunotherapy.

The risk signature constructed in our study is a reliable and robust marker to predict the survival outcome of UCEC patients. Besides this, the signature was robustly associated with immune infiltration levels, TMB scores, and chemo-sensitivity. Our research further investigates the role of LRLs in the tumor microenvironment, pharmaceutical landscape, and prognostic prediction in UCEC, providing a novel insight for future research and clinical practice.

In this research, we first determined a novel inflammation-associated subtype for UCEC. All patients were classified into two clusters which had significant differences in both prognosis and immune activity, suggesting the tremendous clinical potency of this molecular subtype. As is elucidated above, the transcription profile of IRLs is tightly correlated with immune cells infiltration, tumor purities, and immune status. In short, they are closely connected with the immune landscape of UCEC. Accumulating evidence suggests a crucial role of TME in assessing prognosis of several tumors (49). Therefore, we came up with the idea to use IRLs as a risk signature to forecast the clinical outcome of UCEC patients.

The full profile of IRLs transcription is not a practical tool for clinical use, due to the availability of full transcriptome sequencing. This process also generates excessive data, which is almost impossible for care providers to analyze in clinical settings. Consequently, we performed the LASSO regression to set up an IRLs-based signature which consisted of five key IRLs. Moreover, our proposed IRLPS showed a superior precision to its predecessors (37, 38). To achieve better performance of IRLPS, we further constructed a nomogram by integrating risk score and other clinical factors. Calibration curves showed the nomogram had favorable ability for survival assessment. Next, GSEA analysis indicated that ERBB signaling, TGF-β signaling, and Wnt signaling were enriched in the high-risk group, suggesting patients with high risk tend to have a pro-tumor effect. It is believed that the intracellular accumulation of β-catenin is a marker for the activation of the classical Wnt signaling pathway, so any mutation genes resulting in the accumulation of β-catenin will activate the classical Wnt signaling pathway. Wnt signaling pathway, one of the main factors inducing the occurrence of cancer metastasis, could upregulate the expression of Slug, Snail, and Twist and block the expression of E-cadherin, causing the lack of epithelial polarity and connection (50). Almost 40% of UCEC cases exhibit abnormal activation of the Wnt/β-catenin pathway. It has been shown that CT-NNB1 mutations leading to activation of the Wnt signaling pathway are bound up with high-grade UCEC in young women (51). As suggested by Chen et al., inhibition of MRP4 could block the viability and survival of endometrial tumors by targeting Wnt/β-catenin pathway (52).

In our established IRLPS, five model IRLs (HMGN3-AS1, LEMD1-AS1, AP000880.1, AC244517.1, and AC011466.1) were deeply involved in the pathological processes of UCEC. HMGN3 is involved in glucose transportation in cells (53), DNA binding, protein binding (54), and chromatin organization (55). LEMD is found to promote proliferation in gastric cancer via activating the PI3K/Akt signaling pathway (56), and is also found to be active in tumorigenesis in colorectal cancer (57) and prostate cancer (58). AP000880.1 is possibly related to TTC12 and NCAM1 gene, which in turn plays an important role in the initiation of leukemia (59, 60). AC244517.1 is associated with the PCDHB family gene, which regulates protocadherin, and is responsible for cell-to-cell adhesion (55) and synaptic transmission (61). AC011466.1 is associated with ZSWIM9, CARD8, PLA2G4C, and LIG1 gene. In research by Linder et al. in 2020, CARD8 can promote T cell proptosis via the CARD8-caspase-1-GSDMD axis (62). LIG1 has already seen comprehensive research, and its role in DNA ligase activity (63) and DNA repair (64, 65) is well established. Li et al. reported in a meta-analysis that included 10 studies with a total of 4012 lung cancer cases and 5629 healthy controls that upregulated expression of LIG1 is related to the increased risk of lung cancer (66). However, due to the limited clinical samples, the results of the PCR were not completely consistent with the bioinformatics analysis. Tumor is a complicated disease induced by multigene, since the interaction of genes contribute to the complexity of tumor regulatory mechanisms.

As a current research hotspot, immune activity plays a central part in tumor development. Our model can successfully demonstrate the capability of mirroring immune status and evaluating the benefits of immunotherapy. By depicting the immune landscape of two risk groups, we observed that risk score exhibited a negative correlation with immunescore which is an indicator of immune activity in TME, suggesting high-risk patients were prone to an immunosuppressive status. CIBERSORT disclosed that M2 macrophages were greatly enriched in the high-risk group. As a type of immunosuppressive immunocyte, M2 macrophages have been proven to be closely bound up with poor patient outcome of UCEC, which is in agreement with the results predicted by our IRLPS.

ICI is currently an effective treatment which could strengthen immune activity of the human body by blocking immune escape of tumors. We found that four classical immune checkpoints were lowly expressed in the IRLPS-high group, suggesting patients may hardly benefit from ICI therapy. Also, four IPS-related scores were lower in the high-risk group, indicating unsatisfactory immune efficacy of UCEC. TMB is another favorable indicator for evaluating outcomes of immunotherapy and high TMB tends to forecast a poor prognosis. We demonstrated that TMB value was significantly higher in the IRLPS-high group. All the above results suggest that our model can predict the benefit of immunotherapy for UCEC patients and offer a valuable reference for individualized treatment.

In addition to immunotherapy, we sought to determine the association between risk score and the effectiveness of common chemotherapeutic agents in managing UCEC. We found that the high-risk group had lower IC50 of etoposide and doxorubicin. This means that patients with high IRLPS might benefit from these two drugs. Apart from the conventional drugs, we also explored several promising small molecule agents such as imiquimod, fluphenazine, and cabozantinib which can interact with model IRLs. Imiquimod is an aminoquinoline immune modulator that induces interferon production and activates innate immune cells via TLR-7, and thus initiates apoptotic and autophagic cell death (67–69). Fluphenazine is a potent antipsychotic drug, dating back to its discovery in the 1950s, exerting its effect by blocking dopamine receptors (70). Cabozantinib is a tyrosine kinase inhibitor, known for inhibiting VEGFR, MET, and AXL, already in clinical use against multiple kinds of malignancies like hepatocellular carcinoma (71), sarcoma (72), and renal-cell carcinoma (73).

This research still has several limitations. First, the clinical and expression data we used for our research are mainly TCGA-based, and thus limited in sample size, patients race, and ethnicity, which should be validated in larger and localized sets of examples. Second, our analysis is based on our choosing of the algorithm, and although we spared no effort in tuning and optimization, there will still be a certain amount of bias in our model. Third, the link we observed between IRL transcription and TME is correlational, not causal. Further investigation in vivo is needed to confirm the interaction of IRLs with other components of TME.



Conclusion

In this study, we identified a novel inflammation-related subtype of UCEC. On the basis of five hub prognostic IRLs (HMGN3-AS1, LEMD1-AS1, AP000880.1, AC244517.1, and AC011466.1), a robust risk signature was created which could serve as an independent clinical factor for UCEC. Our nominated signature cannot only mirror the immune landscape and assess immunotherapy response for UCEC cases, but also provide valuable chemotherapeutic strategies for individualized treatment.
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Supplementary Figure 1 | Class discovery via consensus clustering to assigned patients into two clusters. (A) Consensus index of clustering models with CDF for k = 2–9 (k means cluster count). (B) Consensus clustering matrix for k = 2. (C) Consensus clustering model with CDF for k = 2–9. (D) Relative change in area under the CDF curve for k = 2–9.

Supplementary Figure 2 | Multiple GSEA analysis was used to predict the potential functions and pathways involved in the clusters. (A) The enriched KEGG pathways involved in cluster 1. (B) The enriched KEGG pathways involved in cluster 2.

Supplementary Figure 3 | The coefficients of the 27 IRL signatures evaluated by multivariate Cox regression with LASSO.

Supplementary Figure 4 | Transcription of five IRLs involved in our risk signature. (A–E) The transcription level of (A) LEMD1-AS1, (B) HMGN3-AS1, (C) AP000880.1, (D) AC244517.1, and (E) AC011466.1, differs significantly between the groups. (F–J) RT-qPCR were conducted to validate this difference in clinical samples. The transcription level of IRLs (G) LEMD1-AS1 and (H) AP000880.1 differs significantly between normal and tumor samples.

Supplementary Figure 5 | PCA and alluvial plot are utilized to explore the distribution of patients into risk groups. (A–C) Principal components analysis between the groups in (A) training set, (B) testing set, and (C) the entire set. (D) Alluvial diagram of patients in risk-stratified groups distributed in different gene cluster and survival outcomes.

Supplementary Figure 6 | The transcription level of (A) M6A methylation related genes and (B–D) Mismatch repair genes in high-risk and low-risk group.
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Human epidermal growth factor receptor 2 (HER2) is a highly expressed tumor marker in epithelial ovarian cancer, and its overexpression is considered to be a potential factor of poor prognosis. Therefore, monitoring the expression of HER2 receptor in tumor tissue provides favorable conditions for accurate localization, diagnosis, targeted therapy, and prognosis evaluation of cancer foci. Affibody has the advantages of high affinity, small molecular weight, and stable biochemical properties. The molecular probes of radionuclide-labeled HER2 affibody have recently shown broad application prospects in the diagnosis and treatment of ovarian cancer; the aim is to introduce radionuclides into the cancer foci, display systemic lesions, and kill tumor cells through the radioactivity of the radionuclides. This process seamlessly integrates the diagnosis and treatment of ovarian cancer. Current research and development of new molecular probes of radionuclide-labeled HER2 affibody should focus on overcoming the deficiencies of non-specific uptake in the kidney, bone marrow, liver, and gastrointestinal tract, and on reducing the background of the image to improve image quality. By modifying the amino acid sequence; changing the hydrophilicity, surface charge, and lipid solubility of the affibody molecule; and using different radionuclides, chelating agents, and labeling conditions to optimize the labeling method of molecular probes, the specific uptake of molecular probes at tumor sites will be improved, while reducing radioactive retention in non-target organs and obtaining the best target/non-target value. These measures will enable the clinical use of radionuclide-labeled HER2 affibody molecular probes as soon as possible, providing a new clinical path for tumor-specific diagnosis, targeted therapy, and efficacy evaluation. The purpose of this review is to describe the application of radionuclide-labeled HER2 affibody in the imaging and treatment of ovarian cancer, including its potential clinical value and dilemmas.
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Introduction

Ovarian cancer is the disease with the highest mortality rate after cervical cancer secondary to female reproductive tract malignant tumors; in 2020, 313,959 new patients with ovarian cancer and 207,252 new deaths from ovarian cancer were reported worldwide. Although ovarian cancer is generally more common in developed countries, studies have shown an increasing incidence in China (1, 2). Several risk factors for ovarian cancer include genetics, reproduction, sex hormones, and lifestyle behaviors (3). Specifically, a family history of ovarian cancer in first- or second-degree relatives, polycystic ovary syndrome, endometriosis, gynecological inflammation, increased estrogen/androgen, high-fat diet, etc. are associated with a high risk of cancer. However, fertility, contraception including the intrauterine device and oral contraceptives, tubal ligation, and breastfeeding can reduce the risk of ovarian cancer (4–14). Ovarian cancer has an insidious onset and lacks specific clinical symptoms in the early stage, and the clinical diagnostic process is relatively unsatisfactory. Approximately 60% of patients with ovarian cancer are in the advanced stage of the disease by the time symptoms are recognized or medical help is sought. Therefore, the prognosis of patients is poor, with a 5-year survival rate of less than 30% (15, 16).



Overview of HER2 and Affibody

Human epidermal growth factor receptor 2 (HER2), also known as receptor tyrosine protein kinase erbB-2, is a member of the epidermal growth factor receptor family (17). The oncogenic mechanisms of HER2 include inhibiting tumor cell apoptosis, increasing tumor cell invasiveness, promoting tumor cell proliferation, and promoting tumor angiogenesis and lymphangiogenesis (18). HER2 is rarely expressed in normal ovarian epithelial cells, but is highly positive in epithelial ovarian cancers, including 45.5% of mucinous carcinomas, 41.7% of clear cell carcinomas, and 17.5% of serous carcinomas (19). Studies confirmed that the positive expression of HER2 is significantly correlated with patient prognosis (20, 21). Therefore, it is significantly important to obtain HER2-positive expression accurately and effectively for the precise diagnosis and targeted therapy of HER2-positive ovarian cancer.

The use of multiple methods to detect the presence of relevant mutations in tumor specimens and the optimal targets of targeted therapy, which are useful for prognosis and treatment, is the best strategy to strengthen and improve patients with ovarian cancer (22–24). Clinically, the state of HER2 expression is often determined by immunohistochemistry (IHC) and nucleic acid fluorescence in situ hybridization (FISH) on biopsy tissue (25). IHC uses the principle of specific binding of antigen and antibody, and determines the antigen in tissue cells through a chemical reaction to develop the color of the chromogenic reagent labeled with the antibody. However, the stability of this method is poor, and various technical variables, different antibody sensitivities, and resulting evaluation systems during the operation may affect the test results (26). FISH is a molecular cytogenetic technique that uses fluorescent probes that bind only to parts of chromosomes with a high degree of sequence complementarity. DNA is analyzed under the microscope by fluorescence detection (25, 26). By using gene-specific DNA probes to determine the copy number of the HER2 gene, the detection results are reliable due to the relative stability of the DNA; however, this method is expensive and technically complicated. Furthermore, the expression of the protein is regulated by many factors; therefore, the HER2 gene is regulated by many factors and the amplification of the HER2 gene is not always consistent with the overexpression of protein (27, 28). In addition, both IHC and FISH are invasive tests, which only reflect the local situation of the biopsy tissue. These tests cannot reflect the HER2 expression of the tumor as a whole and other metastases. Hillig et al. showed that the misdiagnosis rate of HER2 expression measured by IHC or FISH is 20% (29). Single photon emission computed tomography (SPECT) and positron emission tomography (PET) imaging can obtain functional information about the organization of biological chemistry. Advantages of these methods include noninvasiveness, accuracy, and safety. become one of the hot spot of the HER2 receptor positive tumors. The positive rate of HER2 expression in ovarian cancer is low. Although the nuclear medicine molecular probe targeting the HER2 receptor is not suitable for the screening and diagnosis of ovarian cancer directly, it can be used as an important complementary means to IHC or FISH. This method can obtain a general expression of HER2 positive, including primary tumor location, the extent of the tumor invasion into the surrounding tissue, and the detection of metastasis sites. In addition, targeting the HER2 receptor helps clinicians monitor the efficacy of HER2-targeted therapy in patients and facilitates stratified patient studies, laying a solid foundation for the integration of ovarian cancer diagnosis and treatment.

Affibody is an artificial protein molecule with a single-chain structure, and is a new type of protein ligand that evolved from the B segment of the immunoglobulin binding region of Staphylococcus protein A, with a relative molecular weight of 6.5 kDa. Affibody has the ability to bind to other proteins (30). SPA is a cell wall protein of type A Staphylococcus aureus, containing 7 domains (S, E, D, A, B, C, and X), among which the B domain contains 58 amino acid residues and is the main functional fragment that mediates the binding of SPA to the FC segment of IgG (except IgG3) (31). These amino acid defects constitute three α-helix structures. In 1995, to improve the chemical stability of the affinity body, the Swedish scholar Nord et al. replaced the 29th glycine of the B domain with alanine and renamed it as the Z domain (32). The amino acids at 13 positions in the first and second helices of the Z domain are Q9 (glutamine), Q10 (glutamine), N11 (asparagine), F13 (benzene), Y14 (tyrosine), L17 (leucine), and H18 (histidine) of the first α-helix, and (alanine), E24 (glutamic acid), E25 (glutamic acid), R27 (arginine), N28 (asparagine), Q32 (glutamine), and K35 (lysine) of the second α-helix, which have no obvious effect on the higher-order structure of the Z domain. The Z domain retains the binding function of the Fc segment (33). Random replacement of these 13 amino acid codons with degenerate codon NNK (K = G, Guanylate or T, Thymine, including 32 codons and 20 amino acids) can theoretically generate 3,213 gene sequences and 2,013 amino acid sequences; these constitute the affibody library. The affibody library can basically be combined with any protein molecule, and the affinity body of a certain protein molecule can be obtained after screening (32, 34). In addition to HER2, a variety of proteins such as fibrinogen, transferrin, tumor necrosis factor Q, interleukin-8, CD28, human serum albumin, IgA, IgE, IgM, and epidermal growth factor receptor (EGFR) have been discovered, and their affinity is in the range of μmol/L to pmol/L according to the characteristics of the bound proteins and the structure of the affibody (35). Due to the small size and high affinity of HER2 affibody that can specifically bind to HER2 receptor both in vitro and in vivo, rapid clearance from blood and non-targeted tissues, ease of structural modification, and selectivity for cancer-related targets, this affibody is suitable as a radionuclide molecular probe and has excellent potential for use in the diagnosis and treatment of cancer (36–41). The schematic representation of the HER2 affibody and its interaction with the target molecule, HER2, is shown in Figure 1.




Figure 1 | The schematic representation of HER2 affibody and the molecular interactions with its targets: the HER2 extracellular region is further divided into domain I (1–164, sky blue), domain II (164–309, brown), domain III (310–479, silver gray), and domain IV (480–619, yellow). Pink represents ZHER2:342; dark blue represents ZHER2:342 binding residues; red represents residues on domain III that interact with ZHER2:342; green represents residues on domain IV that interact with ZHER2:342. The detailed amino acid sequences of HER2 extracellular domains I–IV are presented in Supplementary Table 1.



The first-generation HER2 affibody ZHER2:4 has a low affinity; therefore, researchers combined its head and tail to form a dimer (ZHER2:4)2, and its dissociation equilibrium constant KD value changed from the original 50 nM to 3 nM, leading to obvious improvement in its affinity (42, 43). The second-generation HER2 affibody is mainly ZHER2:342, which has a triple-helix structure through modification of the first generation; its affinity is 2,200 times that of the first generation (44). The third-generation affibody is mainly ZHER2:2395, which is made by introducing a cysteine at the carboxy terminus of ZHER2:342 to obtain a unique attachment site, using bifunctional chelators, linking molecules or other thiol-reactive carriers, such as maleimide or iodoacetamide, which can be directionally coupled to this particular cysteine. ZHER2:2395 has an affinity of approximately 27 pM, which is comparable to that of the second generation (45, 46). A recent study reported the replacement of the -NDA-sequence near the C segment of the affibody ZHER2:2395 with the -SES-sequence, which further improved the stability and hydrophilicity of the affibody, resulting in an affinity that is close to ZHER2:2395 (47). The detailed evolution process of the affibody is shown in Figure 2.




Figure 2 | The evolution process of affibody. Red indicates the modified amino acid sequence.





Overview of Radionuclide-Labeled HER2 Affibody Molecular Probes

Molecular probes targeting HER2 affibody can evaluate the expression status of tumor HER2 receptors and predict early efficacy after treatment, and significant progress has been made in the research on the integration of tumor diagnosis and treatment. The main applications of radionuclide-labeled HER2 molecular probes are summarized in Table 1.


Table 1 | Overview of the major applications of radionuclide-labeled HER2 affibody molecular probes.




HER2 Affibody Molecular Probes as SPECT Tracers

[111In]: Indium-11 (111In) is a pure γ-ray emitter with a half-life of 2.81 days, making it an ideal radionuclide tracer for SPECT imaging. Benzyl-dtpa,-CHX-A”-DTPA (diethylenetriaminepentaacetic acid) and DOTA (1,4,7,l0-tetraazacyclodo-decane-N,N,N,N-tetra acetic acid) have been used as chelating agents for affibody ZHER2:342. When labeled with 111In, which showed a good labeling yield (>95%) and a high affinity (21-65 pM), the molecular probe with specific uptake by the SKOV3 ovarian cancer xenograft tumor tissues with high HER2 receptor expression showed high tumor targeting binding properties (48–52). Unfortunately, in addition to tumor uptake of these molecular probes, renal uptake is also high, increasing the potential for renal toxicity. Based on this disadvantage, Honarvar et al. (76) designed a 15-mer HP1 PNA recognition tag and a complementary HP2 hybridization probe 111In-ZHER2:342-SR-HP1 to reduce the uptake of the molecular probe in the kidney. Moreover, a number of studies have used DOTA as a chelating agent to bind to the affibodies ZHER2:342min, ZHER2:2395, and ZHER2:2395-Cys, and then labeled with the radionuclide 111In. This method shows good potential for targeted imaging (77–80). However, one disadvantage of using DOTA as a chelator is that the liver uptake is relatively high. Researchers then compared the results of using DOTAGA (2-[1,4,7,10-Tetraazacyclododecane-4,7,10-tris(t-butyl acetate)]-pentanedioic acid-1t-butyl ester) instead of DOTA as a chelator, and found that the change improved the biodistribution of molecular probes in vivo, reducing uptake by the liver (81).

[99mTc]: Technetium-99m (99mTc) emits γ-rays of 140 keV and has a half-life of 6.02 h. It can be obtained by the 99Mo-99mTc generator and is inexpensive; therefore, it is widely used in clinical and basic research. An early study used the indirect labeling method to add chelating agent maGGG (mercaptoacetyl-glycyl-glycyl-glycyl) to the N-terminal of the affibody ZHER2:342, and successfully labeled affibody ZHER2:342 with 99mTc. The researchers further completed a series of in vivo biodistribution and imaging studies, and the results showed that the molecular probe was specifically absorbed by SKOV3 ovarian cancer xenograft tumor with high expression of the HER2 receptor and high targeting ability (79). However, the liver and gastrointestinal tract uptake of this molecular probe is high, thus affecting the detection rate of abdominal lesions. Subsequently, the research team replaced the chelating agent maGGG with maGSG (mercaptoacetyl-glycyl-seryl-glycyl), maG(D-S)G (mercaptoacetyl-glycyl-D-seryl-glycyl), and maSSS (mercaptoacetyl-seryl-seryl-seryl), respectively, and labeled it with 99mTc. Results showed that when the glycine residue in the chelating agent maSSS was replaced with a hydrophilic serine amino group, the hydrophilic activity of the chelating agent maGGG was increased. Therefore, the uptake of the molecular probe in the liver and gastrointestinal tract was significantly reduced, resulting in a significant increase in the detection rate of abdominal tumor lesions. However, the excretion route was shifted from the liver to the kidney, increasing the potential for kidney toxicity (80). To overcome this shortcoming, the team further optimized the study design and compared the 99mTc labeling studies using maGEG (mercaptoacetyl-Gly-Glu-Gly), maEEE (Mercaptoacetyl-Glu-Glu-G1u), maESE (mercaptoacetyl-glutamyl-seryl-glutamyl), maEES (mercaptoacetyl-glutamyl-glutamyl-seryl), maSEE (mercaptoacetyl-seryl-glutamyl-glutamyl), maSKS (mercaptoacetyl-seryl-lysyl-seryl), and maKKK (mercaptoacetyl-trilysyl) as chelators. The results showed that the use of the molecular probes 99mTc-maEEE-ZHER2:342, 99mTc-maSKS-ZHER2:342, and 99mTc-maESE-ZHER2:342 with maEEE, maSKS, and maESE as chelators significantly reduced the radioactive uptake in the kidney. In addition, the radioactive uptake of 99mTc- maESE-ZHER2:342 was found to be the most obvious, further improving the abdominal image quality (55, 56, 81). Furthermore, other studies introduced a chelating agent at the C-terminus or/and N-terminus of the affibody ZHER2:342 for 99mTc labeling, and obtained molecular probes 99mTc-(HE)3-ZHER2:342-GGGC, 99mTc-ZHER2:342-GGGC, 99mTc-ZHER2:V2, etc. The researchers performed in vivo biodistribution and imaging studies, and results showed that these molecular probes are stable in vitro and in vivo, with high specificity and high targeting (82–84).

[123I/125I]: Iodine-123 (123I) has a half-life of 13.3 h and can emit 159 keV γ rays, which is suitable for SPECT imaging. 125I has a long half-life (59.4 days) and is a convenient replacement nuclide usually used in the development of radioactive iodization technology instead of 123I and 124I (85). An early study used 125I labeling for the affibody (ZHER2:4)2, but SPECT imaging showed high radioactivity retention in the kidney and liver in addition to tumor uptake. This resulted in substandard image quality (86). To address the prevention of affibody destruction by radionuclides upon labeling, further studies were performed with iodobenzoate (PIB) and [4-isothiocyanate-amino]-undecahydro-o-dodecaborate (DABI) as chelators to label affibody molecule ZHER2:342 with 125I, and molecular probes 125I-PIB-ZHER2:342 and 125I-DABI-ZHER2:342 were prepared. Results showed that 125I-PIB-ZHER2:342 expressed high contrast imaging and low renal radioretention of HER2 in the mice bearing SKOV-3 xenografts; however, a disadvantage was that the molecular probe did not bind specifically to the tumor (44, 87). Subsequently, the team used HPEM(4-hydroxyphenyl-ethyl-maleimide) as a chelating agent to design and synthesize the molecular probe 131I/125I-HPEM-ZHER2:342-C. Compared with the previous molecular probe 125I-PIB-ZHER2:342, HPEM provided a site-specific conjugate for indirect radioiodination of cysteine-containing affibody ZHER2:342, and preserved the specificity of binding to HER2-expressing cells (88). Several studies have shown that the labeling strategy of using HPEM as a chelator further reduces renal uptake, but increases hepatobiliary and gastric uptake; thus, this strategy is detrimental to the detection of abdominal metastases (85, 87, 88). To solve this problem, the HEHEHE sequence was recently introduced into the amino terminal of the affibody, and the molecular probe 125I-PIB-(HE)3-G3 was prepared by using PIB as a chelating agent. This process reduces the radioactive retention of the liver and kidney while maintaining the highly specific binding of tumor cells, and enables the obtainment of high contrast imaging of tumors expressing HER2 receptor in vivo (89).



HER2 Affibody Molecular Probes as PET Tracers

PET can provide molecular information such as function and metabolism, and has important clinical value in early diagnosis, staging and restaging of tumors, finding primary tumor or metastases, guiding tumor treatment, evaluating treatment efficacy, and predicting recurrence (90). Compared with SPECT imaging, PET imaging has the advantages of high spatial resolution, good sensitivity, and quantification (91). The radionuclide fluorine-18 (18F), gallium-68 (68Ga), copper-64 (64Cu), rhenium-186/188 (186/188Re), and other labeled HER2 affibodies have been used in preclinical research on ovarian cancer, showing good prospects for clinical application (54, 67, 68, 78, 92–97).

[18F]: The half-life of 18F is 109.8 min, and the positron energy produced by 18F is low (average of 0.25 MeV). Its annihilation distance in tissues is short (approximately 2.4 mm), which enables the obtainment of high-resolution images. Therefore, 18F is considered as the most ideal nuclide for PET imaging. An early study used FBO (N-[4-flfluorobenzylidene]oxime) as a chelating agent to label the affibody ZHER2:477 to obtain the molecular probe 18F-FBO-ZHER2:477. The results of animal PET imaging showed that the molecular probe can specifically bind to the HER2 receptor in vitro and in vivo, and obvious radionuclide uptake can be seen in the SKOV3 tumor tissue. However, due to the large amount of radioactive retention in the liver and kidney, the molecular probe is not clinically applicable (94). Kramer-Marek et al. used N-[2-(4-fluoro-benzamido)ethyl] maleimide (FBEM) as a chelating agent to prepare the molecular probe 18F-FBEM-ZHER2:342, and animal PET imaging results showed that the molecular probe had high radiation uptake and high image contrast in mice bearing SKBR3 and SKOV-3 xenografts with high HER2 expression, but no obvious uptake in mice bearing MDA-MB-468 xenografts with low HER2 expression. However, the high radioactive uptake in the kidney and bone also limits its clinical application (67). Recently, researchers have used FET (fluoroethyl-L-tyrosine) as a linker to prepare a molecular probe [18F]FET-ZHER2:342, and a preclinical study has shown that the molecular probe specifically binds to tumors and has a lower radioactive uptake in the liver. Unfortunately, its radiochemical yield is relatively low (68). Moreover, different methods of 18F labeling for ZHER2:2395 and ZHER2:2891 have been reported, but their clinical transformation has been hindered by a large amount of radioactive retention in the kidney or the complex manufacturing process and low yield of molecular probes (62, 63, 73 ).

[68Ga]: The half-life of 68Ga is 68 min, and the positron decay rate is 89%. 68Ga can be prepared by a 68Ge-68Ga generator. It is suitable for labeling small molecules that can rapidly distribute in vivo and reach the target, and high-quality images can be obtained approximately 1 h after intravenous injection. An early animal study of PET imaging used DOTA as a chelating agent to label the HER2 affibody ZHER2:342 and the small-molecule protein MUT-DS of HER2, respectively, with 68Ga (69). The results showed that the tumor tissue with high expression of HER2 receptor showed obvious radionuclide aggregation, which was quickly cleared in the blood, with low background and high image quality. However, the disadvantage was that there was also a high radioactive uptake in the kidney. Recently, a number of studies have successively used DOTA, NOTA (1,4,7-triazacyclononane-N,N,N-triacetic acid), and NODAGA [1-(1,3-carboxypropyl)-4,7-carboxymethyl-1,4,7-triazacyclononane] as chelating agents to label the affibodies ZHER2:S1, ZHER2:2395, and ZHER2:2891, respectively, and performed molecular probe research in vivo and in vitro. The results showed that NODAGA as a chelator for 68Ga-labeled synthesis of molecular probes provided the best tumor-to-organ ratio, and was the best chelator for 68Ga-labeled HER2 affibody, indicating excellent prospects for clinical application (81, 92, 93).

[64Cu]: 64Cu can simultaneously release β- with a maximum energy of 580 keV and β+ with a maximum energy of 656 keV, which can be used for PET imaging and radionuclide therapy. The half-life of 64Cu is 12.7 h, and it can be produced by nuclear reactors and medical accelerators (98, 99). Researchers first used DOTA as a chelating agent to label the affibody ZHER2:477 with 64Cu and performed PET imaging studies in tumor-bearing nude mice with high HER2 receptor expression. The results showed that the molecular probe can be significantly taken up by tumor tissue. However, the disadvantage is that there is also a large amount of aggregation in the liver and kidney, and the uptake of radioactivity in liver and kidney is significantly higher than that in tumor tissue, thus affecting the detection of abdominal lesions (100). Subsequently, the research team further introduced cysteine into different positions of the affibody ZHER2:342 for 64Cu labeling to prepare molecular probes 64Cu-DOTA-Cys-ZHER2:342, 64Cu-DOTA-ZHER2:342(Cys39), and 64Cu-DOTA-ZHER2:342-Cys. All three probes showed good affinity and stability in in vitro studies, and 64Cu-DOTA-Cys-ZHER2:342 had the highest affinity and in vivo stability. However, the problem of high renal radioactivity retention remained unresolved (72). In addition, some researchers conducted in vitro and in vivo studies and compared the use of NOTA and NODAGA as chelators for 64Cu labeling of affibodies. The results showed that the tumor-to-organ ratio was higher when NODAGA was used as a chelator than when NOTA was used as a chelator. The disadvantage was that the molecular probes had higher radioactive retention in the kidney and bone marrow (101). Therefore, research of 64Cu-labeled HER2 affibody molecular probe needs to be further optimized and perfected.

[186/188Re]: The two isotopes of rhenium, 186Re and 188Re, can simultaneously emit γ rays and β rays, enabling their use for both imaging and therapy. 186Re is produced by the reactor and has a half-life of 3.72 days. 186Re can emit β rays with a maximum energy of 1.08 MeV and γ rays with an energy of 155 keV at a time. 188Re has a half-life of 17.0 h, can be produced by a 188W/188Re generator, and can emit β rays with a maximum energy of 2.1 MeV and γ rays with an energy of 137 keV. Orlova et al. (102) first used maGGG and maGSG as chelators to label affibody ZHER2:342 with 186Re and compared the resulting molecular probe with the 99mTc-labeled molecular probe. The results showed that the molecular probe 186Re-maGSG-ZHER2:342 showed obvious radioactive uptake in the tumors of mice bearing SKOV3 xenografts at 4 h after injection. Compared with the 99mTc-labeled molecular probe, the 186Re-labeled molecular imaging probe significantly reduces the renal uptake; its renal uptake is only 1/4 of the 99mTc-labeled molecular probe. However, the excretion of molecular probes through the hepatobiliary tract leads to relatively high uptake in the liver, which may affect the detection of liver lesions. Subsequently, the same research team attached different amino acid sequences to the carboxy-terminus to label the affibodies with 188Re and compared them in vitro and in vivo. The results showed that the uptake of the molecular probe 188Re-ZHER2:V2 with GGGC sequence linked to the carboxyl terminus was significantly higher than that of any organ tissue (including liver and kidney) at 4 h after injection. Furthermore, the uptake of the kidney was 5 times lower than that of the tumor, indicating that this molecular probe is a promising candidate for imaging and treatment of tumors with high expression of HER2 receptor (73, 74).

In addition, preclinical studies of PET molecular probes labeled to HER2 affibody by radionuclides such as astatine-211 (211At), scandium-44 (44Sc), zirconium-89 (89Zr), and carbon-11 (11C) through different chelating agents in SKOV3 ovarian tumors with high HER2 expression have also been reported in the literature, and the results show good potential for clinical application (103–106).



Radionuclide-Labeled HER2 Affibody as Targeted Therapeutic Probes

Ovarian cancer is traditionally treated with radical tumor resection and platinum-paclitaxel chemotherapy. Most tumors eventually become resistant to cytotoxic chemotherapy, leading to disease recurrence and progression (107). Recent studies have shown significant efficacy of poly (ADP-ribose) polymerase (PARP) inhibitors in patients with epithelial ovarian cancer, especially in patients with germline breast-related cancer antigens 1 and 2 (BRCA1/2) mutations. However, its clinical application value in patients without BRCA1/2 mutation remains controversial (108–110). The HER2 proto-oncogene is closely related to the occurrence of epithelial ovarian cancer; therefore, it provides an ideal target for the treatment of ovarian cancer. Trastuzumab, pertuzumab, olaparib, and lapatinib are widely approved by the Food and Drug Administration (FDA) for the treatment of HER2-positive cancers. However, clinical studies have shown that HER2-poszitive cancers are prone to become resistant to trastuzumab and pertuzumab; resistance mainly involves crosstalk with heterologous receptors, amplification, and the destruction of binding sites to HER2 receptors (111, 112), which may be related to the abnormal activation of the PI3K-Akt signaling pathway leading to PI3KCA mutation, phosphatase, and tensin homologue loss (113–115). It is estimated that approximately half of patients with HER2-positive metastatic breast cancer do not respond to trastuzumab (116). Lapatinib has shown positive efficacy in patients with HER2-positive ovarian cancer, but its efficacy in patients with ovarian cancer is only 22% to 30% (117, 118). Therefore, many researchers have recently focused on finding new methods and approaches for the comprehensive treatment of ovarian cancer through radioimmunotherapy. To date, many studies have focused on the targeted therapy of a variety of radionuclide-labeled HER2 affibody, including lutetium-177 (177Lu), 64Cu, and yttrium-90 (90Y). Nevertheless, studies have shown that molecular probes of the radionuclide 64Cu and 90Y-labeled HER2 affibody need to be further optimized due to higher radioactive uptake in kidney or bone marrow and longer retention time (100, 119). 177Lu, with a half-life of 6.7 days, can emit β- particles with three energies of 498 keV (79.3%), 380 keV (9.1%), and 176 keV (12.2%). Due to its relatively low particle energy, the normal tissue around the lesion is less damaged, making it a very suitable radionuclide for therapy (120). In 2007, Tolmachev et al. first used CHX-A”-DTPA as a chelating agent to label affibody ZHER2:342 with 177Lu; the results showed that 177Lu-CHX-A”-DTPA-ABD-(ZHER2:342)2 could prevent the growth of SKOV3 ovarian cancer cells highly expressing the HER2 receptor, compared with the control group injected with PBS and simultaneously injected with non-labeled affibody, 177Lu-CHX-A”-DTPA-ABD-(ZHER2:342)2 blocking group. The survival time of nude mice injected with 177Lu-CHX-A”-DTPA-ABD-(ZHER2:342)2 was significantly prolonged; however, a disadvantage of this affibody is the high radioactive retention in the blood and bone marrow (75). Subsequently, the researchers further linked high-affinity ABD035 to the N-terminus of the affibody ZHER2:2891 and linked a DOTA derivative maleimide group to the C-terminus, namely, ZHER2:2891-ABD035-DOTA, and then labeled it with 177Lu to obtain molecular probe 177Lu-ABY-027. This was then compared with that of the previous molecular probe 177Lu-CHX-A”-DTPA-ABD-(ZHER2:342)2. The results showed that the uptake of the former in the tumor was twice that of the latter, and the radioactive retention in the liver and kidney was significantly reduced (75). To further improve the radioactive uptake of molecular probes by tumors and reduce the radioactive retention of normal organs such as the kidneys, the research team further optimized the molecular probes in a series of studies in which they conducted comparative evaluations in vivo and in vitro. The results showed that the molecular probe [177Lu]Lu-HP16, containing 9 nucleic acid bases, has the highest tumor/kidney uptake ratio and is a promising molecular probe for targeted therapy of HER2-positive ovarian cancer (121–123).

Although there are many advantages that make radionuclide-labeled HER2 affibodies particularly suitable for molecular imaging, many challenges and hurdles remain in the development of these affibodies. One disadvantage is that labeling methods can lead to increased lipophilicity, often leading to off-target interactions with normal tissues and binding to blood proteins (124). Another disadvantage may be the bacterial source of the protein scaffold, as repeated use in patient treatment leads to an increased risk of immunogenicity (125).




Discussion

HER2 is found in the cytoplasm of normal cells, mainly in the mitochondrial cristae, with little amounts occurring on the cell membrane; HER2 is found only on the cell membrane in tumor cells. The expression of HER2 in normal ovarian epithelium is very low; however, the expression in epithelial ovarian tumor tissue has been reported to be high at 55 times that of normal ovarian epithelium (126). Epithelial ovarian cancer consists of histological subtypes, which include serous carcinoma (prevalence 75%), mucinous carcinoma (20%), endometrioid carcinoma (2%), and clear cell carcinoma (<1%). Regarding HER2 positivity, serous (29%) and mucinous carcinomas (38%) had higher positivity than endometrioid (20%) and clear cell carcinomas (23.1%), while the differential expressions of HER2 among different tissue types in epithelial ovarian carcinoma were important biomarkers for prognosis in epithelial ovarian cancer (127).

Fluorodeoxyglucose (FDG) labeled with radionuclide 18F is widely used in clinical practice and has been proved to be highly accurate in the differential diagnosis of benign and malignant ovarian masses (128, 129). However, a study of 18F-FDG PET/CT to evaluate the expression status of HER2 receptor has not been reported. Affibody has high affinity for HER2-expressing tumors, low molecular weight, stable biological activity, and fast blood clearance time (130). Recently, the use of molecular probes from radionuclide-labeled affibody has shown promise in tumor molecular imaging research. However, there are many difficulties in the preparation of molecular probes from radionuclide-labeled HER2 affibody that need to be addressed to enable more effective use in clinical practice. Most notably, research needs to focus on the reduction of non-specific uptake in the liver, kidney, bone marrow, and gastrointestinal tract. To this end, researchers have modified the amino acid sequence to change the molecular surface charge, lipid solubility, and affinity, and used different radionuclides to optimize the labeling method, improving the specific uptake of molecular probes at the tumor site, reducing the uptake of non-target organs, thereby optimizing the distribution in vivo. Moreover, different chelating agents have been introduced into the radionuclide labeling of HER2 affibody. Increasing the hydrophilicity of the chelating agent can reduce the non-specific uptake of the liver, enable the molecular probe to be excreted through the kidney, reduce the uptake of the gastrointestinal tract, and thus reduce the background of the image, increase the target/non-target ratio, and lead to an improved image. To date, more than 20 chelating agents have been introduced into molecular probes for radionuclide-labeled HER2 affibody. The advantages and disadvantages of commonly used chelators are shown in Table 2.


Table 2 | Overview of advantages and disadvantages of commonly used chelators as molecular probes.



The median survival of patients with ovarian cancer has been significantly improved recently through the introduction of novel drug treatments and minimally invasive surgical techniques (22). However, the symptomatology, diagnosis, and treatment of ovarian cancer still pose great challenges. Multidisciplinary cooperation and multiple detection methods are needed to provide gynecological oncologists with as much detailed clinical data as possible to optimally design appropriate treatment plans for each patient (22, 131). HER2 is overexpressed or amplified in various malignancies. Therefore, therapeutic drugs that target the linkage of HER2-positive tumor cells to a peptide with a high affinity for the HER2 receptor should be developed to target a variety of HER2-positive malignancies (132). To date, a variety of HER2-targeting therapeutic drugs have been developed, including HER2 addressing therapeutic monoclonal antibodies, nanobodies, and affibodies. Several of these drugs have entered the clinical trial stage, and the results of clinical studies have shown that they benefit patients with HER2-positive breast cancer. However, the study and use of radionuclide-labeled HER2 affibody have been hampered by its short residence time in the blood (133).

In conclusion, the molecular probe of radionuclide-labeled HER2 affibody can accurately evaluate the expression status of HER2 receptor in epithelial ovarian cancer, which provides favorable conditions for the localization, diagnosis of cancer foci, targeted therapy, and prognosis evaluation. The research and development of new molecular probes for nuclear medicine aims to introduce radionuclides into cancer foci in a targeted manner, display systemic lesions, and kill tumor cells through radionuclides’ radioactivity. Continued progress will result in improved methods for the integration of the diagnosis and treatment of ovarian cancer. Nuclear medicine imaging technology is an important imaging method for basic and clinical research on malignant tumors. A variety of radionuclide-labeled HER2 affibody molecular probes have been successfully developed and have shown potential in preclinical experimental studies of ovarian cancer, laying a foundation for multi-center clinical trials. In the future, the research and development of HER2 affibody molecular probes will focus on optimizing the labeling method of radionuclides, using different chelating agents, or modifying the amino acid sequence to further improve the specific uptake of molecular probes in tumor sites, while reducing the uptake of non-target organs, especially in the liver, kidney, bone marrow, and gastrointestinal tract. This will optimize the distribution in the body, and the radionuclide-labeled HER2 small-molecule targeting binding protein can then be used in clinical practice as soon as possible to enable tumor-specific diagnosis, and to promote the evaluation of the therapeutic efficacy of targeted therapy drugs objectively at an early stage.
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In conventional T cells, OX40 has been identified as a major costimulating receptor augmenting survival and clonal expansion of effector and memory T cell populations. In regulatory T cells, (Treg) OX40 signaling suppresses cellular activity and differentiation. However, clinical trials investigating OX40 agonists to enhance anti-tumor immunity, showed only limited success so far. Here we show that platelets from breast cancer patients express relevant levels of OX40L and platelet OX40L (pOX40L) inversely correlates with platelet-expressed immune checkpoint molecules GITRL (pGITRL) and TACI (pTACI). While high expression of pOX40L correlates with T and NK cell activation, elevated pOX40L levels identify patients with higher tumor grades, the occurrence of metastases, and shorter recurrence-free survival (RFS). Of note, OX40 mRNA levels in breast cancer correlate with enhanced expression of anti-apoptotic, immune-suppressive, and tumor-promoting mRNA gene signatures. Our data suggest that OX40L on platelets might play counteracting roles in cancer and anti-tumor immunity. Since pOX40L reflects disease relapse better than the routinely used predictive markers CA15-3, CEA, and LDH, it could serve as a novel biomarker for refractory disease in breast cancer.




Keywords: breast cancer, biomarker, immunotherapy, platelets, prognosis, OX40L



Background

Immune checkpoints are crucial parts of inhibitory or activating immune pathways, regulating self-tolerance and immune responses. Particularly in the context of malignant disease, immune-inhibitory receptors including PD-1 or CTLA-4, are triggered to dampen anti-tumor immune responses (1–3). In contrast, co-stimulatory signaling pathways like CD27, CD40, or OX40 have been described to play a crucial role in T cell activation, proliferation, and tumor immune surveillance (4–6). An increasing number of therapeutic strategies have been exploited to block or activate the respective pathways and reinforce anti-tumor immunity (6–9). Strategies to improve co-stimulatory pathways like OX40 have shown promising anti-tumor activity in preclinical mouse models (10–12). The immune checkpoint molecule OX40 is a member of the tumor necrosis factor receptor (TNFR) superfamily. It is expressed on effector T lymphocytes following activation and promotes their differentiation, proliferation, and survival while simultaneously inhibiting the suppressive activity of regulatory T cells (13). Although monoclonal antibodies targeting OX40 are currently being investigated in early clinical trials, a successful translation of the promising preclinical data is still pending (14, 15). Of note, the expression of the cognate ligand (OX40L), also known as tumor necrosis factor superfamily member 4 (TNFSF4) on platelets has been described to be involved in cardiac inflammation and solid tumors (16, 17).

Platelets play a critical role in tumor progression, formation of metastasis, tumor immunosurveillance, and immunotherapy via a manifold of mechanisms, including coating of tumor cells, the release of soluble factors, e.g. TGF-ß, VEGF, and expression of immunoregulatory molecules like PD-L1, GITRL, CD40L and TACI (18–25). Here we show that the immune checkpoint molecule OX40L is frequently expressed on platelets in breast cancer and is negatively correlated with the expression of the immune checkpoint molecules GITRL and TACI on the platelet surface. In breast cancer, high levels of pOX40L were found to be associated with immune cell activation, higher tumor grades, formation of metastasis, and reduced recurrence-free survival (RFS), indicating that pOX40L might play a controversial role in tumor biology via orchestrating immune activation and tumorigenesis. We demonstrate that pOX40L is superior in predicting disease progression compared to routinely used markers in breast cancer.



Results and Discussion


Expression of OX40L on Platelets Correlates With Immune Cell Activation

Although the expression of several immune checkpoint molecules on platelets has recently been described, their role in cancer is only poorly understood (23–25). In an effort to further investigate the impact of platelet-expressed immune checkpoints in solid tumors, we characterized the concurrent expression of the three TNF members pGITRL (pTNFSF18), pTACI (pTNFRSF13B), and pOX40L (pTNFSF4) in a cohort of breast cancer patients (Figure 1A). Interestingly we found a positive correlation of pGITRL and pTACI, two recently identified platelet-expressed immune checkpoint molecules with predictive value in breast cancer (24, 25). Despite the great homology between OX40 and GITR (26), the ligand of the immune stimulatory co-receptor OX40 on platelets was shown to be negatively correlated with pGITRL and pTACI expression (Figures 1B,C). This observation indicates that platelets express a plethora of different immune checkpoint molecules and the platelet immune phenotype (PIP) seems to be specifically regulated, especially in cancer. In in a previous study and in line with the different roles of GITR in NK cells and T cells, pGITRL was found to be associated with T cell but inversely correlated with NK cell activation in breast cancer (9, 24, 27). The fact that highest pGITRL level were present in intermediate tumor stages may support the notion that stimulation of T cell derived GITR contributes to tumor immunosurveillance of breast cancer but will lose its impact in furthering tumor progression in later stages. Expression of the receptor TACI on platelets is also specifically upregulated in breast cancer and is inversely correlated with metastasis and advanced tumor stage. It is not yet understood how pTACI may be involved in the (immune) regulation in breast cancer. One could speculate that pTACI induces reverse signaling into ligand-expressing cells such as breast cancer cells (28–30), but the existence of such signaling still warrants proof (31). Additionally, it was found that TACI is expressed on both, macrophages and tumor cells, particularly in breast cancer cases with poor prognosis (30). Thus, another explanation could be a transfer of TACI between platelets and malignant cells - which has been shown for other pathophysiologically relevant molecules like MHC class I and PD-L1 (19, 23) - or immune cells.




Figure 1 | pOX40L in breast cancer patients is associated with a distinct platelet immunophenotype and activation of cytotoxic lymphocytes. (A–C) Comparative analysis of the platelet immune checkpoint molecules pOX40L, pTACI and pGITRL (n = 65). The gating strategy used to analyze pOX40L expression on platelets is given in Supplementary Figure 3. Co-expression of TACI (B) or GITRL (c) on pOX40Llow and pOX40Lhigh platelets, respectively. (D–J) Level of pOX40L in healthy donors (D) and breast cancer patients (G) and expression of CD69 (E, F) and CD25 (H, I) on NK cells and T cells of the respective donors (n = 10 each). (J–Q) Co-regulation of CD69/CD25 on NK/T cells and pOX40L in healthy donors and breast cancer patients (n = 10 each). r-t Comparative analysis of platelet activation in the presence or absence of TRAP-6 (10 µM) with regard to pOX40L status. Representative platelet aggregation studies (R, S) were performed in pOX40L high and low expressing platelets derived from breast cancer patients. Aggregation studies (T) were performed in platelets derived from 5 healthy donors (green) and 10 breast cancer patients (pOX40L low in blue, pOX40L high in red). (U) Expression of CD62P and OX40L on platelets from HD and breast cancer patients ex vivo (n = 10 each). (V) Expression of OX40L on platelets from healthy donors and the complete breast cancer cohort ex vivo (n = 25 and n = 65, respectively). (W) pOX40L level in healthy donors (HD), (left panel) and breast cancer patients (right panel) with regard to CD62P expression (n = 25 and n = 65, respectively). (X) Correlation of pTACI expression and platelet count (left panel) and platelet size (right panel). (B, C), (E, F), (H, I) Each dot represents a single patient. Boxes represent median and 25th to 75th percentiles, whiskers are minimum to maximum.



It is poorly understood how surface levels of immune regulatory molecules on platelets are regulated. Surface expression of some immunoregulative molecules like PD-L1 (23) and CD40L (32) for example are dependent on platelet activation. Changed expression levels in breast cancer however, might be regulated via trogocytosis, reprogrammed megakaryopoiesis (33) or protein synthesis in platelets which can occur at low levels (34). In vitro data show that soluble factors from tumor cells alter megekaryopoiesis in the MEG-01 cell line model and thus the megakaryocyte immunophenotype with regard to GITRL expression. One contributing factor appeared to be TGF-β which is known to be involved in the regulation of GITRL expression on dendritic cells (35). Alike, OX40L is expressed among others on antigen presenting cells where it is upregulated upon antigen presentation and costimulation including interferon gamma (IFN-γ) (36), and following stimulations with prostaglandin E2 (37), IL-18 (38) and thymic stromal lymphopoietin (TSLP) (39). Further studies are needed to study whether these factors also play a role in pOX40L regulation in the context of breast cancer.

Targeting of the co-stimulatory receptor OX40 is recently under evaluation as a novel strategy in cancer immunotherapy, and its expression on CD8+ cytotoxic T cells of breast cancer patients was found to be upregulated upon neo-adjuvant chemotherapy (40). When comparatively analyzing pOX40L and the immunophenotype in a screening cohort of healthy donors and breast cancer patients, we found higher pOX40L levels to be associated with increased T and NK cell activation levels (Figures 1D–I). Especially in breast cancer patients, CD69 and CD25 expression on T and NK cells were strongly correlated with the expression of OX40L on platelets (Figures 1J–Q). This is particularly interesting since previous studies report on an enlarged CD4+ FOXP3+ T cells population in breast cancer (41, 42). Yet, further work is required to evaluate whether pOX40L-dependent signaling contributes to the expansion of regulatory T cells. Taking the known immune-activating role of OX40L on other cell types, including B cells, mast cells or endothelial cells into account, our observation might point to pOX40L as a novel and underestimated player mediating immune cell activation and anti-tumor immunity.



Regulation of OX40L on Platelets During Platelet Activation

As it is well established that the platelet surface proteome, as well as the PIP, is modulated via platelet activation, we further analyzed pOX40L in the context of platelet reactivity. Platelet aggregometry showed comparable functional capabilities in the presence of the PAR-1 agonist TRAP-6 independent of pOX40L expression (Figures 1R–T). This confirms previous data showing that the expression of immune checkpoint molecules on platelets is not associated with platelet reactivity (23, 24). In contrast to previous observations, platelet activation ex vivo did not result in an expression change of pOX40L on the platelet surface (Figure 1U). Confirming this observation ex vivo, we found no significant correlation of pOX40L and CD62P in our entire cohort of healthy donors and breast cancer patients (Figures 1V, W). Since pOX40L surface expression seems to be rarely regulated during platelet activation, complex adjustment algorithms to model surface expression in vivo are subsequently not required. This highlights pOX40L as a novel putative biomarker candidate in breast cancer. We found that pOX40L, similar to pTACI and pGITRL, was negatively correlated with platelet count and associated with larger platelet size (Figure 1X). This might suggest a complex interplay of anti-cancer treatment, platelet regeneration, and tumor homeostasis, resulting in a subsequent chronic inflammatory environment might be involved in PIP regulation, including pOX40L (43, 44).



Regulation of pOX40L Expression During Breast Cancer Progression

In the next step, we studied the association of pOX40L with clinical parameters and disease progression. While pOX40L status was irrespective of the tumor stage (T) and lymph node invasion (N), it was associated with histological grading (G) (p = 0.03), whereas most pOX40Lhigh patients were found in the G3 group (Figures 2A–C). In line, the proliferation index (Ki67) of tumors and formation of metastasis, which both constitute negative prognostic markers for patients, were directly associated with higher pOX40L levels in breast cancer patients (p = 0.005 and p = 0.008), respectively (Figures 2D, E). Accordingly, with a median time to metastasis (TTM) of 17 months compared to 76 months, recurrence-free survival (RFS) was significantly shorter in patients with a high pOX40L expression compared to patients showing low levels of pOX40L (p=0.02) (Figure 3F). Interestingly, this observation seems to be in contrast to the proposed role of pOX40L as an immune-stimulating player promoting anti-tumor effects. Of note, we did not observe any correlation of pOX40L expression and different systemic treatments or number of received treatment regimens (Supplementary Figure1 A-C).

We observed that pOX40L status was inversely correlated with the number of metastatic organs. While patients with high levels of pOX40L showed only one metastatic site, low pOX40L levels were associated with a higher metastatic burden in multiple organs (Figure 2G). These findings led to the hypothesis that pOX40L might be involved in tumor immune cell interactions. Interestingly, pOX40L expression was shown to be independent of treatment modality, kind of treatment and number of treatment regimen (Supplementary Figure 1 A-C). When analyzing the distribution of metastasis in our cohort we observed that patients with high expression of pOX40L frequently developed lung metastasis (Figure 2H). Following this observation, we further investigated putative OX40/OX40L signaling in malignant cells. We correlated OX40 mRNA expression in a TCGA breast cancer data set (TCGA, Firehose Legacy) and gene-expression signatures in breast cancer associated with lung metastasis (45). Remarkably, the main genes involved, e. g. MMP1, MMP2, SPARC, VCMAM1, CXCL1, and CXCR4 were found to be significantly associated in with high OX40 mRNA expression (Figure 2I). In addition, these genes clustered with the expression of anti-apoptotic and tumor-promoting factors (Figures 2I,J). Finally, we studied whether additional immune checkpoint molecules might be co-regulated with OX40 mRNA in breast cancer cells. We found a strong correlation of OX40 and PD-L1, CD80, CD86, VISTA, HVEM, and TGFß, hypothesizing that OX40 expression on tumor cells might be associated with an immune-inhibitory phenotype (Figures 2K–P).




Figure 2 | | pOX40L predicts disease relapse and metastasis in breast cancer. (A) pOX40L expression in different tumor stages (T), (n = 65) (B) Association of pOX40L expression and lymph node invasion (N), (n = 65). (C) pOX40L level in patients with different tumor grading (G), (n = 65). (D) Correlation between pOX40L expression on platelets of 65 BC patients and the Ki67 positive cells (%). (E) pOX40L expression in patients with and without metastatic disease (M), (n = 65). (F) Kaplan–Meier curves estimates of RFS (months) in patients with a pOX40L > mean (pOX40Lhigh = red) and pOX40L level < mean (pOX40Llow = blue), (n = 65). Median time to metastasis (pOX40Lhigh = red, pOX40Llow = blue). (G) pOX40L expression in patients with different number of metastasis (n = 65). (H) Mean expression of pOX40L in different metastatic organs (n = 20). (I) Heatmap depicting the relative mRNA level OX40 and a gene set associated with lung metastasis, anti-apoptotic and tumor-promoting signatures in breast tumors (TCGA-Firehose legacy), (n = 65). (J) Spearman correlation mRNA gene signatures and OX40 mRNA. (K–P) Scatter plot of OX40 mRNA and PD-L1 (K), CD80 (l), CD86 (M), VISTA (N), HVEM (O) and TGFß (P) mRNA level in breast cancer. Each dot represents a single patient. (A–E, G, K–P) Each dot represents a single patient. (A–E, G) Data are mean ± SEM.



Our data suggest that OX40L and OX40 are expressed on various cell types in the tumor microenvironment, and OX40/OX40L signaling in cancer might be much more complex than previously known. This might be reflected by the limited success of OX40 targeting therapies so far (10–12). As a result, further comprehensive studies investigating both, OX40 signaling in tumor cells and the functional role of pOX40L on platelets are needed. Since expression of OX40 on breast cancer cells has already been shown to be associated with an aggressive cancer phenotype (46), expression of OX40 on tumor tissue as well as determination of pOX40L might be useful to stratify patients who might benefit from an immunotherapy targeting the OX40 pathway.

Since pOX40L is not regulated upon platelet activation and was shown to predict PFS in our cohort, we finally investigated the potential of pOX40L as a prognostic marker in breast cancer. We comparatively analyzed pOX40L expression and commonly used clinical markers (47–49) to predict disease relapse in breast cancer (Figure 3A). Whereas pOX40L expression, as well as CA15-3, CEA and LDH was independent of the respective subtype (Figure 3B; Supplementary Figures 2A–C), we observed a positive correlation of pOX40L expression and the conventional tumor markers CEA and LDH (Figures 3C–E). This in line with our observation that pOX40L was also associated with higher Ki67 level and higher tumor grading. Of note, with a sensitivity of 0.78 (95% CI: 0.55 – 0.91) and specificity of 0.77 (95% CI: 0.63 – 0.86) pOX40L showed the highest accuracy in predicting disease relapse (Figures 3F–K). Since ER/HER2 status represents an indispensable part of the management of breast cancer patients we additionally analyzed the influence of ER and HER2 status on pOX40L expression in our cohort. Interestingly we didn’t observe any correlation of hormone receptor or HER2 status and expression of OX40L on platelets (Supplementary Figures 2D, E). However, taking into account that triple negative and HER2-positive breast cancer patients present the highest levels of tumor infiltrating lymphocytes (TILs) (50), which is prerequisite for the successful use of immunotherapy, pOX40L expression as well as HER2 and hormone receptor status might be useful predictive tools for OX40 agonists. Of note, additional data are needed to further investigate such an approach.




Figure 3 | Predictive value of pOX40L in breast cancer relapse. (A) Comparative analysis of pOX40L and the clinical markers HER2, ER, CA 15-3, CEA and LDH. (B) Association of pOX40L expression and different breast cancer subtypes. (C-E) Correlation of pOX40L and conventional tumor marker including CA15-3 (C), CEA (D) and LDH (E). (F–K) Predictive value of pOX40L (F), HER2 (G), ER (H), CA15-3 (I), CEA (J) and LDH (K) expression for disease relapse was analyzed using ROC (Area under the ROC curve) analysis.



Nevertheless, our exploratory study suffers from some limitations. Due to the fact that we used an exploratory study design our breast cancer cohort constitutes an unequal representation of tumor stages, different treatments and different cycles of various treatment regimens. Even if pOX40L expression seems to be independent of tumor stages, lymph node invasion, treatment modalities and number of treatment regimen (Supplementary Figures 1A–C), further consecutive analysis in a balanced, prospective study cohort are needed.

In addition, our exploratory study was not powered to compare the determination of pOX40L with conventional screening methods including mammogram/MRI or determination of CEA or CA15-3. Further prospective data are needed to verify the predictive role of pOX40L in breast cancer. Nevertheless, since high level of pOX40L were associated with a shorter RFS and TTM, determination of pOX40L might be a useful, noninvasive and cost-effective method allowing for longitudinal follow-up analysis. In patients with high levels of pOX40L follow-up care might be intensified and supplemented by specific screening for metastases.

In conclusion, our explorative data not only highlight the prognostic potential of the platelet-expressed immunoregulatory molecule OX40L as a biomarker in breast cancer progression. They further indicate that OX40/OX40L signaling in cancer seems to be complex and might play a controversial role in tumor biology via orchestrating immune activation and tumorigenesis, an approach which requires further functional and clinical validation.




Material and Methods


Patients

During 2019-2021, 65 breast cancer patients treated at the Department of Obstetrics and Gynecology and the Department of Medical Oncology and Pneumology were included in our prospective study. The study was approved by IRB (ethics committee of the Faculty of Medicine of the Eberhard Karls Universitaet Tuebingen) and of the University Hospital (13/2007V). Written informed consent in accordance with the Helsinki protocol was given in all cases. The patient characteristics in detail are given in Supplementary Table 1.



Reagents

Paraformaldehyde was from Affymetrix (Santa Clara, CA, USA). Anti-OX40L antibodies were from Ancell Corporation (Bayport, MN, USA). Anti-human TACI, anti-human GITRL antibody and the respective isotype control were from R&D Systems (Minneapolis, MN). CD41a-PeCy5, and CD62P-FITC were from BD Pharmingen, CD3-APC/Fire, CD69-PE and CD25-FITC and CD56-PECy7 were obtained from BioLegend. The goat anti-mouse PE conjugate was from Dako (Glostrup, Denmark). Dead cells were excluded using Fixable Aqua (Invitrogen, Carlsbad, CA, USA) after extracellular staining according to the manufacturer’s instructions. Bicoll Separating Solution was purchased from Biochrom AG (Berlin, Germany).



Platelet Aggregation

Platelet aggregation was analyzed using the four-channel light transmission platelet aggregometer APACT 4004 (Elitech, Puteaux, France) according to the manufacturer’s instructions. For platelet activation ex vivo 10 µM of Thrombin Receptor Activator Peptide 6 (TRAP-6) was added to the platelets.



Generation and Preparation of Peripheral Blood Mononuclear Cells (PBMC) and Peripheral Blood Platelets

PBMCs were obtained from patients and healthy donors after informed writing consent. Preparation of PBMCs was performed as previously described (19). Peripheral blood platelets were collected in citrate buffer and briefly centrifuged for 20 min at 120×g. For the generation of platelet-rich plasma, platelets were washed with citrate wash buffer (128 mmol/L NaCl, 11 mmol/L glucose, 7.5 mmol/L Na2HPO4, 4.8 mmol/L sodium citrate, 4.3 mmol/L NaH2PO4, 2.4 mmol/L citric acid, and 0.35% bovine serum albumin).



Flow Cytometry

Flow cytometry was performed as described previously (24). The percentage of positive cells was calculated as follows: “% surface expression obtained with specific antibody” − “% surface expression obtained with isotype control”. T cells were selected by positivity for CD3, and NK cells by a CD56+CD3− phenotype. Platelets were selected by CD41a+ and CD62P− (resting) or CD62P+ (activated).



Statistics

For continuous variables student’s t test, Mann-Whitney U test, one-way ANOVA and Kruskal-Wallis test was used. For multiple comparison Dunn’s multiple comparison test was used. For categorical data we used chi‐squared test or Fisher’s exact test. Correlation of pOX40L expression and CD69/CD25 expression on T and NK cells, platelet size and platelet volume as well as Ki67 level and pOX40L expression was analyzed using simple linear regression analysis. Correlation of mRNA expression was performed using simple linear regression analysis. Recurrence free survival (RFS) were calculated using the Kaplan‐Meier method. Hazard ratios (HRs) were determined using Cox regression analysis. High pOX40L expression was defined as follows: pOX40L high > mean p=OX40L, pOX40L low < mean pOX40L. The predictive value of pOX40L was evaluated by examining the area under the receiver‐operator characteristic (ROC) with a confidence interval of 95%. All statistical tests were considered statistically significant when P was below 0.05. Statistical analysis was performed using GraphPadPrism (v.8.4.0).
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Supplementary Figure 3 | Gating strategy used to analyze pOX40L expression on platelets pOX40L levels were assessed by flow cytometry. Platelets were defined as CD41a-positive subcellular fragments and specific staining for OX40L level was analyzed in association with the platelet activation marker P-selectin (CD62P). If not indicated otherwise, data reflect pOX40L expression on all CD41+ platelets, i.e. activated (CD62P+) and resting (CD62P-) platelets.
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Background

One of the most common diseases that have a negative impact on women’s health is endometrial carcinoma (EC). Advanced endometrial cancer has a dismal prognosis and lacks solid prognostic indicators. IFN-γ is a key cytokine in the inflammatory response, and it has also been suggested that it has a role in the tumor microenvironment. The significance of IFN-γ-related genes and long non-coding RNAs in endometrial cancer, however, is unknown.



Methods

The Cancer Genome Atlas (TCGA) database was used to download RNA-seq data from endometrial cancer tissues and normal controls. Genes associated with IFN-γ were retrieved from the gene set enrichment analysis (GSEA) website. Co-expression analysis was performed to find lncRNAs linked to IFN-γ gene. The researchers employed weighted co-expression network analysis (WGCNA) to find lncRNAs that were strongly linked to survival. The prognostic signature was created using univariate Cox regression and least absolute shrinkage and selection operator (LASSO) regression. The training cohort, validation cohort, and entire cohort of endometrial cancer patients were then split into high-risk and low-risk categories. To investigate variations across different risk groups, we used survival analysis, enrichment analysis, and immune microenvironment analysis. The platform for analysis is R software (version X64 3.6.1).



Results

Based on the transcript expression of IFN-γ-related lncRNAs, two distinct subgroups of EC from TCGA cohort were formed, each with different outcomes. Ten IFN-γ-related lncRNAs were used to build a predictive signature using Cox regression analysis and the LASSO regression, including CFAP58, LINC02014, UNQ6494, AC006369.1, NRAV, BMPR1B-DT, AC068134.2, AP002840.2, GS1-594A7.3, and OLMALINC. The high-risk group had a considerably worse outcome (p < 0.05). In the immunological microenvironment, there were also substantial disparities across different risk categories.



Conclusion

Our findings give a reference for endometrial cancer prognostic type and immunological status assessment, as well as prospective molecular markers for the disease.





Keywords: interferon-gamma, bioinformatics, signature, immunology, endometrial carcinoma



Introduction

Endometrial carcinoma generally refers to cancer of the corpus uteri, which is a common malignant tumor of the female reproductive system. Since it has increasingly become the main cause of cancer death, early diagnosis is important. In 2020, the incidence rate of EC ranks sixth in the female population (1). In 2021, cancer statistics reported the estimation, which conjectures the fourth incidence rate and sixth mortality of EC in the United States (2). Citizens of developed countries have a high risk of developing EC owing to obesity and lack of exercise (3). EC could be categorized into type I and type II (3). The former type is usually related to excessive estrogen expression, while the latter is often estrogen-independent, including clear cell carcinoma and serous carcinoma (4). Segmental curettage and endometrial biopsy are efficient diagnostic approaches. Although patients with early-stage endometrial cancer have better results after surgical treatment, there are still some patients who are diagnosed at an advanced stage and lose the opportunity for surgery (5, 6). Moreover, the treatment of estrogen-independent EC and undifferentiated EC remains a challenge (7). The use of immune checkpoint inhibitors and angiogenesis inhibitors has yielded encouraging results in patients with advanced, hormone-independent, or undifferentiated EC (8). However, EC patients also have significant heterogeneity, with different tumor immune reprogramming states and microsatellite instability phenotypes, resulting in varying degrees of response to immunotherapy (9). Therefore, it is necessary to explore the tumor microenvironment of EC to provide a reference for treatment.

Interferon-γ (IFN-γ) is common in the tumor microenvironment and body inflammation (10). IFN-γ is produced primarily by T and NK cells in response to various inflammatory or immune stimuli (11). The role of IFN-γ in immune surveillance and immune escape of tumors has been demonstrated. Many studies have indicated an increase in IFN-γ production during immune checkpoint blocking therapy (12). Defects in IFN-γ signaling are associated with resistance to immunotherapy. Thus, IFN-γ plays a key role in the tumor microenvironment (13). On the one hand, it serves as an immunogenicity enhancer via upregulating the expression of MHC and genes required in antigen processing (14). On the other hand, IFN-γ could combine with PD-1 on tumor-infiltrating T cells, inhibiting tumor immune regulation (15). Apart from them, researchers had indicated that IFN-γ acts as a regulator of hematopoietic stem cells in both homeostasis and during infection (16). A meta-analysis by Deng et al. (17) also showed the significant relationship between IFN-γ polymorphisms +874 (T/A) and the occurrence risk of aplastic anemia. Additionally, IFN-γ alone could moderately suppress tumor cell growth by inducing apoptosis in, for example, ovarian cancer (18).

Non-coding RNA longer than 200 nt is known as long non-coding RNA (lncRNA), and it is now thought that lncRNA plays a significant role in the development and spread of cancer (19). There is growing evidence that lncRNA can play a role in the regulation of gene expression and transcription at the transcriptional and epigenetic levels, as well as the important regulatory processes of chromatin modification, transcription activation, and genomic imprinting (20). It also plays a role in the development of complex precision in gene expression, as well as tumor growth, apoptosis, invasion, metastasis, and many other biological processes (21). However, the role of IFN-γ-related lncRNAs in endometrial cancer has hardly been studied.

In this study, we explored the significance of IFN-γ-related genes in endometrial carcinoma and constructed prognostic signatures through comprehensive analysis. With this signature, the prognosis and immune status of patients with endometrial cancer can be well assessed and stratified, thus providing a reference for the diagnosis and treatment of endometrial cancer.



Methods


Data acquisition

The RNA-seq transcriptome data in fragment per kilobase method (FPKM) format and corresponding clinical data of uterine corpus EC (UCEC) patients were extracted from The Cancer Genome Atlas (TCGA) (UCEC tissue samples, 552; normal samples, 23). After clinical information was combined with transcriptome data, 511 tumor samples were obtained. The 511 tumor samples were evenly divided into the training cohort (256 samples) and validation cohort (255 samples), at a 1:1 ratio. Subsequently, these data were collated, annotated, and then collapsed into protein-coding genes and lncRNAs by employing the annotation documents from the GENCODE database. A total of 13,349 lncRNAs were identified (22). The IFN-γ-related genes were obtained from the HALLMARK_INTERFERON_GAMMA_RESPONSE genome of gene set enrichment analysis (GSEA). Subsequently, Pearson’s correlation analysis was conducted using the 13,349 lncRNAs and IFN-γ-related genes (p < 0.001, correlation coefficient > 0.3). Ultimately, 1,700 IFN-γ-related lncRNAs were screened for follow-up bioinformatics analysis. Supplementary Table 1 shows the clinical data of UCEC patients obtained from TCGA. We used R software to extract the expression of IFN-γ-related lncRNAs for further investigation.



Weighted gene co-expression network analysis

To develop a scale-free co-expression network in EC, genes related to IFN-γ based on the 25th percentile of variance were selected by using the weighted gene co-expression network analysis (‘WGCNA’) package (23). For all IFN-γ-related genes, during this time, Pearson’s correlation and average linkage algorithm were performed, and a weighted adjacency matrix was constructed (MMi = |cor(x(i)), ME|, where i is the value of each gene) (24). Then, average linkage modules were clustered, and the further dissimilarity of module IFN-γ-related genes was detected.



Establishment and validation of the prediction model

Prognostic IFN-γ-related lncRNAs were screened out via univariate Cox regression analysis. Further, a prediction model based on IFN-γ-related lncRNAs expression was established through least absolute shrinkage and selection operator (LASSO) analysis, and the formula of the prediction model was as follows: Risk score = coef * Exp (lncRNA A) + coef * Exp (lncRNA B) + coefi * Expi (lncRNA i) (25).

EC patients were divided into two groups based on the training cohort’s median risk score. The group with a greater risk score than the median was labeled as high risk. The rest of them were in the low-risk category. The overall survival (OS) of the two groups was calculated using the Kaplan–Meier (KM) analysis (26), and the reliability of the prediction model was assessed using receiver operating characteristic (ROC) curve analysis (27). The innovative prediction model was verified using the same methodology in the test and entire TCGA cohorts.



Evaluation of the prediction model

GSEA study was performed using the Java GSEA program with 1,000 random permutations to investigate the varied biological activities of the high- and low-risk groups based on IFN-γ-related lncRNAs (28). In accordance with past findings, immune cell infiltration affects the survival and tumor metastasis of patients. The immune cell infiltration of the two groups was investigated using two distinct techniques, the CIBERSORT algorithm (29) and the ssGSEA algorithm (30). The immune cell infiltration of EC patients in different groups was compared using the Wilcoxon test, with a p-value of 0.05 considered statistically significant. Furthermore, the expression of genes related to immunological checkpoints, N6-methyladenosine RNA methylation, and the stem cell pathway was calculated in two groups, with a p-value of 0.05 considered statistically significant.



Independent prognostic analysis and construction of a nomogram

Univariate and multivariate Cox regression analyses were conducted to determine if the prediction model we constructed could be used as an independent predictor of survival in EC patients. A nomogram was then constructed based on the independent prognostic factors by the ‘rms’ package in R software. Calibration curves and ROC curves were used to verify the validity of the prediction model.



Quantitative real-time polymerase chain reaction

The 15 EC patients whose EC tissue and normal uterine tissue were collected for mRNA quantification were then subjected to qRT-PCR analysis. Following the manufacturer’s directions, total cellular RNAs were extracted from cells using Trizol Reagent (Invitrogen, Carlsbad, CA, USA). Reverse transcription was done with the Takara reverse transcription kit (Otsu, Shiga, Japan). Thermo Fisher Scientific (Waltham, MA, USA) provided the QuantiTect SYBR Green PCR Kit and QuantStudio 1 for the real-time polymerase chain reaction (RT-PCR). The −2ΔΔCt technique was used to determine relative quantification. Each gene’s relative messenger RNA (mRNA) expression level was adjusted to that of the mRNA for the enzyme glyceraldehyde-3-phosphate dehydrogenase (GAPDH). The primer sequences used are shown in Supplementary Table 2.



Statistical analysis

R software was used to conduct all statistical analyses (version x64 3.6.1). A p-value of less than 0.05 was considered statistically significant.




Result

Our workflow is shown in Figure 1.




Figure 1 | The flowchart.




Identification of prognostic interferon gamma-related long non-coding RNAs in endometrial carcinoma

A total of 1,700 IFN-γ-related lncRNAs were obtained by co-expression analysis. Then weighted co-expression network analysis (WGCNA) was used to screen lncRNAs that were most correlated with clinical traits, i.e., survival time and survival status (Figure 2A). It was found that as the threshold increased, the R2 value increased and crossed 0.8. When the number of modules is 8, the model is more stable (Figure 2B). A total of 8 modules were identified from the co-expression network (Figures 2C, D). Among all non-gray modules, green, red, and yellow modules have the most significant correlation with survival time and survival status (Figure 2D). A total of 260 lncRNAs in the green, red, and yellow modules were selected for univariate Cox regression analysis, and 40 lncRNAs were obtained for subsequent cluster analysis (p-value < 0.05, Figure 3A).




Figure 2 | Weighted co-expression network analysis (WGCNA). (A) Sample clustering tree. (B) Soft threshold selection. As the threshold increased, the R2 value increased and crossed 0.8. When the number of modules is 8, the model is more stable. (C, D) Distribution and correlation of each module. Through correlation analysis between different modules and phenotype (survival time and survival status), it was finally found that green, red, and yellow modules were significantly positively correlated with endometrial carcinoma (EC)prognosis.






Figure 3 | Consensus clustering analysis and the construction of the prognostic signature. (A) Univariate Cox regression. (B, C) Endometrial carcinoma (EC) patients of The Cancer Genome Atlas (TCGA) cohort can be classified into two clusters efficiently. (D) Relationship between clusters and clinical characteristics. (E) Cluster 2 had a more significant relationship with higher survival probability (p-value < 0.05). (F) The levels of immune cell infiltration between the two clusters were different. (G, H) Least absolute shrinkage and selection operator (LASSO) regression.





Based on the expression of interferon gamma-related long non-coding RNAs, a consensus clustering analysis was performed

Consensus clustering was conducted and indicated that patients in TCGA cohort can be classified into two clusters efficiently (Figures 3B, C). A sample correlation heatmap was created to depict the relationship between clusters and clinical characteristics (Figure 3D). KM survival curves demonstrated that cluster 2 had a more significant relationship with a higher survival probability (p-value < 0.05, Figure 3E). Figure 3F shows the differences in immune cell infiltration between the two clusters.



Establishment and validation of a prediction model based on interferon gamma-related long non-coding RNAs

To avoid overfitting of IFN-γ-related lncRNAs, the LASSO algorithm was utilized to construct a prediction model (Figures 3G, H). We consequently obtained a precise formulation: CFAP58-DT * 0.4686 + LINC02014 * 0.1798 + UNQ6494 * 1.4725 + AC006369.1 * −0.4049 + NRAV * −0.0066 + BMPR1B-DT * −0.0004 + AC068134.2 * −0.0235 + AP002840.2 * −0.1923 + GS1-594A7.3 * 0.3475 + OLMALINC * −0.0112.

Patients in the training cohort were divided into the high- and low-risk groups based on their median risk score, with high-risk patients having a higher proportion of death occurrences (Figure 4). Patients in the high-risk group had lower survival outcomes than those in the low-risk group, according to the Kaplan–Meier analysis (Figure 4A). The area under the curve (AUC) for 1-year, 3-year, and 5-year OS was 0.717, 0.697, and 0.641, respectively, according to ROC curve analysis (Figure 4B). Figures 3C–E show the survival status of patients and the signature risk score in the low- and high-risk categories. The heatmap clearly illustrated the relationship between the two risk groups and part of the clinical information (Figure 4C). Also, the expression of the prognosis-related risk lncRNAs was demonstrated plainly. CFAP58-DT and LINC02014 were highly expressed in the high-risk group, while UNQ6494, AC006369.1, NRAV, AP002840.2, and OLMALINC were highly expressed in the low-risk group. Similar results observed in the test and entire cohort for validation are shown in Figures 5, 6, indicating a great diagnostic capability of the prediction model.




Figure 4 | Evaluation of the prognostic value of this signature in training cohort. (A) Survival analysis showed a worse prognosis in the high-risk group (p < 0.001). (B) The 1-, 3-, and 5-year area under the curve (AUC) values of the signature are 0.705, 0.762, and 0.757, respectively. (C) Expression heatmaps of 10 lncRNAs in signature. (D, E) Survival status and risk score status of training cohort.






Figure 5 | Evaluation of the prognostic value of this signature in validation cohort. (A) Survival analysis showed a worse prognosis in the high-risk group (p = 0.006). (B) The 1-, 3-, and 5-year area under the curve (AUC) values of the signature are 0.717, 0.679, and 0.641, respectively. (C) Expression heatmaps of 10 lncRNAs in signature. (D, E) Survival status and risk score status of validation cohort.






Figure 6 | Evaluation of the prognostic value of this signature in entire cohort. (A) Survival analysis showed a worse prognosis in the high-risk group (p < 0.001). (B) The 1, 3, and 5-year area under the curve (AUC) values of the signature are 0.712, 0.716, and 0.699, respectively. (C) Expression heatmaps of 10 lncRNAs in signature. (D, E) Survival status and risk score status of entire cohort.





Correlation between clinical parameters and prediction model

To explore the relationship between clinical parameters and the prediction model, the detailed characteristic distribution of the two groups is shown in Figure 7A. Specifically, the risk score was significantly different in patients stratified by the clinical factors, including age, grade, histological type, stage, and cluster (Supplementary Figure 1). The Kaplan–Meier survival analysis according to the prognostic signature stratified by clinicopathological factors was further conducted, and the prognostic model could effectively discriminate the prognosis of the patients stratified by different clinical factors (age, grade, histological type, and stage, Figures 7B–I). Accordingly, patients included in the high-risk group have a poor prognosis regardless if they are over 60 or not. Aside from this, the high-risk group showed poor prognostic condition in stage, grade, and pathology subgroups, which indicated the efficiency of the established model in distinguishing the prognosis of EC patients.




Figure 7 | Correlation between clinical parameters and prediction signature. (A) The detailed characteristic distribution of two groups. (B–I) The prognostic model could effectively discriminate the prognosis of the patients stratified by different clinical factors (age, grade, histological type, and stage). (J, K) GSEA analysis.





Pathway enrichment analysis of genes associated with the high- and low-risk groups

Genes associated with high risk are enriched in axon guidance, cell cycle, DNA replication, extracellular matrix (ECM)–receptor interaction, and proximal tubule bicarbonate reclamation (Figure 7J), whereas genes associated with low risk are enriched in allograft rejection, autoimmune thyroid disease, chemokine signaling pathway, complement and coagulation cascades, and cytokine–cytokine receptor interaction (Figure 7K).



Immune context of prediction model

It is known that immune cell infiltration affects the survival and tumor metastasis of patients. A violin plot of the immune microenvironment differences demonstrated that the high-risk group had a trend to gain low immune score, stromal score, and estimate score and eventually develop a high-purity tumor (Figures 8A–H). Through the CIBERSORT algorithm and ssGSEA algorithm, the low-risk group showed a higher proportion of immune cells than the high-risk group (Figures 8I–K), which indicates that patients in the high-risk group had a relatively low immune status. We also checked the expression changes of immune checkpoints, which might be indicative of the clinical response of immunotherapies, and we found the patients of the low-risk group had a higher expression of immune checkpoints as compared with the high-risk group (Figure 8). These findings may explain the different overall survival of the two groups. Based on the observation, we performed targeted drug tests on experimental animals and recorded the curative effect of the 16 kinds of drugs (Supplementary Figure 2). TNFRSF9, CD27, CTLA4, BTNL2, CD244, CD200R1, ICOS, HHLA2, CD48, CD28, TNFSF15, CD200, TIGIT, PDCD1, CD40, HAVCR2, TNFSF14, CD86, TMIGD2, CD70, TNFRSF14, CD40LG, LGALS9, TNFRSF4, BTLA, and LAIR1 were expressed significantly differently in the high- and low-risk groups.




Figure 8 | Analysis of immune microenvironment. (A, B) Immune score was lower in the high-risk group, and there was a significant negative correlation with risk scores. (C, D) Stromal score was lower in high-risk group, and there was a significant negative correlation with risk score. The (E, F) ESTIMATE score was lower in the high-risk group and significantly negatively correlated with the risk score. (G, H) Tumor purity was higher in the high-risk group, and there was a significant positive correlation with risk score. (I–K) Analysis of infiltration level of immune cells. (L) Expression analysis of immune checkpoint-related genes. *P<0.05, **P<0.01, ***P<0.001, ns, no significance.



Additionally, we screened the expression of N6-methyladenosine RNA methylation and stem cell pathway-related genes in the two groups (Supplementary Figures 2B–D). As a result, YTHDF1, YTHDC2, RBM15, and WTAP were observed to have high expression in the high-risk group, which reflected the poor prognosis indirectly.



Independent prognostic analysis and construction of a nomogram based on the established model

Univariate and multivariate Cox regression analyses indicated that the risk score can serve as an independent prognostic factor in EC (Table 1). Further, tests and entire cohorts were enrolled, and the same results were observed (Tables 2 and 3). Based on the results of independent prognostic analysis, a nomogram was developed for clinical application (Figure 9A). The calibration curves of the nomogram we developed showed a great consistency between the actual observation and the nomogram prediction (Figure 9B). As is shown in Figure 9C, the nomogram achieved a significantly higher c-index value than other clinical factors, meaning a better predictive accuracy for EC.


Table 1 | Independent prognostic analysis of training cohort.




Table 2 | Independent prognostic analysis of test cohort.




Table 3 | Independent prognostic analysis of entire TCGA cohort.






Figure 9 | Construction and evaluation of the nomogram. (A) The nomogram was developed for clinical application. (B) Calibration curves of the nomogram we developed. (C) The nomogram achieved a significantly higher c-index value than other clinical factors, meaning a better predictive accuracy for endometrial carcinoma (EC). (D–F) The area under the curve (AUC) values of the nomogram for 1-, 3-, and 5-year overall survival (OS) were higher than 0.7 and other clinical factors, indicating that the nomogram was reliable.



Moreover, the AUC values of the nomogram for 1-, 3-, and 5-year OS were higher than 0.7 and other clinical factors, indicating that the nomogram was reliable (Figures 9D–F).



PCR was used to verify the expression of long non-coding RNAs in the model in endometrial carcinoma

To further verify our analysis results, PCR experiments were carried out. The results showed that BMPR1B-DT and UNQ6494 were significantly upregulated in endometrial carcinoma (Supplementary Figure 3; p < 0.05). However, LINC02014 and NRAV were significantly downregulated in endometrial carcinoma (Supplementary Figure 3; p < 0.05). PCR showed no statistical difference in the expression of other lncRNAs.




Discussion

Endometrial cancer is one of the most common malignant tumors of the female reproductive tract, mainly in postmenopausal women, but a number of young women are still affected (31). Patients with early, localized EC who have undergone surgical treatment have a good prognosis, with a 5-year survival rate of more than 80% (32). However, patients with advanced EC often have lymph node or distant metastasis, poor prognosis, and limited treatment (33). Therefore, it is necessary to explore new biomarkers for prognostic stratification of EC patients and to provide a reference for precise treatment. IFN-γ, one of the most common types of immune cytokines, has been preliminarily elucidated to play a key role in the tumor immune microenvironment (34). However, the prognostic value and mechanisms of IFN-γ-related genes and lncRNAs in EC remain unclear. In-depth exploration is necessary to uncover the role of the IFN-γ pathway in EC. Moreover, endometrial carcinoma is a group of tumors with heterogeneity, including pathogenesis, growth characteristics, treatment response, and prognosis (35). Among them, identifying the prognostic difference in endometrial cancer can provide a reference for early intervention and precise treatment (36). Previously, the International Federation of Gynecology and Obstetrics (FIGO) grading based on the degree of differentiation of glands has been widely used in clinical diagnosis and treatment of endometrial cancer and prognosis assessment (37). However, in genomics advances, genomic-based endometrial cancer typing is becoming more and more attractive (38). Moreover, the identification of genomic instability or microsatellite instability subtypes can provide a reference for immunotherapy (39). Our study establishes the prognostic signature of IFN-γ-related lncRNAs for the first time, in which the grouping of endometrial cancer patients not only can guide prognostic assessment but also can help in understanding the differences in the immune microenvironment.

In this study, we analyzed endometrial cancer data from TCGA database using a variety of bioinformatics methods. First, the interferon gamma-related lncRNAs were divided into a total of eight modules by WGCNA, among which the gray module was most correlated with the interferon gamma phenotype of EC. Subsequently, lncRNAs in the gray module were extracted for further analysis. Consensus clustering analysis found that these lncRNAs could well divide EC patients in TCGA database into two clusters, with significant prognostic differences between the two clusters. Cox regression and LASSO regression were used to construct prognostic signatures. Each patient could be calculated with a risk score = CFAP58-DT * 0.4686 + LINC02014 * 0.1798 + UNQ6494 * 1.4725 + AC006369.1 * −0.4049 + NRAV * −0.0066 + BMPR1B-DT * −0.0004 + AC068134.2 * −0.0235 + AP002840.2 * −0.1923 + GS1-594A7.3 * 0.3475 + OLMALINC * −0.0112. This allowed the value of risk to be assessed for each patient, allowing patients from various cohorts to be separated into the high-risk and low-risk groups, with the high-risk group having a worse prognosis. Varying levels of immune cell infiltration, medication sensitivity, and immunological checkpoint levels were also associated with different risk scores.

The signature we constructed consists of 10 lncRNAs, and many studies have preliminarily explained the role of these 10 lncRNAs in cancer. Sui et al. found that UNQ6494 was a poor prognostic marker for lung adenocarcinoma (40). The role of NRAV in cancer has been repeatedly confirmed. Wang et al. found that NRAV can mediate the activation of the Wnt/β-catenin signaling pathway to promote the proliferation and invasion of hepatocellular carcinoma (41). Lin et al. discovered that BMPR1B-DT is a prognostic marker of ovarian cancer and is associated with drug sensitivity (42). The role of OLMALINC in osteosarcoma was confirmed by He et al., who found that it was highly correlated with the immune microenvironment of osteosarcoma and could assess patient outcomes (43). Our study is the first to reveal the role of the aforementioned lncRNAs in endometrial cancer and their value in the tumor microenvironment.

The development of cancer is associated with the activation of multiple pathways, and the exploration of these key pathways will help to identify vulnerable points of cancer and enable more effective treatment of cancer (44). Our study found that the high-risk group was associated with enrichment of cell cycle, DNA replication, and ECM–receptor interaction pathways, which are highly related to cancer cell replication and growth, which may be one of the reasons for poorer prognosis in the high-risk group. Cancer cells are known to be in a highly active state of metabolism and replication (45). In the process of unlimited replication, cancer cells accumulate a large number of mutations and instabilities, which may be potential therapeutic targets for cancer (46). Through enrichment analysis, we found that the high-risk group was associated with significant enrichment of DNA replication and cell cycle pathways, which may be potentially related to IFN-γ, providing a reference for us to understand its complex crosstalk. The role of ECM-related signaling pathways in cancer is central and variable (47). Dysregulation of ECM in cancer results in adherent junctions, loss of tissue polarity, and epithelial–mesenchymal transition (EMT) (48). Moreover, dysregulation of ECM is also associated with the chronic inflammatory background of cancer, where oversecretion of cytokines stimulates downstream signaling pathways, promotes tumor growth, and mediates the development of drug resistance (49). The activation of the ECM signaling pathway in the high-risk group may be the underlying mechanism of IFN-γ in regulating endometrial cancer growth, which provides a reference for guiding related treatment.

Currently, several IFN-γ-related signatures have been built. Yan et al. constructed the prognostic signature associated with IFN-γ-activated CD8+ T cells to assess the prognosis and immune response level of melanoma patients using a weighted co-expression network analysis (50). Yao et al. constructed the signature of seven IFN-γ-related lncRNAs to assess prognosis in patients with lung adenocarcinoma, in which the high-risk group had a worse prognosis and was associated with high levels of tumor-promoting immune cells (51). Liu et al. constructed an IFN-γ-related signature in renal clear cell carcinoma, where the high risk score is associated with immunosuppressive microenvironment and drug resistance (52). In addition, there are many new signatures being built in multiple tumors. Liu et al. constructed the signature of mutation-derived genome instability-associated lncRNAs, in which risk score was negatively correlated with prognosis and immune cell infiltration (53). Yuan et al. explored the role of M5C-associated lncRNA in pancreatic ductal adenocarcinoma and found that the M5C-associated signature is a prognostic marker and immune evaluation indicator of pancreatic ductal adenocarcinoma (54). Through in-depth analysis, Gao et al. found that EMT-related lncRNAs constitute a prognostic signature in pancreatic cancer, with a significantly worse prognosis in the high-risk group (55). Liu et al. also constructed an immune-related lncRNA signature in endometrial cancer through bioinformatics analysis, and different risk scores were associated with different prognoses and immune statuses (56). In contrast to these published studies, our study constructed the prognostic signature of IFN-γ-related lncRNAs for the first time to assess the prognosis and immune microenvironment of endometrial cancer. Our signature has good robustness in evaluating the prognosis of EC, and it can be seen that the prognosis of patients in the high-risk group is significantly worse in the training cohort, validation cohort, and entire cohort. Second, the ROC curve shows that our signature has a high AUC value and good accuracy. Our signature also reveals the immune landscape and differences in drug sensitivity between different risk groups to provide a reference for their treatment.



Conclusion

Our study provides an in-depth analysis of the role of IFN-γ-related lncRNAs in endometrial cancer. The prognostic signature constructed by us can effectively evaluate the prognosis and immune status of patients with endometrial cancer. However, there are limitations to our study, as we lack in vivo and in vitro experiments to confirm our conclusions. Meanwhile, we lack the validation of cohort from our center, and we will improve it in the future. More studies are expected to explore the significance of IFN-γ in endometrial cancer.
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Background

Endometrioid adenocarcinoma (EAC) is the most common subtype of endometrial cancer (EC) and is an estrogen-related cancer. In this study, we sought to investigate the expressions and mechanism of action of 17β-estradiol (E2) and long noncoding RNA (lncRNA) LINC01541 in G1/G2 EAC samples.



Methods

The expressions of estrogen receptor β (ESR2), LINC01541, miR-200s, and VEGFA were evaluated using real-time PCR in human EAC tissues (n = 8) and adjacent normal tissues (n = 8). Two EC cell lines (Ishikawa and RL95-2) were selected for validation in vitro. Bioinformatics analyses and luciferase reporter analyses were performed to verify potential binding sites. qRT-PCR, Western blot, and CCK-8 were used to identify the regulatory mechanisms of related genes in cell biological behavior.



Results

Compared with adjacent normal tissues, LINC01541 and miR-200s family (except miR-200c) were highly expressed in EAC tissues (n=8), while ESR2 and VEGFA were lowly expressed in EAC tissues (* P < 0.05; ** P < 0.01). In vitro: E2 inhibited the expression of LINC01541 and miR-429 in both cell lines, and estrogen antagonist (PHTPP) could reverse this effect, in addition, PHTPP could promote the proliferation of these two cancer cells, cell transfection LINC01541 also had this effect after overexpression of plasmid and miR-429 mimic. E2 promotes the expression of VEGFA in both cell lines, and PHTPP can also reverse this effect. LINC01541 interacts with miR-429 to promote the expression of each other, and both inhibit the synthesis of VEGFA in EAC cells after overexpression. Through the double validation of bioinformatics analysis and dual fluorescein reporter gene, it was confirmed that miR-429 targets the regulation of VEGFA expression (* P < 0.05; ** P < 0.01).



Conclusion

E2 promotes the synthesis of VEGFA by altering the expression levels of LINC01541 and miR-429 in EAC, thereby affecting the angiogenesis process of EAC. Also, E2-mediated LINC01541/miR-429 expression may affect cell migration in EAC. In addition, we identified a reciprocal promotion between LINC01541 and miR-429.
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Introduction

Endometrial cancer (EC) is the sixth most common tumor type and the eleventh most common cause of death in women worldwide, with endometrioid adenocarcinoma (EAC) accounting for 80% of all EC cases and the majority of well and moderately differentiated endometrioid histology (G1/G2). The vast majority of EC cases are in postmenopausal women. Long-term estrogen therapy, premature menarche, delayed menopause, infertility, polycystic ovary syndrome, advanced age, obesity, hypertension, diabetes are all risk factors for EC (1, 2). It is well known that EC is an endocrine-related cancer and that estrogen plays a key role in the occurrence and progression of this disease. Two specific intracellular receptors, estrogen receptor α (ERα) (ESR1) and ERβ (ESR2), mediate the biological effects of estrogen, with 17β-estradiol (E2) acting in the body mainly through ESR2 (3, 4). Research has demonstrated that siRNA-mediated knockdown of ESR2 and treatment with the ESR2 antagonist PHTPP can induce proliferation of HEC-1A (EC cell line) and RL95-2 (EC cell line) cells (5).

Increasingly, studies have shown that long noncoding RNAs (lncRNAs) play a key role in many biological processes (6). One such lncRNA is LOC100505776, also known as LINC01541 (NR_038325.1). Mai and colleagues used the Ishikawa cell line as a tool cell to study endometriosis and found that E2 inhibited the expression of LINC01541 in Ishikawa cells (7). Along similar lines, miRNAs have been found to be dysregulated in many human cancers, acting as tumor promoters or suppressors (8). More specifically, the miR-200s (miR-200a, miR-200b, miR-200c, miR-141, and miR-429) are dysregulated in EC, affecting cell processes such as migration and invasion. Some research has found that the expression of miR-429 is up-regulated in EC tissues versus in adjacent tissues, and other studies have shown that silencing the expression of miR-429 significantly inhibits the growth of HEC-1A and Ishikawa cells (9, 10).

Angiogenesis also plays a vital role in tumor progression (11). Multiple studies have demonstrated that angiogenesis is regulated by vascular endothelial growth factor (VEGF), including VEGFA, VEGFB, VEGFC, VEGFD and VEGFE, which are part of the dimeric glycoprotein family. These factors are secreted by many types of cells, including cancer cells (12), and research has shown that the expression of VEGF mRNA in uterine tissues is significantly up-regulated after exposure to estradiol treatment (13). Studies have found that VEGFA is a potential target of miR-429 (14, 15). Taken together, we speculate that ESR2 affects the production of VEGFA by regulating the expression of LINC01541 and miR-429 in EAC tissue, and this pathway affects the occurrence and progression of EAC. In this study, we sought to explore the effect of E2 stimulation on Ishikawa and RL95-2 cells, as well as the effects of LINC01541 silencing and overexpression in both cell lines. Ishikawa and RL95-2 cells are estrogen-sensitive and represent a well differentiated EAC cell line and a moderately differentiated adenosquamous carcinoma cell line, respectively (16, 17). We also aimed to investigate the effects of LINC01541 on cell proliferation and VEGFA secretion.



Materials and methods


Patients and tissue collection

This study was approved by the Ethics Committee of our hospital. Patients provided informed consent for tissue sample collection before the study began.

From October 2020 to July 2021, both human EAC tissues and adjacent normal endometrial tissues were collected from 8 patients (mean age: 54.5 ± 5.0 y; tumor grade G1-G2) who underwent total hysterectomy recruited from the Changzhou No. 2 People’s Hospital Affiliated to Nanjing Medical University. The clinical information of all patients was shown in Table 1. Formalin-fixed paraffin embedded samples from each tumor were stained with hematoxylin-eosin and evaluated by two pathologists. Inclusion criteria were as follows: 1) patients had not received any hormone therapy in the previous 6 months, 2) patients were diagnosed as EAC (tumor grade G1-G2) according to the International Federation of Gynecology and Obstetrics (FIGO) surgical and pathological criteria. Exclusion criteria were as follows: The patient has other malignant tumors or gynecological diseases other than EC.


Table 1 | Clinicopathological characteristics of the EAC patients included in the study.





Bioinformatics predictions

We used three bioinformatics software programs: RNAhybrid (https://bibiserv.cebitec.uni-bielefeld.de/rnahybrid), starBase v3.0 (https://starbase.sysu.edu.cn/index.php) and GEPIA (http://gepia.cancer-pku.cn/detail.php) to predict the expression of and associations between LINC01541, miR-200s, and VEGFA. The results of each program were screened, and common miRNAs were selected as candidate LINC01541-interacting miRNAs.



Cell line culture and transfection

Ishikawa cells were obtained from Chuan Qiu Biotechnology (catalog number H044, Shanghai, China), RL95-2 cells were obtained from Zhong Qiao Xin Zhou Cell (ZQ0362, Shanghai, China). Neither cell line was contaminated. Ishikawa cells were treated with DMEM medium (C11995500BT, Gibco; Auckland, New Zealand) containing 10% fetal bovine serum (FBS) (10270-106, Gibco) and 1% penicillin/streptomycin (15140122, Gibco). RL95‐2 cells were cultured in DMEM/F12 medium (ZQ-604-100, Gibco) mixture supplemented with 10% FBS and 1% penicillin/streptomycin and 10 mg/ml insulin (CSP001-10, Zhong Qiao Xin Zhou Cell). Both cell lines were carried out at 37°C in 5% CO2 conditions. LINC01541 pCDNA 3.1 overexpression vector, LINC01541-specific siRNA, miR-429 mimic, and miR-429 inhibitor were synthesized by RiboBio (Guangzhou, China) (si-LINC01541: 5′-ATTCAATTGTTTTTAATCCAT-3′; si-NC: 5′-GGCTCTAGAAAAGCCTATGC-3′; has-miR-429 mimic: 5′-UAAUACUGUCUGGUAAAACCGU-3′; mimic negative control: 5′-UUUGUACUACACAAAAGUACUG-3′; has-miR-429 inhibitor: 5′-ACGGUUUUACCAGACAGUAUUA-3′; and inhibitor negative control: 5′-CAGUACUUUUGUGUAGUACAAA-3′).



Hormone treatment

E2 (E8875, Sigma-Aldrich; St. Louis, USA) and PHTPP (ESR2 antagonist) (SML1355, Sigma-Aldrich) were dissolved in alcohol. The precultured Ishikawa and RL95-2 cells were then treated with various concentrations of E2 (0 [control], 10-6 mol/L, 10-8 mol/L, and 10-10 mol/L) and PHTPP (0 [control], 10-3 mol/L, 10-4 mol/L, and 10-5 mol/L). After hormone treatment, the cells were incubated with DMEM or DMEM/F12 medium for 24 h. The culture medium was then changed daily.



Cell viability assay

The transfected cells were seeded into a 96-well plate at a density of 5×103 cells per well. A total of 10 μL of cell counting kit-8 (CCK-8) reagent (CK04, Dojindo, Japan) was added to each well, and the cells were incubated for 1 h at 37°C and 5% CO2. The OD450 value for each well was detected using an ultramicro microplate spectrophotometer (BioTek Epoch; Santa Clara, CA, USA). Each group was assayed in triplicate at daily intervals after consecutive seeding for up to 72 or 96 h.



Western blot assay

The Ishikawa and RL95-2 cells were homogenized in radio immunoprecipitation assay (RIPA) buffer (P0013B, Beyotime Biotechnology; Shanghai, China) using a standard method. Protein extracts (30 µg) were then transferred to polyvinylidene difluoride membranes (Millipore; Boston, MA, USA). The membranes were blocked and incubated with antibody for VEGFA (66828-1-Ig, Proteintech; Wuhan, China) (diluted at 1:1000) or Tubulin (200608, ZENBIO; Chengdu, China) (diluted at 1:5000) and then with horseradish peroxidase conjugated secondary antibody (511103, ZENBIO) (diluted at 1:5000). The membranes were developed using chemiluminescence substrate (A38555, Thermo Scientific; Shanghai, China) and exposed to X-ray films.



Total RNA extraction and quantitative real-time polymerase chain reaction

Total RNA was extracted using Trizol reagent (T9108, Takara; Dalian, China), and first-strand cDNA was synthesized using HiScript II Q RT SuperMix for qPCR (+gDNA wiper) (R223, Vazyme; Nanning, China). The qRT-PCR was performed using SYBR-Green Premix (Q131-02/03, Vazyme) with specific PCR primers (RiboBio). The qRT-PCR for miRNAs was performed using miRNA Strand cDNA Synthesis Kit (MR101-02, Vazyme) and miRNA Universal SYBR qPCR Master Mix (MQ101-01/02, Vazyme), respectively. Two primers (h-LINC01541-90bp/h-LINC01541-120bp) were designed for LINC01541; qRT-PCR demonstrated that h-LINC01541-90bp was more efficient, and so this primer was used in subsequent experiments. GAPDH and U6 were used as internal controls. Fold changes were calculated using the 2−ΔΔCt method. RT primer for ESR2, LINC01541 and VEGFA are premixed random primers. The remaining primer sequences are listed in the Table 2 with the exception of the RiboBio miRNA and U6 primer (including RT primer) sequences, which are confidential to the company.


Table 2 | Primers used in the study.





Luciferase assay

Ishikawa and RL95-2 cells were seeded into a 96-well plate at a density of 1.5×104 cells per well. Subsequently, the cells were cotransfected with miR-429 mimic (5′-UAAUACUGUCUGGUAAAACCGU-3′)/negative control and wild-type/mutant VEGFA (pmirGLO-h-VEGFA-WT: 5′…CAGTATT…3′/pmirGLO-h-VEGFA-MUT: 5′…GTCATAA…3′) (RiboBio). After 48 h of transfection, a dual-luciferase reporter assay was performed according to the manufacturer’s instructions (E2920, Promega; Madison, WI, USA). Renilla luciferase activity was used for calibration.



Rescue assay

To further study the relationship between LINC01541 and miR-429, we used Ishikawa and RL95-2 cells for rescue experiments. For the first set of experiments, we established 4 groups: a LINC01541 overexpression group, an miR-429 inhibitor group, a co-culture group (LINC01541 overexpression/miR-429 inhibitor), and a PBS group (control). For the second set of experiments, we then established another 4 groups: a knockdown of LINC01541 group, an miR-429 mimic group, a co-culture group (knockdown of LINC01541/miR-429 mimic), and another PBS group (control). Cells were then cultured in 24-well plates for 24 h for qRT-PCR, in 96-well plates for 24 h/48 h/72 h for CCK-8 analysis, and in 6-well plates for 48 h for Western blot analysis.



Statistical analysis

In this study, GraphPad Prism 8.0.2 software was used to analyze data. All studies were verified by three independent experiments. Student’s t-test was used to analyze two sets of data, and one-way ANOVA was used to analyze multiple sets of data. Data were expressed as mean ± SD. P values less than 0.05 were used to represent statistical significance.




Results


Bioinformatics prediction and the expression of related genes in EAC tissues

RNAhybrid demonstrated that, with the exception of miR0200c, the miR-200s family was able to bind with LINC01541 (Figure 1A). The starBase v3.0 database also demonstrated this binding ability, as well as increased expression of miR-200s (except miR-200c) in uterine corpus endometrial carcinoma (UCEC) (Figures 1B, C). The expression of VEGFA was found to be down-regulated in UCEC compared with adjacent tissues (P<0.05) (Figure 1D). As shown in Figure 1E, LINC01541 was highly expressed in EAC tissues, suggesting that this could be a prognostic marker. The miR-200s family (with the exception of miR-200c) was also highly expressed in EAC tissues.




Figure 1 | Bioinformatics prediction and the expression of related genes in EAC tissue specimens. (A) RNAhybrid software demonstrated that miR-429, miR-200a, miR-200b, and miR-141 can bind to LINC01541 (red: LINC01541; green: miRNAs). MFE = minimum free energy (the absolute value of which represents the binding degree of miRNA and target mRNA or lncRNA). (B) StarBase v3.0 demonstrated a positive correlation between miR-429 and LINC01541 in UCEC (P<0.01). Other members of the miR-200s family also demonstrated this trend. (C) starBase v3.0 demonstrated increased expression of miR-200s (except miR-200c) in UCEC. (D) Boxplot demonstrating VEGFA transcriptional expression in UCEC and normal uterus tissues from GEPIA. The red boxes represent UCEC (n = 174); the gray boxes represent normal tissue (n = 91). The y-axis indicates the log2-transformed gene expression level. (E) The expression levels of LINC01541 and miR-200s in G1/G2 EAC tissues (n = 8) were significantly higher than those in normal tissue (n = 8); however, both ESR2 and VEGFA were decreased in EAC tissue. (*P<0.05; **P<0.01).





E2 regulates the expression of LINC01541 and miR-429 and affects the progress of EAC

E2 (at an optimal concentration of 10-8 mol/L) was found to have an inhibitory effect on LINC01541 and miR-429, and PHTPP (at an optimal concentration of 10-4 mol/L) was found to reverse this effect in Ishikawa and RL95-2 cells (Figures 2A–F).




Figure 2 | qRT-PCR was used to detect the effect of E2 and PHTPP in EAC cells. (A) The down-regulation of LINC01541 and miR-429 was most obvious when the concentration of E2 was 10-8 mol/L. (B) The down-regulation of LINC01541 and miR-429 was reversed most obviously when the concentration of PHTPP was 10-4 mol/L. (C-F) In Ishikawa and RL95-2 cell lines, E2 inhibited the expression of LINC01541 and miR-429, whereas PHTPP was able to reverse this effect. (*P<0.05; **P<0.01).



E2 slightly inhibited the proliferation of Ishikawa and RL95-2 cells, whereas PHTPP significantly promoted the proliferation of these cells (Figures 3A, B). As expected, both LINC01541 and miR-429 promoted the proliferation of EAC cells (Figures 3C–J), suggesting that the effect of E2 on the proliferation of EAC cells was not mediated by the regulation of LINC01541 and miR-429. Finally, E2 was found to promote the expression of VEGFA, with PHTPP able to reverse this effect (Figure 3K).




Figure 3 | CCK-8 and Western blot analysis were used to analyze the effects of treatment. (A, B) In Ishikawa and RL95-2 cells, E2 inhibited cell proliferation, whereas PHTPP and a mixture of PHTPP and E2 promoted cell proliferation. (C, D) Overexpression of LINC01541 promoted proliferation of both cell lines. (E, F) Interfering with the expression of LINC01541 inhibited proliferation of both cell lines. (G, H) Overexpression of miR-429 promoted proliferation of both cell lines. (I, J) Silencing the expression of miR-429 inhibited proliferation of both cell lines. (K) Compared with the control group, E2 promoted the expression of VEGFA, whereas PHTPP inhibited the expression of VEGFA; a mixture of the two had an intermediate effect on VEGFA in Ishikawa and RL95-2 cells. (*P<0.05).





The interaction between LINC01541 and miR-429 affects the expression of VEGFA in EAC

qRT-PCR demonstrated that LINC01541 and miR-429 interacted to promote each other’s expression (Figure 4). The expression of miR-200a, miR-200b, and miR-141 was down-regulated after LINC01541 interference treatment in Ishikawa (Figure 5A) and RL95-2 (Figure 5B) cells. A mixture of knockdown of LINC01541/miR-429 mimic had an intermediate effect in Ishikawa and RL95-2 cells (Figures 5C–F). In addition, LINC01541 was found to promote cell proliferation, but a mixture of LINC01541 overexpression and miR-429 inhibitor was able to reverse this effect in Ishikawa cells (Figure 6A) and RL95-2 cells (Figure 6B). Similarly, the knockdown of LINC01541 inhibited cell proliferation, but a mixture of LINC01541 knockdown and miR-429 mimic was able to reverse this effect in Ishikawa cells (Figure 6C) and RL95-2 cells (Figure 6D).




Figure 4 | LINC01541 and miR-429 were transfected to measure expression. (A, B) After forced overexpression of LINC01541, the expression of LINC01541 and miR-429 were up-regulated in Ishikawa and RL95-2 cells. (C, D) When cells were transfected with LINC01541 siRNA, the expression of LINC01541 and miR-429 was down-regulated. (E, F) After both cells were treated with miR-429 mimics, the expression of LINC01541 and miR-429 was up-regulated. (*P<0.05; **P<0.01; ***P<0.001).






Figure 5 | QRT-PCR was used to detect the expression of genes after LINC01541/miR-429 treatment. (A, B) Knockdown of LINC01541 was found to inhibit the expression of miR-200a, miR-200b, and miR-141 in Ishikawa and RL95-2 cells. (C–F) A co-culture system was constructed with LINC01541 siRNA and miR-429 mimic, and qRT-PCR was used to further verify the relationship between LINC01541 and miR-429 in Ishikawa and RL95-2 cells. (*P<0.05; **P<0.01).






Figure 6 | Construction of a co-cultivation system after cell transfections. (A, B) CCK-8 used for rescue experiments in Ishikawa and RL95-2 cells demonstrated that LINC01541 promoted cell proliferation, but a mixture of LINC01541 overexpression and miR-429 inhibitor reversed this effect. (C, D) In both cell lines, the knockdown of LINC01541 inhibited cell proliferation, but a mixture of LINC01541 knockdown and miR-429 mimic reversed this effect. (E–H) Western blot analysis demonstrated that LINC01541 and miR-429 inhibited the production of VEGFA. Western blot analysis used for rescue experiments demonstrated that a mixture of LINC01541 overexpression and miR-429 inhibitor had an intermediate effect on both cell lines. Similarly, a mixture of a knockdown of LINC01541 and miR-429 mimic had an intermediate effect on both cell lines. (*P<0.05).



Western blot analysis demonstrated that LINC01541 overexpression and miR-429 mimic inhibited the production of VEGFA, whereas knockdown of LINC01541 and miR-429 inhibitor promoted the production of VEGFA (Figures 6E–H). A mixture of LINC01541 overexpression and miR-429 inhibitor, however, had an intermediate effect on Ishikawa cells (Figure 6E) and RL95-2 cells (Figure 6F). A mixture of knockdown of LINC01541 and miR-429 mimic also had an intermediate effect on Ishikawa (Figure 6G) and RL95-2 (Figure 6H) cells.



Bioinformatics analysis and dual luciferase reporter gene detection suggest that miR-429 targets VEGFA

starBase v3.0 software was used to identify the binding site between miR-429 and VEGFA (Figure 7A). miR-429 mimic was found to inhibit the production of VEGFA, whereas miR-429 inhibitor promoted the production of VEGFA. Dual-luciferase assay demonstrated that RL95-2 cells cotransfected with miR-429 mimic and VEGFA-WT had less luciferase activity than other groups (Figure 7B). These results suggest that VEGFA can directly interact with miR-429.




Figure 7 | Bioinformatics analysis and dual luciferase reporter gene. (A) The binding site of VEGFA and miR-429 was identified with starBase v3.0. (B) Dual-luciferase assay results for RL95-2 cells transfected with wild-type (WT) or mutated (Mut) VEGFA reporters plus miR-429 mimic or mimic-NC molecules for 48 h. *P<0.05.






Discussion

In this study, we demonstrated that the expression levels of ESR2 and VEGFA were decreased in EAC tissue, whereas the expression levels of LINC01541 miR-200s (except miR-200c) were increased. The GEPIA software predicted that VEGFA would be down-regulated in EAC tissue, which was consistent with our finding that VEGFA expression was decreased in G1/G2 EAC specimens. We also found that E2 treatment of EAC cells inhibited the expression of LINC01541 and miR-429, whereas PHTPP treatment had the opposite effect. E2 treatment of EAC cells was found to inhibit the expression of VEGFA. LINC01541 and miR-429 were found to inhibit the expression of VEGFA and promote the proliferation of EAC cells. In addition, the interaction of LINC01541 and miR-429 promoted the expression of both factors. Finally, through the double validation of bioinformatics analysis and dual fluorescein reporter gene, it was confirmed that miR-429 targets the regulation of VEGFA expression. (* P < 0.05; ** P < 0.01)

EC is the most frequent gynecological cancer in developed countries and its incidence is increasing, the majority of EC cases are estrogen dependent but the mechanisms of estrogen are not completely understood (2). Previous studies have shown that the mRNA and protein expression levels of ESR2 are significantly lower in more than 100 EC specimens than those in normal endometrium (18–20), and we similarly observed decreased expression of ESR2 in EC samples in our analysis. Hu et al. found that knockdown of E2 in Ishikawa cells promoted cell proliferation (21). In vivo study has shown that ER including ESR1, ESR2 and G protein-coupled estrogen receptor (GPER) is essential for a normal menstrual cycle. Incorrect expression of ERs can cause EC, ESR1 promotes uterine cell proliferation and increased the risk of EC, while ESR2 has the opposite effects (22). Other research has shown that LINC01541 inhibits VEGFA expression in endometrial stromal cells and that E2 stimulation significantly inhibits the expression of LINC01541, whereas overexpression of LINC01541 attenuates the migration and invasion of endometrial stromal cells induced by E2 (8). Our findings also support these results. Hormonal therapy is mainly prescribed for fertility preservation with early EC and palliative treatment in patients with advanced or recurrent EC. Studies show that ER pathway activity tests suggest that an active ER pathway may increase sensitivity to EC hormone therapy. High ER pathway activity score (ERPAS) was significantly positively associated with good prognosis and sensitivity to endocrine therapy in EC (23–25).

It is well known that lncRNA can exert its biological function by regulating the expression of miRNA. One group of researchers proposed that lncRNA MT1DP directly binds and stabilizes miR-365 while promoting the expression of miR-365. They found that down-regulation of MT1DP had no effect on the expression of pri-miR-365, suggesting that MT1DP did not regulate miR-365 at the transcriptional level (26, 27). These findings imply that long non-coding RNAs can directly bind and stabilize miRNAs, while promoting the expression of miRNAs, which are consistent with our results. The miR-200 family (miR-200a, miR-200b, miR200c, miR-429, and miR-141) has previously been shown to be up-regulated in EC (28–30). Cui et al. detected 33 EC tissues and 14 endometrial tissue samples and found that miR-141-3p played a positive role in promoting EC cell proliferation (31). Our study did not demonstrate any effect of LINC01541 on pri-miR-429. The specific relationship between LINC01541 and miR-429 needs further study. However, the research results of some scholars have some enlightenment for us. RNA methylation, similar to DNA or protein modification, is regulated by a variety of regulators, including methyltransferases (‘writers’), RNA binding proteins (‘readers’), and demethylases (‘erasers’). Methylation of N6 adenosine (m6A) is the most common type of RNA modification. Alarcón et al. found that methyltransferase-like 3 (METTL3) methylates pri-miRNAs, and in vitro experiments also confirmed the role of m6A markers in promoting pri-miRNA processing. In conclusion, alterations in METTL3 expression may significantly affect miRNA expression in various human cancers (32–34). In addition, m6A-lncRNAs have been proven to be involving in regulating tumorigenesis and m6A is likely to participate in the construction of the lncRNA-miRNA-mRNA (ceRNA) interaction regulatory network (35–37). We hypothesized that the interaction between LINC01541 and miR-429 assessed in our study may therefore be m6A-dependent.

The regulatory relationship between miR-429 and VEGFA has been demonstrated in a variety of cancers and systemic diseases. MiR-429 mimics, on the other hand, have been found to reduce the expression of VEGF in clear cell renal cell carcinoma cells (38). Chan et al. proposed that VEGFA with high expression levels was negatively correlated with hsa-miR-429, and inhibition of hsa-miR-429 expression stabilized VEGFA expression in urothelial carcinoma (UC) (39). Ye et al. used bioinformatics analysis software and GEO database to propose miRNA-mRNA pathways such as hsa-miR-429-VEGFA as potential biomarkers for diagnosis and treatment of ovarian cancer (OC) patients (40). Previous research in human umbilical vein endothelial cells has shown that miR-429 can directly bind to the 3’UTR of VEGFA mRNA to directly regulate its expression (41). In cases of neonatal necrotizing enterocolitis, miR-429/200a/200b and miR-141/200c clusters were found to negatively regulate VEGFA, increasing its expression (14). MiR-429 has been shown to increase the expression of VEGF by promoting the synthesis of hypoxia-inducible factor 1α (HIF-1α) in human amniotic mesenchymal stem cells (15).

Gu et al. found that blocking ESR1 or ESR2 can reduce the expression of VEGF and VEGFR in UECC. However, exposure to estrogen accelerated growth and VEGF production in Ishikawa-xenografted nude mice (42). Zhang et al. demonstrated that estrogen-induced angiogenesis appears to occur through induction of various angiogenic factors, such as VEGF and basic fibroblast growth factor (bFGF). Estradiol upregulated mRNA expression and induced protein synthesis of VEGF and bFGF. However, the expression of VEGF and bFGF was blocked by ER inhibitor in estrogen receptor-positive Ishikawa cells (43). One study showed that exogenous therapy with E2 rescues pre-existing advanced heart failure (HF) in mice mainly by regulating ESR2 expression. ESR2 agonists are associated with reduced cardiac fibrosis and increased cardiac angiogenesis (44). In another study, E2 treatment of endometrial stromal cells was demonstrated to be more angiogenic and associated with increased VEGFB protein expression. Meanwhile, these stimulants can be were partially eliminated by an estrogen-receptor antagonist (45). In the current study, miR-200s (except miR-200c) were shown to interact with LINC01541. Because EAC is an estrogen-dependent disease, it is possible that an E2/LINC01541/miR-429/VEGFA axis exists in EAC tissues and that this axis may be a potential therapeutic target.

This study had several limitations. First, the number of samples was also small. Only G1/G2 EAC specimens were collected, and G3 EAC specimens were not included in this study. Secondly, we only conducted CCK-8 experiments to study the effects of 17β-estradiol, estrogen antagonists, LINC01541 and miR-429 on the proliferation of EAC cell lines, and we can also add Edu experiments and plate cloning experiments. Third, we did not study the effect of related genes on the migration, invasion ability and apoptosis of the two cell lines; Fourth, our current work has not examined the effect of LINC01541 on pri-miR-429, and the specific mechanism of the interaction between LINC01541 and miR-429 needs further study; Finally, we have not conducted in vivo experiments, and the findings represent only one phenomenon.



Conclusion

In summary, our results demonstrated that E2 promote the expression of VEGFA by altering LINC01541 and miR-429 expression levels in EAC. We also found that E2-mediated LINC01541/miR-429 expression may affect cell proliferation in EAC. In addition, we identified a reciprocal promotion between LINC01541 and miR-429. These initial results allow us to understand the angiogenesis of EAC from a new perspective and also suggest that the E2-mediated LINC01541/miR-429/VEGFA axis may serve as a new therapeutic target for EAC. More research is needed to validate the diagnostic potential of these genes in larger studies.



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.



Ethics statement

The studies involving human participants were reviewed and approved by The Ethics Committee of Changzhou No. 2 People’s Hospital. The patients/participants provided their written informed consent to participate in this study.



Author contributions

Conceptualization, ZJ. methodology, SL and ZJ. software, XQ and HY. validation, DQ and XQ. Formal analysis, DQ, HY and XQ. Investigation, LL and XL. Resources, SL. Writing—original draft preparation, DQ. Writing—review and editing, SL and ZJ. All authors have read and agreed to the final version of the manuscript.



Funding

This study was supported by the hospital level project fund of Changzhou No. 2 People’s Hospital (2020K008). The funder had no role in study design, data collection and analysis, decision to publish, or preparation of the manuscript.



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.

The reviewer XQ declared a shared affiliation with the authors XL, LL, SL and ZJ to the handling editor at the time of review.



References

1. Erickson, LA. Endometrial adenocarcinoma, endometrioid type. Mayo Clinic Proc (2018) 93:963–4. doi: 10.1016/j.mayocp.2018.03.017

2. Bray, F, Ferlay, J, Soerjomataram, I, Siegel, RL, Torre, LA, and Jemal, A. Global cancer statistics 2018: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: A Cancer J Clin (2018) 68:394–424. doi: 10.3322/caac.21492

3. Backes, FJ, Walker, CJ, Goodfellow, PJ, Hade, EM, Agarwal, G, Mutch, D, et al. Estrogen receptor-alpha as a predictive biomarker in endometrioid endometrial cancer. Gynecol Oncol (2016) 141:312–7. doi: 10.1016/j.ygyno.2016.03.006

4. Rodriguez, AC, Blanchard, Z, Maurer, KA, and Gertz, J. Estrogen signaling in endometrial cancer: a key oncogenic pathway with several open questions. Horm CANC (2019) 10:51–63. doi: 10.1007/s12672-019-0358-9

5. Treeck, O, Diepolder, E, Skrzypczak, M, Schüler-Toprak, S, and Ortmann, O. Knockdown of estrogen receptor β increases proliferation and affects the transcriptome of endometrial adenocarcinoma cells. BMC Cancer (2019) 19:745. doi: 10.1186/s12885-019-5928-2

6. Malik, B, and Feng, F. Long noncoding RNAs in prostate cancer: overview and clinical implications. Asian J Androl (2016) 18:568. doi: 10.4103/1008-682X.177123

7. Mai, H, Wei, Y, Yin, Y, Huang, S, Lin, H, Liao, Y, et al. LINC01541 overexpression attenuates the 17β-estradiol-induced migration and invasion capabilities of endometrial stromal cells. Syst Biol Reprod Med (2019) 65:214–22. doi: 10.1080/19396368.2018.1549290

8. Callegari, E, Gramantieri, L, Domenicali, M, D’Abundo, L, Sabbioni, S, and Negrini, M. MicroRNAs in liver cancer: a model for investigating pathogenesis and novel therapeutic approaches. Cell Death Differ (2015) 22:46–57. doi: 10.1038/cdd.2014.136

9. Humphries, B, and Yang, C. The microRNA-200 family: small molecules with novel roles in cancer development, progression and therapy. Oncotarget (2015) 6:6472–98. doi: 10.18632/oncotarget.3052

10. Gu, Y, and Zhou, Z. Berberine inhibits the proliferation, invasion and migration of endometrial stromal cells by downregulating miR−429. Mol Med Rep (2021) 23:416. doi: 10.3892/mmr.2021.12055

11. Wang, Y, Wang, L, Chen, C, and Chu, X. New insights into the regulatory role of microRNA in tumor angiogenesis and clinical implications. Mol Cancer (2018) 17:22. doi: 10.1186/s12943-018-0766-4

12. Zhang, X, Tang, J, Zhi, X, Xie, K, Wang, W, Li, Z, et al. miR-874 functions as a tumor suppressor by inhibiting angiogenesis through STAT3/VEGF-a pathway in gastric cancer. Oncotarget (2015) 6:1605–17. doi: 10.18632/oncotarget.2748

13. Shetty, A, and Suresh, PS. A synergy of estradiol with leptin modulates the long non-coding RNA NEAT1/ mmu-miR-204-5p/IGF1 axis in the uterus of high-fat-diet-induced obese ovariectomized mice. J Steroid Biochem Mol Biol (2021) 209:105843. doi: 10.1016/j.jsbmb.2021.105843

14. Liu, H, and Wang, Y-B. Systematic large-scale meta-analysis identifies miRNA-429/200a/b and miRNA-141/200c clusters as biomarkers for necrotizing enterocolitis in newborn. Bioscience Rep (2019) 39:BSR20191503. doi: 10.1042/BSR20191503

15. Ge, L, Wang, Y, Cao, Y, Li, G, Sun, R, Teng, P, et al. MiR-429 improved the hypoxia tolerance of human amniotic cells by targeting HIF-1α. Biotechnol Lett (2018) 40:1477–86. doi: 10.1007/s10529-018-2604-6

16. Hevir-Kene, N, and Rižner, TL. The endometrial cancer cell lines ishikawa and HEC-1A, and the control cell line HIEEC, differ in expression of estrogen biosynthetic and metabolic genes, and in androstenedione and estrone-sulfate metabolism. Chemico-Biological Interact (2015) 234:309–19. doi: 10.1016/j.cbi.2014.11.015

17. Way, DL, Grosso, DS, Davis, JR, Surwit, EA, and Christian, CD. Characterization of a new human endometrial carcinoma (RL95-2) established in tissue culture. In Vitro (1983) 19:147–58. doi: 10.1007/BF02618053

18. Senol, S, Sayar, I, Ceyran, AB, Ibiloglu, I, Akalin, I, Firat, U, et al. Stromal clues in endometrial carcinoma: Loss of expression of β-catenin, epithelial-mesenchymal transition regulators, and estrogen-progesterone receptor. Int J Gynecol Pathol (2016) 35:238–48. doi: 10.1097/PGP.0000000000000233

19. Kasoha, M, Dernektsi, C, Seibold, A, Bohle, RM, Takacs, Z, Ioan-Iulian, I, et al. Crosstalk of estrogen receptors and wnt/β-catenin signaling in endometrial cancer. J Cancer Res Clin Oncol (2020) 146:315–27. doi: 10.1007/s00432-019-03114-8

20. Gibson, DA, Simitsidellis, I, Collins, F, and Saunders, PTK. Androgens, oestrogens and endometrium: a fine balance between perfection and pathology. J Endocrinol (2020) 246:R75–93. doi: 10.1530/JOE-20-0106

21. Hu, G, Zhang, J, Zhou, X, Liu, J, Wang, Q, and Zhang, B. Roles of estrogen receptor α and β in the regulation of proliferation in endometrial carcinoma. Pathol - Res Pract (2020) 216:153149. doi: 10.1016/j.prp.2020.153149

22. Yu, K, Huang, Z-Y, Xu, X-L, Li, J, Fu, X-W, and Deng, S-L. Estrogen receptor function: Impact on the human endometrium. Front Endocrinol (2022) 13:827724. doi: 10.3389/fendo.2022.827724

23. Inda, MA, Blok, EJ, Kuppen, PJK, Charehbili, A, den Biezen-Timmermans, EC, van Brussel, A, et al. Estrogen receptor pathway activity score to predict clinical response or resistance to neoadjuvant endocrine therapy in primary breast cancer. Mol Cancer Ther (2020) 19:680–9. doi: 10.1158/1535-7163.MCT-19-0318

24. van Weelden, WJ, van der Putten, LJM, Inda, MA, van Brussel, A, Snijders, MPLM, Schriever, LMM, et al. Oestrogen receptor pathway activity is associated with outcome in endometrial cancer. Br J Cancer (2020) 123:785–92. doi: 10.1038/s41416-020-0925-4

25. Sieuwerts A, M, Inda M, A, Smid, M, van Ooijen, H, van de Stolpe, A, Martens, JWM, et al. ER and PI3K pathway activity in primary ER positive breast cancer is associated with progression-free survival of metastatic patients under first-line tamoxifen. Cancers (2020) 12:802. doi: 10.3390/cancers12040802

26. Gao, M, Li, C, Xu, M, Liu, Y, Cong, M, and Liu, S. LncRNA MT1DP aggravates cadmium-induced oxidative stress by repressing the function of Nrf2 and is dependent on interaction with miR-365. Adv Sci (2018) 5:1800087. doi: 10.1002/advs.201800087

27. Wang, Y, Yang, T, Han, Y, Ren, Z, Zou, J, Liu, J, et al. lncRNA OTUD6B-AS1 exacerbates as 2 O 3 -induced oxidative damage in bladder cancer via miR-6734-5p-Mediated functional inhibition of IDH2. Oxid Med Cell Longevity (2020) 2020:1–22. doi: 10.1155/2020/3035624

28. Donkers, H, Hirschfeld, M, Weiß, D, Erbes, T, Jaeger, M, Pijnenborg, JMA, et al. Usefulness of microRNA detection in the diagnostics of endometrial cancer. Acta Obstet Gynecol Scand (2021) 100:1148–54. doi: 10.1111/aogs.14141

29. Guo, CM, Liu, SQ, and Sun, MZ. miR-429 as biomarker for diagnosis, treatment and prognosis of cancers and its potential action mechanisms: A systematic literature review. neo (2020) 67:215–28. doi: 10.4149/neo_2019_190401N282

30. Donkers, H, Bekkers, R, and Galaal, K. Diagnostic value of microRNA panel in endometrial cancer: A systematic review. Oncotarget (2020) 11:2010–23. doi: 10.18632/oncotarget.27601

31. Cui, Z, An, X, Li, J, Liu, Q, and Liu, W. LncRNA MIR22HG negatively regulates miR-141-3p to enhance DAPK1 expression and inhibits endometrial carcinoma cells proliferation. Biomedicine Pharmacotherapy (2018) 104:223–8. doi: 10.1016/j.biopha.2018.05.046

32. Liu, N, Zhou, KI, Parisien, M, Dai, Q, Diatchenko, L, and Pan, T. N 6-methyladenosine alters RNA structure to regulate binding of a low-complexity protein. Nucleic Acids Res (2017) 45:6051–63. doi: 10.1093/nar/gkx141

33. Yang, Y, Fan, X, Mao, M, Song, X, Wu, P, Zhang, Y, et al. Extensive translation of circular RNAs driven by N6-methyladenosine. Cell Res (2017) 27:626–41. doi: 10.1038/cr.2017.31

34. Li, Y, Xiao, J, Bai, J, Tian, Y, Qu, Y, Chen, X, et al. Molecular characterization and clinical relevance of m6A regulators across 33 cancer types. Mol Cancer (2019) 18:137. doi: 10.1186/s12943-019-1066-3

35. Yang, D, Qiao, J, Wang, G, Lan, Y, Li, G, Guo, X, et al. N 6-methyladenosine modification of lincRNA 1281 is critically required for mESC differentiation potential. Nucleic Acids Res (2018) 46:3906–20. doi: 10.1093/nar/gky130

36. Li, T, Wang, T, Jing, J, and Sun, L. Expression pattern and clinical value of key m6A RNA modification regulators in abdominal aortic aneurysm. JIR (2021) 14:4245–58. doi: 10.2147/JIR.S327152

37. Lin, G, Wang, H, Wu, Y, Wang, K, and Li, G. Hub long noncoding RNAs with m6A modification for signatures and prognostic values in kidney renal clear cell carcinoma. Front Mol Biosci (2021) 8:682471. doi: 10.3389/fmolb.2021.682471

38. Chen, D, Li, Y, Li, Y, Jin, L, Su, Z, Yu, Z, et al. Tumor suppressive microRNA-429 regulates cellular function by targeting VEGF in clear cell renal cell carcinoma. Mol Med Rep (2016) 13:1361–6. doi: 10.3892/mmr.2015.4653

39. Chan, T-C, Hsing, C-H, Shiue, Y-L, Huang, SK, Hsieh, K-L, Kuo, Y-H, et al. Angiogenesis driven by the CEBPD–hsa-miR-429–VEGFA signaling axis promotes urothelial carcinoma progression. Cells (2022) 11:638. doi: 10.3390/cells11040638

40. Ye, G, Feng, S, Yang, Y, Cao, Z, Zhang, B, and Wang, F. Establishment and comprehensive analysis of underlying microRNA-mRNA interactive networks in ovarian cancer. J Oncol (2022) 2022:1–13. doi: 10.1155/2022/5120342

41. Bartoszewska, S, Rochan, K, Piotrowski, A, Kamysz, W, Ochocka, RJ, Collawn, JF, et al. The hypoxia-inducible miR-429 regulates hypoxia-inducible factor-1α expression in human endothelial cells through a negative feedback loop. FASEB J (2015) 29:1467–79. doi: 10.1096/fj.14-267054

42. Gu, C-J, Xie, F, Zhang, B, Yang, H-L, Cheng, J, He, Y-Y, et al. High glucose promotes epithelial-mesenchymal transition of uterus endometrial cancer cells by increasing ER/GLUT4-mediated VEGF secretion. Cell Physiol Biochem (2018) 50:706–20. doi: 10.1159/000494237

43. Zhang, J, Song, H, Lu, Y, Chen, H, Jiang, S, and Li, L. Effects of estradiol on VEGF and bFGF by akt in endometrial cancer cells are mediated through the NF-κB pathway. Oncol Rep (2016) 36:705–14. doi: 10.3892/or.2016.4888

44. Iorga, A, Umar, S, Ruffenach, G, Aryan, L, Li, J, Sharma, S, et al. Estrogen rescues heart failure through estrogen receptor beta activation. Biol Sex Differ (2018) 9:48. doi: 10.1186/s13293-018-0206-6

45. Wang, Y, Duan, H, Wang, S, Quan, Y, Huang, J, and Guo, Z. Upregulated Talin1 synergistically boosts β-estradiol-induced proliferation and pro-angiogenesis of eutopic and ectopic endometrial stromal cells in adenomyosis. Reprod Biol Endocrinol (2021) 19:70. doi: 10.1186/s12958-021-00756-7



Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Qiao, Qin, Yang, Liu, Liu, Liu and Jia. 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.




ORIGINAL RESEARCH

published: 29 August 2022

doi: 10.3389/fonc.2022.995929

[image: image2]


Molecular subtypes, clinical significance, and tumor immune landscape of angiogenesis-related genes in ovarian cancer


Haixia Tang 1†, Jingsong Shan 2†, Juan Liu 3†, Xuehai Wang 4, Fengxu Wang 4, Suping Han 5*, Xinyuan Zhao 4* and Jinxiu Wang 1*


1 Department of Gynecology, Nantong Hospital of Traditional Chinese Medicine, Nantong, China, 2 Division of Natural and Applied Sciences, Duke Kunshan University, Kunshan, China, 3 Department of Obstetrics and Gynecology, Women’s Hospital of Nanjing Medical University, Nanjing Maternity and Child Health Care Hospital, Nanjing, China, 4 Department of Occupational Medicine and Environmental Toxicology, Nantong Key Laboratory of Environmental Toxicology, School of Public Health, Nantong University, Nantong, China, 5 Department of Gynecology, The First Affiliated Hospital of Nanjing Medical University, Nanjing, China




Edited by: 

Shaohua Xu, Tongji University, China

Reviewed by: 

Yingkun Xu, Chongqing Medical University, China

Fei Wei, Nanjing University of Chinese Medicine, China

*Correspondence: 

Suping Han
 hsuper2021@163.com; 

Xinyuan Zhao
 zhaoxinyuan@ntu.edu.cn; 

Jinxiu Wang
 jinxiuwang2022@163.com













†These authors have contributed equally to this work


Specialty section: 
 This article was submitted to Gynecological Oncology, a section of the journal Frontiers in Oncology


Received: 16 July 2022

Accepted: 08 August 2022

Published: 29 August 2022

Citation:
Tang H, Shan J, Liu J, Wang X, Wang F, Han S, Zhao X and Wang J (2022) Molecular subtypes, clinical significance, and tumor immune landscape of angiogenesis-related genes in ovarian cancer. Front. Oncol. 12:995929. doi: 10.3389/fonc.2022.995929



Angiogenesis is a physiological process, where new blood vessels are formed from pre-existing vessels through the mechanism called sprouting. It plays a significant role in supporting tumor growth and is expected to provide novel therapeutic ideas for treating tumors that are resistant to conventional therapies. We investigated the expression pattern of angiogenesis-related genes (ARGs) in ovarian cancer (OV) from public databases, in which the patients could be classified into two differential ARG clusters. It was observed that patients in ARGcluster B would have a better prognosis but lower immune cell infiltration levels in the tumor microenvironment. Then ARG score was computed based on differentially expressed genes via cox analysis, which exhibited a strong correlation to copy number variation, immunophenoscore, tumor mutation load, and chemosensitivity. In addition, according to the median risk score, patients were separated into two risk subgroups, of which the low-risk group had a better prognosis, increased immunogenicity, and stronger immunotherapy efficacy. Furthermore, we constructed a prognostic nomogram and demonstrated its predictive value. These findings help us better understand the role of ARGs in OV and offer new perspectives for clinical prognosis and personalized treatment.
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Introduction

Ovarian cancer (OV) is the most common gynecological cancer with the highest mortality rate in the world, accounting for 4.4% of female cancer-related mortality in 2018 (1, 2). Annually, 225,500 new incidences of ovarian cancer are diagnosed worldwide, resulting in 140,200 cancer-specific deaths (2, 3). Due to the heterogeneity of OV, the World Health Organization (WHO) classifies it into several morphological categories based on cell type (4). Despite significant differences in molecular biology and prognosis, they are all treated identically with cytoreductive surgery and platinum/taxane combined chemotherapy (5). Most patients respond favorably to first-line treatment, but most patients relapse and develop chemotherapeutic resistance (6–9). Worse more, OV is insidious with few sentinel symptoms and lack of effective diagnostic strategies (10–12). As result, more than two-thirds patients were diagnosed with a bad prognosis in an advanced stage (13, 14). Many studies have shown that early diagnosis and appropriate treatment can significantly reduce the metastasis and recurrence of OV (11, 15).

Late diagnosis and heterogeneous treatment result in poor clinical outcomes of patients with OV (16). Thus, novel methods of diagnosis and treatment are required. Immunotherapy has been a research hotspot and an essential supplementary cancer treatment method in recent years due to the in-depth understanding of immune recognition and immunomodulatory molecules (17). Molecular subtyping analysis of OV with complex heterogeneity has a promising future due to the development of molecular tools. Researchers around the world are attempting to identify novel biomarkers that combine molecular characteristics with traditional clinicopathological parameters to improve risk stratification systems to predict clinical outcomes and response to immunotherapy (18).

Angiogenesis, one of the hallmarks of cancer, is the formation of new blood vessels from pre-existing ones through a process called sprouting (19). Angiogenesis plays a significant role in supporting tumor growth and progression, where numerous angiogenic factors are often overexpressed (20, 21). Suppression of angiogenesis has been recognized as a promising therapeutic strategy, especially for cancers that are resistant to conventional treatment (22). It is believed that anti-angiogenic therapy could correct anatomical and functional abnormalities in tumor blood vessels through the process called “vascular normalization” (23, 24). Moreover, this may help prevent cancer cells from developing aggressive phenotypes related to hypoxic microenvironments (20, 25). These studies suggest that exploring the molecular characteristics of angiogenesis-related genes (ARGs) can help clarify the causes of OV heterogeneity and provide new prognostic and therapeutic approaches.

Wang, G., et al. analyzed the molecular subtypes of ARG in Glioblastoma multiforme and established a prognostic model to predict the treatment response of patients  (26). Based on the 48 ARGs provided in their study, we developed a prognosis prediction model in OV, which reveals the significant value in prognosis, tumor microenvironment, and pharmacological sensitivity. Furthermore, we incorporated the ARG score with the clinical characteristics for clinical outcomes prediction and verified its accurate prediction performance. Our research will provide new concepts for accurate diagnosis and personalized treatment of OV patients.



Methods and materials


OV dataset and reprocessing

Gene expression data and relevant clinical information of OV patients are obtained from the public databases The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO). In this study, two cohorts, GSE9891 and TCGA-OV, were used for subsequent analysis, where cases without complete clinical data will be excluded to minimize statistical bias. The details of the sample are displayed in Table S1. For differential analysis, FPKM (fragments per kilobase) values of the TCGA-OV cohort were converted to transcripts per kilobase million (27). We combined the TCGA-OV and GSE9891 and corrected the batch effects using the “ComBat” algorithm from the “sva” package (28).



Consensus clustering analysis for ARGs

Forty-eight ARGs were derived from the previous study (26). According to these gene expression profiles, “ConsumusClusterPlus” was constructed for consumes clustering (29), where patients were divided into various molecular subgroups on the basis of gene expression pattern. For the major parameters in the “ConsensusClusterPlus” function, we set the max clusters number (maxK)=9, repeated times (reps)=1000, proportion of items to sample (pItem)=0.8, proportion of features to sample (pFeature)=1, cluster algorithm (clusterAlg)=hc/hierarchical, distance= spearman (29). Subsequently, the principal component analysis (PCA) was performed by the “ggplot2” R package.



Identification of Gene subtypes based on DEGs

Firstly, the R package “limma” was used to investigate the differentially expressed genes (DEGs) between distinct clusters with the standard of adjusted p-value < 0.05 (30). Following that, two different gene subtypes were identified with the consistent clustering algorithm. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were performed to further investigate the enriched molecular pathway (31, 32).



Build prognostic risk signature related to angiogenesis

After data reprocessing, OS-related prognostic OV samples were screened out for further analysis. The TCGA-OV cohort served as the training set, while samples from GSE9891 and the set consisting of the TCGA-OV cohort and GSE9891 served as the testing set to validate the performance of the signature. In the training set, correlations between DEGs and OV survival were determined by univariate Cox regression analysis. The R package “glmnet” was then used to perform the least absolute shrinkage and selection operator (LASSO) regression based on angiogenesis-related prognostic genes to minimize the risk of overfitting (33). Formula:   was employed to select candidate genes to build prognostic signature based on ARGs using multivariate Cox analysis. The coef and exp respectively refer to the risk coefficient and gene expression level. The patients were classified into high-risk and low-risk groups according to the median risk score. Subsequently, we used the “survminer” software to conduct the Kaplan–Meier analysis of survival. Receiver operating characteristic (ROC) curves were then used to evaluate the model’s precision. The performance of the model precision was then assessed by plotted ROC curves.



Compared the risk score of different clinical features and stratified analysis

The correlations between risk score and various clinicopathological characteristics (grade, stage, age, fustat, and histological type) were evaluated using univariate and multivariate cox regression analysis, where Table S2 provides clinical details. We conducted univariate and multivariate cox analyses to investigate whether the risk score is a factor independent of other available clinicopathological features. Furthermore, stratified analysis was also conducted to examine the performance of the model based on the clinical characteristics described before.



Assessment of immune infiltration level

Cancers relied on their complex tissue environments for sustained growth, invasion, and metastasis. Moreover, drug resistance and tumor recurrence are intimately associated with the tumor microenvironment (TME) as a potential therapeutic target (34, 35). Gene sets of relevant biological processes were curated from previous research (36, 37). From the gene expression pattern of these related pathways, the ESTIMATE algorithm conducted through the R package “estimate” can predict the status of TME (38, 39). Differences in immune function between different subgroups were then demonstrated by single-sample gene set enrichment analysis (ssGSEA), which allows the quantitative evaluation of immune cell components derived from complex gene expression data (40, 41). Subsequently, the abundance of 22 tumor immune infiltrating cells (TIIC) in risk groups was quantified by CIBERSORT.



Prediction of immunotherapy response

Immunophenoscore (IPS) was utilized to investigate the immunotherapeutic function of immune cell infiltration scores, which has been validated as a predictor of patient immunotherapy response (42). Higher IPS refers to higher immunogenicity. Tumor mutation burden (TMB) represents the number of mutations per megabase of DNA sequence in a given tumor, which can be used to identify patients who will obtain the greatest benefit from immune checkpoint inhibitors (ICIs) (43, 44). The burden of copy number variation (CNV) gain or loss was evaluated by gene pattern (45).



Drug sensitivity analysis

The half-maximum inhibitory concentration (IC50) was employed to assess the efficacy of chemotherapeutic drugs in OV patients. The CellMiner database served as the drug sensitivity data source, which was created in response to the list of 60 types of cancer cells (NCI-60) compiled by the National Cancer Institute’s Center for Cancer Research (46).



Construction of a nomograph system

To predict the prognosis of OV based on clinical characteristics and risk score, a nomograph system was constructed to measure the OS of 1-, 3- and 5- years through R package “rms” (47). In the nomogram, each variable is assigned a score, and the total score is obtained by adding the scores of all factors to make an accurate prediction. Next, we conducted the area under the curve (AUC) and c-index to evaluate the prediction capacity of the nomogram (48–50).



Statistical analysis

All statistical analyses were conducted in R version 4.1.0 with P < 0.05 defined as significant. The difference between the subgroups was determined by the student t-tests and variance analysis. Spearman and distance correlation analyses were used to compute the correlation coefficients between the expression of ARGs and immune infiltrating cells.




Results


Genetic mutation landscape of ARGs in OV

The analysis process of this study is shown in Figure S1. Firstly, we investigated the different expression pattern of the 48 ARGs in tumor and normal samples within the TCGA-OV dataset (Figure 1A). The string website was then employed to conduct a protein-protein interaction (PPI) analysis of DEGs (Figure 1B). Subsequently, the incidence of CNVs and somatic mutations of ARGs were analyzed in OV, where 47 mutations occurred in 436 samples with 10.78% somatic mutation. It is observed that VCAN has the highest mutation frequency (2%), followed by COL3A1, COL5A2, and other genes (Figure 1C). Furthermore, we investigated the CNV mutational incident, which had significantly increased in genes like PTK2, S100A4, and APOH but decreased in genes like VCAN, PDGFA, and PGLYRP1 (Figure 1D). Figure 1E displays 48 ARGs’ chromosomal locations of the CNV alterations. Among the 48 genes, 27 ARGs presenting significant prognostic values were identified (Figure S2). The above results suggest the potential regulatory role of CNV in ARGs expression, which plays an important role in the development of OV.




Figure 1 | Genetic mutation landscape of ARGs in OV.(A) Expression pattern of ARGs in OV and normal tissues. (B) The interactivity of DEGs is revealed by PPI analysis. (C) genetic alternation of ARGs where mutations occurred in 47 of 436 OV patients. (D) CNV gain, loss, and non-CNV frequency in ARGs. (E) The chromosomal distributions of CNV alterations in ARGs. Adjusted p-values were shown as ns, not significant; *p<0.05; **p<0.01; ***p<0.001.





Identify ARGclusters in OV

In the angiogenesis network, the ARGs interactions, regulator relationships, and their prognostic significance in OV patients were illustrated (Figure 2A). To further analyze the expression features of ARGs in OV, we conducted the consensus clustering analysis, where the patients were classified from k = 2 to k = 9 (Figure S3). The results revealed that k=2 was the optimal clustering variable (Figure 2B). Moreover, PCA analysis also verified the discrepancies between these two ARGclusters (Figure 2C). Between the two ARGclusters, there were 181 differently expressed genes (Figure 2D). Furthermore, a substantial OS time disparity was detected between the two ARGclusters., where patients in ARGcluster B have a higher survival probability (p=0.003, Figure 2E). Then we examined the ARGs expression levels and clinicopathological characteristics between the ARGclusters and identified the distinctions (Figure 2F).




Figure 2 | Generation of the ARGclusters in OV. (A) The network of interactions between ARGs in the TCGA-OV cohort, where the line thickness indicates the correlation strength. (B) The consensus clustering analysis classified samples into two subgroups when k = 2. (C) PCA analysis revealed the obvious distinctions in transcriptomes of two subtypes. (D) Venn diagram showing the similar parts between two clusters. (E) The difference in survival probability between two ARGclusters. (F) The distinctions in gene expression levels and clinicopathological characteristics.





Characteristics of TME in different subtypes

According to the gene set variation analysis between these two ARGclusters, it was observed that cluster A was enriched in cancer-related pathways (like Glioma, Renal cell carcinoma, and Melanoma) and metastasis-related pathways (like focal adhesion, cell adhesion molecule, and ECM receptor interaction) (Figure 3A). Then ssGSEA was employed to explore the immune infiltration levels in these two ARGclusters, where significant enrichment difference was noticed. The enrichment levels of innate and adaptive immune cells were all significantly higher in ARGcluster A (Figure 3B). Subsequently, the correlation between two ARGclusters and 22 TIICs was determined using CIBERSORT (Figure 3C). We noted that the expression levels of immune checkpoints, PD1, PD-L1, PD-L2, and CTLA4, were all higher in ARGcluster A (Figures 3D–G). Moreover, it was observed that ARGcluster A has higher TME scores (Figures 3H–J). ARGcluster A is usually identified as “hot” tumors characterized by strong immune infiltration levels that will benefit more from the immunotherapy, while ARGcluster B can be characterized as a “cold” tumor with low intensity of immune infiltration and relatively unsuitable for immunotherapy. Furthermore, we explore the correlation between known biological processes and these two ARGclusters, where some immune-related processes like CD8 T effector, antigen processing machinery, and Pan−F−TBRS were prominent in ARGcluster A (Figure 3K). Additionally, ARGclusters A also had markedly higher expression levels of human leukocyte antigen (HLA) related genes (Figure 3L).




Figure 3 | Correlations between TME and ARGclusters. (A) GSVA of biological pathways between ARGclusters, where red indicates activation while blue indicates inhibition. (B) The abundance of infiltrating immune cells in two ARGclusters. (C) 22 TIICs were evaluated by the CIBERSORT algorithm in two ARGclusters. (D–G) The expression level of immune checkpoints in two ARGclusters. (H–J) Comparison of TME scores in two ARGclusters. (K) Correlations between known relevant biological processes and two ARGclusters. (L) HLA expression levels in two ARGclusters. Adjusted p-values were shown as ns, not significant; *p<0.05; **p<0.01; ***p<0.001.





Identification of gene subtype based on DEGs

The “limma” package was employed to conduct functional enrichment analysis and screen out the DEGs between two ARGclusters. GO and KEGG analysis revealed that DEGs between two ARGclusters were primarily enriched in immune-related pathways, indicating their importance in the immunological regulation of TME. (Figures 4A, B). Subsequently, univariate COX analysis and consensus clustering analysis were employed to categorize the samples into different clusters based on the DEGs in OV patients. The results indicated that the clustering effect was the best when k=2 (Figure S4). Kaplan-Meier curve demonstrated that patients in gene cluster B had a higher survival probability (P = 0.002; Figure 4C). Patients in ARGcluster B are basically patients of gene cluster B, which was associated with better survival status, and early-stage (Figure 4D). The immune infiltration levels in these two gene clusters were investigated by ssGSEA, where gene cluster A has a higher enrichment level of immune cells (Figure 4E). Additionally, the results of CIBERSORT algorithm revealed that gene cluster A was primarily infiltrated by adaptive immune cells like B cells naive and macrophages M1 (Figure 4F). Moreover, the expression of immune checkpoints and TME scores were all higher in gene cluster A (Figures 4G–M). Gene cluster A also has higher expression levels of HLA related genes and classical biological pathways like CD8 T effector, EMT and Pan-F-TBRS were more prevalent (Figures 4N, O). The above immune signatures indicate that gene cluster A can be defined as a “hot” tumor.




Figure 4 | Identification of gene subtype based on DEGs. (A, B) GO and KEGG enrichment analysis. (C) Kaplan-Meier curve for OS of OV patients. (D) Correlation between two gene clusters and clinicopathologic features. (E, F) Immune infiltration levels in two gene clusters. (G–J) Immune checkpoints expression levels in two gene clusters. (K–M) TME scores in two gene clusters. (N) HLA expression levels. (O) The scores of immune infiltrations. Adjusted p-values were shown as ns, not significant; *p<0.05; **p<0.01; ***p<0.001.





Establish and validate the prognostic model based on ARG score

To estimate the prognosis of individual OV patients, we developed an ARG scoring system based on these DEGs. Figure 5A shows the distributions of the patient in two ARGclusters, two gene clusters, and two risk score groups. To establish the optimal predictive model, LASSO and multivariate cox analysis were performed on the DEGs of 317 samples from the training set (Figure S5). We finally screened out four genes (TENM3, GFRA1, HOXA3, and CXCL13) associated with the OV survival were screened out based on the minimum partial likelihood deviation and multivariate cox regression analysis. The ARG score can be calculated as following: Risk score = (0.127* expression of TENM3) + (0.1368* expression of GFRA1) + (0.1358* expression of HOXA3) + (-0.1879* expression of CXCL13). It is observed that the risk score of gene cluster B and ARGcluster B was significantly lower (Figures 5B, C). The patients were divided into a high-risk group and a low-risk group based on the median risk score (Figure 5D). Moreover, the expression patterns of four genes in the two groups were shown in the heatmap, and the fustat of patients was shown in the scatter plot (Figures 5E, F). Patients with low-risk scores had better OS performance than those with higher scores (P < 0.001; Figure 5G). The AUC values of ROC curves for 1-, 3-, and 5-year survival rates were 0.642, 0.635, and 0.637, respectively (Figure 5H). Then the above results were validated by using the GEO cohort and data set comprised of the GEO cohort and TCGA cohort as the testing set (Figure S6).




Figure 5 | Construction of the ARG score in the training set. (A) The dispersion of patients. (B) Difference of the risk score in two gene clusters. (C) Difference of the risk score in two ARGclusters. (D) Distribution of risk scores in two groups. (E) Expression pattern of four ARGs in two groups. (F) The fustat of patients. (G) The comparison of the OS between two groups. (H) The sensitivity and specificity of 1-, 3- and 5-year survival rates were predicted based on ARG scores.





Compared the risk score of different clinical characteristics and stratified analysis

The risk scores of individuals with various clinicopathological characteristics were examined to determine their association. It was observed that a higher risk score corresponds to worse fustat status and advanced stage (Figures S7A–D). Subsequently, Cox regression analysis of risk score and clinical characteristics (age, grade, and stage) illustrated that risk score was an independent prognostic factor for OV patients (Table S2). Following that, we conducted the subgroup analysis to validate the prediction capacity of the signature. As depicted in Figures S7E–J, except for the patients with stage I- II, the survival outcomes of the high-risk score group were worse than that of the low-risk group, regardless of their clinical features.



Estimation of TME based on ARGs

To further investigate the TME status in different subgroups, we utilized GSEA and found that the high-risk group was enriched in some cancer-related pathway and metastasis-related pathway, while the low-risk group was enriched in the pathways related to the immune disease (Figures 6A, B). Following that, ssGSEA revealed that the low-risk group has high immune infiltration levels (Figure 6C). To further investigate the characteristic of these subtypes, we divided 220 TCGA patients into various immune subgroups. C2 is the most prevalent subtype and has the lowest risk score, while C1 has the highest risk score (Figures 6D, E). It was observed that the risk score has negative correlation with estimated scores, immune scores, and stromal scores (Figures 6F–H). After comparing the TME scores of these two groups, we found that the low-risk group has higher estimated scores but lower immune score (Figure 6I). Subsequently, we further investigate the correlation between DRGs and immune cell abundance. A significant difference in the abundance of innate and adaptive immune cells was observed between the two risk groups (Figures 7A–C). Furthermore, just as Figure 7D illustrates, the ARG score was positively correlated with T cells CD4 memory resting, B cells naive, macrophages M2, mast cells activated, and neutrophils, but the opposite relationship was observed with T cells CD4 memory activated, T cells CD8, T cells gamma delta, T cells follicular helper, macrophages M1 and plasma cells. Then we explored the relationship between the selected ARGs in the prognostic signature and immune cells abundance, where the results indicate that many immune cells like T cells regulatory, T cells gamma delta, and T cells CD4 memory resting were strongly correlated with these genes, especially for the gene CXCL13 and GFRA1 (Figure 7E). Further research indicates that the low-risk group has higher HLA related genes expression levels and higher immune checkpoint expression levels (Figures 7F, G). The six genes selected like CTLA4, HAVCR2, and CD274 were all negatively correlated with the risk score (Figure 7H). Moreover, IPS scores of patients were higher in low-risk groups, which indicates that they have higher immunogenicity (Figures 7I–L). Based on the above findings, it can be inferred that the low-risk group can be characterized as the “hot” tumor mentioned before.




Figure 6 | Estimation of TME based on ARGs. (A) GSEA of high-risk score group. (B) GSEA of low-risk score group. (C) The difference in immune infiltration levels. (D) 220 TCGA patients were divided into three immune subgroups. (E) Risk scores of three immune subgroups. (F–H) Correlations between risk scores and estimated scores, immune cells, and stromal cells. (I) Comparison of TME scores in two ARG score groups. Adjusted p-values were shown as ns, not significant; *p<0.05; **p<0.01; ***p<0.001.






Figure 7 | Immune infiltration characteristics of the two subgroups. (A–C) Differences in immune cell abundance. (D) Correlations between risk scores and immune cell abundance. (E) Correlations between selected genes in prognostic model and immune cell abundance. (F) The expression level of HLA in two risk groups. (G) Differential expression of thirty-four immune checkpoints in the two subgroups. (H) Correlations between selected immune checkpoints and risk score. (I–L) The m6Ascore of ips_ctla4_neg_pd1_neg, ips_ctla4_neg_pd1_pos, ips_ctla4_pos_pd1_neg and ips_ctla4_pos_pd1_pos in two subgroups. Adjusted p-values were shown as *p<0.05; **p<0.01; ***p<0.001.





Relationships between ARG score and TMB

Numerous studies have demonstrated that tumor mutation burden (TMB) can be used to predict tumor immune response, thereby identifying patients who may benefit from ICIs (43, 44). Our results revealed that there were no difference between risk and TMB (Figures S8A, B). Subsequently, to further investigate the impact of TMB on OV patients, we analyzed the survival probability in different TMB subgroups. The patients in the L-TMB group present a low survival probability compared with the H-TMB group (Figure S8C). Furthermore, we integrated the TMB and risk score for survival probability analysis, where the group with high TMB and low risk has the highest survival probability, while the group with low TMB and high risk was the lowest (Figure S8D). Next, we assessed the distribution of somatic mutations between two risk score subgroups in the TCGA-OV cohort. The mutation incidence of these two subgroups presented some similarity, where genes like TP53, TTN, MUC16, and CSMD6 all presented high alternations, especially for TP53 and TTN. However, except for the gene TTN, all these major mutated genes showed a higher alternation in the low-risk group (Figures S8E, F)



Analysis of drug sensitivity

To further examine the efficacy of the ARG score as a marker predicting the therapeutic response of the patients, we calculated the sensitivity of different subgroups of patients to five chemotherapeutic agents commonly used in OV. As depicted in Figure S9A, IC50 values of three chemotherapeutic drugs chosen (gemcitabine, paclitaxel, and vinblastine) were lower in patients of the low-risk group, while the other two (bleomycin and docetaxel) were lower in patients of the high-risk group. Following that, we calculated the correlation between ARGs and different drugs, and the results further verified the associations between the ARGs and drug sensitivity (Figure S9B).



Develop nomograms for survival predicting

Given the important role of the risk score in the prognostic model, we incorporated it with clinical characteristics like age and stage to construct a nomogram, aiming to estimate the clinical outcomes for 1-, 3- and 5- years (Figure 8A). The C-index of the nomogram developed was higher than other models that only consider one clinical feature (Figure 8B). Subsequently, we estimated the AUC values of these models for predicting the clinical outcomes at 1-, 3- and 5- years, where the nomogram has the highest AUC values as we expected, indicating that the nomogram combined ARG risk score, age and stage has a better prediction performance (Figures 8C–E). The subsequent calibration diagram further validated the accurate prediction performance by comparing it with the actual OS observed (Figure 8F).




Figure 8 | Construction and validation of the nomogram. (A) Nomogram constructed for predicting the clinical outcomes at 1-, 3, and 5- years for OV patients. (B) The consistency index of prognosis factors. (C–E) The ROC curves of the nomograms for 1-, 3-, 5- years OS in OV patients. (F) Nomogram calibration curve of 1 -, 3 -, and 5 years.





ARG model as a new predictor of OV

To further demonstrate the predictive capacity of our model, we examined and compared three previously established OV prognostic models with our own (51–53). To make them comparable, multivariate analysis was employed to calculate the risk value of each dataset with these three published models. The analysis of survival probability revealed that the prognosis of the low-risk patients was much better in all of these three models (Figures S10A–C). However, the ROC curves indicate that the AUC value of our model was higher than these three models (Figures S10D–F). Then the C index was calculated utilizing the restricted mean survival (RMS) package, where we observed that the C index of our model was 0.621, higher than previously established models (Figure S10G). The above results make us convinced that our model has better prediction performance.




Discussion

OV is a prevalent gynecological malignancy worldwide with the highest mortality (54). Every year, more than 240,000 women are diagnosed with OV, responsible for 150,000 deaths (55). The vast majority of ovarian cancer fatalities are attributable to the chemoresistant and widely metastatic disease in the late stage (56). Worse more, while the majority of patients will respond to first-line chemotherapy, disease recurrence rates remain high and the 5-year survival rate is extremely low (57–59). There is an urgent need for the development of novel therapeutic methods that take advantage of the diverse genetics and unique tumor microenvironment of a patient’s cancer. Angiogenesis is a natural and complicated process controlled by various biomolecules produced in the body. Effective suppression of tumor angiogenesis can help halt tumor progression, especially when combined with chemotherapy (60). Moreover, Numerous studies have demonstrated the inextricable link between intrinsic immunity and angiogenesis, and angiogenesis inhibiting may play a crucial role in boosting tumor immunotherapy (61, 62).

Therefore, it is of great significance to explore the role of angiogenesis in tumors, and many studies have established prognostic models to assess prognosis and immune microenvironment in OV (63, 64). The results of our study demonstrated the function of ARGs in (OV), where we screened two distinct molecular subgroups based on 48 ARGs and found that patients in ARGcluster B had superior survival and clinicopathological features. Subsequently, we investigate the feature of TME among these two subgroups, where ARGcluster A has a higher infiltration level of immune cells and is predicted to benefit more from immunotherapy. In addition, ARGs are predominately enriched in immune-related pathways, illustrating their substantial effect on the immunological regulation of TME. Subsequently, two gene clusters were identified based on DEGs, where the results demonstrated the potential of ARGs serving as predictors for the clinical outcomes and immunotherapeutic response of patients. Interestingly, patients in gene cluster A have higher immune infiltration levels, TME scores, and ARG expression levels but worse survival status. Gene cluster A can be identified as a “hot” tumor based on these markers, which corresponds to prior results of ARGclusters, as gene cluster A is an identical subset of the ARGcluster A.

Based on DEGs, we constructed an ARG-based prognostic model for individual OV patients. This model consists of TENM3, GFRA1, HOXA3, and CXCL13. A gene-based query at the Human Protein Atlas revealed the correlation between poor survival and high TENM3 expression in the majority of the examined malignancies, including ovarian, endometrial, and glioma cancer (65). In addition, immunotherapy has been developed in response to the identification of TENM3 as one of the neoantigens expressed in recurrent OV patients (66). GFRA1 plays a crucial role in the formation and maintenance of the nervous system, whose abnormal expression level is frequently observed in numerous cancer cells (67). Mounting evidence revealed the involvement of GFRA1 in the development and progression of tumors (68–70). HOXA3 is a member of the HOX transcription factor family, which regulates gene expression in embryonic development and performs crucial physiological functions. The expression of HOXA3 is associated with the immune system and cancer development, where it has been used as the diagnostic biomarker in various cancer (71–74). As for CXCL13, it has functions in inflammatory, infectious, and immune responses. CXCL13 is involved in the control of cancer cell phenotypes and play an important role in the progression and metastasis of solid tumor (75). Furthermore, a recent study revealed its function in maintaining the antitumor environment and supported clinical investigation on the combination of CXCL13 and PD-1 blockade therapy for high-grade serous ovarian cancer (76). Accordingly, the ARG score model comprised of these four genes has the potential to predict the clinical outcomes and immunotherapy response of OV patients.

TME refers to the ecosystem around the tumor in the body, which has been considered the crucial determinant in the incident and progression of OV (77, 78). Moreover, previous studies have highlighted TME reactive therapy as a promising strategy for developing accurate cancer-targeted therapies (79, 80). Therefore, we further investigate the TME status in two ARG score subgroups, where the results revealed that patients in the low-risk score group have a high estimated score, immune cells, and stromal cells. Moreover, the ARG score was negatively correlated with the abundance of some innate and adaptive immune cells like CD8+ T cells, T cells follicular helper, Gamma Delta T cells, and macrophages M1. CD8+ T cells often serve as the backbone of cancer immunotherapy for their prominence as anticancer immune response effectors (81, 82). The presence of T follicular helper cells in solid tumor tissue is indicative of a favorable prognosis, which is indispensable for the potent antibody responses of B cells (83). As the bridge between innate and adaptive immune systems, Gamma Delta T cells are involved in various immune responses during the progression of the tumor. Moreover, Gamma Delta T cells have received extensive attention in cancer immunotherapy for their antitumor cytotoxicity and potent cytokine production (84). Macrophage M1 has a pro-inflammatory effect, whose expression is positively correlated to the prognosis of patients with OV (85). Furthermore, some immune-related processes like CD8 T effector, antigen processing machinery, and Pan−F−TBRS were more prevalent in ARGcluster A and gene cluster A. Subsequently, we further investigate the discrepancies in the characteristics of TME and the abundance of 22 TIIC between subgroups, which illustrates the significance of ARGs in the OV progression.

Currently, the only treatment strategy for OV is cytoreductive surgery and platinum/taxane combined chemotherapy. Fortunately, immunotherapy has made great progress in gynecological malignancies, especially for ICIs (86). Moreover, a recent study demonstrated that combining immunotherapy with chemotherapy can considerably enhance treatment efficacy  (87). Further research revealed that the low-risk score group has higher HLA and immune checkpoint expression levels. Besides, the high IPS scores in the low-risk score group indicated higher immunogenicity. As for the six genes selected, CTLA4, HAVCR2 and CD274 had a negative correlation to the risk score. All these three genes have been well studied and proved to be important immunotherapeutic targets (88–91). TMB is regarded as a significant immunotherapy predictor, where multiple tumor instances demonstrated that the TMB score is positively correlated to the immunotherapy outcome, corresponding to our findings (92). The above results demonstrated that the low ARG score group is more suitable for immunotherapy.

The mutation rate of the two ARG score subgroups presented some similarity, where genes like TP53 (>80%), and TTN (>20%) all presented high alternations. These two genes have been demonstrated to play important roles in tumor progression and immune infiltration of TME in previous research (93–95). Nowadays, chemotherapy resistance remains a major challenge in the treatment of ovarian cancer (96). This study further investigated potentially sensitive agents in patients of different ARG score groups, which may help alleviate drug resistance and improve clinical outcomes. It was observed that the IC50 values of three chemotherapeutic drugs (gemcitabine, paclitaxel, and vinblastine) were lower in the low ARG score group, while the other two (bleomycin and docetaxel) were lower in the high ARG score group. Moreover, significant differences in drug sensitivity were detected between the two risk groups, where specific people identified can be treated with drugs of higher sensitivity.

Finally, we incorporated the ARG scores and clinical features like age and stage into a nomogram to illustrate the function of these factors in OV prognosis and thereby improve the clinical application of the ARG score. In this study, three previously established models were selected and their prediction performance was compared (51–53). Nevertheless, current research has limitations. All conclusions are based on the processing and analysis of public database data, but there is a dearth of clinical data and experimental studies to verify the results. Future research into the clinical applicability of the model will necessitate the collection of additional OV cases and the execution of a substantial number of prospective clinical evaluations.



Conclusion

Our comprehensive analysis of ARGs successfully demonstrated its value in the field of TME, prognosis, and clinical characteristics of OV patients. Our study also highlights the value of ARGs in the prognostic model and their potency as the biomarker of the immunotherapy response. Our findings validate the great clinical significance of ARGs and provide new guidance for further research on personalized therapy strategies for OV patients.
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Supplementary Figure 2 | Correlation between the OS variations and gene expression level.
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Supplementary Figure 4 | Consensus clustering analysis. (A) Uniform clustering cumulative distribution function (CDF) with the number of clusters k, ranging from 2 to 9. (B) The change of area under CDF curve with k ranging from 2 to 9. (C) The samples were classified into two clusters when k = 2. (D) Tracking plot of the cluster when k = 2.

Supplementary Figure 5 | Identification of representative candidate prognostic genes. (A, B) The LASSO regression analysis and partial likelihood deviance on the prognostic genes.

Supplementary Figure 6 | Validation of the prognostic model based on ARG score. The expression patterns of eight genes between the two groups in testing set_GSE9891 (A), testing set_GSE9891+TCGA (B). The median risk score to separate the patients in testing set_GSE9891 (C), testing set_GSE9891+TCGA (D). The fustat of patients in testing set_GSE9891 (E) and testing set_GSE9891+TCGA (F) were shown in a scatter plot. Kaplan–Meier analysis reveals the difference of the survival probability between the two groups in testing set_GSE9891 (G), testing set_GSE9891+TCGA (H). ROC curves were performed to predict the sensitivity and specificity of 1-, 3- and 5-year survival according to the CRG score in testing set_GSE9891 (I), testing set_GSE9891+TCGA (J).

Supplementary Figure 7 | Clinical correlation analysis and stratified analysis of the model. (A–D) Comparison of risk scores of patients with different ages, fustat, grade and stage. (E–J) Survival analysis of OV patients with various clinical characteristics.

Supplementary Figure 8 | Analysis of TMB in ARG score groups. (A, B) Relationships between ARG scores and TMB. (C) Analysis of survival probability in different TMB groups. (D) Analysis of survival probability combined TMB and ARG scores. (E, F) The distribution of somatic mutations in two ARG score groups.

Supplementary Figure 9 | Analysis of drug sensitivity. (A) The difference of bleomycin, docetaxel, gemcitabine, paclitaxel and vinblastine IC50 between high and low risk groups of patients, respectively. (B) Correlation between common drugs and ARGs

Supplementary Figure 10 | Comparison of our risk model with three published models. (A–C) Analysis of survival probability for three published models. (D–F) ROC curves of three published models. (G) Comparison of the C-index in four models.
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Background

Endometrial cancer is one of the most common gynecological tumors in developed countries. Our understanding of the pathogenesis of endometrial cancer and the changes in the immune microenvironment are still unclear. It is necessary to explore new biomarkers to guide the diagnosis and treatment of endometrial cancer.



Methods

The GEO database was used to download the endometrial cancer single cell sequencing dataset GSE173682. The UCSC database was used to download transcriptome sequencing data. The validation set was the transcriptome dataset GSE119041, which was retrieved from the GEO database. On the DrLLPS website, liquid-liquid phase separation-related genes can be downloaded. Relevant hub genes were found using weighted co-expression network analysis and dimension reduction clustering analysis. Prognostic models were built using Lasso regression and univariate COX regression. Analyses of immune infiltration were employed to investigate the endometrial cancer immunological microenvironment. The expression of model genes in endometrial cancer was confirmed using a PCR test.



Results

We created an LLPS-related predictive model for endometrial cancer by extensive study, and it consists of four genes: EIF2S2, SNRPC, PRELID1, and NDUFB9. Patients with endometrial cancer may be classified into high-risk and low-risk groups based on their risk scores, and those in the high-risk group had significantly worse prognoses (P<0.05). Additionally, there were notable variations in the immunological milieu between the groups at high and low risk. EIF2S2, SNRPC, PRELID1, and NDUFB9 were all up-regulated in endometrial cancer tissues, according to PCR results.



Conclusions

Our study can provide a certain reference for the diagnosis and treatment of endometrial cancer.
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Introduction

The most common disease of the female reproductive system, endometrial cancer, is becoming more common everywhere (1). Both perimenopausal and postmenopausal women are impacted (2). It is difficult to diagnose and treat endometrial cancer because of its high incidence, which is thought to be mostly attributed to obesity (3). Bleeding is a common sign of endometrial cancer after menopause, which helps many people get diagnosed early (4). However, some people continue to experience occult symptoms, which delays diagnosis (5). Surgery is typically avoided because of the poor prognosis and limited therapy options for endometrial cancer in its advanced stages (6). Advanced endometrial cancer cannot be effectively treated with chemotherapy or radiotherapy (7). Therefore, the need for improved prognostic classification systems for endometrial cancer is critical.

Cancer growth-related signals and apoptosis resistance are both activated by a variety of events, including gene mutation, transcriptome alterations, epigenetic modification, and others (8). Liquid-liquid phase separation(LLPS) complicates the etiology of cancer (9). In the past, LLPS was believed to be a frequent occurrence and experimental principle in the fields of physics, chemistry, and pharmacy (10). The development of membraneless organelles and research led to the hypothesis that LLPS controls the synthesis of membraneless agglutines in healthy living cells, enabling a dynamic and steady reaction (11). LLPS may participate in a variety of signal transduction pathways, epigenetic control of cancer, and cancer genesis (12). On the other hand, it is yet unclear how LLPS affects endometrial cancer. The importance of LLPS in endometrial cancer has to be examined. It’s time to examine LLPS’s connection to endometrial cancer.

In this study, we studied the involvement of LLPS-related genes in endometrial cancer by single-cell sequencing analysis and transcriptome sequencing analysis, and created a predictive model to estimate the prognosis and immunological status of patients with endometrial cancer. Overall, our study presents novel therapeutic concepts and new biomarkers for endometrial cancer.



Methods


Single cell sequencing data download and processing

GEO (Gene Expression Omnbius) database (https://www.ncbi.nlm.nih.gov/geo/) provides many the transcriptome data and single cell sequencing data of the disease. From this database, the single cell sequencing dataset GSE173682 for endometrial cancer was retrieved. The dataset comprised both endometrial and ovarian cancer, and only five endometrial cancer samples were preserved for later analysis. The quality control method was as follows: 1) Genes expressed in less than three cells were deleted. 2) Cells with gene expression between 200 and 3000 were maintained. 3) Cells that retain fewer than 10 percent of mitochondrial genes. Sample and pericellular batch effects were eliminated and samples were combined using the “SCT” approach. The DIMS was set at 1:25, and the TSNE method was utilized to minimize the dimension of samples. K. Peram was 20, random seed was 2021, and all cells were grouped using KNN’s approach. Cells were annotated using SingleR’s approach.



Transcriptome data downloading and processing

Data from many databases, including TCGA and TARGERT, are included in the UCSC database (https://xena.ucsc.edu/). GDC TCGA Endometrioid Cancer transcriptome data and clinical information were retrieved via the database. Through matching, a total of 533 samples with expression matrices and clinical data were found. The downloaded transcriptome data is HTseQ-FPKM. From the GEO database, the endometrial cancer dataset GSE119041 was taken, and it served as an independent external validation cohort. After log2 transformation, transcriptome data were used for future analysis.



Download of LLPS related genes

A significant amount of pertinent LLPS phenotypic correlation gene is sent to the DrLLPS website (http://llps.biocuckoo.cn/). This database’s list of LLPS-related genes, which includes 3611 genes in total, can be downloaded by choosing the download module.



Single-sample gene set enrichment analysis

Single-sample gene-set enrichment analysis is an extension of the GSEA method, which can compute and obtain enrichment scores for each sample and gene set pairing, showing the degree to which members of a given gene set in the sample are coordinately up-or down-regulated. In this study, we eventually computed and acquired the enrichment fraction of LLPS phenotype in each sample by this analysis method.



Weighted gene co-expression network analysis

Co-expressed genes can be categorized into modules using WGCNA, and the relationship between modules and phenotype can be investigated. This approach was utilized in this investigation to identify genes associated with the LLPS phenotype. The pickSoftThreshold function of the R package “WGCNA” is used to find the best soft field value. Step sizes of 1:10 and 12:20 are set to 1 and 2, respectively. Set deepSplit to 2 and the minimum number of module genes to 100.



Construction and validation of the prognostic model

First, univariate COX regression was used to identify the genes associated with prognosis. After that, the prognosis-related genes were further examined using LASSO regression, with the family set to “Cox” and Maxit set to 1000. The survival differences between the model’s high and low risk groups were investigated in the training cohort and validation cohort, as well as whether the model could more accurately classify patients’ risk categories.



Immune infiltration analysis

Immunedeconv is a R package that is used on the Timer2.0 website (http://timer.comp-genomics.org/) to provide a more accurate measurement of immune infiltration. The findings of seven different calculation techniques were retrieved from the Timer2 website for each endometrial cancer sample. The variations in immune infiltration between the high and low risk groups in the model were investigated, and the results were displayed using a heat map.



The construction of a nomogram

In order to more correctly assess the prognosis of patients, clinical data and sample models were combined using the R program “Regplot” and then presented as a nomogram.



PCR was used to verify the expression of model genes

The 8 EC patients were chosen between October 2021 and July 2022, and their EC tissue as well as healthy uterine tissue was obtained for mRNA quantification and qRT-PCR testing. This study was approved by the Ethics Committee of Huai ‘an First People’s Hospital (No.KY-2022-084-01). Total cellular RNAs were isolated from cells using Trizol Reagent per the manufacturer’s instructions (Invitrogen, Carlsbad, CA, USA). Using the Takara reverse transcription kit, reverse transcription was completed (Otsu, Shiga, Japan). The QuantiTect SYBR Green PCR Kit and QuantStudio 1 for the real-time polymerase chain reaction were given by Thermo, Waltham, Massachusetts (RT-PCR). Relative quantification was determined using the -2ΔΔCt method. The relative expression level of each gene’s messenger RNA (mRNA) was changed to match the mRNA for the enzyme glyceraldehyde-3-phosphate dehydrogenase (GAPDH). The primer sequence used was as follows: GAPDH: Forward primer: GAATGGGCAGCCGTTAGGAA; Reverse primer: CCCAATACGACCAAATCAGAGA. EIF2S2: Forward primer: AGGTGTAAAGATTGAAAGTGATGTT; Reverse primer: TGTTGTCTTCATCTTCTAGAGCTTC. SNRPC: Forward primer: ACTGCAGTGGAAGGAAACACA; Reverse primer: TGTTGAAATGCAGCCGTTGT. PRELID1:Forward primer: GTCTCCAGAGCTGTCCAGGAAT; Reverse primer: TGTCTCAACAAGTGTTTTGGAAGG. NDUFB9:Forward primer: GTAATGGCGTTCTTGGCGTC; Reverse primer: TTCAAACCGGGCTCTGGAC.



Statistical analysis

Genes linked to prognosis were screened using a univariate COX analysis. The KM survival analysis was used to evaluate the results for the patients. To compare gene expression between high- and low-risk groups, the wlicox test was employed. Statistics were judged significant at P <0.05.




Results


Single cell sequencing data analysis

Single-cell sequencing data for endometrial cancer were studied. As indicated in Figure 1A, no significant batch effect was seen in the 5 endometrial cancer samples, which were appropriate for additional study. As shown in Figure 1B, all cells were clustered into 22 groups following dimension reduction and clustering. The cells were then further annotated, as shown in Figure 1C, where nine cell types were annotated as fibroblasts, smoth muscle cells, T cells, epithelial cells, endothelial_cells, tissue stem cells, macrophage, DC, And NK cells. The percentage of LLPS phenotype in each cell is determined according to the “PercentageFeatureSet” function of Seurat R package, and then separated into high LLPS score group and low LLPS score group according to the median value. As demonstrated in Figure 1D, high LLPS score group is largely distributed in fibroblasts and smoth muscle cells and epithelial cells group. And then differentially expressed genes analysis between the two groups were performed, by setting the conditions as | avg logFC | > 1 and the rectified adj p value < 0.05. A total of 2512 differentially expressed genes associated to LLPS in endometrial cancer were found.




Figure 1 | Single cell sequencing data analysis. (A) Detection of batch effects. (B) Dimension reduction and clustering. (C) \]Cell annotation. Nine cell types were annotated as Fibroblasts, Smoth muscle cells, T cells, epithelial cells, endothelial_cells, Tissue stem cells, macrophage, DC, And NK cells. (D) Distribution of LLPS score in different cells.





WGCNA analysis

Genes associated to LLPS phenotype were further examined at the transcriptome level of endometrial cancer. Firstly, the enrichment fraction of LLPS phenotype in each sample was estimated by ssGSEA algorithm, and then separated into high LLPS group and low LLPS group according to the median value. As shown in Figure 2A, KM survival analysis suggested that the survival prognosis of the high LLPS group was poor. As shown in Figure 2B, when the soft domain value is set to 9, it is discovered that R^2>0.8, and the data correspond to the power-law distribution, which is suitable for following analysis. Moreover, with the increase in soft domain value, Mean Connectivity tends to stay steady. As indicated in Figure 2C, all genes were clustered into 8 non-grey modules, among which the green module exhibited the highest connection with LLPS score (Figure 2D, P <0.05). Then 1004 genes in the green module were selected out.




Figure 2 | WGCNA analysis. (A) KM survival analysis. The survival prognosis of the high LLPS group was poor. (B) When the soft domain value is set to 9, it is discovered that R^2>0.8, and the data correspond to the power-law distribution, which is suitable for following analysis. (C, D) Clustering of modules. A total of 8 non-grey modules were identified, among which the green module had the strongest correlation with LLPS.





Construction and validation of the prognostic model

To further identify LLPS-related genes in endometrial cancer at the single-cell level and tissue transcriptome sequencing level, 2512 genes obtained by the above single-cell sequencing analysis were intersected with 1004 genes of the green module analyzed by WGCNA, and a total of 158 genes were obtained. In order to further discover genes linked to prognosis, univariate COX analysis was done with P <0.05, and 8 genes related to prognosis in TCGA cohort and GSE119041 dataset were screened. As indicated in Figure 3A, these genes were EIF2S2, SNRPC, PRELID1, NDUFB9, YBX1, ABCF1, AK2 and GNL1. As shown in Figures 3B, C, when the best lambda value was 0.03 using LASSO regression, four genes were included in the model, namely EIF2S2, SNRPC, PRELID1, and NDUFB9. The calculation formula of the model was: riskScore = EIF2S2*(0.213) + SNRPC *(0.030) + PRELID1 *(0.024) + NDUFB9 *(0.002). (0.002). Then patients were separated into risk high group and risk low group according to the median riskscore value. As shown in Figures 3D, E, in both the training cohort TCGA and the external validation cohort GSE119041, it was observed that the prognosis of the risk high group was poorer than that of the risk low group (P <0.05). As shown in Figures 3F, G, this model can discriminate endometrial cancer patients well in both the training and validation cohorts.




Figure 3 | Construction and validation of the prognostic model. (A) Univariate COX analysis. (B, C) LASSO regression, four genes were included in the model, namely EIF2S2, SNRPC, PRELID1, and NDUFB9. (D, E) In both the training cohort TCGA and the external validation cohort GSE119041, it was observed that the prognosis of the risk high group was poorer than that of the risk low group (P <0.05). (F, G) Principal component analysis. This model can discriminate endometrial cancer patients well in both the training and validation cohorts.





Unsupervised clustering analysis

In TCGA cohort, as shown in Figure 4A, according to the expressions of EIF2S2, SNRPC, PRELID1 and NDUFB9, the R package “ConsensusClusterPlus” was used, clusterAlg was set as “PAM”, Distance was set as “Euclidean”, the random seed was set as 123456 and unsupervised clustering was done. All endometrial cancer patients were diagnosed with two subgroups, Cluster1 and Cluster2. As demonstrated in Figure 4B, the prognosis of Cluster2 was poorer than that of Cluster1 (P <0.001). As indicated in Figure 4C, risk high group mostly belongs to Cluster2, and risk low group mainly corresponds to Cluster1.




Figure 4 | Unsupervised clustering analysis. (A) Unsupervised clustering clutered all endometrial cancer patients with two subgroups, Cluster1 and Cluster2. (B) the prognosis of Cluster2 was poorer than that of Cluster1 (P <0.001). (C) Risk high group mostly belongs to Cluster2, and risk low group mainly corresponds to Cluster1.





Expression of model genes in cell subtypes

The expression of the four genes in the model was then studied at the single-cell level. As indicated in Figures 5A–D, EIF2S2 and PRELID1 genes are largely expressed in epithelial cells and endothelial cells, while NDUFB9 and SNRPC genes are mainly expressed in epithelial cells, endothelial cells, fibroblasts and smoth muscle cells.




Figure 5 | (A-D) Expression of model genes in cell subtypes.





Immune infiltration analysis

To further study the reasons for the difference in prognosis between risk high and risk low groups, correlation analysis of immune infiltration was done. As indicated in Figure 6A, macrophage was found to be relatively infiltrated in the risk high group, whereas T cell was largely infiltrated in the risk low group. As indicated in Figure 6B, tumor necrosis factor(TNF)-related genes were generally significantly expressed in the risk high group, such as EIF2A, CXCL10, and TLR3. As demonstrated in Figure 6C, immune checkpoint associated genes CD80, CD86, HAVCR2, PDCD1LG2, LAG3, TNFSF9, CD40, and ICOSLG were strongly expressed in RISK HIGH group. HHLA2, CD200, TNFRSF14, TNFRSF25, TNFSF15, NRP1, CD44, LGALS9, CD70, TNFSF14, CD40LG, and TNFRSF4 tended to be strongly expressed in risk low group.




Figure 6 | Immune infiltration analysis. (A) Immune infiltration landscape in high-risk and low-risk groups. (B) Tumor necrosis factor(TNF)-related genes were generally significantly expressed in the risk high group, such as EIF2A, CXCL10, and TLR3. (C) Immune checkpoint associated genes CD80, CD86, HAVCR2, PDCD1LG2, LAG3, TNFSF9, CD40, and ICOSLG were strongly expressed in RISK HIGH group. HHLA2, CD200, TNFRSF14, TNFRSF25, TNFSF15, NRP1, CD44, LGALS9, CD70, TNFSF14, CD40LG, and TNFRSF4 tended to be strongly expressed in risk low group. *P < 0.05, **P < 0.01, ***P < 0.001.





The construction of a nomogram

In order to properly evaluate the prognosis of patients, the clinical data of patients and the risk score of the model were merged. As shown in Figure 7A, the 1, 3, and 5-year death rates of TCGA-BS-A0TE patients were 0.0814, 0.3110, and 0.4000, respectively. As shown in Figure 7B, continuous prognostic ROC analysis showed that the AUC of nomogram in determining the prognosis of patients was steady at around 0.8, which was better than other clinical indicators, such as age, stage and grade. As shown in Figure 7C, decision curve analysis reveals that patients who make timely therapeutic decisions according to nomogram will benefit more than age, stage and grade.




Figure 7 | The construction of a nomogram. (A) The 1, 3, and 5-year death rates of TCGA-BS-A0TE patients were 0.0814, 0.3110, and 0.4000, respectively. (B) Continuous prognostic ROC analysis showed that the AUC of nomogram in determining the prognosis of patients was steady at around 0.8, which was better than other clinical indicators, such as age, stage and grade. (C) Decision curve analysis.





PCR was used to verify the expression of model genes

Figure 8 displays the PCR findings. SNRPC, PRELID1, EIF2S2, and NDUFB9, four of the model’s genes, were discovered to have higher levels of expression in endometrial cancer than in nearby tissues (Figures 8A–D, *P<0.05, **P<0.01, ***P<0.001).




Figure 8 | PCR was performed to verify the expression of model genes. (A-D) SNRPC, PRELID1, EIF2S2, and NDUFB9 were up-regulated in endometrial carcinoma. *p < 0.05; **p < 0.01; ***p < 0.001.






Discussion

Endometrial cancer is the fourth most prevalent malignancy worldwide and the most common type of gynecologic cancer harming women’s health in affluent countries (13). Although most endometrial cancer patients are detected in the early stage because of vaginal bleeding, some individuals are still recognized late, typically accompanied by recurrence and metastasis, and the prognosis is dismal (14–16). For advanced, metastatic endometrial cancer, therapeutic choices are limited (17). Although developing targeted treatments and immunotherapies have been originally employed in the treatment of advanced endometrial cancer, low drug response and drug resistance are widespread, and many mechanisms of start and progression are still unexplained (18). It is of vital significance to research novel risk assessment methodologies and propose new biomarkers for endometrial cancer. Liquid-liquid phase separation (LLPS) was formerly thought to be involved in the development of membraneless intracellular organelles, and in recent years LLPS have been regarded to be highly relevant for many benign and malignant disorders (19–21). However, the significance of LLPS in endometrial cancer is not fully recognized. This study intends to explore the impact of LLPS-related genes in endometrial cancer.

In this investigation, a multiomics analysis was utilized to determine the expression, heterogeneity, prognostic value, and immunological evaluation value of LLPS-related genes in endometrial cancer. In order to explore the heterogeneity and activation status of LLPS in endometrial cancer, we first categorized endometrial cancer cells into several clusters using single-cell sequencing analysis. Based on this, we scored these cells and separated them into high-LLPS score groups and low-LLPS score groups. Genes that were differentially expressed between the two groups were also discovered. The heterogeneity of LLPS in endometrial cancer may be strongly correlated with these genes. The genes in this module were then believed to be strongly related with LLPS regulation in endometrial cancer after weighted co-expression network analysis (WGCNA) discovered green module that were highly associated with LLPS in endometrial cancer. By crossing these genes with differentially expressed genes previously discovered by single-cell sequencing research, these genes were recognized as LLPS hub genes in endometrial cancer. These genes served as the foundation for a predictive model that was built using COX regression and Lasso regression and included EIF2S2, SNRPC, PRELID1, and NDUFB9. Endometrial cancer patients were split into high-risk and low-risk groups using this predictive model, with the high-risk group having a noticeably worse prognosis. Unsupervised cluster analysis provides additional evidence of the model’s correctness. Between the high-risk group and the low-risk group, there were substantial differences in the amounts of immune cell infiltration and immune checkpoint gene expression, which may be a contributing factor to the different prognoses between the two groups and serve as a guide for immunotherapy.

According to certain studies, the four model genes EIF2S2, SNRPC, PRELID1, and NDUFB9 have significant roles in the development of cancer. The EIF2S2-LINC01600-MYC axis has been linked to the development and progression of tumors, according to Zhang et al (22). SNRPC, according to Zhang et al., can accelerate the development of hepatocellular carcinoma by triggering the epithelial-mesenchymal transition (23). Gillen and colleagues discovered that PRELID1’s alternative polyadenylation controls mitochondrial ROS signaling and the development of cancer (24). According to Li et al., down-regulation of NDUFB9 caused breast cancer cells to proliferate and spread by modulating mitochondrial metabolism (25). Our study reveals the role of these genes in endometrial cancer and provides a reference for understanding the role of these genes in regulating LLPS.

The single-cell dataset used in our study, GSE173682, was published in 2021. In that original study, the authors constructed a single-cell landscape of human gynecologic tumors using single-cell sequencing technology, revealing powerful heterogeneity in human gynecologic tumors (26). On this basis, we further analyzed the sequencing data and further explored the heterogeneity of LLPS in endometrial cancer, which provides a powerful reference for us to understand the pathogenesis and regulatory elements of endometrial cancer.

Currently, several bioinformatics signatures have been constructed in other tumors (27, 28). Qiu et al. constructed the signature of 11 LLPS-related genes in ovarian cancer by bioinformatics analysis, and accurately stratified the prognosis of ovarian cancer patients, among which patients in the high-risk group had significantly worse prognosis (29). And they found that LLPS-related genes were involved in several cancer-related pathways, such as MAPK signaling, cell cycle and DNA replication. Fang et al. constructed a signature composed of six LLPS-related genes in hepatocellular carcinoma by weighted co-expression network analysis and regression analysis to evaluate the prognosis and immune status of patients (30). Compared with these published studies, our study incorporated analysis of single-cell sequencing data and validated our conclusions using PCR assays with clinical samples. Our study can provide a reference for the diagnosis and treatment of endometrial cancer.



Conclusions

We constructed a novel LLPS-related signature in endometrial cancer to assess patient prognosis and immune status. However, we lack corresponding clinical cohort to evaluate the practicality and accuracy of this signature. We will improve it in the future.
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Background

The purpose of this study was to investigate the prognostic signature of necroptosis-related lncRNAs (NRLs) and explore their association with immune-related functions and sensitivity of the therapeutic drug in cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC).



Methods

UCSC Xena provided lncRNA sequencing and clinical data about CESC, and a necroptosis gene list was obtained from the KEGG database. NRLs were selected by structuring a co-expression network of lncRNAs and necroptosis-related genes. To further screen lncRNAs, we used the univariate Cox regression method, Lasso regression, and multivariate Cox regression. Afterward, an NRL signature was established. We used the xCell algorithm and single-sample gene set enrichment analysis (ssGSEA) to clarify the pertinence between immune infiltration and NRL expressions in CESC patients and explored the relationship between the target lncRNAs and immune-related genes. By leveraging the GDSC database, the therapy-sensitive response of the prognostic signature was forecasted and an experimental validation was performed. We performed GSEA with the aim of recognizing the potential pathway related to the individual prognostic signature.



Results

The two prognostic NRLs (AC009095.1 and AC005332.4) showed significant diversity and constituted the NRL signature. On the grounds of our signature, risk score was an independent element which was bound up with patient outcome (HR = 4.97 CI: 1.87–13.2, P = 0.001). The CESC patients were classified by the median risk score. Immune infiltration analysis revealed significant increases in CD4 + Tcm, eosinophils, epithelial cells, fibroblasts, NKT, plasma cells, platelets, and smooth muscle in the high-risk group (P< 0.05). Target lncRNAs also showed some correlation with NRGs. The estimated IC50 values of bicalutamide, CHIR.99021, and imatinib were lower in the high-risk group. Through the subsequent experimental validation, both AC009095.1 and AC005332.4 were significantly more highly expressed in SiHa than in Hela. AC009095.1 was expressed more highly in SiHa than in HUCEC, but the expression of AC005332.4 was reversed.



Conclusions

This study elucidated that NRLs, as a novel signature, were indispensable factors which can significantly influence the prognosis of patients with CESC and could provide novel clinical evidence to serve as a potential molecular biomarker for future therapeutic targets.
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Introduction

Cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC) have become two of the most leading cancer types in gynecology all over the world. With the invention of the human papillomavirus (HPV) vaccine, widespread adoption of CESC screening, and advancement in integrated therapy, the incidence of CESC exhibits a downward trend (1). However, even so, CESC continues to be a severe health problem among women and the mortality rates increase worldwide each year (2). Because of the deficiency of specificity and sensitivity, carbohydrate antigen 125 (CA125) and squamous cell carcinoma antigen, which belong to common clinical serum tumor biomarkers, were limited applications in clinical practice. In order to reduce morbidity and improve prognosis, we need neoteric, trustworthy, effective, and non-invasive tumor biomarkers (3).

Necroptosis, as a mode of programmed cell death, is triggered by RIPK1, RIPK3, and MLKL (4). Necroptosis was reported to participate in oncogenesis, cancer immunity, and metastasis (5). In CESC, RETRA (REactivation of Transcriptional Reporter Activity) induces necroptosis and increases ROS production (6), while RIPK3 expression is necessary for PolyIC-induced necroptosis (7). In addition, the low necroptosis process may predict poor prognosis in HPV-positive cervical cancers (8).

Long non-coding RNA (lncRNA) is one of numerous RNAs. Most lncRNAs do not participate in the protein translation process but take part in regulation of the gene expression at the transcriptional or posttranscriptional level (9). There are studies that have detected a close relation between necroptosis and lncRNAs (10). Necroptosis-related factors are involved in the ischemia-reperfusion process, and their main role is the regulation of programmed necrosis and myocardial injury (11). More recently, necroptosis-related lncRNAs (NRLs) have been extensively explored in predicting prognosis and immunotherapy response in breast cancer (12), colon cancer (13), gastric cancer (14), lung adenocarcinoma (15), and stomach adenocarcinoma (16). However, in fact, it remains to elucidate the potential role of NRLs in CESC.

In our research, we identified necroptosis-related lncRNAs of CESC and developed a risk model, with hopes of contributing helpful insights into the prognostic prediction and potential drug selection of CESC.



Methods and materials


Sample and data acquisition

UCSC Xena (http://xena.ucsc.edu/) provided the RNA sequencing (RNA-seq) data about CESC. The expression of normalized genes was detected as a single per million mapped reads per kilobase transcript fragment and log2-based transformation. The inclusion standard was listed as follows: (1) patients diagnosed with CESC; (2) patients with integrated lncRNA data and clinic information. On the basis of the inclusion criteria, 296 patients diagnosed with CESC were incorporated. In addition to that, TCGA database provided integrated clinic information for the patients. When filtrating clinic information, samples were abandoned which were less than 30 days of follow-up. The approval from the ethics committee was not required because TCGA database supplied all clinical data related to this study and strictly adhered to the publication guidelines of TCGA database (http://cancergenome.nih.gov/abouttcga/policies/publicationguidelines).



Extraction of NRGs and lncRNAs

All data for lncRNAs were obtained from the RNA-seq data. Moreover, log2 transformation was utilized to normalize the total RNA expression data. The necroptosis gene list was obtained from the Kyoto Encyclopedia of Genes and Genomes (KEGG, https://www.genome.jp/kegg). Furthermore, the GENCODE (https://www.gencodegenes.org/human/release_23.html) database provided NRG information. The pertinence between lncRNAs and NRGs was determined by the Pearson correlation method. The lncRNAs relevant to necroptosis are the square of correlation coefficient|R2|> 0.5 and P< 0.001.



Structure of the prognostic signature belonging to the NRLs

First of all, the prognostic value was evaluated by univariate Cox regression. Least Absolute Shrinkage and Selection Operator (Lasso) regression was applied to test the NRLs with P< 0.01 from the univariate analysis results. After that, the genes that were screened out by LASSO regression were admitted to a multivariate Cox model to calculate risk scores. We also calculated the risk model calculated as follows:

	

in which βi refers to the coefficients indicating the weight of each signature and Expi indicates the expression of each signature. The patients meeting the inclusion criteria were classified on the basis of the median risk score. The log-rank statistical test was exploited to contrast the survival differences.



Validation of prognostic signature

The individual prognostic signature model was built to validate prognostic features by adopting the Cox regression method. Time-dependent ROC curves were utilized to appraise the efficacy of our signature for predicting prognostic features. Moreover, these methods, which included decision curve analysis (DCA) and calibration curves, were applied to make a thorough inquiry into the accuracy of the signature model. Beyond that, we included demographic data and risk scores into the multivariate Cox regression and tested if they were independent elements which were bound up with patients’ prognosis.



Extrapolation of immune-infiltrating cells in CESC

We exploited the R package “xCell” and single-sample gene set enrichment analysis (ssGSEA) with the aim of quantifying the abundance of immune cells in CESC patients. GSEA is a gene set-based enrichment analysis method which first determines the purpose of the analysis and then ranks based on the size of the association of the gene expression data and the phenotype (also understood as changes in expression). ssGSEA permits to define an enrichment score representing gene set absolute enrichment in each sample in a given dataset. ssGSEA was achieved by the R package “GSVA”, which estimated the integrated levels of immune cell types. xCell estimated the comprehensive levels of common immune cell types. xCell is an analytical approach on account of the gene signature, which integrates both the RNA-seq and microarray data and integrates the deconvolution approaches and advantages of the gene set enrichment. According to the ssGSEA and xCell instructions, gene expression profiles were prepared and the R package was run. At the same time, permutation was performed by using ssGSEA and xCell signatures. On the other hand, we used CAMOIP (17) (http://www.camoip.net) to analyze the association between target lncRNAs and immune-related genes with boxplots using the Mann–Whitney U test.



Prediction of the sensitivity response to therapeutic agents

The sensitivity response to therapeutic agents of CESC patients was forecasted in the light of the data derived from Genomics of Drug Sensitivity in Cancer (GDSC; https://www.cancerrxgene.org). The half-maximal inhibitory concentration (IC50) was calculated through the R package “pRRophetic”.



Gene set enrichment analysis

GSEA was exploited to discover the distinct enriched term with the aim of recognizing the potential pathway. By using the relevant database, CAMOIP (17) (http://www.camoip.net), the CESC patients grouped in line with the expression of the relevant lncRNA, then the enrichment analysis was performed.



Cell lines

SiHa and Hela were human cervical cancer cell lines. SiHa was a cell line of cervical squamous cell carcinoma, and Hela was a cell line of cervical adenocarcinoma. They were used as the test group. HUCEC was a cell line of normal cervical, and PANC-1 was a cell line of pancreatic cancer. HUCEC cell lines were used as negative control groups and PANC-1 cell lines as a positive control group. All of them were obtained from Shanghai FuHeng Biotechnology company (Shanghai, China). We used DMEM contained with 10% FBS (Gibco, Grand Island, NY) to incubate SiHa and Hela cells. Then, we used RPMI 1640 supplementing 10% FBS (Gibco, Grand Island, NY) to incubate HUCEC and PANC-1 cells. Cells are cultured in an incubator at 37°C with 5% CO2.



Quantitative real-time polymerase chain reaction

We used TRIzol Reagent (Invitrogen, Carlsbad, CA) to collect and lyse cells. Then, RNA cDNA first-strand synthesis kit (TransGen Biotech, Beijing, China) was utilized to obtain cDNA. Real‐time PCR was performed with One Step RT‐qPCR Kit (Sangon Biotech, Shanghai, China), and quantitative real-time polymerase chain reaction (qRT-PCR) was carried out as follows: 95°C for 3 min, and then 45 cycles of 95°C for 7 s, 57°C for 10 s, and 72°C for 15 s. The internal reference was the glyceraldehyde-3-phosphate dehydrogenase (GAPDH) gene. Information of primers is shown in Table 1.


Table 1 | PCR primers used in this study.





Statistical analysis

The survival curve was produced by means of the Kaplan–Meier method, which was detected by log-rank test. The effects, which were of necroptosis-related lncRNA signature and clinicopathological data on prognostic outcomes, were estimated by means of Cox regression and Lasso regression. This study’s statistical analysis was performed by adopting the R language (version 4.1.3 and version 4.2.0). Moreover, the bilateral test had statistical significance with P ≤ 0.01.




Results


Reconstruction of a co-expression network of NRGs and lncRNAs

We identified 18,016 lncRNAs in TCGA-CESC, and we obtained 159 genes related to necroptosis. In the NRGs, 133 genes were expressed in TCGA-CESC (Table S1). Furthermore, a lncRNA co-expression network relevant to NRGs was constructed with the aim of identifying the necroptosis-related lncRNAs. Finally, we selected 2,508 lncRNAs associated with necroptosis (∣R2∣ >0.5 and P< 0.001, Table S2).



Appraisal of the prognostic signature relevant to NRLs

There were 36 NRLs meaningful for the patient outcome (P< 0.01, Table S3) after the univariate Cox analysis. After Lasso regression, 15 lncRNAs associated with necroptosis were filtrated (Figures 1A, B; Table S4). By using multivariate Cox regression analysis, AC009095.1 and AC005332.4 were discovered to be independent prognostic indicators. Amid two lncRNAs, there was a deleterious prognostic indicator which was named AC009095.1. On the other hand, AC005332.4 was a beneficial prognostic indicator (Table 2). Therefore, we took advantage of these two lncRNAs to set up a signature of NRLs. Moreover, we formulated the risk scores as hereunder mentioned: Risk score = (0.3857532*expression value of AC009095.1 - 0.3954274*expression value of AC005332.4).




Figure 1 | The lncRNAs related to necroptosis were screened by using the Lasso: (A) Lasso coefficient values for 36 NRLs in CSEC. The vertical dashed line is in the minimal log (lambda) value. (B) The overview of Lasso coefficients.




Table 2 | The results of lncRNAs on account of TCGA CESC data after the multivariate Cox regression.





The evaluation of the prognosis by the established signature

By means of the analysis of the survival curves, we could conclude that risk scores were observably relevant to overall survival (OS). Moreover, the high-risk group had shorter OS (P< 0.001, log-rank test) (Figure 2). Meanwhile, Cox regression results pointed that risk scores had pivotal differences between the two groups (Figure 3).




Figure 2 | The Kaplan–Meier survival curves which are on account of the two NRLs’ risk scores.






Figure 3 | The analysis results which belong to CESC patients’ NRL signature. (A) The risk scores which belong to two groups. (B) The CESC patients’ survival time. (C) Heat map of the expression of the two NRLs and risk scores. The upward trend from low to high levels respectively corresponds to the colors which are from green to red.





Clinical application of the signature relevant to necroptosis-related lncRNAs

Using results from the multivariate Cox regression, it was not difficult to conclude that the Pathologic_N stage and risk score were isolated elements determining prognosis, which were with a HR risk score of 4.97 (95% CI: 1.87–13.2, P = 0.001, Figure 4A). Meanwhile, the areas under the ROC curves were respectively 0.735, 0.721, and 0.701, which corresponded to 1, 3, and 5 years of existence (Figure 4B). Beyond these, we also made the nomogram consisting of Pathologic_N staging and risk score. Also, Pathologic_N staging and risk score had the greatest effect on OS of 1, 3, and 5 years for patients with CESC as exhibited in the nomogram (Figure 5A). Furthermore, in comparison with the perfect pattern in the whole cohort, the calibration charts were well forecasted (Figure 5B). The results of DCA of three diverse survival rates also demonstrated that the nomogram had high potential for clinical application (Figures 5C–E).




Figure 4 | There was great predictive performance of the prognostic indicators on the basis of NRLs. (A) The forest plots which represented the results of the multivariate Cox regression analysis in CESC. (B) The areas were respectively 0.735, 0.721, and 0.701, which were under the ROC curves corresponding to 1, 3, and 5 years of survival.






Figure 5 | The prognostic assessment models in accordance with two lncRNAs related to the necroptosis. (A) The nomogram which consisted of 1-, 3-, and 5-year OS on the basis of the Pathologic_N stage and risk score. (B) The nomogram which predicted the probability of 1-, 3-, or 5-year survival and the calibration plots which were utilized to estimate the consistency between the predictions of the prognostic models and the actual OS. The 45° reference line expresses ideal calibration, in which the predicted probabilities are in accordance with the realistic probabilities. The decision curve analysis (DCA) of 1-year (C), 3-year (D), and 5-year (E) overall survival.





Immune cell type expression between two groups

The ssGSEA results indicated that 20 immune cells were different in two groups, and all had a higher expression in the group with lower risk scores (Figure 6A). The xCell algorithm results revealed that 32 immune cells were different and the expression of eight immune cells were higher in the group with higher risk scores. They were respectively CD4+ Tcm (p = 6.49 e-03), eosinophils (p = 7.32 e-03), epithelial cells (p = 7.45 e-03), fibroblasts (p = 1.81 e-02), NKT (p = 3.65 e-02), plasma cells (p = 1.47 e-02), platelets (p = 3.5 e-04), and smooth muscle (p = 5.26 e-04) (Figure 6B).




Figure 6 | The association between two prognostic NRLs and immune infiltration (xCell and ssGSEA). (A) The violin plot which revealed that the immune cell expressions were different in two groups via ssGSEA. (B) The violin plot which revealed that the immune cell expressions were different in two groups via the xCell algorithm.





The expression of immune-related genes in the high- and low-expression groups of target lncRNAs

We used the CAMOIP database to analyze the expression of immune-related genes in different groups of two lncRNAs. After screening, 19 immune-related genes were statistically differently expressed in different groups of two lncRNAs (Figure 7A, Figure 7B). These immune genes were ADORA2A, BANKI, BTN3A1, CD68, CD70, CD160, FCRL1, FUCA1, GPR15, HSD17B11, IL12A, MEGF9, TM4SF19, TNFRSF14, TNFSF9, TNFSF15, TRANK1, VEGFA, and VTCN1. It was found that CD68, CD160, TM4SF19, and TNFSF15 were all expressed more highly in the low expression group of two lncRNAs. However, for VEGFA in AC009095.1 groups, the expression was higher in the high expression group, and in AC005332.4 groups, the expression was higher in the low expression group. The remaining immune-related genes were all more highly expressed in the high expression group of two lncRNAs.




Figure 7 | The relation between the target lncRNAs and the immune-related genes. (A) Expression of 19 immune-related genes in the AC009095.1 groups. (B) Expression of 19 immune-related genes in the AC005332.4 groups. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.





The prediction of the signature for response to therapeutic agents

The GDSC database was utilized to foretell the sensitivity reaction to therapeutic agents of the prognostic signature to frequently used therapeutic agents. Between the two groups, there were 21 therapeutic agents that varied significantly in IC50. The estimated IC50 values of 18 therapeutic agents were higher in the high-risk group (Figure 8A), which incorporated ATRA (p = 6.760884 e-03), AZD.2281 (p = 2.005571 e-03), bortezomib (p = 3.735047 e-03), camptothecin (p = 1.488292 e-03), cyclopamine (p = 9.461664 e-03), metformin (p = 1.010847 e-08), methotrexate (p = 1.084060 e-03), MG.132 (p = 1.134804 e-03), MK.2206 (p = 2.074208 e-05), MS.275 (p = 2.164303 e-03), NVP.BEZ235 (p = 7.133138 e-03), rapamycin (p = 7.098552 e-03), roscovitine (p = 1.194509 e-03), salubrinal (p = 3.341819 e-07), sunitinib (p = 4.200432 e-04), temsirolimus (p = 5.940194 e-05), vinblastine (p = 1.407201 e-03), and VX.680 (p = 9.917475 e-03). On the contrary, the estimated IC50 values of bicalutamide (p=1.063005 e-04), CHIR.99021 (p=1.045556 e-05), and imatinib (p=1.654762 e-05) were lower in the high-risk group (Figure 8B). This implied that bicalutamide, CHIR.99021, and imatinib had stronger sensitivity to patients with higher risk scores. The remaining therapeutic agents indicated stronger sensitivity to patients with lower risk scores.




Figure 8 | The box plots which revealed the IC50 values of 21 therapeutic agents between two groups. (A) The estimated IC50 values of 18 therapeutic agents were higher in the group with higher risk scores. (B) The estimated IC50 values of three therapeutic agents were higher in the group with lower risk scores.





Results of the GSEA

The CESC patients were grouped according to lncRNA expression levels in the CAMOIP database. We performed GSEA and obtained the following results. The top 10 pathways with the enrichment scores in the results of enrichment analysis regarding AC009095.1 are respectively termination of O-glycan biosynthesis, O-glycan processing, defective C1GALT1C1-caused Tn polyagglutination syndrome (TNPS), axoneme, oligosaccharide binding, ciliary plasm, defective GALNT3-caused familial hyperphosphatemic tumoral calcinosis (HFTC), defective GALNT12 causes colorectal cancer 1 (CRCS1), O-linked glycosylation of mucins, and axoneme assembly (Figure 9A). The top 10 pathways with the enrichment scores in the results of enrichment analysis regarding AC005332.4 are respectively T-cell receptor complex, immunoglobulin complex, intrinsic component of postsynaptic density membrane, postsynaptic density membrane, integral component of postsynaptic density membrane, postsynaptic specialization membrane, plasma membrane signaling receptor complex, antigen binding, B-cell receptor signaling pathway, and immunoglobulin complex or circulating (Figure 9B). Subsequently, enrichment analysis was performed again in line with three aspects of functional enrichment analysis, cellular component (GO-CC), molecular function (GO-MF), and biological processes (GO-BP). In terms of biological processes, AC009095.1 was mainly enriched in the oxidative phosphorylation, nonsense-mediated decay, translational initiation, cytoplasmic translation, translation, peptide metabolic process, and the pathways related to RNA catabolism (Figure 10A). AC005332.4 was mainly enriched in keratinization, ribosome biogenesis, cornification, keratinocyte differentiation, epidermal cell differentiation, skin development, adaptive immune response, epidermis development, epithelial cell differentiation, and wound healing (Figure 10B). In terms of molecular function, AC009095.1 was mainly enriched in some of the related pathways of NADH dehydrogenase activity (Figure 10C). AC005332.4 was mainly enriched in the binding to the receptor-associated pathways (Figure 10D). In terms of cellular component, AC009095.1 was mainly enriched on the ribosome-associated pathways (Figure 10E). AC005332.4 was mainly enriched in the T-cell receptor complex, cornified envelope, cytosolic ribosome, ribosomal subunit, ribosome, immunoglobulin complex, receptor complex, and so on (Figure 10F).




Figure 9 | Results of GSEA in different groupings of the target lncRNAs in CESC from TCGA database. (A) Results of GSEA in groups of AC009095.1. (B) Results of GSEA in groups of AC005332.4.






Figure 10 | Results of GO-BP, GO-MF, and GO-CC. (A) Results of GO-BP in groups of AC009095.1. (B) Results of GO-BP in groups of AC005332.4. (C) Results of GO-MF in groups of AC009095.1. (D) Results of GO-MF in groups of AC005332.4. (E) Results of GO-CC in groups of AC009095.1. (F) Results of GO-CC in groups of AC005332.4.





Results of qRT-PCR

We used qRT-PCR to detect the expression of the target lncRNAs in different cell lines. The experimental results indicated that AC009095.1 expression was significantly higher in SiHa cell lines than in the other three cell lines (Figure 11A). AC005332.4 expression was higher in SiHa cell lines than in PANC-1 and Hela cell lines but was slightly lower than in HUCEC cell lines (Figure 11B).




Figure 11 | Results of qRT-PCR. (A) The expression of AC009095.1 in the four cell lines and AC009095.1 expression were significantly higher in SiHa cell lines than in the other three cell lines. (B) The expression of AC005332.4 in the four cell lines and AC005332.4 expression were higher in SiHa cell lines than in PANC-1 and Hela cell lines but were slightly lower than in HUCEC cell lines. *p < 0.05, **p < 0.01, ***p < 0.001.






Discussion

Besides breast, colorectal, and lung cancer, CESC is the most common cancer among women (18). In developed countries, the trend of the incidence and mortality of cervical cancer is declining (19), but in underdeveloped countries, it remains high (20). Furthermore, squamous cell carcinoma is the most common type of CESC (21), and only a small proportion of patients with cervical squamous cell carcinoma can be cured with conventional surgery, while a majority of patients develop tumor recurrence and advanced metastases (22–24).

Necroptosis participates in a variety of disease processes (25). Necroptosis has been reported to have different effects in different cancer types. As a mode of death in abnormal cells, necroptosis can abate tumor occurrence. At the same time, necroptosis can also trigger inflammatory responses and promote cancer metastasis as well as immunosuppression (26). Notably, there is little study which is involved in both lncRNA and necroptosis. For example, TRINGS (Tp53-regulated inhibitor of necrosis under glucose starvation) was mentioned to appear in cancer cells in two studies (27, 28). Another study mentioned that NRL Linc00176 could influence liver cancer cell survival and cell cycle (29).

For the purpose of better comprehending the roles of NRLs in the occurrence and development of CESC, first of all, we probed the associated expression of lncRNAs in patients, which were from TCGA database. After that, by using the Pearson analysis, we ascertained the co-expression connection between NRGs and lncRNAs and obtained 2,508 NRLs. Then, after the univariate Cox regression, 36 lncRNAs relevant to necroptosis with prognostic value were selected. After using the Lasso regression method, 15 lncRNAs relevant to necroptosis were identified. Subsequently, there were two NRLs found by further multivariate Cox regression analysis, which were as follows: AC009095.1 and AC005332.4. Next, we calculated the risk scores for the two lncRNAs relevant to necroptosis and established a signature of lncRNAs relevant to necroptosis. Simultaneously, the patients were grouped in terms of median risk score. Notably, the patients with higher risk scores showed worse prognosis. Moreover, in the high-risk group, AC009095.1 had a higher expression while the result of AC005332.4 was the opposite. Consistent with the above bioinformatic analysis, our experimental results of qRT-PCR demonstrated that AC009095.1 was more highly expressed in Hela and SiHa cell lines compared with PANC-1 (positive control) and HUCEC (negative control) cell lines. AC005332.4 was expressed more highly in both SiHa and Hela than in the positive control, but it was lower than in the negative controls. Therefore, it showed that the two lncRNAs had a vital role in the growth of CESC. Because both were more highly expressed in SiHa than in Hela, they may play a more positive role in the development of cervical squamous cell carcinoma. Relative to normal cervical cell lines, the expression of AC009095.1 was higher in cervical cancer cells, while AC005332.4 was the opposite. It was indicated that AC009095.1 may be involved in tumor occurrence and development; however, AC005332.4 may reduce tumor occurrence and development.

Besides, it was proved that our signature owned a favorable prognostic assessment effect in light of the univariate and multivariate Cox regression. Moreover the nomogram displayed that the Pathologic_N stage and risk score had the greatest effect on OS of CESC patients. The areas corresponding to three diverse survival rates were respectively 0.735, 0.721, and 0.701, which were under the ROC curve. This outcome suggested that the signature of risk score had some latent capacity in the aspect of predicting survival. Subsequently, we validated the accuracy of the ideal model according to the calibration curve. In the interest of further exploring the clinic application of the signature, this study investigated the correlation of the signature by DCA with clinic characteristics, and the consequences demonstrated that our nomogram had great potential for clinic application.

It is complex and difficult to interpret the interaction between tumors and their immune microenvironment, but it is importantly implicated in therapeutic strategies and the development of novel prognostic markers (30). This study clarified the relevance of the expression of lncRNAs relevant to necroptosis AC009095.1 and AC005332.4 and immune infiltration in CESC by using xCell package and ssGSEA. Most importantly, as a result of immune cell infiltration analysis, there was a negative relation between the risk score and aDC, adipocytes, B cells, basophils, CD8 + Tcm, CD8 + Tem, cDC, DC, HSC, iDC, melanocytes, and so on, whereas CD4 + Tcm, eosinophils, epithelial cells, fibroblasts, NKT, plasma cells, platelets, and smooth muscle were increased in the high-risk group. It is reported that B cells have anticancer effects in human papillomavirus-associated squamous SCC and have significant beneficial effects on patient prognosis (31). As preclinical evidence from Cao’s studies, DCs derived from monocyte activate T cells restrain tumor development by inhibiting tumor cell propagation and accelerating apoptosis. Moreover, tumor cell proliferation is inhibited by cytokines which are secreted by DCs and T cells (32). However, the higher the clinical stage of cervical cancer was, the lower the Th1 level was. It was indicated that Th1 could reduce the development of cervical cancer (33). In another aspect, mDCs and cervical fibroblasts instructed by cocultures of CESC enhanced the tumorigenicity of Th17 cells in vitro (34). The cytotoxicity of NKT cells is closely related to the development of cervical cancer. It was found that enhanced tolerance of NKT cells could promote cervical cancer progression (35). It was discovered that thrombocytosis, known as excessive platelets in the blood, was an independent prognostic element in cervical cancer (36). Furthermore, platelets took part in tumor cell extravasation, tumor growth, and metastasis (37). Eosinophils enhanced infiltration of CD8 + T cells and normalized tumor vessels to mediate tumor rejection in early animal studies (38). These were in general agreement with our findings. Based on the results of the immunoassay, we found that overall CD4 + T cells were expressed higher in the high-risk group, while CD8 + T cells were expressed higher in the low-risk group. Moreover, activated memory CD4 + T cells are considered an element of the favorable outcomes about patients with cervical squamous cell carcinoma, whereas resting memory CD4 + T cells are considered an element of the adverse outcomes (39). A study of triple-negative breast cancer (TNBC) showed that a high CD4 + Tcm enrichment score was associated with worse RFS of patients with TNBC (40). However, the specific role of CD4 + Tcm in cervical cancer is not currently clear. In early CESC, CD8 + T cells and CD8 +/CD4 + ratio are apparently increased. Both overall survival and disease-free survival are reduced when the CD8 +/CD4 + ratio is below 2, which have been reported in other research studies (41). Moreover, rapid tumor growth and lymph node metastasis are closely related to the reversion of the CD8 +/CD4 + ratio in patients with cervical cancer (42). In a word, in early cervical cancer, the proportion of CD8 + T cells was higher than that of CD4 + T cells, and it played a relatively important role. When cancer developed further, the proportion of CD4 + T cells increased significantly. When the proportion of CD4+ T cells was higher than that of CD8 + T cells, it indicated that the cancer already had lymph node metastasis associated with immune infiltration. When the ratio gradually decreased, the likelihood of a poor patient prognosis was greater.

With the aim of exploring the relationship between the target lncRNAs and immune-related genes, we divided the target lncRNAs into different groups and analyzed the expression of immune-related genes. It was shown that 19 immune-related genes were statistically differently expressed in different groups. These immune genes were ADORA2A, BANKI, BTN3A1, CD68, CD70, CD160, FCRL1, FUCA1, GPR15, HSD17B11, IL12A, MEGF9, TM4SF19, TNFRSF14, TNFSF9, TNFSF15, TRANK1, VEGFA, and VTCN1. A study has shown that ADORA2A and VTCN1 have a certain relationship with the immune infiltration of CESC (43). In cervical cancer, BTN3A1 overexpression could inhibit the cervical cancer cell phenotype. In other words, BTN3A1 had inhibitory effects on the development of cervical cancer (44). In Ovestad’s study, CD160 was also downregulated in the CIN3/AIS lesions (45). The CD68 tumor-associated macrophages in CESC were significantly increased than those in normal tissue or paracarcinoma, and high stromal CD68 tumor-associated macrophages were born on lymph node metastasis (46). The upregulation of FUCA1 in SiHa is shown in Kalliopi’s study (47). The IL-12A gene was related to enhanced risk of cervical cancer (48). VEGFA was validated an unfavorable molecules in HPV cervical squamous cell carcinoma (49). The remaining immune-related genes have not been explored in cervical cancer. This is also our next research direction.

Overall, the necroptosis-related signature that we constructed, containing both AC009095.1 and AC005332.4, played a certain role in the immune function. In the immune infiltration analysis, most immune cells were highly infiltrated in the low-risk group. Moreover, the necroptosis-related signature involvement in immune infiltration is more likely achieved through CD4 + Tcm, eosinophils, epithelial cells, fibroblasts, NKT, plasma cells, platelets, and smooth muscle. Combined with the results of the enrichment analysis, we could conclude that the major immune role in the necroptosis-related signature is AC005332.4.

In the light of the analysis of the therapeutic agents to the signature we established, we could conclude that three therapeutic agents are more treatment sensitive to the low-risk group. Among them, imatinib is currently considered to own a vital effect in the treatment of CESC but even with paclitaxel more often (50). Bialutamide also has some therapeutic potential in tumors (51), but the therapeutic effect in CESC is still unknown. Thus, it can be seen that the signature we established as well as the prediction of therapeutic drugs have credible evidence.

Furthermore, in the existing studies, we have not found any reports involved in AC009095.1. Of note, the enrichment analysis results showed that AC009095.1 participates in the pathway, and defective GALNT12 causes colorectal cancer 1 (CRCS1), but there is no relevant evidence to support it. AC005332.4 is mostly enriched in pathways related to immunity, such as T-cell receptor complex, immunoglobulin complex, antigen binding, B-cell receptor signaling pathway, and immunoglobulin complex or circulating. This indicates that AC005332.4 is closely related to the immune function (52). Meanwhile, AC005332.4 has also been reported in CESC (52), colorectal cancer (53), breast cancer (54), and osteosarcoma (55).

Admittedly, our study has some limitations. First, we did not establish the co-expression network which probably existed in lncRNAs and mRNA. Moreover, the specific molecular mechanisms of the NRLs (AC009095.1 and AC005332.4) have not been verified specifically in the experiments. We also did not perform experiments to verify the selected drug sensitivity. Our sample size was not sufficient, and some of the analysis results may be precise.

By reason of the foregoing, we finally succeeded in constructing the risk score signature in the light of the two necroptosis-related lncRNAs, which was an independent prognostic element in CESC patients. Our study supplied a profound scientific insight of the function of necroptosis in biological traits of malignant tumors. It also advancedly proposed a double-necroptosis-related lncRNA signature that provides effective and valuable clinic applications for dependable prognostic prediction and individuation therapy of CESC patients. The proposed method improves the prediction accuracy of the target lncRNAs, and these lncRNAs relevant to necroptosis have important implications for prognosis and prediction of therapeutic markers in CESC patients. Therefore, the function of these necroptosis-related lncRNAs of CESC is encouraging enough to warrant advanced exploration.
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Endometrial cancer (EC) is the most common gynecologic malignancy, and its incidence has been increasing every year. Nerve signaling is part of the tumor microenvironment and plays an active role in tumor progression and invasion. However, the relationship between the expression of neural-related genes (NRGs) and prognosis in endometrial cancer remains unknown. In this study, we obtained RNA sequencing data of EC from The Cancer Genome Atlas (TCGA). Endometrial cancer was classified into two subtypes based on the expression of neural-associated genes (NRGs), with statistical differences in clinical stage, pathological grading, and prognosis. A prognostic prediction model was established by LASSO-Cox analysis, and the results showed that high expression of NRGs was associated with poor survival prognosis. Further, CHRM2, GRIN1, L1CAM, and SEMA4F were found to be significantly associated with clinical stage, immune infiltration, immune response, and important signaling pathways in endometrial cancer. The reclassification of endometrial cancer based on NRG expression would be beneficial for future clinical practice. The genes CHRM2, GRIN1, L1CAM, and SEMA4F might serve as potential biomarkers of EC prognosis.




Keywords: Endometrial cancer, nerve-cancer crosstalk, immune infiltration, biomarker, neural-related genes (NRGs)



Introduction

In 2020, endometrial cancer has been the sixth most frequent cancer in women worldwide, with 417,000 new cases and 97,000 deaths (1, 2). Although the incidence has leveled off in recent years, it still has been increasing at a rate of 1% per year, making it one of the few human cancers with a rising fatality rate (3). The choice of surgery, radiation, hormonal and/or chemotherapy, immunotherapy, and targeted therapy depend on the stage of the disease.

The tumor microenvironment is composed of neuronal cells, tumor cells, fibroblasts, and immune cells. Cancer cells can generate electroactive tissue by connecting with neural synapses, which drives cancer cells to migrate and develop (4, 5). Active crosstalk between nerves and tumor cells was first observed in prostate and gastric cancers (6, 7), but its role in endometrial cancer remains largely unknown. Perineural infiltration is a new metastatic pathway in endometrial cancer. Endometrial cancer cells have been found to migrate along the neuropil in vitro, which is associated with DRG and also a risk factor for perineural infiltration (8). Through cytokinesis, sympathetic nerve endings in the uterus release norepinephrine, adenosine triphosphate (ATP), and other molecules with oxytocic and contractile properties. Uterine parasympathetic fibers primarily release acetylcholine to regulate myometrium activity (9). Furthermore, estrogen and progesterone play important roles in reshaping uterine innervation in response to cyclical changes from puberty to menopause.

Using comprehensive genomic analysis of TCGA, Talhouk et al. classified endometrial cancers into four different subgroups: POLE, microsatellite instability, low copy number, and high copy number (10). Clinically, TCGA molecular typing is practical, useful, and beneficial in predicting the prognosis of patients. Here, we reclassified endometrial carcinoma based on the expression of NRGs. The research on the nerve and endometrial cancer crosstalk can assist the identification of the treatment targets for endometrial cancer. As a result, we found two subgroups related to prognosis by clustering endometrial cancer patients in TCGA data based on NRGs. To find prognosis-associated genes, a prognostic model of neural-associated genes was created. In this study, we investigated the relationship between NRGs and endometrial cancer prognosis, clinical staging, pathological grading, signaling pathways, immune infiltration, and immune response in the hopes of assisting future research.



Materials and methods


Source and processing of data sets

The Cancer Genome Atlas (TCGA) database (https://Portal.gdc.cancer.gov/repository) was used to obtain raw data from 552 endometrial cancer patients (11). In addition, clinical endometrial cancer data was retrieved, including survival time, survival status, age, grade, and stage information. 42 NRGs were identified from a previous comprehensive review (12).



Consensus clustering

The chi-square test and the R language package were used to examine the correlations between clustering and clinical features (13). The “ConsensusClusterPlus” package was used to separate endometrial cancer cases into two subgroups (14). The packages “survival” and “survminer” provided survival analysis between subtypes. The “ggplot2” package was used to identify genetic differences between typings (15), while the “pheatmap” tool was used to create heatmaps. The prcomp function in the statistics package was used to perform principal component analysis (PCA) (16).



Differential expression analysis

The R package Limma (v3.40.2) was used to study mRNA differential expression (17). Adjusted p-values (FDR) were analyzed in TCGA to correct for false-positive results. The screening conditions for differentially expressed mRNA were | log2FC| ≥ 1 and FDR < 0.05. Determining the cutoff value by the median is the most commonly used method for determining the cutoff value. Similarly, the cut-off value is determined by the interquartile range. High GRIN1/L1CAM expression (top 25%) and low GRIN1/L1CAM expression (bottom 25%) were defined. Since the total expression of CHRM2/SEMA4F was relatively low, 50% was used as the cutoff for high and low expression of both genes. The LASSO regression algorithm was used for feature selection, and 10-fold cross validation was used (18).



Enrichment analysis and ssGSEA analysis

GO enrichment analysis (19) and KEGG enrichment analysis (20) were done by using R packages ClusterProfiler (21). The Cox regression analysis was performed to identify prognostic genes significantly associated with overall survival (OS) in patients with endometrial cancer (p<0.01) (22). Survival curves were constructed using the R packages “survival” and “survminer”. ROC curves were made using the R packages “survivalROC” and “timeROC”. We collected some functional pathways and calculated the functional pathway scores according to the ssGSEA algorithm.



Analysis of immune infiltrates

The CIBERSORT (23) and EPIC (24) in the R package “immunedeconv” (https://grst.github.io/immunedeconv) were used to analyze immune infiltrates of different subtypes. It was also visualized using the R package (v4.0.3) ggplot2 and pheatmap (15).



Analyses of immune checkpoint genes

The correlation of neural-related gene expression with 8 commonly used immune checkpoint genes (CD274, CTLA4, HAVCR2, LAG3, PDCD1, PDCD1LC2, SIGLEC15 and TIGIT) was analyzed and visualized using the R package (v4.0.3) ggplot2 (15) and pheatmap.



Algorithm for Predicting Immune Responses

Treatment response to immune checkpoint inhibitors can be predicted using the TIDE algorithm (25).



Stemness analysis

The stemless of mRNA was evaluated using the OCLR method (26).



Statistical analysis

All statistical analyses were performed in R software (v4.0.3) and were statistically significant at P<0.05.




Results


Identification of EC subtypes based on neural-related genes

We obtained EC data from the TCGA database to explore the relationship between 42 neural-related genes and endometrial cancer. To identify the subtypes, we used the R package ConsensusCluster Plus and two clusters showed up in the result: cluster I (C1) and cluster II (C2) (Figures 1A-C). C1 and C2 were found to be well split into two subgroups using principal component analysis (Figure 1D). From the retrospective 10-year clinical follow-up study, the overall survival (OS) rates of the two groups were statistically different (P<0.05), with C1 having a greater OS than C2 (Figure 1E). In addition, there was a statistically significant difference between C1 and C2 in terms of clinical staging and pathological grading (P<0.05). (Figure 2) (Table 1).




Figure 1 | Classification of EC subtypes based on neural-related genes (NRGs). (A) Cumulative distribution function (CDF) curve and delta area curve of consensus clustering. (B) Heatmap of consensus clustering. Rows and columns represent samples, and different colors represent different categories. (C) Heatmap of neural-related gene expression in different subtypes of EC. High expression is represented by red, whereas low expression is represented by blue. (D) Principal component analysis (PCA) is a method of analyzing data. (E) Survival curves based on the Kaplan-Meier method. Different subgroups’ overall survival curves.






Figure 2 | Clinical characteristics of C1 and C2. Demonstration of the proportion of different clinical features in different subgroups. (A) Ethnicity. (B) Stage. (C) Grade. (D) Primary, Recurrence and Metastasis. (E) Chemotherapy and Hormone Therapy. The * means that the difference in clinical features between the two groups is statistically significant (p<0.05).




Table 1 | Clinical characteristics of C1 and C2.





Differential expression analysis and enrichment analysis of C1 and C2

We used the R package Limma to search differentially expressed genes (DEGs) in C1 and C2, with FC>2 and P<0.05 as screening criteria. When compared to C2, C1 showed 209 up-regulated DEGs and 325 down-regulated DEGs. In C1, 24 DEGs were down-regulated (e.g. SEMA4F), 8 DEGs were up-regulated (e.g. ADRB2), and 10 DEGs were unregulated (e.g. GDNF) compared to C2 (Figures 3A, B, S1). To investigate the activated or suppressed signaling pathways in C1 and C2, KEGG and GO analyses were used (Figures 3C, D). KEGG analysis showed that compared to C2, C1 displayed the activation of tumor suppressor pathways like estrogen signaling pathway, ferroptosis, IL-17 signaling pathway, and amino acid metabolic pathway, with the suppression of cancer-associated signaling pathways such as gastric cancer, basal cell carcinoma, Wnt signaling pathway, and neurotransmission. Also, C1 demonstrated the inhibitition of multisystem diseases such as cardiomyopathy, hepatitis C, cushing’s syndrome, human papillomavirus infection, and pathogenic escherichia coli infection. In addition, C1 inhibited lipolysis in adipocytes and oxytocin signaling pathway associated with endometrial carcinogenesis (Figure 3C). GO analysis suggested that compared to C2, C1 induced activation of the processes including humoral immune response and antibacterial humoral response, with the inhibition of synapse organization, neuron projection guidance, modulation of chemical synaptic transmission, extracellular matrix organization, cell−cell adhesion, which are generally recognized to be key processes that promote cancer growth and metastasis (Figure 3D).




Figure 3 | Differential expression and enrichment analysis of C1 and C2. (A) Volcano plots of C1 and C2 differentially expressed genes. Blue represents genes with high expression, red represents genes with low expression, and gray represents genes without differential expression. (B) Heat map of differential expression. (C) C1 activates or suppresses the KEGG pathway when compared to C2. (D) C1 activates or suppresses the GO pathway in comparison to C2.





Immune status analysis of C1 and C2

We used the immunedeconv R package to assess immune infiltration of C1 and C2. the CIBERSORT showed that there were statistically significant differences between C1 and C2 in B cell naive (P<0.05), CD8+ T cells (P<0.001), T cell CD4+ memory activated (P<0.01), T cell regulation (Tregs) (P<0.001), myeloid dendritic cell resting(P<0.001), myeloid dendritic cell activated (P<0.001), and neutrophil (P<0.01), indicating that C2 exhibited stronger immunosuppression compared to C1 (Figure 4A). The EPIC further confirmed that C1 and C2 showed stronger immunosuppression in terms of T cell CD4+ (P<0.01) and T cell CD8+ (P<0.001) with statistically significant differences (Figure 4B). We also used the ggplot2 and pheatmap R packages to analyze the ICG of both EC subtypes, and the study showed that CTLA4, HAVCR2, PDCD1, and TIGIT expression were increased in C1 (P<0.001) compared to C2 (Figure 4C), implying that immunotherapy may be more effective. Furthermore, we utilized the TIDE algorithm to predict cancer immune response, and the findings revealed that the C2 group had a higher TIDE score than the C1 group, with a significant difference (P=7e-05), indicating that the C1 group may benefit more from immune checkpoint inhibitor therapy (ICBs) (Figure 4D). The OCLR algorithm revealed that C2 had a greater stemness index than C1, with a statistical difference (P=0.0017), indicating that the C2 group had a higher degree of cancer progression, which could help identify novel targets for anticancer drugs (Figure 4E).




Figure 4 | Analysis of C1 and C2 immune infiltration, immunological response, and stemness. (A, B) CIBERSORT and EPIC scores reveal a difference in immune cell infiltration between C1 and C2. (C) Immune checkpoint-associated genes are expressed differently in C1 and C2. (D) TIDE scores for C1 and C2 groups were compared using the TIDE algorithm for predicting cancer immune response. (E) The difference in stemness index between C1 and C2 as calculated by the OCLR method. (*P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001).





Prognostic analysis of neural-related gene expression in EC

Using the LASSO regression technique, we attempted to determine a link between NRGs and EC prognosis. High expression of neurologically linked genes was shown to be associated with a poor prognosis (P<0.05) (Figures 5A-D). The expression of 42 NRGs may be a prognostic biomarker for EC patients: the area under the curve (AUC) for 1 year, 3 years, and 5 years was 0.689, 0.693, and 0.653 respectively (Figure 5E). Individual prognostic analysis revealed that four of the 42 NRGs were statistically different and linked with EC prognosis (P<0.01) (Figure 5F). CHRM2 and GRIN1 were shown to be positively related to EC prognosis, while L1CAM and SEMA4F were found to be adversely related (Figure 5F). These results suggest that the expression of neural-related genes including CHRM2, GRIN1, L1CAM, and SEMA4F may be potential biomarkers of EC prognosis.




Figure 5 | Analysis of neural-associated gene expression in EC for prognosis. (A) Coefficients of 42 neural-associated genes represented by λ parameter. (B) LASSO COX regression model was used to draw the partial likelihood deviance versus log(λ). (C) The correlation between risk and survival. A curve, scatter plot, and heatmap are all used to represent the data. (D) Curves of overall survival for high and low risk groups. (E) The receiver operating characteristic (ROC) analysis of risk scores. At 1, 3, and 5 years, the area under the curve (AUC) was 0.900, 0.919, and 0.939, respectively. (F) A univariate Cox analysis was used to look for genes linked to endometrial cancer prognosis.





Correlation of CHRM2/GRIN1/L1CAM/SEMA4F expression with clinical characteristics

Based on RNA sequencing (RNA seq) and clinical data from the TCGA database, we divided the expression of CHRM2, GRIN1, L1CAM, and SEMA4F into high and low expression groups, and defined the cutoff points for high expression of GRIN1 and L1CAM (top 25%) and low expression of GRIN1 and L1CAM (bottom 25%). Because the total expression of CHRM2 and SEMA4F was low, the cut-off point for high and low expression of both genes was set at 50%. The results showed that the high expression of CHRM2 was negatively correlated with EC grading and staging (Figure S2A) (Table 2); the high expression of GRIN1 was negatively correlated with EC grading and staging (Figure S2B) (Table 3); the high expression of L1CAM was positively correlated with EC tumor grading and staging (Figure S2C) (Table 4); the high expression of SEMA4F was positively correlated with EC tumor grading and staging (Figure S2D) (Table 5).


Table 2 | Clinical characteristics of CHRM2 high expression group and CHRM2 low expression group.




Table 3 | Clinical characteristics of GRIN1 high expression group and GRIN1 low expression group.




Table 4 | Clinical characteristics of L1CAM high expression group and L1CAM low expression group.




Table 5 | Clinical characteristics of SEMA4F high expression group and SEMA4F low expression group.





The biological significance of CHRM2/GRIN1/L1CAM/SEMA4F in EC

We classified the EC data in the TCGA database into groups based on the expression levels of four neural-related genes: CHRM2, GRIN1, L1CAM, and SEMA4F, and performed GO and KEGG analyses on each group. The definitions of high and low expression were the same as those mentioned previously. We gathered some functional pathways and used the ssGSEA algorithm to calculate functional pathway scores.

In the EC with high CHRM2 expression, 92 genes were upregulated and 24 genes were downregulated (FC>2, P<0.05) (Figures 6A, B). Compared with the CHRM2 low expression group, the CHRM2 highly-expressed group contained upregulation of tumor-promoting pathways including endometrial cancer, Wnt signaling pathway, and estrogen signaling pathway. It also inhibits endometrial carcinogenesis and metastasis by activating the PPAR signaling system, suppressing the cAMP signaling pathway, cell adhesion molecules, vasculogenesis, amino acid synthesis and metabolism, and mucin-type O−glycan biosynthesis, among other things (Figures 6C, D). ssGSEA analysis showed that the CHRM2 gene was negatively associated with cellular response to hypoxia, tumor proliferation signature, DNA repair, G2M checkpoint, MYC targets, IL-10 anti-inflammatory signaling pathway, DNA replication, and positively associated with EMT markers, ECM-related genes, angiogenesis, TGFB, collagen formation (Figure 7).




Figure 6 | Differential expression and enrichment analysis of CHRM2 high and low expression groups. (A) The volcano plot shows the differential gene expression of CHRM2 high expression group and CHRM2 low expression group was drawn with fold-change values and adjusted P. (B) Differential gene expression showed by heatmap (only 50 genes were displayed because of the large quantity of the genes); (C, D) KEGG and GO analysis showed the upregulated/downregulated pathways of the CHRM2 high expression group compared with the low expression group. When P<0.05 or FDR<0.05 is considered to be enriched to a meaningful pathway.






Figure 7 | Analysis of the correlation between CHRM2 and 19 pathways using the Spearman, ssGSEA algorithm. (Statistically significant difference at P < 0.05). (A, G, J–L, P, S) The ssGSEA analysis showed that the CHRM2 gene was not statistically correlated with tumor inflammation signature, apoptosis, infammatory response, PI3K-AKT-MTOR pathway, p53 pathway, gene up-regulated by reactive oxigen specis (ROS) and degradation of ECM. (B, C, H, I, M, O, Q) CHRM2 gene was negatively associated with cellular response to hypoxia, tumor proliferation signature, DNA repair, G2M checkpoint, MYC targets, IL-10 anti-inflammatory signaling pathway and DNA replication. (D–F, N, R) CHRM2 gene was positively associated with EMT markers, ECM-related genes, angiogenesis, TGFB and collagen formation.



In the EC with high GRIN1 expression, 465 genes were upregulated and 264 genes were downregulated (FC>2, P<0.05) (Figures S3A, S3B). Compared with the GRIN1 low expression group, the GRIN1 high expression group inhibited the Wnt signaling pathway, signaling pathway regulating pluripotency of stem cells, cell adhesion molecules, hepatocellular carcinoma, and gastric cancer. Activation of cancer-related signaling pathways: p53 signaling pathway, cAMP signaling pathway, AMPK signaling pathway, breast cancer, and prostate cancer (Figures S3C, S3D). ssGSEA analysis showed that GRIN1 was negatively associated with cellular response to hypoxia, tumor proliferation signature, apoptosis, DNA repair, G2M checkpoint, inflammatory response, MYC targets, TGFB, IL-10 anti-inflammatory signaling pathway, DNA replication, collagen formation, and ECM degradation (Figure S4A).

In the EC with high L1CAM expression, 568 genes were upregulated and 493 genes were downregulated (FC>2, P<0.05) (Figures S5A, S5B). Compared with the L1CAM low expression group, the L1CAM highly-expressed group is consisted of upregulation of tumor-promoting pathways including PI3K-Akt signaling pathway, MAPK signaling pathway, cell adhesion molecules, and synapse organization. The p53 signaling pathway, Wnt signaling pathway, estrogen signaling pathway, and endometrial cancer pathway were inhibited (Figures S5C, S5D). ssGSEA analysis showed that L1CAM positively connected with cellular response to hypoxia, tumor proliferation signature, DNA repair, G2M checkpoint, MYC targets, TGFB, IL-10 anti-inflammatory signaling pathway, DNA replication, collagen production, and ECM degradation. reactive oxygen species (ROS) upregulation of genes was found to be negatively linked (Figure S4B).

In the EC with high SEMA4F expression, 11 genes were upregulated and 62 genes were downregulated (FC>2, P<0.05) (Figures S6A, S6B). Compared to the SEMA4F low expression group, The SEMA4F high expression group activated multiple diseases of neurodegeneration, Parkinson’s disease, and Alzheimer’s disease while inhibiting the IL-17 signaling pathway, chemical carcinogenesis, protein-coupled receptor signaling pathway, axoneme assembly, and acute inflammatory response (Figures S6C, S6D). ssGSEA analysis showed that SEMA4F was negatively correlated with tumor inflammation signature, ECM-related gene, angiogenesis, apoptosis, inflammatory response, P53 pathway, IL-10 anti-inflammatory signaling pathway, genes up-regulated by reactive oxygen species (ROS), tumor proliferation signature, DNA Repair, G2M checkpoint, MYC targets, TGFB, and DNA replication (Figure S4C).

The findings imply that the genes CHRM2, GRIN1, L1CAM, and SEMA4F in EC have pro- or oncogenic effects as a result of the combined activity of several signaling pathways influencing tumor growth.



Correlation between CHRM2/GRIN1/L1CAM/SEMA4F expression and immune infiltration, immune response and stemness

We used the immunedeconv R package to obtain immune infiltration data for high/low expression of CHRM2, GRIN1, L1CAM, and SEMA4F in EC. In this research, the CIBERSORT and EPIC algorithms were applied.

The CIBERSORT algorithm showed that high expression of CHRM2 was positively correlated with T cell CD4+ memory resting (P<0.05) and T cell regulatory (Tregs) (P<0.001), myeloid dendritic cell resting (P<0.05), mast cell activated (P<0.001), and mast cell resting (P<0.05), while it was negatively correlated with NK cell activated (P<0.05), and macrophage M1 (P<0.05) were negatively correlated (Figure 8A). The EPIC algorithm showed that high expression of CHRM2 was positively correlated with T cell CD4+ (P<0.001), T cell CD8+ (P<0.001), and endothelial cell (P<0.001), but negatively correlated with macrophage (P<0.05) (Figure 8B).




Figure 8 | An analysis of immune infiltration, immunological response, and stemness in two groups with high and low CHRM2 expression. (A, B) Comparison of CHRM2 high expression group and CHRM2 low expression group in immune infiltration obtained with CIBERSORT and EPIC algorithm; The horizontal axis represents different immune cells, the vertical axis represents the immune scores (*P<0.05, ***P<0 .001). (C) Comparison immune checkpoint genes expression in CHRM2 high expression group and CHRm2 low expression group; The horizontal axis represents different immune checkpoint genes, the vertical axis represents the expression level (*P<0.05,**p<0.01). (D) Statistical table of immune response and the distribution of immune response scores of the different groups in predict results. (*P<0 .05). (E) Comparison of CHRM2 high expression group and CHRM2 low expression group in stemness was exhibited by mRNAsi score with OCLR algorithm (****p<0.0001).



The CIBERSORT algorithm showed that high GRIN1 expression was positively correlated with T cell CD8+ (P<0.01), T cell regulatory (Tregs) (P<0.001), and NK cell resting (P<0.01) compared to low GRIN1 expression (P<0.001), while it was negatively correlated with B cell plasma (P<0.05), NK cell activated (P<0.05), macrophage M2 (P<0.05), and myeloid dendritic cell activated (P<0.05) (Figure S7A). The EPIC algorithm showed that high expression of GRIN1 was positively correlated with T cell CD4+ (P<0.001), T cell CD8+ (P<0.001), endothelial cell (P<0.05), but negatively correlated with macrophage (P<0.01) (Figure S7B).

The CIBERSORT algorithm showed that high L1CAM expression was positively correlated with T cell follicular helper (P<0.01), NK cell activated (P<0.01), macrophage M1 (P<0.001), and myeloid dendritic cell activated (P<0.01), while it was negatively correlated with T cell CD8+ (P<0.05), T cell CD4+ memory resting (P<0.05), T cell regulatory (Tregs) (P<0.001), NK cell resting (P<0.01), macrophage M2(P<0.05), myeloid dendritic cell resting (P<0.001) and neutrophil (P<0.05) (Figure S8A). The EPIC algorithm showed that high expression of L1CAM was positively correlated with B cell (P<0.05) and with T cell CD4+ (P<0.001) and T cell CD8+ (P<0.001), but endothelial cell (P<0.01) negatively (Figure S8B).

The CIBERSORT algorithm showed that high SEMA4F expression was positively correlated with B cell naive(P<0.01), myeloid dendritic cell resting(P<0.01), myeloid dendritic cell activated(P<0.001), and mast cell activated(P<0.05), while it was negatively correlated with T cell CD8+(P<0.001), T cell CD4+ memory activated(P<0.01), T cell regulatory (Tregs) (P<0.001) and neutrophil(P<0.05) (Figure S9A). The EPIC algorithm showed that high expression of SEMA4F was positively correlated with T cell CD4+ (P<0.01), but macrophage (P<0.01) and NK cell(P<0.001) negatively (Figure S9B).

In addition, we analyzed the correlation between ICG and the expression of CHRM2, GRIN1, L1CAM, and SEMA4F. CHRM2 expression was positively correlated with CTLA4 (P<0.05) and SIGLEC15 (P<0.01) (Figure 8C); GRIN1 expression was positively correlated with CTLA4 (P<0.05), while negatively correlated with PDCD1LG2 (P<0.01) (Figure S7C); L1CAM expression was positively correlated with CD274 (P<0.05), LAG3 (P<0.001) and PDCD1LG2 (P<0.05), while negatively correlated with CTLA4 (P<0.001) (Figure S8C). SEMA4F was positively correlated with HAVCR2 (P<0.01), LAG3 (P<0.001), PDCD1 (P<0.001) and TIGIT (P<0.01) (Figure S8C), while negatively correlated with CTLA4 (P<0.001), HAVCR2 (P<0.01), LAG3 (P<0.05), PDCD1 (P<0.001), TIGIT (P<0.001) and SIGLEC15 (P <0.05) (Figure S9C). The TIDE algorithm revealed that high expression of CHRM2, and L1CAM was linked to poor immune response (Figures 8D, S8D), whereas high expression of GRIN1 was linked to a positive immunological response (Figure S7D). Stem cell scores were lower in the high expression group of CHRM2 (Figure 8E) and GRIN1 (Figure S7E) than in the low expression group, according to Spearman correlation analysis of OCLR scores, while the inverse was true for L1CAM (Figure S8E) and SEMA4F (Figure S9E).



Gene landscape of CHRM2/GRIN1/L1CAM/SEMA4F

We obtained mutational, transcriptomic, and clinical data of EC patients from the TCGA database and found the highest rate of PETN mutations in EC (57%), with varying degrees of mutations in neuro-oncology-related genes CHRM2, GRIN1, L1CAM, and SEMA4F: L1CAM (9%), SEMA4F (6%), CHRM2 (5%), and GRIN1 (3%) (Figure 9). The differences between GRIN1 and tumor mutational load (TMB) and microsatellite instability (MSI) were statistically significant, while L1CAM was negatively connected with TMB and SEMA4F was positively correlated with MSI. The findings imply that GRIN1, L1CAM, and SEMA4F are closely linked to immunotherapy and can respond to immunotherapy characteristics (Figure 10).




Figure 9 | Mutational landscape of CHRM2, GRIN1, L1CAM and SEMA4F. (A) CHRM2. (B) GRIN1. (C) L1CAM. (D) SEMA4F.






Figure 10 | The correlation of CHRM2, GRIN1, L1CAM, and SEMA4F with TMB and MSI using Spearman’s technique. (Statistically significant difference at P < 0.05).






Discussion

In the tumor microenvironment, neurons are critical biological components. Denervation and regulation of neurotransmitters for tumor treatment have become hot topics of research in recent years (27). Tumors select neuronal programs to promote their development and progression. The frequency of endometrial cancer has been increasing each year as is the number of patients with endometrial cancer brain metastases (28). Although nerve-cancer crosstalk influences tumor growth, the etiology is yet unknown (7).

The identification of cancer subgroups based on gene expression has proven useful in clinical settings, such as endometrial cancer molecular staging (29). Based on NRGs, we classified endometrial cancer into two subtypes: C1 and C2. Prognosis, clinical-stage, pathological grading, and immunological status were all statistically different between the two subtypes. In comparison to C2, C1 had a lower clinical stage and pathological grade, a better prognosis, better immune activation, stronger immune checkpoint gene expression, and was more suited to immunotherapy. In addition, there were statistical differences in enriched pathways and biological processes between C1 and C2. These data support the link between neural-related genes and endometrial cancer, and they suggest that using NRGs to classify EC subtypes could be clinically effective.

A prognostic model was constructed by LASSO-Cox, and CHRM2, GRIN1, L1CAM, and SEMA4F were identified as EC prognostic-related genes. CHRM2 is a gene encoding muscarinic receptor (mAChR) on neuronal cell membranes, which affects cholinergic activity by influencing the transcription level, mRNA stability, and affinity of the receptor (30). Previous studies have found that CHRM2 is enriched in the PI3K-Akt signaling pathway and its methylation rate rises as a progression of gastric cancer (31). CHRM2 inhibits the invasion and migration of non-small cell lung cancer through the M2R/ERK/Akt/NF-κB axis (32). In the central nervous system (CNS), glutamate receptor subunit 1 (GRIN1) is essential for synaptic transmission and plasticity (33). GRIN1 mutations are linked to schizophrenia, neurodevelopmental delay, epilepsy, and glioma, but no other tumors are linked to them (34–36). For the first time, our findings reveal that CHRM2 and GRIN1 play significant roles in endometrial cancer and are positively related to endometrial cancer prognosis. L1 cell adhesion molecule (L1CAM) is a membrane glycoprotein of the immunoglobulin family (37). Consistent with previous findings, L1CAM plays a key role in EC cancer cell migration and adhesion (38). Furthermore, we discovered that L1CAM was linked to immune cell infiltration and ICG (CD274, LAG3, PDCD1LG2, CTLA4), and we hypothesized that L1CAM may have a regulatory role in the tumor microenvironment, influencing tumor growth and metastasis. SEMA4F is a membrane-bound glycoprotein of the signaling element receptor family that has been linked to cancer in prior research, including being associated to breast cancer development (39), axonogenesis and neurogenesis in prostate cancer (40), and glioma prognosis (41). We propose that SEMA4F is a key regulator of tumor growth, angiogenesis, migration, and apoptosis and that it plays a role in endometrial cancer.

In summary, our study reveals the relevance of neural-related genes to endometrial cancer. Our findings suggest that EC reclassification based on neural-related genes is expected to be translated into clinical applications. The genes CHRM2, GRIN1, L1CAM, and SEMA4F, which are prognostically associated with endometrial cancer, play important roles in immune cell infiltration, immune response and stem cell relevance, clinical features, enriched pathways, and immunotherapy, and are potential biomarkers for EC with significant clinical translational potential. Further investigation can considered to quantify the indicators through tissue specimens and animal experiments to validate them for greater application in the treatment of tumors.
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Background

Ovarian serous cystadenocarcinoma (OSC), a common gynecologic tumor, is characterized by high mortality worldwide. Bromodomain (BRD)-containing proteins are a series of evolutionarily conserved proteins that bind to acetylated Lys residues of histones to regulate the transcription of multiple genes. The ectopic expression of BRDs is often observed in multiple cancer types, but the role of BRDs in OSC is still unclear.



Methods

We performed the differential expression, GO enrichment, GSEA, immune infiltration, risk model, subtype classification, stemness feature, DNA alteration, and epigenetic modification analysis for these BRDs based on multiple public databases.



Results

Most BRDs were dysregulated in OSC tissues compared to normal ovary tissues. These BRDs were positively correlated with each other in OSC patients. Gene alteration and epigenetic modification were significant for the dysregulation of BRDs in OSC patients. GO enrichment suggested that BRDs played key roles in histone acetylation, viral carcinogenesis, and transcription coactivator activity. Two molecular subtypes were classified by BRDs for OSC, which were significantly correlated with stemness features, m6A methylation, ferroptosis, drug sensitivity, and immune infiltration. The risk model constructed by LASSO regression with BRDs performed moderately well in prognostic predictions for OSC patients. Moreover, BRPF1 plays a significant role in these BRDs for the development and progression of OSC patients.



Conclusion

BRDs are potential targets and biomarkers for OSC patients, especially BRPF1.
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Introduction

Ovarian serous cystadenocarcinoma (OSC) ranks eighth in terms of most commonly diagnosed and lethal mortality overall for gynecological oncology, resulting in all kinds of family problems and a huge social burden (1). Molecular medicine has devoted enormous resources to examining signaling pathways and the underlying molecular mechanisms of signalling (2, 3). In spite of this, the mortality rate for OSC is still high, and the five-year survival rate for women with advanced OSC is lower than 50% (2). Therefore, finding biomarkers and therapeutic targets that are effective in diagnosing and treating this malignancy is of great significance.

Bromodomains (BRDs), a group of evolutionarily conserved protein–protein interaction modules, can specifically recognize acetylated lysine (Kac)1,2 residues in histone tails and other substrates to epigenetically regulate gene transcription (4). As epigenetic readers, BRDs are also involved in gene fusions, resulting in the generation of diverse and frequent oncogenic proteins (4, 5). The sequence and structural similarities of BRD-containing proteins have led to their classification into eight subfamilies (5). According to a previous study, all BRDs have a distinct secondary structure with a left-handed four-helix bundle connected by two loops (ZA and BC) (6). The ZA and BC loops form a hydrophobic pocket, which coordinates acetylated lysine at the end of the histone tail (6). Tyr1125, Tyr1167, and Asn1168 are at the center of the acetyllysine binding pocket, and they serve as the most conserved residues (6). BRD subfamily I has four members, CECR2 (a chromatin remodeling factor) (7), BPTF (a transcription factor) (8), KAT2A (a Histone acetyl transferase) (9) and KAT2B (a Histone acetyl transferase) (9). Subfamily II includes 4 transcription factors, BRD2/3/4 (10–12) and BRDT (13), and a chromatin remodeling factor, BAZ1A (14). BAZ1B (15), BRWD3 (16), PHIP (17), BRWD1 (18), CREBBP (19), EP300 (19) and BRD8 (20) belong to subfamily III. The subfamily IV members includes 7 transcription factors, ATAD2 (21), ATAD2B (22), BRD1 (23), BRPF1 (24), BRPF3 (25), BRD7 (26) and BRD9 (27). Subfamily V includes SP140 (28), SP140L (29), SP100 (30), SP110 (31), TRIM24 (32), TRIM33 (33), TRIM66 (34), BAZ2A (35) and BAZ2B (7). Subfamily VI has a histone methyltransferase (MLL) (36) and a transcriptional regulator E3 SUMO ligase (TRIM28) (36). BRD subfamily VII has four transcriptional regulators, including TAF1 (37), TAF1L (38), ZMYND8 (39) and ZMYND11 (40). Subfamily VIII was including 3 chromatin remodeling factors, SMARCA2/4 (41, 42) and PB1 (43), and a methyltransferase, ASH1L (44). The dysregulation of these BRDs plays an important role in the development of inflammatory, autoimmune, and cancer diseases (45–48). However, the biological function and prognostic significance of these BRDs for OSC progression are still poorly understood.

To elucidate the roles of these BRDs in the development and progression of OSC, we utilized The Cancer Genome Atlas (TCGA) database to confirm the mRNA levels of BRDs in OSC. Then, we also confirmed the DNA alteration level of BRDs by the cBioPortal database. Subsequently, we used the STRING database to construct a PPI network. Next, we predicted the biological functions and molecular pathways of BRDs in OSCs based on the DAVID database. Moreover, we performed subtype classification and LASSO modelling to further elucidate the functions and prognostic value of these BRDs in OSC progression based on the TCGA database. Finally, we found that BRPF1 was a significant BRG in the development of OSC. The BRPF1, as a subunit of the MOZ histone acetyltransferase (HAT), recognizes acetylated histones, such as H2AK5ac, H4K12ac, H3K14ac, H4K8ac, and H4K5ac (49). Moreover, several studies have reported that abnormal BRPF1 expression plays an important role in many cancer types, including liver cancer (50), medulloblastoma (51), and leukemia (52). But the role of BRPF1 in OSC progression is still unclear. Therefore, we further confirmed the effect of BRPF1 inhibition on OSC cell proliferation, glucose homeostasis and Wnt pathway activation. The research strategy is showed in Figure 1.




Figure 1 | Flow chart of the study.





Methods


Bioinformatic expression analysis

We used the Cancer Genome Atlas (TCGA) (https://www.cancer.gov/tcga) database to confirm the mRNA levels of BRDs in 376 OSC patients (53), which contains clinical parameters, DNA alteration, and mRNA expression data for multiple cancer types. The Clinical Proteomic Tumor Analysis Consortium (CPTAC) database (https://proteomics.cancer.gov/programs/cptac) (54), an important protein expression database for many cancers, and the Human Protein Atlas (HPA) database (https://www.proteinatlas.org/) (55), an excellent protein expression database for cancer patients by IHC staining, were utilized to confirm BRPF1 protein expression and location in OSC patients. The Cancer Cell Line Encyclopedia (CCLE) database (https://sites.broadinstitute.org/ccle) was used to confirm the levels of BRPF1 in multiple OSC cancer cell lines. The database could prompt which cell lines was suitable for further cell experiment (56). The GTEX database (https://www.gtexportal.org/) was utilized to determine the mRNA levels of BRDs in 88 normal ovary samples (57). TIMER database (https://cistrome.shinyapps.io/timer/) was a systematical website for confirming the immune cell abundances by TIMER algorithm, including B cells, CD4+ T cells, CD8+ T cells, Macrophages, Neutrophils, and Dendritic cells which was used to confirm the correlation between immune infiltration and BRPF1 (58).



DNA alteration analysis

The cBioPortal database (http://www.cbioportal.org/) was an open-access, open-source resource for elucidated cancer molecular profiles and clinical attributes, which was utilized to detect DNA alterations in BRDs in OSC patients (59).



PPI network construction and GO enrichment

PPI network construction of 42 BRDs was based on the STRING database (https://cn.string-db.org/), which was an excellent website for constructing PPI network via utilizing proteomics and genomics data (60). The GO and KEGG enrichment analyses were based on the Database for Annotation, Visualization and Integrated Discovery (DAVID) database (https://david.ncifcrf.gov/) for these BRDs (61). LinkedOmics database (https://linkedomics.org/) was a nice website tool to confirm the expression, correlation, and gene functions of BRD-related genes in OSC patients, which was based on the TCGA database (62).



Subtype classification

The “proportion of ambiguous clustering” (PAC) measure quantifies the middle segment. It is defined as the fraction of sample pairs with consensus indices falling in the interval (u1, u2) ∈ [0, 1], where u1 is a value close to 0 and u2 is a value close to 1 (for instance u1 = 0.1 and u2 = 0.9). A low value of PAC indicates a flat middle segment, and a low rate of discordant assignments across permuted clustering runs. We can infer the optimal number of clusters by the K value having the lowest PAC. Using the ConsensusClusterPlus package of R, 1000 iterations were used to evaluate cluster stability. Moreover, four-fifths of the total sample was drawn 100 times, clusterAlg = ‘hc,’ innerLinkage = ‘ward D2,’ Clustering heatmaps were generated using the ‘pheatmap’ package in R. A hierarchical clustering algorithm and heatmaps were drawn using the R package pheatmap v1.0.12. Heatmaps of gene expression were only used when SD > 0.1 was used. Then we used the GO and KEGG enrichment analysis to obtain the molecular functions between different clusters. Immune infiltration, stemness features, and drug sensitivity analysis were carried out to compare the molecular properties between two clusters. All statistics were performed using the R package.



Prognostic model construction

Prognostic model can be used to study the prognosis of a series of genes on a tumor samples, based on the lasso or multivariable cox iterative regression method for dimension reduction and build a prognosis model (model contains the number of genes will not necessarily equal to input the number of genes) or directly through the multi-factors cox model building (model contains gene number is equal to input the number of genes, Note the number of input genes). The model is a RiskScore formula containing multiple genes. Each gene has a weight. Negative numbers represent the gene as a protective gene, while positive numbers represent the gene as a dangerous gene. The difference between Signature and nomogram prognostic models is that the former can only include genetic factors, while the latter can include clinical factors. After converting count data to TPM and normalizing the data log2 (TPM+1), normalized transcription data were used to calculate gene expression on the basis of log2 (TPM+1). In addition, missing and incomplete samples were deleted when clinical information was merged. Next, there were 376 OSC samples for subsequent analysis. The survival difference between groups was compared using the log-rank test. We evaluated the predictive accuracy of the risk score in all datasets using time-dependent ROC curve analysis (v 0.4). The LASSO regression algorithm was utilized for feature selection, 10-fold cross-validation was used, and the R package glmnet was used for the analysis. The R software ggstatsplot package was used to draw the correlations between gene expression and immune score. To visualize differentially expressed genes, the “pheatmap” package in R software was used. The RiskScore formula = Σ(the expression amount of each gene multiplied by the corresponding coefficient). According to the median risk score, we divided the patients into two groups. All statistics were performed using the R package. A p value <0.05 was considered statistically significant.



Stemness and immune infiltration analysis

The detailed bioinformatic methods are described in our previous article (63).



Cell culture and transfection

Human ovarian cancer cells (SKOV3) were purchased from the American Type Culture Collection (ATCC, VA, USA) and cultured in DMEM containing 10% (v/v) foetal bovine serum (FBS; Gibco, Invitrogen, Carlsbad, CA, USA) and 1% penicillin/streptomycin (GIBCO, CA, USA). All cells were incubated at 37°C and 5% CO (2). BRPF1 shRNA and empty vector plasmids were purchased from HonourGene (Changsha, China). For transient cell transfection, SKOV3 cells were seeded in 6-well plates and transfected with 3 μg empty vector and 3 μg BRPF1 shRNA plasmid using Lipofectamine 3000 (Invitrogen, Carlsbad, CA, USA) according to the protocol to establish a cell line with BRPF1 knockdown.



Proliferation analysis

For MTT analysis, five thousand SKOV3 cells were seeded into 96-well plates for 24, 48, and 72 hours. In the subsequent step, the cells were treated with 0.5% MTT solution (5 mg/ml, Sigma−Aldrich; Merck KGaA) for 4 hours. Then, the MTT solution was removed, and DMSO was added. Cell numbers were calculated from an absorbance measurement at 490 nm. For EdU analysis, cell proliferation was evaluated with an EdU kit (RiboBio, Guangzhou, China). All assays were repeated three times.



ATP, glucose, LD, and ROS measurements

An ATP assay kit (NJJCBIO, A095-1-1) was used to confirm the ATP level. A glucose kit (glucose oxidase method) (NJJCBIO, A154-1-1) was used to confirm the glucose level. A lactic acid assay (NJJCBIO, A019-2-1) kit was utilized to measure the lactic acid level. A reactive oxygen species assay kit (NJJCBIO, E004-1-1) was utilized to measure the ROS level. In these experiments, the OD values were measured at wavelengths of 505 nm (for glucose), 525 nm (for ROS), 530 nm (for lactic acid) and 636 nm (for ATP) after the reagents were mixed step by step according to the protocol.



Immunofluorescence

Cells were fixed for 5 minutes in 100% methanol, followed by permeabilization for 5 minutes in PBS with 0.1% Triton X-100. Then, the cells were incubated in 10% normal goat serum for 1 h to block nonspecific protein−protein interactions. Then, the cells were incubated with the antibody anti-β-catenin (Abcam, ab32572, 1:250) overnight. Following primary antibody incubation, a secondary antibody (Abcam, ab150079 1 µg/ml) was used to label the cells. Two hours later, 0.1% DAPI was used to stain the nucleus for 15 min. Images were detected by confocal microscopy (Leica, Jena, Germany).



Dual-luciferase reporter gene

M50 Super 8x TOPFlash (VT8105) plasmid and M51 Super 8X FOPFlash (TOPFlash Mutant; VT8196) plasmid were purchased from Ubo Bio. Vector plasmid and M50 Super 8X TOPFlash were cotransfected into SKOV3 cells at a transfection ratio of 10:1, which was used as the control group of TOPFlash. BRPF1 shRNA and M50 Super 8X TOPFlash were cotransfected into SKOV3 cells at a transfection ratio of 10:1, which were used as the BRPF1 knockdown group of TOPFlash. Vector plasmid and M51 Super 8X FOPFlash were cotransfected into SKOV3 cells at a transfection ratio of 10:1, which were used as the control group of FOPFlash. BRPF1 shRNA and M51 Super 8X FOPFlash were cotransfected into SKOV3 cells at a transfection ratio of 10:1, which were used as the BRPF1 knockdown group of FOPFlash. Each group had 3 auxiliary wells. After successful transfection, substrate was added, and luciferase activity was measured..



Western blot

Please refer to our previous article for specific methods (64). In brief, the extracted proteins were collected, denatured, and electrophoresed through a 10% SDS-polyacrylamide gel. The samples were loaded, and electrophoresis was performed for 80 min followed by transfer to PVDF membranes and blocking in 5% skimmed milk at 37°C. After shaking for 2 h, the membranes were incubated with primary antibodies (BRPF1, Abcam, Cat. No. ab282024, 1:500 dilution; beta-actin, Abcam, Cat. No. ab6276, 1:1,000 dilution) at 4°C overnight with shaking. The membranes were then incubated in secondary antibodies (conjugated goat antirabbit IgG; CWBIO, Cat. No. CW0103S, 1:2,000 dilution) at room temperature for 2 h and washed in TBST three times for 15 min. Then, the membranes were incubated in Super Signal ECL-HRP detection reagent (ComWin Biotech) for 1 min followed by exposure to film in a visualizer.



Statistical analysis

All statistical analyses were performed in the R language. All statistical tests were bilateral, and P < 0.05 was considered statistically significant.




Results


Ectopic expression of BRDs in OSC patients

First, we confirmed the expression of these BRDs in OSC tissue samples compared to normal ovary tissue samples based on TCGA and GTEX databases. The results showed that BRDs of subfamily I were decreased in OSC samples (Figure 2A). BRD2 was significantly decreased, but BRD4 was significantly increased in OSC samples in BRD subfamily II (Figure 2B). Both genes of BRD subfamily III were decreased in OSC samples (Figure 2C). The members of BRD subfamily IV, ATAD2B, BRD1, BRPF1, and BRD9, were downregulated, but ATAD2 was increased in OSC tissues (Figure 2D). In BRD subfamily V, the expression levels of SP140L, SP140, SP100, SP110, TRIM24, TRIM66, BAZ2A and BAZ2B were significantly reduced, but TRIM33 expression was markedly enhanced (Figure 2E). KMT2A, a subfamily VI gene, was significantly decreased in OSC samples (Figure 2F). In BRD subfamily VII, TAF1, TAF1L and ZMYND11 were significantly decreased, but ZMYND8 was markedly increased in OSC samples (Figure 2G). The members of BRDs of subfamily VIII, ASH1L, PBRM1 and SMARCA2, were significantly decreased, but SMARCA4 was significantly increased in OSC samples compared to normal tissue samples (Figure 2H). These results indicated that the ectopic expression of BRDs might be involved in the development and progression of OSC.




Figure 2 | BRD mRNA levels in the OSC. The mRNA levels of BRD subfamilies I (A)/II (B)/III (C)/IV (D)/V (E)/VI (F)/VII (G)/VIII (H) in OSC samples and normal ovary samples based on TCGA and GETx databases. ns > 0.05; **p < 0.01; ***p < 0.001.





DNA alterations of BRDs in OSCs

Next, we confirmed the DNA alterations of these BRDs in OSC samples based on the cBioPortal database. These BRDs all have different levels of DNA mutations in OSC samples, such as CECR2 (2.7%), BPTF (4%), KAT2A (1.4%), KAT2B (2.2%), BRD2 (6%), BRD3 (2.6%), BRD4 (17%), BRDT (3%), BAZ1A (2.1%), BAZ1B (4%), BRWD3 (1.9%), PHIP (2.4%), BRWD1 (2.6%), CREBBP (5%), EP300 (2.5%), BRD8 (2.1%), ATAD2 (35%), ATAD2B (3%), BRD1 (12%), BRPF1 (3%), BRPF3 (6%), BRD7 (1.4%), BRD9 (14%), SP140L (1.5%), SP140 (1.9%), SP100 (2.2%), SP110 (1.9%), TRIM24 (11%), TRIM33 (2.4%), TRIM66 (0.7%), BAZ2A (2.6%), BAZ2B (5%), KMT2A (4%), TRIM28 (4%), ZMYND8 (11%), TAF1 (2.6%), TAF1L (1.5%), ZMYND11 (8.8%), ASH1L (11%), PBRM1 (2.2%), SMARCA2 (9%), and SMARCA4 (12%) (Figure 3A). The overall survival analysis showed that the DNA alteration group of these OSC patients had a favorable prognosis compared to the non-DNA alteration group (Figure 3B). Moreover, the types of DNA alterations included amplification, deep deletion, multiple alterations, mutation, and structural variants (Figure 3C).




Figure 3 | BRD DNA alteration levels in the OSC. (A) The DNA alteration levels of BRDs in OSC samples and normal ovary samples based on the cBioPortal database. (B) The overall survival analysis of OSC patients with or without BRD DNA alterations. (C) The types of BRG alterations in OSC samples based on the cBioPortal database. *p < 0.05.





Possible molecular functions of BRDs in OSC

To further elucidate the possible molecular functions of BRDs in OSC progression, we constructed a PPI network for these BRDs based on the STRING database (Figure 4A). Furthermore, we analyzed the correlations among these BRDs in OSC patients based on the TCGA database OSC dataset (Figure 4B). We also found that these BRDs were enriched in covalent chromatin modification, histone modification, internal protein amino acid acetylation, internal peptidyl-lysine acetylation, and histone acetylation for biological progression terms (Figure 4C); in nuclear chromatin, acetyltransferase complex, protein acetyltransferase complex, histone acetyltransferase complex, and SWI/SNF superfamily type complex for cellular component terms (Figure 4D); and in histone binding, modification-dependent protein binding, acetylation-dependent protein binding, lysine-acetylated histone binding, and transcription coactivator activity for molecular function terms (Figure 4E). Moreover, KEGG analysis indicated that these genes were also enriched in viral carcinogenesis, human T-cell leukemia virus 1 infection, the thyroid hormone signaling pathway and the Notch signaling pathway (Figure 4F). We also confirmed each BRDs functions in OSC progression based on LinkedOmics database, which indicated that these BRDs were mostly involved in metabolic process, growth, chromatin binding, molecular transducer activity, and lipid binding (Supplemental Figure 1). These results indicated that these BRDs might collaboratively drive viral carcinogenesis by epigenetic regulation, especially histone acetylation to drive OSC progression..




Figure 4 | The potential molecular functions of BRDs in OSC. (A) PPI network construction for BRDs based on the STRING database. (B) Correlation analysis among the 42 BRGs based on the TCGA database OSC datasets. (C) GO enrichment of BRG genes for BP terms. (D) GO enrichment of BRG genes for CC terms. (E) GO enrichment of BRG genes for MF terms. (F) KEGG enrichment of BRG genes. *p < 0.05; **p < 0.01.





Classification of BRD subtypes in OSC

To further refine the potential role of BRDs in OSC, we used the ConsensusClusterPlus R package to identify OSC patients from the TCGA database into two subtypes based on the 42 BRDs, which classify 234 cases into Cluster 1 and 142 cases into Cluster 2 (Figure 5A). Moreover, the 127 differentially expressed genes (DEGs) from Cluster 1 compared to Cluster 2 are shown in Figures 5B, C. GO and KEGG enrichment analyses indicated that these DEGs were enriched in the thyroid hormone signalling pathway, parathyroid hormone synthesis, secretion and actin, the PI3K-Akt signalling pathway, the Notch signalling pathway, the NOD-like receptor signalling pathway, and lysine degradation for KEGG terms (Figure 5D) and enriched in the type I interferon signalling pathway, transcription initiation from RNA polymerase II promoter, stem cell population maintenance, response to type I interferon, positive regulation of growth, and histone modification (Figure 5E), which indicated that the DEGs might play key roles in OSC progression by driving immune infiltration and stemness maintenance. Therefore, we further confirmed the effects of these DEGs on immune infiltration in OSC patients in different clusters. The results showed that the levels of CD8+ T cells, CD4+ memory-activated T cells, M1 macrophages, and resting mast cells were increased in Cluster 1, but T follicular helper cells and activated myeloid dendritic cells were decreased in Cluster 1 compared to Cluster 2 (Figures 5F, G). The immune checkpoints were decreased in Cluster 1 compared to Cluster 2, including CD274, CTKA4, HAVCR2, LAG3, PDCD1, PDCD1LG2, TIGIT, and SIGLEC15 (Figure 5H). Moreover, stemness analysis indicated that the level of stemness was higher in Cluster 1 than in Cluster 2 (Figure 5I). The drug sensitivity analysis showed that the effect of cisplatin and paclitaxel was significantly sensitivity in Cluster 1 than Cluster 2, but the effect of 5-Fu was more sensitivity in Cluster 2 compared to Cluster 1 (Figure 5J). We also found differential expression of ferroptosis genes, including CDKN1A, HSPA5, EMC2, SLC7A11, NFE2L2, HSPB1, GPX4, FANCD2, CISD1, SLC1A5, TFRC, RPL8, NCOA4, LPCAT3, GLS2, DPP4, CS, CARS1, ATP5MC3, ALOX15, ACSL4 and ATL1, between Cluster 1 and Cluster 2 (Figure 6A). Moreover, we found that the correlation network of these ferroptosis genes in Cluster 1 samples (Figure 6B) was markedly different compared to Cluster 2 samples (Figure 6C). The expression levels of m6A methylation genes, including METTL3, METTL14, WTAP, VIRMA, RBM15, RBM15B, ZC3H13, YTHDC1, YTHDC2, YTHDF3, YTHDF1, YTHDF2, HNRNPC, IGF2BP1, IGF2BP2, IGF2BP3, RBMX, HNRNPA2B1, FTO and ALKBH5, also showed significant differences in Cluster 1 compared to Cluster 2 (Figure 7A). The correlations of these m6A genes were also markedly different in Cluster 1 compared to Cluster 2 (Figures 7B, C). These results indicated that BRDs might drive immune infiltration, stemness maintenance, ferroptosis and m6A methylation to regulate the development and progression of OSC.




Figure 5 | Stratification of OSCs based on the expression of BRDs. (A) Heatmap depicting consensus clustering solution for BRDs based on the TCGA database OSC dataset. (B) Heatmap of DEGs based on Cluster 1 compared to Cluster 2. (C). Volcano plot of DEGs. (D) KEGG enrichment of DEGs. (E) GO enrichment of DEGs. (F) Immune cell expression distribution for Cluster 1 compared to Cluster 2. (G) The percentage abundances of different immune cell types in each sample. (H) Heatmap of immune checkpoint-related gene expression for Cluster 1 and Cluster 2. (I) The stemness score for Cluster 1 and Cluster 2. (J) The drug sensitivity analysis for cisplatin, paclitaxel, and 5-Fu in Cluster 1 and Cluster 2. (G1 is the group of the Cluster 1 for OC patients. G2 is the group of the Cluster 2 for OC patients.) *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.






Figure 6 | Ferroptosis levels in different subgroups of OSC. (A) Heatmap of ferroptosis-related genes in Cluster 1 and Cluster 2. (B) Network construction of ferroptosis-related genes in Cluster 1 samples. (C) Network construction of ferroptosis-related genes in Cluster 2 samples. (G1 is the group of the Cluster 1 for OC patients. G2 is the group of the Cluster 2 for OC patients.) *p < 0.05; **p < 0.01; ***p < 0.001.






Figure 7 | The m6A levels in different subgroups of OSC. (A) Heatmap of m6A-related genes in Cluster 1 and Cluster 2. (B) The network construction of m6A-related genes in Cluster 1 samples. (C) The network construction of m6A-related genes in Cluster 2 samples. (G1 is the group of the Cluster 1 for OC patients. G2 is the group of the Cluster 2 for OC patients.) **p < 0.01; ***p < 0.001.





Identification of the BRD signature in OSC

To further clarify the prognostic significance of BRDs in each OSC patient, we used LASSO regression to construct the risk model (lambda.min=0.0381), and 7 signatures were confirmed. Risk score=(-0.1228)*BRD2+(0.0055)*BRD4+(-0.0525)*PHIP+(0.0277)*BRD1+(0.3124)*BRPF1+(-0.0815)*SP140+(-0.0987)*TRIM24 (Figure 8A, B). The risk score, status, and 7 signature expression profiles of the high- and low-risk groups are shown in Figure 8C. The overall survival analysis suggested that the OSC patients in the high-risk group had an unfavorable prognosis compared to those in the low-risk group (Figure 8D). The AUC values at 1, 3, and 5 years were 0.517, 0.577, and 0.663, respectively (Figure 8E). Moreover, we found that the risk score was significantly and negatively correlated with the levels of B cells and CD8+ T cells but positively correlated with NK cells (Figure 9). Furthermore, Uni-Cox regression indicated that BRPF1 was a significant risk factor for BRD (Figure 10A), while Multi-Cox regression suggested that BRD2, BRPF1, SP140, and TRIM24 were significant BRDs in OSC patient’s OS (Figure 10B). Moreover, Uni-Cox regression indicated that BRPF1 was a significant risk factor for BRD (Figure 10C), while Multi-Cox regression suggested that BRD2, BRPF1, and SP140 were significant BRDs in OSC patient’s DSS (Figure 10D). We further combined the mRNA levels of these BRDs to construct a nomogram to predict the survival probability of patients at 1, 3, and 5 years for OS and DSS. The nomogram suggested that the prognostic prediction of the mRNA level of BRPF1 was better than those of BRD2, SP140, and TRIM24 in OS (Figure 10E), and the BRPF1 mRNA level was also better than BRD2 and SP140 in DSS (Figure 10F). These results indicated that BRDs had significant prognostic value for OSC patients, especially BRPF1.




Figure 8 | Prognostic signature of OSC patients. (A) Prognostic signature construction by LASSO Cox analysis. (B) The lambda is represented in the abscissa, and the coefficients are represented in the ordinate. (C) The risk score, survival time, and signature expression profiles in OSC patients. (D) The overall survival analysis between the high- and low-risk OSC patient groups. (E) ROC curves for survival time in OSC patients.






Figure 9 | The correlations between the Riskscore and different immune cell infiltrations. The associations among the Riskscore and infiltration of different immune cells, including B cells, M1 macrophages, M2 macrophages, monocytes, neutrophils, NK cells, CD4+ T cells, CD8+ T cells, Treg cells, myeloid dendritic cells, and uncharacterized cells.






Figure 10 | Prognostic value of seven expression signatures in OSC. (A) Prognostic values of seven signatures shown by forest plot of hazard ratios by Uni-Cox analysis for OS. (B) Prognostic values of seven signatures shown by forest plot of hazard ratios by Multi-Cox analysis for OS. (C) Prognostic values of seven signatures shown by forest plot of hazard ratios by Uni-Cox analysis for DSS. (D) Prognostic values of seven signatures shown by forest plot of hazard ratios by Multi-Cox analysis for DSS. (E) Nomogram survival prediction chart for predicting OS rates at 1, 3, and 5 years. (F) Nomogram survival prediction chart for predicting DSS rates at 1, 3, and 5 years.





The role of BRPF1 in OSC

To confirm the role of BRPF1 in OSC progression, we used the CPTAC database to confirm BRPF1 protein expression in OSC patients, which indicated that the protein expression of BRPF1 was not significantly changed in OSC samples and normal ovary samples (Figure 11A). We further confirmed the cellular localization of BRPF1 in OSC samples based on the HPA database, which showed that BRPF1 was located in the cell nucleus in normal ovary samples but located in the nucleus and cytoplasm in OSC samples (Figure 11B). These results indicated that cytosolic translocation of BRPF1 might be an important step in carcinogenesis. Moreover, overall survival and disease-specific survival analyses indicated that a high level of BRPF1 could induce a poor prognosis in OSC patients (Figures 11C, D). The GSEA indicated that BRPF1 might have multiple molecular functions, such as immunoregulatory interactions between lymphoid and nonlymphoid cells, HDAC deacetylation of histones, degradation of DVL, the Wnt pathway, and mitochondrial translation (Figure 11E). To further verify the molecular functions of BRPF1 in OSC cells, we used the CCLE database to confirm the expression of BRPF1 in OSC cell lines, and we chose SKOV3 to carry out the experiment (Figure 11F).




Figure 11 | The expression, prognostic value and molecular function prediction of BRPF1 in OSC. (A) The total protein expression of BRPF1 in the CPTAC database. (B) The protein expression and lOSCation of BRPF1 in the HPA database. (C) Overall survival analysis of BRPF1 in OSC. (D) The disease-specific survival analysis of BRPF1 in OSC. (E) GSEA of BRPF1 in OSC tissue samples. (F) The expression of BRPF1 in multiple OSC cell lines based on the CCLE database.



SKOV3 cells were transfected with three BRPF1 shRNAs, and western blotting indicated that BRPF1 shRNA#1 had the strongest inhibitory effect on BRPF1 expression in SKOV3 cells (Figure 12A). MTT analysis indicated that BRPF1 inhibition could suppress the viability of OSC cells (Figure 12B). EdU analysis also showed that BRPF1 knockdown reduced the proliferation ability of OSC cells (Figure 12C). Based on the GSEA results, we further examined the effect of BRPF1 on cell metabolism (Figure 11E). The results indicated that BRPF1 knockdown decreased the consumption of glucose and the production of ATP and lactic acid but increased ROS production in OSC cells (Figures 12D-G). We also detected the effect of BRPF1 inhibition on the Wnt pathway, which indicated that BRPF1 knockdown could inhibit β-catenin nuclear translocation and Wnt pathway activity (Figure 12H, I). These results indicated that BRPF1 could promote cell proliferation, anaerobic metabolism and the Wnt pathway.




Figure 12 | The effect of BRPF1 inhibition in SKOV3 cell lines(A) The effects of BRPF1 shRNA#1/2/3 on SKOV3 cell lines. (B) The effect of BRPF1 knockdown on the viability of SKOV3 cells by MTT assay. (C) The effect of BRPF1 inhibition on SKOV3 cell proliferation by EdU analysis. (D) The effect of BRPF1 inhibition on SKOV3 cell ATP production. (E) The effect of BRPF1 inhibition on SKOV3 cell ROS production. (F) The effect of BRPF1 inhibition on SKOV3 cell glucose consumption. (G) The effect of BRPF1 inhibition on SKOV3 cell lactic acid production. (H) The effect of BRPF1 knockdown on the lOSCation of β-catenin. (I) The effect of BRPF1 knockdown on Wnt pathway activity by a dual-luciferase reporter. *p < 0.05; ***p < 0.001.



Finally, we confirmed the molecular functions of BRPF1 in immune infiltration, which indicated that high expression of BRPF1 was negatively and significantly correlated with the expression of some immune checkpoints, including CD274, CTLA4, HAVCR2, PDCD1LG2 and SIGLEC15, in OSC patients (Figure 13A). Moreover, BRPF1 was positively correlated with naive B cells but negatively correlated with neutrophils (Figures 13B, C). The CNV analysis indicated that the CD8+ T cell infiltration level was significantly decreased in OSC patients with arm-level deletion of BRPF1 (Figure 13D). The expression of BRPF1 significantly and negatively correlated with macrophage (Figure 13E). Moreover, the protein structure analysis indicated that BRPF1 had multiple function domains, such as EPL1, PHD, zf-HC5HC2H, Bromodomain and PWWP domain. The BRPF1 protein modification include phosphorylation, acetylation and methylation, which may regulate the activity of BRPF1 (Figure 13F). Taken together, BRPF1 might influence cancer immune infiltration to regulate OSC development and progression.




Figure 13 | The role of BRPF1 in OC immune infiltration. (A) Immune cell expression distribution for the OC patients with high expression of BRPF1 compared to the OC patients with low expression of BRPF1. (B) The percentage abundances of different immune cell types in each sample. (C) Heatmap of immune checkpoint-related gene expression for the OC patients with high expression of BRPF1 compared to the OC patients with low expression of BRPF1. (D) The CNV analysis between BRPF1 alteration and immune infiltration based on TIMER database. (E) The expression level of BRPF1 and immune infiltration based on TIMER database. (F) The protein secondary structure of BRPF1 and the tertiary structure of BRPF1 protein for exon 1, exons 5-6, and exons 11-13. (G1 is the group of the OC patients with high expression of BRPF1. G2 is the group of the OC patients with low expression of BRPF1.) *p < 0.05; **p < 0.01; ***p < 0.001.






Discussion

In this study, we confirmed the mRNA levels of 42 BRDs in OSC patient samples based on TCGA database. These BRDs were differently dysregulated in OSC tissues. Nowadays, BRDs are regarded as a kind of emerging clinical therapeutic targets, and inhibiting any of BRDs activation or expression can be a small molecule inhibitor as emerging epigenetic therapies for cancer (65). Ectopic expression of these BRDs has been confirmed in different cancer types, including bladder cancer (66), diffuse large B-cell lymphoma (67), colorectal cancer (68), liver cancer (50), gastric cancer (69), cervical cancer (70), and breast cancer (71). We further confirmed the DNA alteration levels of these BRDs in OSC patients based on the cBioPortal database, indicating that BRDs were frequently mutated, especially in amplification in OSC patients. A previous study also found that multiple BRDs were altered in different cancer types, such as cervical cancer (72), esophageal squamous cell carcinoma (73), triple-negative breast cancer (74), and diffuse large B-cell lymphoma (75). These results suggested that dysregulation and alteration of BRDs were involved in the occurrence, development and progression of OSC.

To identify the potential functions of BRDs in OSC progression, we found that these BRDs might synergistically exert pathophysiological effects by PPI network construction and correlation analysis in OSC progression, mediating multiple molecular functions, especially histone acetylation, covalent chromatin modification, and viral carcinogenesis. Takao Fujisawa and his colleagues indicated that BRDs selectively recognize and bind to acetylated histone Lys residues to epigenetically regulate gene transcription, and these BRDs are frequently and obviously dysregulated in cancer progression (4). Zaware N et al. found that BRDs could regulate chromatin-templated gene transcription, DNA replication, repair and recombination by driving protein−protein interactions and promoting carcinogenesis (65). Cai et al. found that BRD1 inhibition could attenuate the function of sulfatide to reduce H3K9/14 acetylation and repress the occupancy of histone acetyltransferase binding to ORC1 (HBO1) and monocytic leukemia zinc finger (MOZ) in the promoter of the integrin αV gene in liver cancer cells, reducing migration and invasion (76). Therefore, these BRDs might synergistically promote OSC carcinogenesis to drive histone acetylation.

To further confirm the role of BRDs in OSC progression, we divided OSC patient samples into two subtypes based on these 42 BRDs. We found that the DEGs in Cluster 1 compared to Cluster 2 were enriched in response to type I interferon, peptidyl lysine modification, histone modification, cellular response to type I interferon and multiple signaling pathways. Moreover, we found that there were significant differences in immune infiltration, stemness maintenance, ferroptosis scores, and m6A levels between the two subgroups. Previous studies have indicated that ferroptosis plays a significant role in regulating immune infiltration in cancer progression (77, 78). Zhao et al. found that NCOA4 could mediate ferroptosis, relying on the coordination of BRD4 and CDK9 (79). Chen et al. also found that BRD4/8/9 were significantly correlated with immune infiltration in hepatocellular carcinoma (80). Zhu and his colleagues found that EP300 mutation could induce antitumor immunity and upregulate TMB in bladder cancer (66). Taken together, these results indicated that BRDs might regulate immune infiltration by driving ferroptosis. Furthermore, Patrycja et al. found a significant correlation between distinct BRDs and stemness maintenance in 27 solid cancer types (81). Hao and his colleagues found that EP300 could induce an increase in ALKBH5 expression to reduce the m6A level of FOXM1 mRNA by upregulating H3K27ac, resulting in enhanced FOXM1 mRNA levels and EMT cascade activation in melanoma (82). Zeng et al. found that EP300 could epigenetically upregulate RBM15 to accelerate clear cell renal cell carcinoma growth, metastasis and macrophage infiltration by driving CXCL11 mRNA m6A modification (83). These results indicated that BRDs might maintain cancer stemness by directly driving histone acetylation and indirectly regulating m6A methylation.

Next, we explored the prognostic value of these BRDs in OSC patients. We constructed a prognostic model by LASSO regression based on 7 BRD signatures (BRD2, BRD4, PHIP, BRD1, BRPF1, SP140, and TRIM24), which divided OSC patients into high- and low-risk groups to identify the BRD-based prognostic signature. Moreover, the risk score was significantly and negatively correlated with the levels of B cells and CD8+ T cells but positively correlated with NK cells, which indicated that the effect of BRDs on OSC prognosis might be attributed to the influence of immune infiltration, especially in B cells, CD8+ T cells, and NK cells. In a previous study, BRD4 was identified as a biomarker for predicting poor prognosis for prostate cancer patients (84, 85). BRD1 was significantly correlated with an unfavorable prognosis in colorectal cancer patients (68). PHIP is regarded as an important biomarker for cutaneous melanoma (86) and breast cancer (87). BRPF1 in urine is considered a potential marker of prostate cancer (88). SP140 might be a biomarker in head and neck squamous cell carcinoma (89). TRIM24 is a possible prognostic marker for prostate cancer (90), head and neck squamous cell carcinomas (91) and breast cancer (92). However, whether these indicators can be used as prognostic markers independently for OSC is still unclear. We further confirmed that BRPF1 had a better prognostic significance than the other 6 signatures by Uni-Cox or Multi-Cox analysis. Our further results suggest that BRPF1 has obvious cytosolic aggregation in OSC tissue samples, which indicated that it might bind directly to cytosolic proteins. GSEA also indicated that BRPF1 might drive Wnt pathway activation, mitochondrial translation and immune infiltration in OSCC. Moreover, we found that BRPF1 knockdown inhibited OSC cell proliferation, cell glycometabolism, and Wnt signalling activation. Shima H and his colleagues found that BRPF1 interacts with MOZ to activate the HOX pathway and promote the progression of acute myeloid leukemia (52). Cheng et al. found that BRPF1 interacts with the MOZ/MORF complex to acetylate H3K14, resulting in E2F2 and EZH2 activation and upregulation to promote liver cancer progression (50). Alberto-Aguilar DR et al. found that the ascites of OSC patients could modulate the fucosylation of BRPF1 to promote OSC development (93). These results suggested that BRPF1, as a highly conserved oncogene, might play equally important oncogenic roles in different cancers. Taken together, these results suggest that BRPF1 inhibition suppresses the nuclear translocation of β-catenin and further inactivates the Wnt pathway in OSC. Moreover, BRPF1 had a significant correlation with immune infiltration, especially in naïve B cells and neutrophils, which indicated that BRPF1 not only promoted metabolic reprogramming and proliferation of OSCs in an epigenetic manner but also affected the progression of OSCs by affecting immune infiltration.



Conclusion

In this study, we confirmed the expression, function, and prognostic significance of 42 BRDs in OSC. Subtype classification also indicated the effects of these BRDs on OSC cell immune infiltration, stemness maintenance, ferroptosis and m6A methylation. Moreover, we found that BRPF1 knockdown could inhibit OSC cell proliferation, glycometabolism, and Wnt pathway activation, indicating that BRPF1 might be a potential therapeutic target and prognostic marker for OSC patients.
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Background

With increased survival in breast cancer, resulting from advances in treatment, patients incur the possibility of subsequent primary malignancies, especially lung cancer. The aim of this study was to assess the frequency of CT-detected pulmonary ground-glass nodules and lung cancer following breast cancer diagnosis, the associations between breast cancer and lung cancer, the pathological features of double primary cancer, and the status of epidermal growth factor receptor (EGFR) mutations in second primary lung cancer.



Methods

Clinical data from more than 9000 individuals who were diagnosed with primary breast cancer at Jiangsu Province Hospital (Jiangsu, China) between January 2008 and December 2021 were retrospectively analyzed.



Results

Of the 9179 patients, 6512 underwent diagnostic CT, 55 (0.8%) were diagnosed with a second primary lung cancer, which accounted for approximately 18.4% of the pulmonary ground-glass nodules (GGNs) detected. The incidence was higher than in the general female population (standardized incidence ratio 1.4 [95% confidence interval (CI): 1.25-1.55]). Patients who experienced a second primary lung cancer exhibited a significantly higher rate of EGFR mutation (78.5%) than those with lung adenocarcinoma alone, with most exhibiting low-grade malignancy, older age, estrogen receptor negativity, low Ki67, and no lymph node metastasis.



Conclusions

Breast cancer patients, especially those with low-grade malignancy, were at high risk for developing primary lung cancer. For isolated GGN in patients with high-risk factors, clinicians should insist on close follow-up. Furthermore, EGFR may play an important role in primary lung adenocarcinomas and breast cancer.
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Introduction

Breast cancer and lung cancer are the two most frequently diagnosed malignancies, have the highest morbidity, and are the leading causes of cancer-related deaths in women worldwide (1). Advances in treatment and improved surgical techniques have extended the lifespan of breast cancer patients. However, with this prolonged survival, the risk of a second primary cancer has also increased. Approximately 10% of breast cancer patients experience another malignancy within 10 years after diagnosis, 5% of which are lung cancers (2, 3).

What also warrants attention is that the number of women with a double primary cancer may also be increased. The most frequently observed second primary cancers in breast cancer patients are hematological tumors, melanomas, and cancers of the digestive tract, female reproductive system, lung, thyroid, ovary, and urinary tract (4–8). Many studies have demonstrated that a second primary cancer is associated with a lower survival rate (9, 10). However, little is known about secondary lung cancers that follow breast cancer. Although several epidemiological studies have investigated lung cancer secondary to breast cancer (11–15), assessed high-risk factors (16–19) for double primary malignancies, and examined the directional associations of estrogen receptor (ER) status (16) in second lung cancers, the clinical characteristics of primary lung cancer following breast cancer have not been comprehensively described. Therefore, this study aimed to evaluate breast cancer patients with a second primary lung cancer to explore the clinicopathological characteristics of primary lung cancer after breast cancer and to analyze the related associations of breast cancer with primary lung cancer, especially the mutation of EGFR in lung cancer, which may provide new insights for more precise treatment of tumors.



Materials and methods


Study population

A review of medical charts at the Jiangsu Province Hospital (Jiangsu, China) revealed 9179 patients with pathologically confirmed breast cancer between January 2008 and December 2021. During this period, 6512 consecutive patients underwent diagnostic chest computed tomography (CT), and ground-glass nodules (GGNs) were detected in 1195. Among them, 403 patients had complete clinical data about clinicopathological characteristics. Retrospective analysis of these patients’ medical records revealed a total of 55 patients with histologically confirmed lung cancer. Clinical information, including pathology and immunohistochemistry of cancer tissues, EGFR status, date of GGN detection, and cancer stage, was collected. All the CT images were evaluated by two senior radiologists retrospectively.



Follow-up

All patients were evaluated at 3- or 4-month intervals by chest CT. CT findings, including lesion size and radiological features, were confirmed by at least two radiologists. Imaging characteristics were visually classified into four subgroups: pure GGN (pGGN), mixed GGN (mGGN), subsolid GGN (ssGGN), and solid GGN (sGGN).



Statistical analysis

Statistical analysis was performed using SPSS version 21.0 (IBM Corporation, Armonk, NY, USA). Measurement data are expressed as mean ± standard deviation, and the t-test was used for comparison between groups. The chi-squared test was used for categorical variables, and Fisher’s exact test was used for data in which more than 20% of cells had expected frequencies < 5. The correlation of breast cancer factors with primary lung cancer was analyzed using logistic regression analysis. The standardized incidence ratio (SIR) of lung cancer in patients with breast cancer was then calculated by dividing the number of observed cases by the number of expected cases in the general Chinese population. P-values < 0.05 were considered to be statistically significant.

The study was approved by the Ethics Committee of the First Affiliated Hospital of Nanjing Medical University. Clinical data were collected from patients after obtaining informed consent.




Results


The incidence of primary lung cancer in patients with primary breast cancer

A total of 9179 patients with breast cancer were eligible for analysis. Considering that only 6512 underwent diagnostic CT, GGNs were detected in 1195 (18.4%), and a definitive diagnosis of lung cancer was made in 55 (0.8%). Based on the incidence of cancer in China in 2015 (20), higher rates of second primary lung cancer occurred among breast cancer patients compared with the general female population (SIR 1.4 [95% CI 1.25–1.55]).



Clinicopathological characteristics of patients with double primary cancers

The clinicopathological characteristics of patients with breast cancer, including age, family history of malignancy, tumor size, histological type, lymph node metastasis, and clinical grade, are summarized in Table 1. Patients who experienced a second primary lung cancer were more likely to be older (p = 0.04). Patients with ER-negative breast cancer (p = 0.01), low Ki67 (p = 0.01), and no lymph node metastasis (p = 0.01) were more likely to develop a second primary lung cancer. There were no statistically significant differences in the other characteristics.


Table 1 | Clinicopathological characteristics of breast cancer patients.



Of the 55 patients, 54 (98.2%) had lung adenocarcinoma and 1 (1.8%) had small cell lung cancer. Among these patients, EGFR status in lung tissue was assessed in 28, with an EGFR mutation rate of 78.5% (n = 22) (Figure 1). We analyzed the relationship between EGFR mutation and breast cancer subtype and found that ER-positive patients were more likely to have EGFR mutations (Table 2A, Figure 2). The progesterone receptor, human epidermal growth factor 2 (HER2), and Ki67 status had no statistically significant correlation with EGFR status (Tables 2B–D).




Figure 1 | Distributions of 22 patients with EGFR mutation in surgically resected ground-glass nodules.




Table 2A | Correlation of EGFR mutation of lung cancer and ER status of breast cancer.




Table 2B | Correlation of EGFR mutation and PR status of breast cancer.




Table 2C | Correlation of EGFR mutation and HER2 status of breast cancer.




Table 2D | Correlation of EGFR mutation and Ki67 expression of breast cancer.






Figure 2 | Relevance of status of EGFR and ER.



We performed immunohistochemistry on 20 lung tumors. All patients were diagnosed as ER-negative, 95% (n = 19) had wild-type anaplastic lymphoma kinase (ALK), and 85% (n = 17) exhibited low Ki67 (< 30%).



CT imaging

Of the 55 patients with primary breast cancer and lung cancer who underwent CT, pGGNs were reported in 54.5% (n = 30), whereas mGGNs were found in 32.7% (n = 18), sGGNs in 10.9% (n = 6), and ssGGN in 1.8% (n = 1). The average tumor size among all patients was 14.2 mm (range, 4–29 mm).

All patients with wild type EGFR (n = 6) exhibited pGGNs. Among patients with EGFR mutations, 7 (31.8%) had pGGNs, 10 (45.5%) had mGGNs, and 5 (22.7%) had sGGNs (Table 3A; p = 0.012).


Table 3A | Correlation of EGFR and type of GGN.



At the first follow-up CT, the majority of patients (63% [n = 34]) exhibited no changes in GGN size. GGN regression at the first follow-up was observed in 1 patient who underwent endocrine therapy. Thirteen patients (46.4%) with EGFR mutation exhibited stable lesions at the first follow-up (Table 3A), but without statistical difference (Table 3B; p = 0.136).


Table 3B | Correlation of EGFR and change in CT imaging of first time to follow up.





Sites and intervals of double primary cancer

Upon initial review of the 55 patients with double primary malignancy, 22 (40%) exhibited tumors on the same side, 32 (58.2%) had contralateral cancer (lung cancer occurring on the side opposite to the breast cancer), and 1 (1.8%) exhibited bilateral breast cancer. As shown in Table 4, the chi-square value was 3.422 (P = 0.064)


Table 4 | Site of spontaneous breast and lung cancer lesions.



The interval from breast cancer surgery to diagnosis of lung cancer ranged from 0–420 months, with a mean of 35 ± 13.0 months. Notably, 50 patients were first diagnosed with breast cancer, 3 had breast cancer and lung cancer discovered at the same time, and only 2 developed lung cancer before breast cancer.




Discussion

Metastasis of breast cancer to the lungs is relatively common in clinical practice (21). Therefore, in breast cancer patients who exhibit pulmonary nodules, lung metastasis is often the first diagnosis considered. However, a certain number of patients with breast cancer and primary lung cancer experience complications of solitary pulmonary nodules. Therefore, it is necessary to understand the frequency of primary lung cancer in breast cancer patients.

To address the deficiency of information regarding the development of a second primary cancer following breast cancer, we retrospectively reviewed data from the Jiangsu Province Hospital to analyze all patients with breast cancer and second primary lung cancer, as well as those with breast cancer diagnosed as a second primary cancer after lung cancer, between 2008 and 2021. Our research provides further evidence demonstrating that the occurrence of lung cancer is closely related to the development of breast cancer, especially lung adenocarcinoma with EGFR mutation. As breast cancer patients live longer, there is an increased possibility of developing subsequent primary lung cancer owing to underlying genetic or other factors (22). An interesting phenomenon in our study was the higher frequency of second lung cancer in patients with low-grade malignancies, which differed from our expectations. Breast cancer patients who were older, had ER-negative cancer, had a low Ki67 index, and displayed no lymph node metastasis exhibited a significantly higher rate of development of a second primary lung cancer. The characteristics of second lung cancer were strikingly similar: 100% were ER-negative, 95% had wild-type ALK, and 85% exhibited low Ki67 (<30%). Further, most patients had stable nodules at the first follow-up. We speculate that low malignancy contributes to longer survival times in cancer patients, and, given that the mean interval of diagnosis of double primary cancers was 35 ± 13.0 months, this was sufficient to permit the development of a second primary lung cancer.

Many previous studies have reported that second primary lung cancer rates are significantly higher in breast cancer patients than in patients with other primary cancers (10, 18, 22), which is consistent with the results of our study. The incidence of secondary primary lung cancer in breast cancer patients may have previously been higher, as there was no pathological diagnosis in the remaining 345 patients with stable GGNs. Chest CT at regular intervals could result in increased detection of pulmonary nodules. Further, the occurrence of stable GGN may be related to common risk factors, including genetics, heredity, hormones, and environmental factors. Previous studies have reported that breast cancer patients who undergo radiotherapy (17, 23), smokers (24), and those treated with chemotherapy (13) have a higher possibility of developing secondary lung cancer.

Nevertheless, the higher risk for developing lung cancer in patients with primary breast cancer cannot be explained merely by regular follow-up. An interesting finding of our study was that the rate of EGFR mutation was as high as 75.6%, which is almost twice that in patients with non-small cell lung cancer without another primary cancer (25). This phenomenon has not been reported in previous studies. These observations suggest that EGFR signaling may play a crucial role in the development of concurrent lung and breast cancers. Several studies have reported that overexpression of EGFR is common in breast cancer patients and is associated with decreased survival (26–29). Moreover, previous reports have indicated that ER signaling plays an important role in primary lung cancer following breast cancer, and that activation of ER signaling occurs through EGFR/HER-1, thus confirming a correlation between ER expression and EGFR mutation (30–35). Patients with an acquired resistance to EGFR antagonists may, therefore, benefit from antiestrogen therapy (14). Moreover, EGFR and HER2 are members of the human epidermal growth factor receptor family, which are type I transmembrane growth factor receptors that activate intracellular signaling pathways and are major determinants of human cancer (36). According to previous studies, overexpression of EGFR is associated with apoptosis, angiogenesis, and formation of tumor vessels. Therefore, EGFR mutation may provide clues of a common etiological pathway between primary lung adenocarcinoma and breast cancer (37, 38).

Patients with a second primary lung cancer were less likely to have pGGNs and more likely to have sGGNs, and those with EGFR mutations exhibited a similar trend (P = 0.05). Analysis of the correlation between CT image patterns and gene mutations demonstrated no statistical significance. Similarly, most of the GGNs had not changed in size at the first follow-up. Unexpectedly, the lesion in one of the patients who underwent endocrine therapy shrunk, consistent with a previous report that breast cancer patients with second primary lung cancers who are treated with antiestrogen therapy exhibit longer cancer-specific survival (14, 34).

There were several limitations to the present study, the first of which was its retrospective, as opposed to prospective, design. Second, random variation and low statistical power resulted from the limited number of patients. Finally, the lack of long-term follow-up prevented us from observing more cancer-related events and assessing cancer-specific survival. The next step is to further follow up the patient, collect more clinical samples, and conduct basic research to explore its underlying mechanisms.



Conclusions

We observed that women diagnosed with breast cancer demonstrated an increased risk of second primary lung cancer. The present study is the first to report a higher rate of EGFR mutations in second primary lung cancer, which may play an important role in the development of double primary breast and lung cancer. This is an interesting clinical finding that can further the exploration of the mechanism behind elevated EGFR expression in patients with primary breast cancer and the mechanism of EGFR expression in lung cancer and breast cancer, paving the way for development of new drugs. Based on the results of the current research, we recommend that breast cancer patients who exhibit high-risk factors be closely followed. EGFR-targeted treatment represents an alternative option for these patients.
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Cervical cancer is a female-specific cancer with relatively high morbidity and mortality. As known to all, immune cell infiltrations in the cancer microenvironment are closely related to the cancer diagnosis and prognosis. Here we revealed that the CD8+ T cell infiltration was significantly upregulated in cervical cancer versus normal cervix uteri samples. Through univariate and multivariate cox analyses, we discovered that the CD8+ T cell infiltration was the only independent beneficial factor for the prognosis of cervical cancer. To explore the genes associated with the CD8+ T cell infiltration in cervical cancer, we performed the WGCNA analysis on the differentially expressed genes (DEGs) of cervical cancer versus normal cervix uteri tissues. As a result, 231 DEGs were found to be associated with CD8+ T cell infiltration in cervical cancer. Subsequently, with the Cytoscape analysis, we identified 105 hub genes out of the 231 DEGs. To further explore the genes that might be responsible for the prognosis of cervical cancer, we performed a univariate cox analysis followed by a LASSO assay on the 105 hub genes and located four genes (IGSF6, TLR10, FCRL3, and IFI30) finally. The four genes could be applied to the prediction of the prognosis of cervical cancer, and relatively higher expression of these four genes predicted a better prognosis. These findings contributed to our understanding of the prognostic values of CD8+ T cell infiltration and its associated genes in cervical cancer and thus might benefit future immune-related therapies.
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Introduction

Cervical cancer, which primarily arises from the cervix, is the fourth most common and death-causing cancer in women worldwide (1). According to recent Global Cancer statistics, there were about 604,000 new cases and 342,000 deaths of cervical cancer in 2020 (2). The incidence and mortality of cervical cancer were both significantly higher in developing countries, which were 7~10 and 18 times exceeding these in developed countries, respectively (2). Human papillomavirus (HPV) is believed to be the primary cause of cervical cancer. Over 90% of squamous cervical cancer were diagnosed to be HPV positive (3). Thus, the application of the HPV vaccine largely constrained the incidence of cervical cancer in developed countries, but not in developing countries due to the limited vaccination rate (4, 5). Conventional therapy approaches against cervical cancer include surgery, radiation, chemotherapy, targeted drug therapy, and immunotherapy (6–9). Besides these, many efforts have been made to apply Chimeric Antigen Receptor T-Cell (CAR-T) immunotherapy to the therapy against cervical cancer (10–12). The overall therapy outcomes are closely associated with therapy strategies designed based on the specific gene profiles of each individual.

Immune cell infiltration in cancer is an indispensable microenvironmental factor that has been widely applied to prognosis prediction and immunotherapy (13–15). The infiltrations of activated B cells, memory effector T cells, eosinophils, and plasmacytoid dendritic cells were shown to be associated with a better prognosis in cervical cancer (16). The composition of immune cell infiltration might even allocate cervical cancer patients into different subtypes that displayed distinct prognostic outcomes, thus implying the importance of immune cell infiltration (17). Moreover, some therapy strategies, for example, neoadjuvant chemotherapy, work at least partially by reprogramming the immune microenvironment of cervical cancer (17). Some genes have been reported to manipulate the immune cell infiltrations in certain cancers and thus serve as prognostic biomarkers, such as TREM2, HSF1, and GIMAP4 (18–20). Nevertheless, the role of activated CD8+ T cells in the prognosis of cervical cancer and the genes that are associated with CD8+ T cells remains uncertain.

In this study, we evaluated the changes in immune cell infiltration of cervical cancer versus normal tissues. We found that the CD8+ T cell infiltration was the only independent beneficial factor for the prognosis of cervical cancer. Four genes (IGSF6, TLR10, FCRL3, and IFI30) were found to be CD8+ T cell infiltration-related genes. The four genes could be applied to the prediction of cervical cancer prognosis.



Materials and methods


General information of datasets

The clinical information and RNA sequencing (RNA-seq) data of the Cervical Squamous Cell Carcinoma and Endocervical Adenocarcinoma (CESC) were downloaded from The Cancer Genome Atlas (TCGA), which included 306 cervical cancer tissues and 3 normal control samples (termed TCGA-CESC cohort). The clinical information of the TCGA-CESC cohort was shown in Table 1. The data of 10 normal cervical tissue samples were downloaded from the Genotype Tissue Expression (GTEx) database. When analyzing the data from TCGA and GTEx together, we directly downloaded a merged expression matrix of these two datasets from the UCSC Xena database instead. The GSE151666 dataset in the Gene Expression Omnibus (GEO) database, which included the RNA-seq data of 68 pre-treatment primary cervical cancer samples, was used as a validation cohort. The expression matrixes retrieved from the TCGA and GTEx databases were in count format, while the expression matrix from the GSE151666 dataset was in FPKM format.


Table 1 | Clinical characteristics of the TCGA-CESC cohort.





RNA-seq data processing and differentially expressed gene determination

Differentially expressed genes (DEGs) were determined by the “DESeq” software. The adjusted P value <= 0.01 and |log2(FoldChange)| > 2 were used as the cutoff criteria. The gene ontology (GO) analysis was performed using the “clusterProfile” package in R (version 4.1.0) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis was performed at The Database for Annotation, Visualization and Integrated Discovery (DAVID) platform (https://david.ncifcrf.gov/). P value < 0.05 was used as the significance threshold. GO results were plotted with the “GOplot” package in R, while KEGG results were plotted using the “ggplot2” package in R.



CIBERSORT analysis

The CIBERSORT analysis was performed to determine immune cell infiltrations as described previously (21). The results of the CIBERSORT analysis included the relative infiltration levels of B cells (naïve B cells, memory B cells, and plasma cells), T cells (CD8+ T cells, naïve CD4 T cells, resting memory CD4+ T cells, activated memory CD4+ T cells, follicular helper T cells, regulatory T cells, and gamma delta T cells), NK cells (resting NK cells and activated NK cells), monocytes, macrophages (M0 macrophages, M1 macrophages, and M2 macrophages), dendritic cells (resting dendritic cells and activated dendritic cells), mast cells (resting mast cells and activated mast cells), eosinophils, neutrophils. P value < 0.05 was used as the significance threshold.



Weighted gene co-expression network analysis (WGCNA)

The DEGs between normal and cervical cancer groups in the TCGA-CESC cohort were subjected to WGCNA, which was performed using the “WGCNA” package in R. We used 0.9 as the cutoff for the scale-free fit index and obtained soft-thresholding power = 2 with the pickSoftThreshold function in the “WGCNA” package. By setting the soft-thresholding power = 2, the DEGs were allocated into 15 modules, which were visualized in a cluster dendrogram. The correlation values and significances between the modules and immune cell infiltrations were calculated and displayed in heatmaps.



Protein-protein interaction analysis

The protein-protein interaction was analyzed in the STRING database (https://cn.string-db.org/) and plotted with the Cytoscape software. The hub genes in the protein-protein interaction network were determined by 12 algorithms in the cytoHubba of Cytoscape, respectively, which were Betweenness, BottleNeck, Closeness, ClusteringCoefficient, Degree, DMNC, EcCentricity, EPC, MCC, MNC, Radiality, and stress. The shared hub genes by all 12 algorithms were considered to be the candidate hub genes, which were determined and plotted with the “UpSetR” package in R.



Univariant and multivariant Cox analysis

To evaluate the clinical significance of cervical cancer infiltrated immune cells, univariant and multivariant Cox analyses were performed with the “coxph” function in the “survival” package. As to the clinical significance of the hub genes determined by the WGCNA and Cytoscape, univariant Cox analysis was performed with the “survival” package in R. P value < 0.05 was used as the cutoff to select significant gene candidates, which were then subjected to the least absolute shrinkage and selection operator (LASSO) analysis. The LASSO analysis was performed using the “glmnet” package in R to further filter the genes that significantly affected the prognosis of cervical cancer.



Receiver Operating Characteristic (ROC) analysis

The expressions of selected genes along with the overall survival data of the TCGA-CESC cohort were used to evaluate the predictive values of these genes in the prognosis of cervical cancer. The ROC curve and areas under the ROC curve (AUC) were generated by the “timeROC” package in R.



Overall survival (OS) analysis

291 patients in the TCGA-CESC cohort, whose OS was larger than zero, were included in the OS analysis. The OS was examined by log-rank and Kaplan-Meier plots. When studying the impacts of target genes on the OS, the patients were equally divided into two groups (i.e. “high” versus “low”) based on their median expressions. The OS curves were plotted with the “survival” and “survminer” packages in R. P value < 0.05 was considered to be significant.



Immunohistochemical staining

Tumor and para-carcinoma tissues of cervical cancer were embedded in paraffin and then sectioned. Immunohistochemical staining was performed using an Immunohistochemistry Kit (Sangon Biotech, Cat# D601037) according to the manufacturer’s instructions. In brief, slides were first dewaxed with xylene and rehydrated with gradient ethanols. Subsequently, the slides were subjected to antigen retrieval with citrate solution in boiling water. The slides were then blocked with bovine serum albumin (BSA) and incubated with primary antibodies overnight. After that, the slides were incubated with HRP-conjugated secondary antibodies and then reacted with the DAB solution in the kit. Finally, the slides were incubated with hematoxylin. The staining results were observed with a Leica DMi8 fluorescence microscope. The antibodies used in this study were as follows: IGSF6 mAb (Santa Cruz, Cat# sc-377053), TLR10 mAb (Santa Cruz, Cat# sc-293300), FCRL3 mAb (Santa Cruz, Cat# sc-365706), IFI30 mAb (Santa Cruz, Cat# sc-393507), and Goat Anti-Mouse HRP secondary antibody (biosharp, Cat# BL001A). The cervical cancer samples used in this study were obtained with written informed consent from patients. Our study was approved by the Ethics Committee of Anhui Normal University.




Results


Identification of immune cell infiltrations in cervical cancer

We downloaded the RNA-seq data of the TCGA-CESC cohort along with normal cervix uteri samples from the GTEx database. To investigate the immune cell infiltrations in normal cervix uteri and cervical cancer, we performed a CIBERSORT analysis on the RNA-seq data. Among the 22 infiltrated immune cell types, activated dendritic cells, resting dendritic cells, M0 and M1 macrophages, resting NK cells, regulatory T cells, follicular helper T cells, activated memory CD4+ T cells, CD8+ T cells, and memory B cells were significantly upregulated, while resting mast cells, M2 macrophages, monocytes, activated NK cells, resting memory CD4+ T cells, and naïve B cells were significantly downregulated. (Figures 1A, B) The infiltrated immune cells were differentially correlated with each other. (Figure 1C) Among these, naïve B cells were positively related to plasma cells but negatively related to memory B cells, implying the diverse B cell trends in cervical cancer. CD8+ T cells were negatively correlated with naïve CD4+ T cells and M0 macrophages but positively correlated with follicular helper T cells.




Figure 1 | Identification of immune cell infiltrations in cervical cancer. To evaluate immune cell infiltrations, we performed a CIBERSORT analysis on the TCGA-CESC cohort along with normal cervix samples from the GTEx. (A) The heatmap of immune cell infiltrations in normal and cervical cancer groups. (B) The relative levels of immune cell infiltrations in normal and cervical cancer groups. (C) The correlation of immune cell infiltrations in normal and cervical cancer groups. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.





CD8+ T cell infiltration was associated with the prognosis of cervical cancer

To determine which immune infiltrations were associated with the prognosis of cervical cancer, we performed both univariant and multivariant Cox regression analyses on the TCGA-CESC cohort. The result of univariant cox analysis suggested that the infiltration of activated NK cells, M0 macrophages, activated mast cells, and neutrophils were hazard factors for the overall survival (OS) of cervical cancer patients, while the CD8+ T cells and M2 macrophages were beneficial factors for the OS. (Figure 2A) Moreover, multivariant cox analysis suggested that the CD8+ T cells and resting dendritic cells were independent beneficial factors affecting the OS of cervical cancer. (Figure 2B) It was worth noting that the infiltration of resting dendritic cells was not a significant factor in the univariant cox analysis (Figure 2A), though it was significant in the multivariant cox analysis (Figure 2B). Thus, we focused on the CD8+ T cell infiltration in subsequent studies. We next plotted the relative levels of the CD8+ T cell infiltration in normal cervix uteri and cervical cancer at different histological stages. The CD8+ T cell infiltration was gradually elevated at stages I and II compared to normal ones but dropped at stages III and IV compared to stage II. (Figure 2C) The mean level of CD8+ T cell infiltration at stages III and IV was significantly lower than that of stages I and II. (Figure 2D) By dividing the TCGA-CESC cohort into two groups based on the level of CD8+ T cell infiltration, we found that the patients with a higher CD8+ T cell infiltration showed a remarkable improvement in their OS (P=0.0024). (Figure 2E) Therefore, the CD8+ T cell infiltration, which was first elevated at the initial stages of cervical cancer and then dropped at later stages, was an independent beneficial factor for the OS of cervical cancer.




Figure 2 | CD8+ T cell infiltration was associated with the prognosis of cervical cancer. (A) Univariant and (B) multivariant Cox regression analyses performed on the infiltrated immune cells in the TCGA CESC cohort. (C) The relative levels of CD8+ T cell infiltrations at different clinical stages of cervical cancer. (D) The relative levels of CD8+ T cell infiltrations at stages III and IV versus stages I and II. (E) The survival curve of cervical cancer patients with high and low levels of CD8+ T cell infiltrations. N, Normal; I, stage I; II, stage II; III, stage III; IV, stage IV; I+II, stage I and II; III+IV, stage III and IV.





The altered DEGs, biological processes, and pathways in cervical cancer

We next studied the differentially expressed genes (DEGs) in cervical cancer compared to normal tissues. We performed a DEG analysis using the “DESeq2” package in R on the merged RNA-seq data of the cervix uteri in the GTEx and the TCGA-CESC cohort. |log2(FoldChange)| > 2 and adjusted P value < 0.01 was used as the cutoff. As a result, we identified 2111 upregulated and 2160 downregulated DEGs. (Figure 3A) We plotted a heatmap on the top altered 50 upregulated and 50 downregulated DEGs. (Figure 3B) Next, we performed gene ontology (GO) analyses on the upregulated and downregulated DEGs, respectively. The GO terms enriched with the upregulated DEGs included leukocyte-mediated immunity, lymphocyte-mediated immunity, positive regulation of leukocyte activation, immune response-regulating signaling pathway, and production of molecular mediator of the immune response. (Figure 3C) As to the downregulated DEGs, the GO terms included collagen-containing extracellular matrix, regulation of ion transmembrane transport, cell-cell adhesion via plasma-membrane adhesion molecules, cell-cell junction, and ion channel activity. (Figure 3D) KEGG analysis suggested that the cytokine/chemokine-involved pathways, JAK-STAT signaling, and cell cycle were promoted, while cell adhesion, PI3K-AKT, calcium, cAMP, etc. related pathways were repressed. (Figure 3E)




Figure 3 | The altered DEGs, biological processes, and pathways in cervical cancer. We analyzed the DEGs between cervical cancer and normal tissues and then performed GO and KEGG analyses on these DEGs. (A) The volcano plot of DEGs. (B) The heatmap of the top 50 upregulated and downregulated DEGs. (C) The upregulated GO terms and their associated DEGs. (D) The downregulated GO terms and their associated DEGs. (E) The altered KEGG pathways.





Identification of four genes that were involved in the CD8+ T cell infiltration in cervical cancer

Subsequently, we determined the CD8+ T cell infiltration-associated DEGs using the weighted gene co-expression network analysis (WGCNA). We used 0.9 as the cutoff for the scale-free fit index and chose soft-thresholding power = 2 for the WGCNA. (Figure 4A) All DEGs were classified into 15 modules and assigned different colors. The DEGs in grey color were the genes excluded from all the modules. (Figure 4B) We performed correlation assays on the modules and immune cell infiltrations in cervical cancer. Among all modules, module brown (MEbrown) exerted the highest correlation value (0.4) with the CD8+ T cell infiltration (P=2E-13). (Figure 4C) When we performed the hierarch clustering on the CD8+ T cell infiltration and all WGCNA modules, we found that the CD8+ T cell stayed the closest to the MEbrown module. (Figure 4D) These results implied that the 231 DEGs in the MEbrown might be associated with the CD8+ T cell infiltration in cervical cancer.




Figure 4 | Identification of four genes that were involved in CD8+ T cell infiltration in cervical cancer. We performed WGCNA on the DEGs in cervical cancer versus normal tissues. (A) Soft-thresholding power decision using 0.9 as the cutoff for the scale-free fit index in WGCNA. (B) The cluster dendrogram of WGCNA. (C) The correlations between all immune infiltrations and different modules in WGCNA. (D) The hierarch clustering on the CD8+ T cell infiltration and all WGCNA modules.



Next, we performed a Protein-Protein Interaction network assay on the 231 DEGs in the WGCNA MEbrown module. (Figure 5A) We determined hub genes using 12 different algorithms, which were Betweenness, stress, ClusteringCoefficient, DMNC, BottleNeck, Closeness, Degree, EcCentricity, EPC, MCC, MNC, and Radiality. Collectively, there were 105 hub genes shared by all the 12 algorithms, which were focused on in subsequent studies. (Figure 5B)




Figure 5 | Identification of hub genes in the CD8+ T cell infiltration-related MEbrown module (A) The Protein-Protein Interaction of the DEGs belonging to the MEbrown module in WGCNA. The network was generated by the Cytoscape software. (B) The shared hubs genes determined by 12 different algorithms, which were Betweenness, stress, ClusteringCoefficient, DMNC, BottleNeck, Closeness, Degree, EcCentricity, EPC, MCC, MNC, and Radiality.



We performed a univariant Cox analysis to test the association between the 105 hub genes and the OS of cervical cancer. As a result, 18 genes significantly affected the cervical cancer prognosis. (Figure 6A) To further refine the genes, we performed LASSO analysis on these 18 candidate genes and finally got 4 genes, which were IGSF6, TLR10, FCRL3, and IFI30. (Figures 6B, C)




Figure 6 | Identification of key hub genes significantly associated with the prognosis of cervical cancer. (A) We identified 18 hub genes that significantly affected the cervical cancer prognosis using univariant Cox analysis. (B, C) we performed LASSO analysis on the 18 candidate genes and finally got 4 genes, which were IGSF6, TLR10, FCRL3, and IFI30.





The four CD8+ T cell-related genes were upregulated in cervical cancer and associated with prognosis

The four genes derived from the LASSO test (Figures 6B, C) were all upregulated in cervical cancer. (Figure 7A) They were closely and positively correlated with the CD8+ T cell infiltration. (Figure 7B) Except for TLR10, high expressions of these genes all predicted a better OS. (Figures 7C–F) To validate the immune infiltration pattern, the expressions of IGSF6, TLR10, FCRL3, and IFI30, and the correlation between them, we downloaded the GSE151666 dataset from the GEO database as a validation cohort, which included 68 cervical cancer patients. GTEx normal cervix uteri samples were used as a control. Consistently, the expressions of IGSF6, TLR10, FCRL3, and IFI30 were upregulated in cervical cancer in the validation cohort. (Figure 8A) By CIBERSORT analysis, naïve B cells, CD8+ T cells, regulatory T cells, activated dendritic cells, activated mast cells, and eosinophils were significantly upregulated, while M2 macrophages and resting mast cells were downregulated. (Figure 8B) The four factors also showed close and positive correlations with the CD8+ T cell infiltration. (Figure 8C) To validate the expressions of IGSF6, TLR10, FCRL3, and IFI30 in cervical cancer, we performed immunohistochemistry against these genes, respectively. In line with the results from the transcriptomics, we identified stronger expressions of IGSF6, TLR10, FCRL3, and IFI30 in cervical cancer tissues compared to normal tissues. (Figure 9)




Figure 7 | The four CD8+ T cell-related genes were upregulated in cervical cancer and associated with prognosis. (A) The heatmap of the relative levels of IGSF6, TLR10, FCRL3, and IFI30 in normal and cervical cancer tissues. (B) The correlations of IGSF6, TLR10, FCRL3, IFI30, and CD8+ T cell infiltration. The overall survival curves of (C) IGSF6, (D) TLR10, (E) FCRL3, and (F) IFI30 in cervical cancer.






Figure 8 | Validation of immune cell infiltrations and gene profile in the validation cohort. (A) The heatmap of the relative levels of IGSF6, TLR10, FCRL3, and IFI30 in normal and cervical cancer tissues in the validation cohort. (B) The relative levels of immune cell infiltrations in normal and cervical cancer groups in the validation cohort. (C) The correlations of IGSF6, TLR10, FCRL3, IFI30, and CD8+ T cell infiltration in the validation cohort. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.






Figure 9 | Immunohistochemistry to detect the four CD8+ T cell-related genes in cervical cancer and adjacent normal tissues.





The four CD8+ T cell-related genes could be a predictive factor for the prognosis of cervical cancer

As the expressions of IGSF6, TLR10, FCRL3, and IFI30 were all upregulated in cervical cancer and the higher expressions of IGSF6, FCRL3, and IFI30 predicted better prognosis, we asked if the combination of these four genes was associated with the risks of cervical cancer. We first performed cox analysis on the TCGA-CESC cohort and equally divided the patients using the cutoff of -0.01 for the risk scores. (Figure 10A) Agreeing with this, the high-risk group included a relatively higher number of deaths, while the low-risk group displayed a relatively longer survival time. (Figure 10B) The expressions of all these four factors were remarkably lower in the high-risk group. (Figure 10C) To evaluate the predictive value in the prognosis of cervical cancer, we performed a ROC analysis with the expressions of these four factors in the TCGA-CESC cohort. The AUCs for 1, 3, 5, -year ROC curve were 0.757, 0.684, and 0.622, respectively. (Figure 10D)




Figure 10 | The four CD8+ T cell-related genes could be a predictive factor for the prognosis of cervical cancer. (A) We first performed a cox analysis on the CESC-TCGA cohort and equally divided the patients into low- and high-risk groups using the cutoff of -0.01 for the risk score. (B) The distributions of survival time of patients in the low- and high-risk groups. (C) The heatmap of the relative levels of IGSF6, TLR10, FCRL3, and IFI30 in the low- and high-risk groups. (D) The ROC curves showing the predictive value of the combinations of IGSF6, TLR10, FCRL3, and IFI30 in the prognosis of cervical cancer.






Discussion

Cervical cancer is among the top threats to the health and lives of females. Immune cell infiltrations in the cancer microenvironment have been proven to be an important factor in both diagnosis and prognosis prediction. In this study, we found that the CD8+ T cell infiltration was significantly upregulated in cervical cancer versus normal cervix uteri samples. Through univariate and multivariate cox analyses, we confirmed that the CD8+ T cell infiltration was an independent beneficial factor for the prognosis of cervical cancer. Next, we performed WGCNA on the DEGs of cervical cancer and identified the hub genes using the Cytoscape software, which might be associated with the CD8+ T cell infiltration. Subsequently, we performed univariate cox and LASSO analyses on the hub genes and got four genes (IGSF6, TLR10, FCRL3, and IFI30) finally. The four genes could be applied to the prediction of the prognosis of cervical cancer, and the higher expression of the four genes suggested lower risks for cervical cancer patients.

Immune cell infiltrations in cancer serve as a crucial tumor microenvironment factor that mediates tumor metabolism, immunotherapy outcome, and cancer prognosis prediction (13–15). Although the infiltration of activated B cells, memory effector T cells, eosinophils, and plasmacytoid dendritic cells have been reported to be associated with a better prognosis of cervical cancer (16), the effect of CD8+ T cell infiltration in cervical cancer was previously uncertain. We here discovered that the CD8+ T cell infiltration was significantly upregulated in cervical cancer compared to normal cervix uteri tissues in both the TCGA-CESC and GSE151666 cohorts. With univariate and multivariate cox analyses, we found that the CD8+ T cell infiltration was an independent beneficial factor for the prognosis of cervical cancer. These results suggested that the CD8+ T cell infiltration was evoked upon the occurrence of cervical cancer and served a protective role aimed at eliminating such tumor cells, which agreed with its role in cellular immunity. We determined the CD8+ T cell infiltration in cervical cancer at different histological stages. We found that the CD8+ T cell infiltration was truly upregulated at the early stages (I&II) of cervical cancer compared to normal tissues but significantly decreased at late stages (III&IV). It should be noted that although the CD8+ T cell infiltration level was elevated at early stages, these CD8+ T cells could not properly target tumor cells due to the immunosuppressive microenvironment within tumors. This also implied that the therapy against the immunosuppressive microenvironment at the early stages of cervical cancer might achieve better outcomes. As to the level decrease of the CD8+ T cell infiltration at late stages, a possible reason was that the overall immune system in the body was debilitated.

We also analyzed the DEGs in cervical cancer versus normal cervix uteri tissues. As a result, we identified 2111 upregulated and 2160 downregulated DEGs. We performed GO analyses on the upregulated and downregulated DEGs, respectively. In line with the immune cell infiltration analysis, the processes, such as leukocyte-mediated immunity, lymphocyte-mediated immunity, positive regulation of leukocyte activation, immune response-regulating signaling pathway, and production of molecular mediator of the immune response, were enriched in the upregulated DEGs. Likewise, the cytokine/chemokine-involved pathways were enriched in the KEGG pathway analysis of the upregulated DEGs. These results suggested that the upregulated DEGs in cervical cancer were involved in the regulation of immune cell infiltration, implying a necessity of revealing immune infiltration-related DEGs.

WGCNA is a powerful tool to locate candidate gene clusters (modules) that were related to external sample traits, for example, immune cell infiltrations here (22). We here adopted WGCNA to search for the genes that might be responsible for the CD8+ T cell infiltration changes in cervical cancer. As a result, we found that the 231 genes belonging to the brown module showed the highest correlation with the CD8+ T cell infiltration. To further filter the genes, we performed a protein-protein interaction analysis using the Cytoscape. By exploring hub genes using 12 different algorithms, we got 105 candidate hub genes. We next tested if these candidate hub genes were associated with the prognosis of cervical cancer. By univariant Cox and LASSO analyses, we finally got 4 genes (IGSF6, TLR10, FCRL3, and IFI30) that were closely correlated with both the CD8+ T cell infiltration and the prognosis of cervical cancer. The identification of diagnostic and prognostic biomarkers has brought significant advances to the clinical treatments of certain cancer types, for example, pancreatic ductal adenocarcinoma (PDAC). Currently discovered diagnostic biomarkers of PDAC include glycoproteins (23, 24), microRNAs (25), circulating tumor DNA, circulating tumor cells (26), and metabolomics (27). Some biomarkers have also been applied into guiding drug usage. For instance, the expression of human ENT1 was revealed as an important predictor for the responses to gemcitabine, a chemotherapy drug, in PDAC (28). Given more than 90% of PDAC patients retained KRAS mutations, people have made attempts to use KRAS mutations as the biomarkers for the determination of using KRAS-target antibody drugs (29). Based on these facts, we thought that the discovery of the 4 novel genes (IGSF6, TLR10, FCRL3, and IFI30) in cervical cancer might shed light on the clinical treatments of cervical cancer as well.

IGSF6 was reported to be involved in the immune regulations of atherosclerosis (30) and inflammatory bowel disease (31). TLR10 is the only member of Toll-like receptors that exerts anti-inflammatory function. TLR10 could compete for the binding of stimulatory TLRs with other TLRs and activate PI3K/Akt pathway to express IL-1Ra (32). A recent study showed that TLR10 was upregulated, thus promoting immune infiltration in breast cancer, and played an important role in tumor development (33). FCRL3 was documented to be involved in many autoimmune diseases (34). FCRL3 was able to promote IL-10 expression through the MAPK pathway in B cells (35). Meanwhile, FCRL3 contributed to the activation of B cells, while suppressing the differentiation of plasma cells (36). IFI30 has been known as a prognosis factor for many cancers, such as glioma (37, 38) and breast cancer (39). GILT, the protein encoded by IFI30, was shown to enhance the T cells mediated immune surveillance against tumor cells, implying its druggable potential in tumor therapy (40). Despite the known roles of the above four genes in regulating immune processes, the detailed mechanism of how the four genes manipulated the CD8+ T cell infiltration warrants further investigation. Apart from this, an intriguing notion is that the four genes (IGSF6, TLR10, FCRL3, and IFI30) were also upregulated in cervical cancer compared to normal tissues (Figures 7A, 8A), while their high expressions predicted better prognosis (Figures 7C–F, 9A–C). The profiles of the four genes highly resemble the CD8+ T cell infiltration, which agreed with their correlation tests (Figures 7B, 8C). A possible explanation was that these genes were also evoked upon tumorigenesis and cooperated with CD8+ T cell infiltration, aiming at eliminating the tumor cells within the body. Under the circumstance in which the expressions of these four genes were relatively lower, the prognosis would be worse. The combination of the four genes could serve as the prediction tool for the prognosis of cervical cancer.
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Background

Uterine corpus endometrial carcinoma (UCEC) is the third most common gynecologic malignancy. Fatty acid metabolism (FAM) is an essential metabolic process in the immune microenvironment that occurs reprogramming in the presence of tumor signaling and nutrient competition. This study aimed to identify the fatty acid metabolism-related genes (FAMGs) to develop a risk signature for predicting UCEC.



Methods

The differentially expressed FAMGs between UCEC samples and controls from TCGA database were discovered. A prognostic signature was then constructed by univariate, least absolute shrinkage and selection operator (LASSO) and multivariate Cox regression analyses. Based on the median risk score, UCEC samples were categorized into high- and low-FAMGs groups. Kaplan-Meier (K-M) curve was applied to determine patients’ overall survival (OS). The independent prognostic value was assessed by uni- and multivariate analyses. The associations between the risk score and immune status, immune score, and drug resistance were evaluated. Quantitative Real-time PCR (qRT-PCR) was utilized to confirm FAMGs expression levels in UCEC cells.



Results

We built a 10-FAMGs prognostic signature and examined the gene mutation and copy number variations (CNV). Patients with a high-FAMGs had a worse prognosis compared to low-FAMGs patients in TCGA train and test sets. We demonstrated that FAMGs-based risk signature was a significant independent prognostic predictor of UCEC. A nomogram was also created incorporating this risk model and clinicopathological features, with high prognostic performance for UCEC. The immune status of each group was varied, and immune score was higher in a low-FAMGs group. HLA-related genes such as DRB1, DMA, DMB, and DQB2 had higher expression levels in the low-FAMGs group. Meanwhile, high-FAMGs patients were likely to response more strongly to the targeted drugs Bortezomib, Foretinib and Gefitinib. The qRT-PCR evidence further verified the significant expression of FAMGs in this signature.



Conclusions

A FAMGs-based risk signature might be considered as an independent prognostic indicator to predict UCEC prognosis, evaluate immune status and provide a new direction for therapeutic strategies.





Keywords: uterine corpus endometrial carcinoma, fatty acid metabolism, risk signature, immune status, prognosis



Introduction

Uterine corpus endometrial carcinoma (UCEC), a frequent gynecological malignant tumor, has been rapidly increasing in recent years. According to the 2022 cancer statistics, there were an estimated 65,950 cases and 12,550 deaths from uterine corpus cancer in United State (1). In China, it is estimated that the number of new cases was 84,520, and deaths were 17,543 of UCEC in young women (2). It, therefore, remains a major public health issue around the world. Despite surgery, chemotherapy, radiotherapy and brachytherapy currently employed to UCEC intervention, there are still considerable numbers of women with more aggressive lesions whose prognosis is dismal (3). A reliable prognosis assessment is the foundation of effective therapy. However, the present predictive system based on clinical, pathological, imaging, and biological features are insufficient to interpret the progressive and prognostic heterogeneity of UCEC (4). Consequently, exploring effective biomarkers to identify individuals with a high risk of recurrence is helpful for precise therapy.

Tumor growth is deeply reliant on the tumor microenvironment (TME), which is characterized by hypoxia, acidity, and nutrition deprivation because tumor cell proliferation is faster than angiogenesis (5). Consequently, tumor cells displayed distinctive metabolic properties from normal cells to handle a variety of adverse situations via a metabolic reprogramming process that supports their growth and survival once the carcinogenic signal is blocked (6). lipid metabolism is one of three primary energy metabolisms of cells, of which fatty acid metabolism (FAM) is a critical metabolic pathway and plays an important role in cancer pathophysiology (7). Specifically, the fatty acid in particular aids cancer cells in not only maintaining membrane biosynthesis but also supplying a major energy source during metabolic pressure. The FAM pattern tends to be different among various cells and tissues. Previous studies have shown that certain expression patterns of fatty acid metabolism-related genes (FAMGs) were connected with proliferation, prognosis, and immunity of glioma, colorectal cancer, or breast cancer (8–11). However, the pattern of FAMGs in UCEC has not been explored.

As bioinformatic technology develops, numerous approaches have been employed to define meaningful biomarkers (12, 13). In this study, the potential value of FAM in UCEC samples obtained from TCGA database was evaluated by using bioinformatics. We analyzed the differential expression of FAMGs, and selected genes strongly correlated with UCEC prognosis to develop a FAMGs-based risk signature. A scoring system was created to evaluate the probability of survival, as well as immune status and drug sensitivity of UCEC. This risk model offered a novel insight on UCEC prognosis and therapeutic options.



Materials and methods


Data sources

A total of 539 UCEC and 35 normal endometrial cases were retrieved from TCGA database (https://portal.gdc.cancer.gov/). Patients were allocated to TCGA training or test cohort in a 1:1 ratio at random. FAM gene sets, including KEGG FAM pathways, Hallmark FAM genes, and Reactome FAM genes, were acquired from the MSigDB v7.4. A total of 309 FAMGs were finally ascertained after removing the overlapping genes (14).



Construction and verification of a prognostic signature

The DEGs linked to FAM between UCEC, and normal tissues were screened by R “limma” package (15), with |logFC|>0 and FDR-adjusted P<0.05. Upon these FAM-DEGs, the overall survival (OS) related genes with P< 0.05 were selected by using a univariate cox analysis. Then, candidate FAMGs were confirmed by using the least absolute shrinkage and selection operator (LASSO) and multivariate cox regression analysis via R “glmnet” packages (16).

The risk score is computed by using this formula:  , where Genei denotes the expression level of gene i and coefi denote the regression coefficient of gene i. Based on median risk score, UCEC patients were divided into a low- or high-FAMGs group in TCGA training or test set. The log-rank test was utilized to compare the difference in survival status between two groups via R “rms” package. Kaplan-Meier (K-M) analysis of OS or PFS was performed via R “survival” package. To reflect the predictive power of risk model, we plotted the time-dependent receiver operating characteristic (ROC) curve and area under the curve (AUC) for 1-year, 3-year, and 5-year OS via R “timeROC” package (17).

Gene Ontology (GO) (18) and Kyoto Encyclopedia of Genes and Genomes (KEGG) (19) functional enrichment analysis of FAMGs in UCEC were conducted by R “ClusterProfiler” package, where P< 0.05 indicates a statistical difference.



Establishment of a FAMGs-related nomogram

To verify the independence of the FAMGs‐based risk signature, we ran uni- and multivariate cox analyses on risk score and other clinical factors. Then, using the above variables, we established a FAMGs-related clinicopathologic nomogram via R “rms”, “nomogramEx”, and “regplot” packages (20). Then, ROC and calibration curves were utilized to examine the accuracy and discrimination of the nomogram.



Assessment of immune status and drug sensitivity

The association between tumor immune microenvironment (TIME) and this prognostic signature was further assessed. The single-sample gene-set enrichment analysis (ssGSEA) was utilized to quantify the immune activity in high- and low-FAMGs groups. Tumor Immune Dysfunction and Exclusion (TIDE) algorithm was conducted to evaluate the tumor immune escape in two groups based on FAMGs. ESTIMATE algorithm was used to determine the TME score via R software. The expressions of HLA-genes between high- and low-FAMGs group were further compared. To investigate differences in therapeutic effects of small-molecule drugs between two groups, we calculated the half-maximal inhibitory concentration (IC50) values of drugs commonly for UCEC treatment via R “pRRophetic” package [21fron].



Cell culture and qRT-PCR

Human endometriosis cell line hEM15A and UCEC cell ANC3A were cultured in DMEM with 10% FBS in a 5% CO2 incubator at 37°C. Total RNA was extracted by utilizing Trizol reagent (Invitrogen, USA), then cDNAs were generated with a HiScript Synthesis kit (Vazyme, China). Quantitative real-time PCR (qRT-PCR) was completed by utilizing the Fast SYBR Green Master Mix (Roche, USA) on a StepOnePlus Real-Time PCR system (Applied Biosystems, USA). Primer sequences in our work are described in Table S1.




Results


Landscape of FAMGs expression in UCEC

There are 554 UCEC and 35 normal samples retrieved from TCGA dataset. Differentially expressed FAMGs between tumor and normal were presented in a heat map (Figure 1A). The volcanic diagram displayed 100 up-regulated FAMGs and 106 down-regulated FAMGs (Figure 1B). Principal component analysis (PCA) was applied to evaluate sample heterogeneity, and the results showed a significant difference (Figure 1C). We also included more normal samples from GTEx database (n=78) to verify this difference (Figure S1). 131 up-regulated FAMGs and 103 down-regulated FAMGs were found. Most of the different FAMGs overlapped. These suggested that FAMGs might have a potential ability to differentiate normal patients from UCEC.




Figure 1 | Landscape of FAMGs expressions in UCEC and normal endometrial tissues. (A) Heatmap for 309 FAMGs in TCGA cohort. (B) Volcano plot for different expressions of FAMGs. (C) PCA analysis for FAMGs to distinguish tumors (n = 554) from normal samples (n = 35). FAMGs fatty acid metabolism-related genes. UCEC: Uterine corpus endometrial carcinoma. PCA: principal component analysis.





Identification of prognostic FAMGs and genomic variance analysis

Firstly, 206 differentially expressed FAMGs were subjected to univariate Cox analysis, and 28 prognosis-related genes were identified with a P< 0.05 (Figure 2A). Next, LASSO and multiple Cox analyses were utilized to shrink the range of FAMGs. At last, 10 FAMGs including upregulated PECR, OLAH, ACOT11, ACAT2, NUDT19, PTGIS, and downregulated GPX1, ADH5, PTGR1, ACADS were identified for prognostic risk model (Figures 2B, C).




Figure 2 | Identification of prognostic FAMGs and their characteristic analysis. (A) Forrest plot of 28 FAMGs related with prognosis by univariate regression analysis. (B) LASSO regression analysis. (C) Partial likelihood deviance for LASSO regression. (D) Profiles of genetic mutation in UCEC patients. (E) CNV alteration of FAMGs on chromosomes. (F) Frequencies of CNV gain, loss, and non-CNV among FAMGs. FAMGs: fatty acid metabolism-related genes. LASSO: least absolute shrinkage and selection operator. UCEC: Uterine corpus endometrial carcinoma. CNV: copy number variation. .



The incidence of somatic mutation of FAMGs in UCEC patients was calculated from TCGA cohort. There are 64/518 (12.36%) UCEC patients who experienced mutations of these 10 FAMGs, with a frequency from 0 to 3% (Figure 2D). Among them, ACOT11, ACADS, PECR, PTGR1, PTGIS, OLAH had 3% mutation frequency, followed by ACAT2, ADH5, NUDT19, while GPX1 did not have any mutations. Next, we investigated the CNV of FAMGs and found its prevalence in these 10 FAMGs. The location of CNV changes of the FAMGs on each of their respective chromosomes was shown in Figure 2E. Among them, NUDT19, PTGIS, ACOT11, OLAH, PTGR1, and ADH5 exhibited widespread CNV gain, while GPX1, ACADS ACAT2, and PECR had CNV loss (Figure 2F).



Construction and validation of FAMGs-based risk signature

Based on FAMGs median risk score, UCEC patients were categorized into high- and low-FAMGs groups in TCGA training cohort, test cohort and total cohort (Figures 3A). The proportion of alive patients in high-FAMGs group was less than that of low-FAMGs patients among these datasets (Figure 3B). The distribution of these 10 FAMGs expression levels UCEC patients was shown in a heatmap (Figure 3C). K-M curve revealed that low-FAMGs patients’ OS was considerably longer than high-FAMGs patients among these cohorts (Figure 3D), as did their PFS time (Figure S2).




Figure 3 | Construction and validation of FAMGs-based risk signature in TCGA train set, test set and total set. (A) Distribution of risk score in high- and low- FAMGs groups. (B) Dot pot of survival status with increasing risk score. (C) Heat map of FAMGs expressions in two groups. (D) K-M curve for patients’ OS. FAMGs: fatty acid metabolism-related genes. K-M: Kaplan-Meier. OS: overall survival.





Functional annotation

Further, we identified 835 differentially expressed genes between high- and low-FAMGs groups. To examine the possible biological properties in UCEC, we conducted a functional enrichment analysis of these genes. GO analysis showed that signaling receptor activator activity, tubulin binding, tubulin binding and fatty acid synthase activity were significantly enriched in biological processes (Figure S3A). KEGG revealed the enrichment in microtubule-based movement, cilium assembly, cilium movement and pattern specification process (Figure S3B).



Independent prognostic value of FAMGs-based risk signature

To elucidate whether FAMGs-based risk signature is an independent prognostic indicator for UCEC, uni- and multivariate Cox analyses were carried out in TCGA total set. As shown in Figure 4A, age (P = 0.021), histological type (P< 0.001), stage (P< 0.001), grade (P< 0.001), and risk score (P = 0.024) had significant correlation with OS. Multivariate Cox analysis (Figure 4B) showed that age (P = 0.013), stage (P< 0.001), grade (P = 0.007) and menopause status (P = 0.026) and risk score (P = 0.042) were related to OS. We then performed a time-dependent ROC curve to test this risk model’s predicting ability and accuracy (Figure 4C). The result showed that AUC of the 1‐, 3‐, or 5‐year OS was 0.740, 0.761, 0.778, respectively. Importantly, the AUC value for this risk model was 0.740, which was higher than that for the age (0.568), histological type (0.560), and stage (0.719) (Figure 4D). These results indicated that our FAMGs-based risk signature exhibited a great independent predictive value in UCEC.




Figure 4 | Independent prognostic value of risk score and a nomogram construction. (A) Univariate Cox analysis of risk score and clinicopathologic parameters. (B) Multivariate Cox analysis. (C) ROC curve of risk score for 1-, 3- and 5- years’ OS. (D) ROC curves of risk score, age, histological type, stage, grade, menopause status. (E) A Nomogram consisting of risk score, age, grade, stage, histological type, and menopause status. (F) Calibration curves for patients’ OS at 1, 2, and 3 years. (G) ROC curves for the nomogram and clinicopathologic factors. ROC: receiver operating characteristic. OS: overall survival.





Establishment of FAMGs-related nomogram

A nomogram integrating the risk model, age, grade, stage, histological type, and menopause status was created to predict UCEC patients’ OS (Figure 4E). By summing the point for each prognostic factor, a total point was generated for each patient, and higher total points meant a worse outcome. The calibration plot showed a close agreement with the ideal model, demonstrating the nomogram’s perfect stability and discrimination (Figure 4F). ROC curve showed that this nomogram (AUC = 0.854) had a superior predictive ability than a separate parameter, such as age (AUC = 0.600), stage (AUC = 0.747), or risk model (AUC = 0.779) (Figure 4G).



Prognostic power of FAMGs in UCEC patients

We examined the prognostic power of FAMGs-based risk signature for UCEC patients under different clinicopathological factors, including age, grade, histological type, menopause status and stage. K-M analysis for each subgroup revealed that low-FAMGs patients have longer OS than high-FAMGs patients, no matter their age, grade, and stage, as is the same situation in patients with EAC or post-menopause (Figure 5). These suggested that FAMGs-based risk signature has strong predictive power in most populations with different clinical features.




Figure 5 | Prognostic power in different clinical subgroups. K-M curve analyses for patient subgroups, including (A) age, (B) grade, (C) histological type, (D) menopause, (E) stage. K-M: Kaplan-Meier.





Analysis of immune microenvironment

We further evaluate the relationship between TIME and this prognostic signature. Immune status of low- and high-FAMGs patients revealed some degree of heterogeneity (Figure 6A). In addition, high-FAMGs group had a lower TIDE score compared with low-FAMGs group (Figure 6B). Regarding the TME score, high-FAMGs patients had lower immune scores, and ESTIMATE score than low-FAMGs patients, but no significant difference in Stromal score between two groups (Figure 6C). Furthermore, we observed that high-TMB (tumor mutational burden) was linked to a better OS (P< 0.001, Figure 6D). We then combined FAMGs with TMB to divide patients into high-TMB/low-risk, low-TMB/low-risk, high-TMB/high-risk, and low-TMB/high-risk groups. As seen in Figure 6E, a significant difference among all groups was identified (P< 0.001), with high-TMB/low-risk group showing the highest OS. Furthermore, we also found that most of HLA-related genes, such as DRB1, DMA, DQB2, DMB were expressed significantly higher in low-FAMGs group (Figure 6F).




Figure 6 | Immune landscape between low- and high-FAMGs group. (A) Heat map of immune status between two groups. (B) TME Score in different groups. (C) TIDE score in different groups. (D) K-M analysis of high- and low-TMB group. (E) K-M analysis of four groups classified by TMB and FAMGs risk score. (F) Box plot of HLA-related gene expressions in two groups. ∗P<0.05, ∗∗P<0.01, and ∗∗∗P<0.001. FAMGs: fatty acid metabolism-related genes. TME: Tumor microenvironment. TIDE: Tumor Immune Dysfunction and Exclusion. K-M: Kaplan-Meier. TMB: tumor mutational burden. ns, not significant.





Response to therapeutic drugs

Given that the risk score is linked to a poor prognosis, it is necessary to investigate the impact of FAMGs-based risk signature on the drug resistance for UCEC. IC50 was designed to predict the therapeutic response to common targeted drugs. As shown in Figures 7A-C, low-FAMGs samples had greater IC50 values of Bortezomib, Foretinib and Gefitinib compared with high-FAMGs patients. Moreover, the risk score is inversely correlated with drug sensitivity (Figures 7D-F). These results suggested that high-FAMGs patients were more responsive to Bortezomib, Foretinib and Gefitinib.




Figure 7 | Effect of FAMGs-based risk signature in targeted UCEC therapy. (A–C) Comparation of therapeutic sensitivity between low- and high-FAMGs groups. (D–F) Relationship of risk score and estimated IC50 value. FAMGs: fatty acid metabolism-related genes. UCEC: Uterine corpus endometrial carcinoma. IC50: half-maximal inhibitory concentration.





Validation of FAMGs expression

To further validate the expression of FAMGs in this signature, we performed a qRT-PCR experiment to detect the difference between UCEC cells and normal endometrial cells. As expected, the expressions of PECR, OLAH, ACOT11, ACAT2, NUDT19 and PTGIS were upregulated, whereas GPX1, ADH5, PTGR1 and ACADS were downregulated (P< 0.05) in UCEC cells compared to normal cells (Figure 8). These were consistent with the above bioinformatic results.




Figure 8 | Validation of 10-FAMGs expression levels between UCEC cells and controls. ∗P<0.05, ∗∗P<0.01, and ∗∗∗P<0.001. FAMGs: fatty acid metabolism-related genes. UCEC: Uterine corpus endometrial carcinoma.






Discussion

UCEC is one of the most prevalently diagnosed gynecologic malignancy and ranks sixth among female tumors worldwide (22). In recent years, UCEC incidence and mortality have been increased with a younger trend. Early-stage UCEC could be surgically removed followed by chemoradiotherapy, with a 5-year survival rate of up to 90% (23). Nevertheless, advanced-stage patients at a high risk of recurrence had a worse prognosis, some prospective trials have attempted to identify these patients to develop effective adjuvant therapy (24–26), but to date, no interventions have been proven to improve OS. Traditional clinicopathological parameters are insufficient for precisely forecasting the outcome of UCEC, as patients in same clinical stage may exhibit distinct clinical features (27). As a result, the discovery of novel biomarkers for the prognosis and therapy of UCEC has become an urgent clinical issue to be resolved.

It is widely recognized that a major cause of the development of UCEC is obesity (28), which is linked to fatty acid oxidation, synthesis, accumulation and metabolic regulation. Additionally, a majority of FAMGs are known to be tightly related to malignancy and prognosis of cancers. The evidence supports a potent prognostic value of FAMGs for UCEC patients. The advent of bioinformatics has allowed us to examine the specific pattern of FAMGs for UCEC. In our study, a prognostic signature with 10 FAMGs was designed to predict UCEC patients’ survival time based on TCGA cohort. Among them, the expression levels of six genes (PECR, OLAH, ACOT11, ACAT2, NUDT19, PTGIS) were significantly upregulated and 4 genes (GPX1, ADH5, PTGR1, ACADS) were downregulated in UCEC samples compared to normal tissues, which have been validated by PCR experiment. Substantial evidence revealed that most of these FAMGs functioned as oncogenes or tumor-suppressor genes in various cancers (29–36). We also determined the prevalence of genetic mutation in UCEC samples, as well as CNV alterations. These confirmed the significant effect of fatty acid metabolism on UCEC malignant progression. Furthermore, a scoring system was created to identify and verify the prognostic value of FAMGs-based risk signature, allowing for the effective risk categorization of UCEC. High-FAMGs UCEC patients had a worse OS or PFS compared with low-FAMGs group. Importantly, FAMGs-based risk signature exhibited great accuracy and independence in predicting UCEC’ prognosis than other factors. In addition, a nomogram integrating our signature and patient characteristics was created as a superior tool to predict the survival of UCEC. We also discovered that this signature offered predictive value for different subgroup of patients with specific clinical characteristics. These findings indicated that FAMGs-based risk signature may be a reliable predictor of UCEC.

Tumor development is heavily reliant on the TME, which is complex milieu comprising cancer, stromal and immune cells, as well as microvessels and various chemicals (37). In TME, there are diverse regulatory mechanisms that promote immune tolerance and immune escape, in addition to loss of antigen presentation and upregulation of immune checkpoints, also including cellular metabolic reprogramming. Tumor metabolism not only modulates the signaling for tumorigenesis and survival, but also an antitumor immune response by releasing intermediate metabolites to affect the expression of immune molecules (38). FAM is a vital metabolic route involved in the immune response, which contains anabolic and catabolic activities for energy homeostasis, as well as metabolites generation that keeps cell membrane structure and function, stores energy and allows cross-talk between tumor and immune cells (39).

In our study, the effect of FAMGs in the risk signature on UCEC TME was further investigated. Patients with low- and high-FAMGs displayed remarkably different immune status. Following processing by ESTIMATE algorithm, it was discovered that low-FAMGs group had a higher estimate score relative to high-FAMGs group, indicating this risk signature may be able to function as a new immune indicator in UCEC. Then, TIDE technique was applied to anticipate clinical response to immune checkpoints and suggested that high-FAMGs patients were more effective to immunotherapy. We continue to investigate the TMB of UCEC patients. The results showed that patients with higher TMB possessed a better prognosis than those with lower TMB. Similar findings have been observed in other cancers (40–42), highlighting the possibility that TMB might serve as a prognostic marker for guiding more efficient immunotherapeutic approaches (43). By combing with FAMGs risk score, patients with low-TMB/high-FAMGs had the lowest survival probability than other groups. In addition, given the importance of HLA-related genes to immune system (44), we compared their expression levels in high- and low-FAMGs group, and found that most of these genes were generally increased in low-FAMGs group. Moreover, the resistance and sensitivity of common targeted drugs were measured to evaluate the prognostic ability of this risk model for therapeutic outcomes. These findings proved that FAMGs-based risk signature was associated with immune status and tumor treatment of UCEC.

Nevertheless, our study also has several limitations. First, the research was completely performed based on TCGA database, but lacked external cohorts for validation. Second, the regulatory mechanism of fatty acid metabolism in UCEC TIME warrants further investigation. Third, the value of FAMGs-based risk signature for clinical application requires multi-center, large sample trials to be processed.

In conclusion, we identified significant FAMGs in UCEC and constructed a FAMGs-based risk signature to predict the patients’ prognosis using systematic bioinformatic analyses. Patients with high-FAMGs had a worse prognosis than low-FAMGs patients. This signature might be regarded as an independent indicator to estimate the survival time, immune response and treatment effect. This study provided us a new understanding and direction on the evolution of FAMGs in UCEC.
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Background

Monocyte chemoattractant protein-4 (MCP-4/CCL13) is a proinflammatory factor that is overexpressed in various malignant tumors and may play an important role in tumor progression and metastasis. However, its role and mechanism of action in ovarian cancer remains unknown.



Methods

Immunohistochemistry (IHC) was performed to detect the expression of MCP-4 in ovarian cancer tissues, and the effect of MCP-4 on patient survival and prognosis was analyzed. Overexpression and suppression of MCP-4 in ovarian cancer cell lines were then established, and their effects on cell invasion, migration, and apoptosis were studied. ES-2 cell lines were employed to establish a peritoneal dissemination model in nude mice. Western blotting was performed to detect the expression of epithelial mesenchymal transition (EMT) markers and the p38 mitogen-activated protein kinase (p38 MAPK) signaling pathway.



Results

MCP-4 was highly expressed in ovarian cancer tissues and its expression level was related to the prognosis of patients with ovarian cancer. MCP-4 overexpression promoted the migration and invasion of ovarian cancer cells but inhibited apoptosis. MCP-4 overexpression increased the expression of MMP-2, MMP-9, N-cadherin, vimentin and Bcl2/Bax and decreased the expression of E-cadherin. MCP-4 overexpression increased the phosphorylation of the p38 MAPK pathway. The inhibition of MCP-4 expression indicated an opposite trend. In vivo experiments have also confirmed that MCP-4 overexpression can promote metastasis of ovarian cancer.



Conclusion

MCP-4 promotes ovarian cancer progression through the p38 MAPK signaling pathway, and may be a potential biomarker and therapeutic target for ovarian cancer.
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Introduction

Ovarian cancer has the highest death rate among gynecological malignancies, with a five-year survival rate of less than 50% (1). Due to the lack of typical clinical symptoms in the early stages of ovarian cancer, patients are often diagnosed at an advanced stage, when the tumor is difficult to remove completely (2). Despite urgent clinical needs and substantial research efforts, the mainstream treatment of ovarian cancer remains cytoreductive surgery and adjuvant chemotherapy, without much recent progress (3). This further contributes to the fact that ovarian cancer remains a challenge. Therefore, pathogenesis identification of ovarian cancer and new treatment strategies are crucial for improving the survival rate of patients with ovarian cancer.

The human MCP-4/CCL13 gene is found in the q11.2 segment of chromosome 17, within the chemotactic chemokine (CC) gene cluster (17q11-32), including three exons, two introns, and regulatory sequences near the 5’ upstream region. MCP-4 can bind to chemokine receptors CCR1, CCR2, CCR3, and CCR5 and has chemotactic effects on multiple immune cells, including monocytes, eosinophils, basophils, macrophages, T cells, B cells, and dendritic cells (DCs) (4, 5). In addition, MCP-4 is involved in processes such as eosinophil degranulation, histamine release from basophils, expression of adhesion molecules, and cytokine secretion from epithelial, endothelial, and muscle cells (6). Previous studies on MCP-4 have mainly focused on inflammatory diseases, however, more recent studies have reported that the expression of MCP-4 is increased in colorectal (7) and gastric cancers (8), which are associated with the development of malignant tumors. The expression of MCP-4 in ovarian cancer and its effect on malignant biological behavior have not yet been reported.

In this study, the expression of MCP-4 in ovarian tissue was detected by immunohistochemistry, and its relationship with clinicopathological parameters was evaluated. Additionally, the prognoses of patients with ovarian cancer were analyzed. In vivo and in vitro models of MCP-4 overexpression and inhibition were established. The role of MCP-4 in the EMT process in ovarian cancer was explored as well as the mechanism of MCP-4 in ovarian cancer occurrence and development. These findings suggest that MCP-4 can potentially be used as an indicator of ovarian cancer, which can be used for diagnosis and prognosis. Finally, these findings provide new research directions for targeted therapy regimens against ovarian cancer.



Materials and methods


Specimen source and clinical data

All 147 paraffin-embedded ovarian tissue samples were obtained from surgical inpatients at the Shengjing Hospital, China Medical University, between 2008 and 2019. The study was approved by the Ethics Committee of the Shengjing Hospital, China Medical University, and all patients provided informed and signed consent. The ovarian malignancy specimens were primary epithelial ovarian tumors, and the patients had not received radiotherapy, chemotherapy, or hormone therapy before surgery. The clinicopathological data of all cases were complete. All tissue sections were diagnosed by experienced pathologists at Shengjing Hospital, China Medical University. The total tissue sections consisted of 9 cases of normal ovarian tissue, 12 cases of benign tumors, 21 cases of ovarian epithelial borderline tumors, and 105 cases of ovarian epithelial malignant tumors. The ages of all patients ranged from 19 to 79 years, with an average of 53 years. All the patients ranged in age from 19 to 79 years, with an average age of 52. The mean ages of patients with normal ovaries, benign tumors, borderline tumors, and malignant tumors were 53 years (34 - 76 years), 47 years (35 - 61 years), 47 years (24 - 79 years) and 55 years (19 - 78 years old), respectively. There were no significant differences between the groups (P > 0.05). According to the pathological type, a total of 105 malignant ovarian epithelial tumors were divided into 71 cases of serous carcinoma, 10 cases of mucinous carcinoma, 13 cases of endometrioid carcinoma, and 11 cases of clear cell carcinoma. According to the degree of tumor cell differentiation, the total samples were divided into 54 cases of poorly differentiated carcinoma, 24 cases of moderately differentiated carcinoma, and 28 cases of well-differentiated carcinoma. According to the International Federation of Gynecology and Obstetrics (FIGO, 2014), 28 cases were classified as stage I, 10 cases as stage II, 62 cases as stage III, and six cases as stage IV. According to the absence of lymph node metastasis, 31 patients with lymph node metastasis, 67 without lymph node metastasis, and 8 without lymph node dissection were observed.



Immunohistochemistry

Paraffin-embedded ovarian tissues were cut into 5 µm serial sections. An immunohistochemical ultrasensitive TM SP (mouse/rabbit) kit (Cat# KIT-9720, MaiXin, China) was used to detect the expression of MCP-4. The rabbit MCP-4 polyclonal antibody was diluted 1:200 (Cat# 820372, ZEN BIO, China). Other reagents and instruments were provided by the Central Laboratory of the Shengjing Hospital, China Medical University. Staining was performed according to the manufacturer instructions on the SP kit. Positive reactions were defined by the presence of brownish-yellow granular deposits in the cell membrane and cytoplasm. A comprehensive score was calculated based on the intensity of staining and the proportion of stained cells. The samples were divided into no staining (0 points), light yellow (1 point), brown-yellow (2 points), and brown (3 points) according to the intensity of staining. The percentage of colored cells was divided into <5% (0 points), 5%–25% (1 point), 26%–50% (2 points), 51%–75% (3 points), and 76%–100% (4 points). The two items were multiplied by the final scores: 0–2 points (−), 3–4 points (+), 5–8 points (++), and 9–12 points (++++). Based on these scores, 0–4 points were defined as the low-expression group and 5–12 points as the high-expression group. Each sample was scored independently by two observers, with a third observer when disagreement arose.



Cell culture

Ovarian cancer cell lines (Caov3, ES-2) and human ovarian surface epithelial cell line (HOSEpiC) were purchased from the Cell Bank of the Chinese Academy of Sciences (Shanghai Institute of Biochemistry and Cell Biology, Shanghai, China). Caov3 is a cell line with epithelial morphology isolated in 1976 from the ovary of a 54-year-old, White, female ovarian adenocarcinoma patient. ES-2 is a cell line exhibiting fibroblast-like morphology that was isolated from the ovary of a 47-year-old, Black, female clear cell carcinoma patient. The Caov3 and HOSEpiC cells were cultured in RPMI1640 medium containing 10% fetal bovine serum (FBS). The ES-2 cells were cultured in McCoy’s5A medium containing 10% FBS. Cells were cultured at 37°C, 5% CO2, and saturated humidity.



Cell transfection and establishment of stably transfected cell lines

The Caov3 and ES-2 cells in the logarithmic growth phase were inoculated into six-well plates a day before transfection. MCP-4 siRNA and negative control siRNA (GenePharma, China) were transfected into cells using the liposome method (Lipo3000, Cat# L3000015, GIBCO, Invitrogen, USA). The sequence of MCP-4 siRNA is: sense: 5’- GAAAGUCUCUGCAGUGCUUTT-3’, antisense: 5’- AAGCACUGCAGAGACUUUCTT -3’. The sequence of its negative control is: sense: 5’-UUCUCCGAACGUGUCACGUTT-3’, antisense: 5’-ACGUGACACGUUCGGAGAA TT-3’. Following 48h transfection, cells were collected for real-time quantitative polymerase chain reaction (RT-qPCR), western blotting, and biological assays. Caov3 and ES-2 cells were transfected with lentivirus-mediated vector of MCP-4 (Lot# LV61110906, HANBIO, China) or negative control (Lot# LV61110905, HANBIO, China) to establish MCP-4 overexpression or negative control cell lines. The procedure of transfections was conducted according to the manufacturer’s instructions. The volume of lentivirus to be transfected was calculated according to the infection values of different cells, the number of cells at the time of transfection and the lentivirus titer. 2 μg of polybrene (2mg/ml, Lot# 20211015, Hanbio, China) was added to the culture medium to improve transfection efficiency. After transfection for 48h, stable transfected cells were further screened by puromycin (2 μg/ml, Lot# 20211011, Hanbio, China).



RT-PCR

Total cellular RNA was extracted using TRIzol (Cat# 9109, Takara Bio, Inc., Shiga, Japan), and the purity and concentration of RNA were determined using UV spectrophotometry. A one-step TB Green PrimeScript RT-PCR kit (Cat# 066A Takara Bio, Inc., Shiga, Japan) was used to reverse transcribe RNA into complementary DNA (cDNA), which was then used as a template for DNA amplification. Reverse transcription conditions were as follows: reverse transcription at 42°C for 5 min, heating at 95°C for 10 s. Amplification conditions: denaturation at 95°C for 5 s and 60°C for 30 s, for a total of 40 cycles. MCP-4 primer sequence: Forward: 5’-GCACTCAACGTCCCATCTAC-3’, Reverse: 5’-TTCTCCTTTGGGTCAGCACA-3’. GAPDH primer sequence: Forward: 5 ‘ -ACAACTTTGGTATCGTGGAAGG-3 ‘, Reverse: 5’ -GCCATCACGCCACAGTTTC-3’. The PCR was performed using a 7500 Fast Real-Time PCR system. Data were analyzed using the 2-ΔΔCT method.



Western blotting

RIPA cell lysis buffer was used to lyse cells at 4°C for 30 min, followed by centrifugation at 12000× g, 4°C for 30 min. The supernatant was collected, and the protein concentration was determined by the BCA method. The 5× loading buffer (Cat# cw0027S, CWVBIO, China) was added to each sample and denatured at 100°C for 10 min. Protein samples were separated by 10% sodium dodecyl sulfate-polyacrylamide gel electrophoresis (SDS-PAGE) and transferred to polyvinylidene difluoride (PVDF) membranes (Cat# IPVH00010, Millipore, USA). Membranes were blocked with 5% nonfat milk for 2 h and incubated with primary antibodies overnight at 4°C. The primary antibodies we used were as follows: MCP-4 (1:1000, Cat# DF9911, Affinity, USA), BCL2 (1:2000, Cat# 12789-1-AP, Proteintech, China), BAX (1:1000, Cat# AF0120, Affinity, China), MMP2 (1:1000, Cat# 10373-2-AP, Proteintech, China), MMP9 (1:500, Cat# 10375-2-AP, Proteintech, China), E-cadherin (1:2000, Cat# 20874-1-AP, Proteintech, China), N-cadherin (1:2000, Cat# 22018-1-AP, Proteintech, China), vimentin (1:2000, Cat# 10366-1-AP, Proteintech, China), p38 MAPK (1:1000, Cat# 8690, Cell Signaling Technology, USA), p-p38 MAPK (1:1000, Cat# 4511, Cell Signaling Technology, USA), and GAPDH (1:2000, Cat# TA-08, ZSGB-BIO, China). The membranes were washed three times with tris-buffered saline tween (TBST) the next day, followed by incubation with a horseradish peroxidase-labeled secondary antibody (1:2000, ZSGB-BIO, China) for 2 h. After washing three times with TBST, the proteins were detected with western blot chemiluminescence horseradish peroxidase (HRP) substrate (Cat# WBKLS0500, Millipore, Billerica, MA, USA) to detect protein expression, and an Amersham Imager 680 (AI680) ultrasensitive luminometer was used for imaging.



Invasion test

Invasion ability was assessed by Transwell assay in a 24-well culture plate. Matrigel (Cat# 356234, BD Biosciences, USA) and serum-free medium were mixed at a ratio of 1:7.5 and 70 µl was added to the upper chamber of each transwell chamber (Cat# 3422, Corning, USA) and incubated for 4 h at 37°C. A total of 200 µl of serum-free cell suspension (2×105/mL) was added to the upper chamber and 500 µl of RPMI1640 or McCoy’s5A medium containing 20% FBS was added to the lower chamber. After incubation at 37°C and 5% CO2 for 48 h, the cells were fixed with 4% paraformaldehyde for 30 min. The cells were then washed with PBS and stained with 0.1% crystal violet for 30 min. Cells in the upper chamber were gently wiped with a cotton swab. The stained cells were observed and counted under a microscope. At least three random fields were taken photographs for each chamber.



Wound healing test

A marker was used to mark the back of the 6-well plate every 0.5-1cm, with at least 3 horizontal lines for each hole. Single-cell suspensions were prepared from cells in the logarithmic growth phase and seeded in 6-well plates. When cell fusion reached 90%, the plate was gently scraped with a 200 µl pipette tip. The scratch lines should be perpendicular to the horizontal lines. The cells were washed twice with PBS and cultured in serum-free medium. The wound-healing ability of the cells was observed and photographed under a microscope at 0 and 24 h.



Apoptosis detection using flow cytometry

The Annexin-V-APC/7AAD (Cat# KGA1025, KeyGEN Biotech, China) double staining method was used to detect apoptosis in ovarian cancer cell lines overexpressing MCP-4, and the Annexin V-FITC/PI (Cat# KGA107, KeyGEN Biotech, China) double staining method was used to detect apoptosis when MCP-4 expression was inhibited. Each group contained a blank control and two types of staining. A blank and single staining control for both dyes were set up for each group. The cells were digested with ethylenediaminetetraacetic acid (EDTA)-free trypsin to obtain a single-cell suspension. Centrifugation (2000 rpm) was performed for 5 min, and the supernatant was removed. A total of 500 μL of 1× Annexin V binding buffer (1×106 cell number/mL) was added to resuspend the cells, and 5 μL Annexin V-APC binding mixture (Annexin V-FITC binding mixture) and 5 μL 7AAD dye (PI dye) were added. After incubation for 15 min in the dark, cell apoptosis was detected using BD FACSDiva software (Cat# 352054, BD Biosciences, USA).



Nude mouse xenograft model

Twelve 4-week-old female BALB/cA-nu nude mice, purchased from Beijing Huafukang Biosciences (Beijing, China), were maintained in specific pathogen-free conditions. Control vector/MCP-4-overexpressed ES-2 cells (5 × 106) cells were suspended in 150 μL of PBS and injected subcutaneously into the left flank of mice (n = 6). The changes of body weight and abdominal girth were recorded every 4 days. All the mice were sacrificed after 25 days. The animal study was approved by the Institutional Animal Research Committee of China Medical University.



Bioinformatics analysis

RNA-seq data in TPM (transcripts per million reads) format from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/) and the Genotype-Tissue Expression (GTEx) database (https://gtexportal.org/) were downloaded. 379 ovarian cancer samples were from TCGA, and 88 normal ovarian tissues samples from the GTEx. Data standardization and log2 transformation were performed for expression comparison between the samples. R software (version 3.6.3) was operated for statistical analysis and visualization. Two datasets (GSE38666 (9) and GSE18520 (10)) were downloaded from the Gene Expression Omnibus (GEO) database (https://ncbi.nlm.nih.gov/geo/). The GSE18520 dataset included 10 normal ovarian epithelial tissues and 53 cases of ovarian epithelial high-grade serous tumors, whereas the GSE38666 dataset included 12 normal ovarian epithelial tissues and 18 ovarian epithelial malignant tumors. These datasets were processed and calibrated, and MCP-4 expression data were extracted using R software (version 3.6.3). The ggplot2 package (version 3.3.3) was used to draw differential expression box plots. GSEA version 4.1.0 software (http://software.broadinstitute.org/gsea/index.jsp) was operated for functional enrichment analysis of the Kyoto Encyclopedia of Genes and Genomes (KEGG) using the data from the TCGA database. The parameters of gene set parameters and run enrichment tests were set as follows. The “c2.cp.kegg.v7.4.symbols.gmt” was chosen as the gene sets database. The permutations value was set to 1000 for computing normalized enrichment score (NES). Signaling pathways with a false discovery rate (FDR) q-value < 0.05 was recognized with significant enrichment. Normalized P-value < 0.05 was used to select the enriched signaling pathways when q-value > 0.05.



Statistical analysis

Data were analyzed using SPSS (version 23.0, IBM Corporation, USA), and graphs were constructed using GraphPad Prism software (version 8.0). All data are presented as mean ± standard deviation. Differences between two groups were compared using the chi-square test and t-test, and differences between more than two groups were compared using analysis of variance. Kaplan–Meier and log-rank tests were used for survival analysis. Univariate and multifactorial Cox regression models were used to analyze the risk factors affecting prognosis. Two-sided P < 0.05 was considered statistically significant (*, P < 0.05; **, P < 0.01; ***, P < 0.001).




Results


Expression and clinical significance of MCP-4 in ovarian tissues

Immunohistochemical results showed that MCP-4 was mainly expressed in the cell membrane and cytoplasm (Figure 1A). The positive and high expression rates of MCP-4 in the ovarian cancer group (91.43% (96/105) and 75.24% (26/105)) were significantly higher than those in the borderline group (57.14% (12/21) and 19.05% (4/21)) (both P < 0.05), benign group (41.67% (5/12) and 8.33% (1/12)) (both P < 0.05), and normal ovarian tissues (44.44% (4/9) and 0.00% (0/9)) (both P < 0.05) (Table 1). In ovarian borderline tumor tissues, the positive and high expression rates of MCP-4 were higher (57.14% (12/21) and 19.05% (4/21), respectively) than in the benign group (41.67% (5/12) and 8.33% (1/12), respectively) (both P > 0.05) and the normal group (44.44% (4/9) and 0.00% (0/9), respectively) (both P > 0.05) (Table 1). The IHC scores for MCP-4 expression are shown in Figure 1B. Analysis of normal ovarian tissue data downloaded from the GTEx database and ovarian cancer datasets downloaded from TCGA database showed that the expression of MCP-4 was significantly higher in ovarian epithelial serous cystadenocarcinoma than in normal ovarian tissues (P < 0.05) (Figure 1G). In addition, the downloaded datasets GSE18520(Figure 1H) and GSE38666(Figure 1I) from GEO also showed the same results (both P < 0.05).




Figure 1 | High MCP-4 expression in patients with ovarian cancer associated with poor prognosis. (A) MCP-4 expression in ovarian tissue samples (×200 and ×400, scale bar = 50 µm): ovarian normal tissue (n = 9), ovarian benign tumor (n = 12), ovarian borderline tumor (n = 21), ovarian malignant tumor (n = 105). (B) Immunostaining scores of MCP-4 in normal ovarian tissues, benign, borderline, and malignant tumors. (C) Representative images and quantitation of the western blotting showed that the protein expression of MCP-4 in the normal ovary epithelial cells (HOSEpiC) and ovarian cancer cell lines (Caov3 and ES-2) (n = 3). GAPDH was used as an internal control. (D–F) Overall survival analysis according to MCP-4 expression, FIGO stage and lymphnode metastasis. Box plots show MCP-4 mRNA expression in the normal tissues (blue plot) and ovarian tumor (red plot) from TCGA database (G), GSE18520 datasets (H), and GSE38666 datasets (I). Data are presented as mean ± SD. *P < 0.05; ***P < 0.001.




Table 1 | Expression of MCP-4 in different types of ovarian tissue.



According to the IHC results, 105 ovarian cancer samples were divided into the MCP-4 high expression group (+++/++) and MCP-4 low expression group (+/-). The relationship between MCP-4 expression and clinicopathological parameters is shown in Table 2. High expression of MCP-4 was significantly correlated with the late International Federation of Gynecology and Obstetrics (FIGO) stage (P < 0.05). The high expression rate of MCP-4 in the late FIGO stage (stage III–IV) was 83.08%, which was significantly higher than that in the early FIGO stage (stage I–II) (62.50%). However, the expression of MCP-4 was not correlated with age, histological grade, lymph node metastasis, or pathological type (P > 0.05). A total of 105 ovarian cancer patients were followed up until April 1, 2021. Kaplan–Meier survival analysis showed that the overall survival of ovarian cancer patients with high MCP-4 expression was significantly shorter than that of patients with low MCP-4 expression (P < 0.05) (Figure 1D). FIGO stage (P < 0.05) (Figure 1E) and lymph node metastasis (P < 0.05) (Figure 1F) were significantly correlated with the overall survival.


Table 2 | Relationship between MCP-4 expression and clinicopathological parameters of ovarian epithelial malignant tumors.



Cox regression analysis of the relationship between different clinicopathological parameters and the prognosis of patients with ovarian cancer univariate Cox regression analysis showed that high MCP-4 expression, advanced FIGO stage, and lymph node metastasis were risk factors affecting the prognosis of patients with ovarian cancer (all P < 0.05) (Table 3). Multivariate Cox regression analysis showed that high MCP-4 expression and advanced FIGO stage were independent risk factors affecting patient prognosis (all P < 0.05) (Table 3). The results of Cox regression analysis were visualized using forest plots (Figures 2A, B). These results suggest that elevated expression of MCP-4 in ovarian cancer tissues is associated with poor prognosis and that high expression of MCP-4 may serve as an independent risk factor for predicting the prognosis of patients with ovarian cancer.


Table 3 | Cox regression analysis of overall survival of ovarian epithelial malignant tumors.






Figure 2 | Forest map based on univariate (A) and multivariate (B) cox regression analyses.





MCP-4 promotes invasion, migration, and EMT of ovarian cancer cells

The expression of MCP-4 in normal ovarian epithelial cells (HOSEpiC) and two ovarian cancer cell lines (Caov3, ES-2) was examined. The results indicated that the expression of MCP-4 in the Caov3 and ES-2 cell lines was higher than that in HOSEpiC cells (Figure 1C).

Overexpression of Caov3 and ES-2 cell lines of MCP-4 were constructed by lentiviral transfection, and inhibition cell lines of MCP-4 were constructed by siRNA transfection. RT-PCR and western blotting confirmed increased/decreased mRNA and protein levels of MCP-4 in overexpression/inhibition cell lines (Figures 3A–D).




Figure 3 | The protein and mRNA expression of MCP-4 in the overexpression/inhibition groups. (A, B) Representative images and quantitation of the western blotting showed that the protein expression of MCP-4 in the overexpression/knockdown groups (n = 3). GAPDH was used as an internal control. (C, D) The relative MCP-4 mRNA expression in the overexpression/inhibition groups (n = 3). Data are presented as mean ± SD. *P < 0.05; **P < 0.01; ***P < 0.001.



To investigate the effect of MCP-4 on the migration and invasion abilities of ovarian cancer cells, we performed invasion and wound healing tests. The results showed that the overexpression of MCP-4 significantly enhanced the invasive ability of Caov3 and ES-2 cells (P < 0.05) (Figure 4A), whereas the inhibition of MCP-4 expression decreased the invasive ability of ovarian cancer cells (P < 0.05) (Figure 4B). After MCP-4 overexpression, the wound healing speed of Caov3 and ES-2 cells was significantly higher than that of the control group (P < 0.05) (Figure 4C). In addition, when MCP-4 was overexpressed, the levels of N-cadherin, vimentin, MMP-2, and MMP-9 also increased, and the level of E-cadherin decreased (Figure 4E). Overexpression of MCP-4 promotes epithelial mesenchymal transition in ovarian cancer. An opposite trend was observed when MCP-4 expression was inhibited (Figures 4D, F). These results confirm that MCP-4 can promote the invasion, migration, and EMT of ovarian cancer cells.




Figure 4 | MCP-4 promoted invasion, migration, and EMT in ovarian cancer cells. (A) Overexpression of MCP-4 promoted invasion of Caov3 and ES-2 cell lines (n = 9; ×200) (B) Inhibition of MCP-4 expression suppressed ovarian cancer cells invasion (n = 9; ×200). (C) Overexpression of MCP-4 promoted migration of Caov3 and ES-2 cell lines (n = 9; ×100) (D) Inhibition of MCP-4 expression suppressed ovarian cancer cells migration (n = 9; ×100). (E, F) Representative images and quantitation of the western blotting showed that the protein expression of E-cadherin, N-cadherin, vimentin, MMP2, and MMP9 in the MCP-4 overexpression/inhibition groups (n = 3). GAPDH was used as an internal control. Data are presented as mean ± SD. *P < 0.05; **P < 0.01; ***P < 0.001.





MCP-4 inhibits apoptosis of ovarian cancer cells

Flow cytometry results showed that compared with the control group, the overall apoptosis rate of Caov3 and ES-2 cells was significantly reduced after MCP-4 overexpression (P < 0.05) (Figure 5A), and when MCP-4 expression was inhibited, the apoptosis rate was significantly increased (P < 0.05) (Figure 5B). Western blotting showed that the expression of anti-apoptotic protein BCL2 was upregulated, the expression of pro-apoptotic protein BAX was downregulated in the MCP-4 overexpression group, and the ratio of BCL2/BAX was significantly increased (P < 0.05) (Figure 5D). The results of MCP-4 inhibited expression group showed contradictory results (P < 0.05) (Figure 5E). These results indicate that MCP-4 could inhibit the apoptosis of ovarian cancer cells.




Figure 5 | MCP-4 decreased cell apoptosis and activated the p38 MAPK signaling pathway. (A) Overexpression of MCP-4 decreased cell apoptosis of Caov3 and ES-2 cell lines (B) Inhibition of MCP-4 expression increased ovarian cancer cells apoptosis. (C) GSEA analysis of MCP-4 related enrichment gene sets. KEGG_PATHWAYS_IN_CANCER (NES = 1.64, P-value = 0.024, FDR = 0.059); KEGG_APOPTOSIS (NES = 2.20, P-value = 0.000, FDR = 0.000); KEGG_CELL_ADHESION_MOLECULES_CAMS (NES = 2.39, P-value = 0.000, FDR = 0.000); KEGG_MAPK_SIGNALING_PATHWAY (NES = 1.69, P-value = 0.012, FDR = 0.046) (D, E) Representative images and quantitation of the western blotting showed that the protein expression of p38 MAPK, p-p38 MAPK, BCL2, and BAX in the MCP-4 overexpression/inhibition groups (n = 3). GAPDH was used as an internal control. Data are presented as mean ± SD. *P < 0.05; **P < 0.01; ***P < 0.001.





MCP-4 activates p38 MAPK signaling pathways

The ovarian serous cystadenocarcinoma dataset downloaded from TCGA database was divided into the MCP-4 high-expression group and MCP-4 low-expression group according to the median, followed by GSEA enrichment analysis. These results suggest that MCP-4 is associated with pathways in cancer, cell adhesion molecules, apoptosis, and MAPK signaling pathway, which is consistent with the above experimental results that MCP-4 promotes migration and invasion and inhibits apoptosis in ovarian cancer cell lines (Figure 5C). Western blotting confirmed that MCP-4 activated the p38 MAPK signaling pathway. Overexpression of MCP-4 increased the expression of phosphorylated p38 MAPK (Thr180/Tyr182) (P < 0.05) (Figure 5D), whereas inhibition of MCP-4 decreased the expression of phosphorylated p38 MAPK (P < 0.05) (Figure 5E). However, the expression level of total p38 MAPK remained unchanged.



MCP-4 promotes metastasis in a nude mouse peritoneal xenograft tumor model

MCP-4 overexpressing and control cells were intraperitoneally injected into nude mice. On the 25th day after intraperitoneal inoculation, nude mice were sacrificed and dissected. In order to objectively evaluate the metastasis ability regulated by MCP-4, all the metastatic nodules were collected, and the results showed that the number of metastatic nodules in the MCP-4-overexpression group were significantly higher than those in the control group (Figures 6A, B). These data indicates that MCP-4 significantly promotes tumor metastasis, and plays an important role in the malignant process of ovarian cancer.




Figure 6 | MCP-4 promotes metastasis in a nude mouse peritoneal xenograft tumor model. (A) After being sacrificed, dissemination of tumor in nude mice was assessed, and the metastasis nodules were marked by red arrows. (B) Average number of the peritoneal tumor nodules of each group were quantified (n = 6). Data are presented as mean ± SD. *P < 0.05.






Discussion

Ovarian cancer is a common gynecological malignancy in women, and its incidence is second only to that of cervical and endometrial cancers. Intraperitoneal spread, extraperitoneal spread, and chemotherapy resistance are the main reasons for the low survival rate of ovarian cancer patients (1). The overall five-year survival rate of patients with advanced epithelial ovarian cancer (EOC) is approximately 30%. However, the overall five-year survival rate for patients diagnosed earlier is greater than 70% (11). Therefore, there is an urgent issue to explore rapid ovarian cancer biomarkers with high sensitivity and specificity.

Chemokines are the largest subfamily of cytokines and can be further subdivided into four major groups based on the position of the first two cysteine residues in their amino acid sequences: CC-chemokines, CXC-chemokines, C-chemokines, and CX3C-chemokines (12). Chemokines play important roles in inflammation, infection, internal environmental homeostasis, and tumor development and progression (13). MCP-4 is a member of the chemokine CC family. It has an α-helix at the carboxyl-terminus, two disulfide bonds near the amino-terminus, and three antiparallel β-sheets in the middle. It has a structure like other CC-chemokines and has high homology with MCP-1, MCP-2, and MCP-3 (14). Studies have found that the expression of MCP-4 is elevated in various diseases, such as asthma (15), nephritis (16), atherosclerosis (17), atopic dermatitis (18), and rheumatoid arthritis (19). Furthermore, it is involved in the immune response by recruiting inflammatory cells at the inflammation site. Recent studies have revealed that MCP-4 plays an important role in tumorigenesis.

OY et al. (7) reported that the expression of MCP-4 was elevated in colorectal cancer serum and correlated with poor prognosis, which could be used as a biomarker for distant metastasis and recurrence of colorectal cancer. The expression of MCP-4 is significantly higher in Helicobacter pylori-positive gastric cancer tissues than in normal gastric tissues (8). To date, no study has reported the expression and mechanism of MCP-4 in ovarian cancer. In this study, we confirmed that MCP-4 expression is elevated in ovarian cancer using IHC. Data from the TCGA and GEO databases further confirmed this result. The expression of MCP-4 was correlated with an advanced FIGO stage. Kaplan–Meier analysis showed that the overall survival of patients with high MCP-4 expression was significantly shorter. Cox analysis showed that MCP-4 was an independent risk factor affecting the prognosis of patients with ovarian cancer. In addition, western blotting confirmed that MCP-4 expression was higher in ovarian cancer cell lines than in normal ovarian epithelial cells. Therefore, MCP-4 may play an important role in ovarian cancer and be a predictor of ovarian cancer prognosis.

In our study, when MCP-4 was overexpressed in Caov3 and ES-2 cell lines, the expression of MMP-2 and MMP-9 were upregulated. EMT-related proteins, such as N-cadherin and vimentin, were increased, while E-cadherin was decreased. The opposite trend was observed when siRNA was used to inhibit the expression of MCP-4. In addition, we found that the apoptosis rate of ovarian cancer cells decreased when MCP-4 was overexpressed and increased when MCP-4 was inhibited. These results suggest that MCP-4 promotes malignant behavior in ovarian cancer cells. FB et al. (20) analyzed key immune-related proteins in fine-needle aspiration (FNA) biopsy samples from patients with breast cancer (n = 25) and benign lesions (n = 32). They found that MCP-4 was differentially expressed in breast cancer and benign lesions, and that there was a clear correlation with Ki67 expression. Thus, MCP-4 may promote the progression of breast cancer. AA et al. (21) analyzed the cytokine expression profiles of metastasis-derived colorectal cancer cell lines and cell lines derived from primary colorectal cancer and found that the expression level of MCP-4 was higher in metastatic colorectal cancer cell lines, suggesting that MCP-4 may be associated with colorectal cancer metastasis. OY et al. (7) examined the serum concentration of MCP-4 in colorectal cancer patients and showed that high concentrations of MCP-4 were significantly associated with old age, advanced T-stage, distant metastasis, and UICC stage. MCP-4 is an independent prognostic factor affecting disease-free survival and overall survival in colorectal cancer. These studies suggest that MCP-4 plays an important role in the development of various malignant tumors. Therefore, it is of great significance to investigate the expression and mechanism of MCP-4 in ovarian cancer.

To further explore the mechanisms by which MCP-4 affects the malignant biological behavior of ovarian cancer cells, we performed gene set enrichment analysis using GSEA software and found that MCP-4 is associated with cell adhesion molecules, apoptosis, cancer pathways, and MAPK signaling pathways. Traditional MAPKs include four major categories: ERK1/2, JNK, p38 MAPK, and ERK5 (22). They can be activated by a variety of growth factors or cytokines, thereby regulating a variety of cellular activities, including cell proliferation, differentiation, apoptosis, invasion, and hematopoiesis (23–25). Studies have confirmed that the p38 MAPK signaling pathway is often overactivated in malignant tumors and plays an important role in the malignant progression of ovarian cancer (26–28). ZJ et al. (29) found that galectin-1 enhanced ovarian cancer cell metastasis and EMT by promoting activation of the p38 MAPK/JNK signaling pathway. The combination of p38 MAPK inhibitors inhibits the growth and metastasis of olaparib-resistant ovarian cancer cells (30). p38 MAPK inhibitors combined with gemcitabine carboplatin improve progression-free survival (PFS) in patients with recurrent platinum-sensitive ovarian cancer (31). MCP-4 is a member of the CC-chemokine family and shares 67% sequence homology with MCP-1 (32). LJ et al. (33) showed that MCP-1 can upregulate the expression of p-MEK, p-ERK, p-p38 MAPK, and p-JNK and promote the invasion and migration of osteosarcoma cells by activating the c-Raf/MAPK/AP-1 signaling pathway. Previous studies have also confirmed that MCP-1 is associated with p38 MAPK phosphorylation in breast cancer cells (34). In ovarian cancer, MCP-1 secreted by tumor-associated mesothelial cells activates the p38 MAPK signaling pathway and promotes migration and invasion of ovarian cancer cells (35). These studies suggest that MCP-1 plays an important role in the tumor microenvironment of ovarian cancer, and may be related to the activation of the p38 MAPK signaling pathway. The mechanism of action of MCP-1 in malignancy has been extensively investigated, but it is still unclear how MCP-4 mediates malignant progression of ovarian cancer. Therefore, we examined the changes in the p38 MAPK signaling pathway in ovarian cancer cell lines with MCP-4 overexpression or inhibition. The results showed that overexpression of MCP-4 increased the expression of phosphorylated p38 MAPK, whereas total p38 MAPK expression did not change. The inhibition of MCP-4 expression in ovarian cancer cells showed the opposite trend. We have previously shown that MCP-4 promotes invasion, migration and EMT in ovarian cancer cells. In conclusion, MCP-4 may contribute to the malignant biology of ovarian cancer by activating the p38 MAPK signaling pathway.

In malignant tumors, tumor cells are considered one of the main sources of chemokines, and cells in the tumor stroma produce chemokines in response to stimulation (36). Under the action of specific chemokines, different types of immune cells migrate into the tumor microenvironment and regulate tumor immunity. In addition, chemokines can target non-immune cells in the tumor microenvironment, such as tumor cells and vascular endothelial cells, to influence tumor cell proliferation, invasion, migration, angiogenesis, and other malignant biological behaviors (37). Chemokines also promote communication among tumor cells, immune cells, mesenchymal cells, and endothelial cells, which play an important role in the development and metastasis of malignant tumors (38, 39). Our study confirmed that MCP-4 is upregulated in ovarian cancer and can promote cell invasion, migration and tumor metastasis. However, whether stromal cells, such as cancer-associated fibroblasts and cancer-associated mesothelial cells, can also express MCP-4 in ovarian cancer and its effects in the progression of ovarian cancer needs to be further investigated.



Conclusion

In conclusion, we demonstrated for the first time that MCP-4 is overexpressed in ovarian cancer and is associated with poor prognosis. MCP-4 promotes ovarian cancer cell invasion, migration, and EMT and inhibits apoptosis. These malignant biological behaviors mediated by MCP-4 are related to the activation of the p38MAPK signaling pathway. Comprehensively elucidating the function of MCP-4 and its mechanism of action in ovarian cancer is important for identifying molecular markers for early diagnosis, targeted therapy, and prognosis evaluation.
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Characteristics Patients (N = 306)

N %
Gender
Female 306 100%
Stage
I 162 52.90%
11 69 22.50%
11 46 15.00%
v 22 7.20%
NA 7 2.30%
T
T1 140 45.80%
T2 72 23.50%
T3 21 6.90%
T4 10 3.30%
TIS 1 0.30%
X 17 5.60%
NA 45 14.70%
N
No 134 43.80%
N1 61 19.90%
NX 66 21.60%
NA 45 14.70%
M
Mo 116 37.90%
Ml 11 3.60%
MX 129 42.20%
NA 50 16.30%
Race
American Indian or Alaska Native 7 2.30%
Asian 20 6.50%
Black or African American 31 10.10%
Native Hawaiian or other pacific islander 2 0.70%
white 210 68.60%
NA 36 11.80%
Age
<=50 188 61.40%
> 50 118 38.60%
Vital status
ALIVE 233 76.10%
DEAD 73 23.90%
Survival time
Long(>5yeas) 47 15.40%
Short(<5years) 259 84.60%

TCGA, The Cancer Genome Atlas; CESC, cervical squamous cell carcinoma and
endocervical adenocarcinoma; NA, not applicable.





OPS/images/fonc.2022.1031643/fonc-12-1031643-g010.jpg
>

Risk Score

Survival Time(month)

Risk Group

* Low Risk

Sensitivity

Cc
[

FCRL3 ‘ ‘ ‘ ‘ ‘
* High Risk TLR10 ‘ ’ ‘ ’ ‘
oo
. . i | I
:-‘ e © N

. - * o o..
Cotfe ks ke Ricoow [ Lowrisk [l Hioh Risk

e Dead 3210123

Expression - H

—— 1-year, AUC=0.757

——— 3-year, AUC=0.684

—— 5-year, AUC=0.622

0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity





OPS/images/fonc.2022.1031643/fonc-12-1031643-g009.jpg
IGSF6

TLR10

‘e

s
., 50,um’

AT - ",’; '-/
ol
iyl ¥% . A






OPS/images/fonc.2022.1011000/table2.jpg
IncRNA name Gene name coef exp(coef) se(coef) Z score Pr(>|z|)

AC009095.1 FTL 0.3857532 1.4707216 0.1812545 2.128241 0.03331709
AC005332.4 BCL2 -0.3954274 0.6733922 0.1690220 -2.339502 0.01930946
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Primer name

AC009095.1

AC005332.4

GAPDH

Primer type

Forward
Reverse
Forward
Reverse
Forward

Reverse

Primer sequence (5'—3")

GAGAAAGGCESCTGCATAAGCG
GCESCTAATGGAACTCESCCTGCESC
AATGCGAGGGCACATCAAGT
AGAGAGAGCGAGCGAGTGTA
GGAGCGAGATCESCCTCESCAAAAT
GGCTGTTGTCATACTTCTCATGG
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Characteristic

Mean age (y) (range)
BMI (kg/m?)
<24.9 (normal)
25.0-29.9 (overweight)
>30.0 (obese)
Hypertension
Yes
No
Diabetes
Yes
No
FIGO stage
1A

LVSI, lymphovascular space invasion.

All patients n=8
54.5 (44-60)
2 (25.0%)

5 (62.5%)
1(12.5%)

3 (37.5%)
5 (62.5%)

2 (25.0%)
6 (75.0%)

7 (87.5%)
1 (12.5%)

1(12.5%)
7 (87.5%)

grade G1 n=4

52.5 (44-59)
1(25.0%)
2 (50.0%)

1 (25.0%)

1 (25.0%)
3 (75.0%)

1(25.0%)
3 (75.0%)

4 (100%)

4 (100%)

grade G2 n=4

56.5 (55-60)

1 (25.0%)
3 (75.0%)

2 (50.0%)
2 (50.0%)

1 (25.0%)
3 (75.0%)

3 (75.0%)
1 (25.0%)

1 (25.0%)
3 (75.0%)
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Primers of genes

hESR2-81-F
hESR2-81-R
h-LINCO01541-90bp-F1
h-LINCO01541-90bp-R1
h-LINCO01541-120bp-F2
h-LINCO01541-120bp-R2
hVEGFA-91-F
hVEGFA-91-R
GAPDH-F

GAPDH-R

Sequences (5'-3')

TTCAAAGAGGGATGCTCACTTC
CCTTCACACGACCAGACTCC
GCTTCCTTGCCTTTTCTCCT
TGAGGCTGGAAACAGAGGTT
GAATGAAGCTTTGGGGTGAA
CCCACAAATGCACATCTATCC
TCGGGAACCAGATCTCTCAC
TCTGTCGATGGTGATGGTGT
TGAAGGTCGGAGTCAACGGATTTGGT
CATGTGGGCCATGAGGTCCACCAC
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Variables

MCP-4 expression (low vs high)

Age (<60 vs 260 years)

FIGO stage (I-II vs I1I-IV)
Differentiation (well-moderate vs poor)

Lymph node metastasis (no vs yes)

HR

3.740
1.605
7.788
1.148
3.093

Univariate analysis

95% CI of HR

1.466-9.541
0.896-2.876
3.250-18.666
0.649-2.032
1.672-5.721

P-value

0.006
0.112
0.000
0.635
0.000

HR

3.621

5.589

1.650

Multivariate analysis

95% CI of HR

1.346-9.742
2.111-14.802

0.844-3.227

P-value

0.011

0.001

0.144
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Items

FIGO stage

LI

1I-1v
Differentiation
Well-Moderate
Poorly

Lymph node metastasis
Yes

No

Unknown
Pathological subtype
Serous

Mucinous
Endometrioid

Clear cell carcinoma

40
65

51
54

30
67

71
10
13
11

© o o o

(++)

19
39

31
27

14
39

40

High

(+++)

High positive

rate (%)

62.50
83.08

70.59
79.63

70.00
74.63
100.00

74.65
60.00
76.92
90.91

P-value

<0.05

>0.05

>0.05

>0.05
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Group

Normal
Benign
Borderline

Malignant

9

12
21
105

© v N oW

17

(++)

0

1

4
58

High

(+++)

Positive

rate (%)

4444
41.67
57.14*°
91.43%"

High positive
rate (%)
0.00
833

19.05%4
75.248"

“*Normal vs. Borderline (P = 0.002); "Benign vs. Borderline (P = 0.061); “Normal vs. Borderline (P = 0.060); “Benign vs. Borderline (P = 0.031); “Normal vs. Malignant (P < 0.001); ‘Benign vs.
Malignant (P = 0.001); ®Normal vs. Malignant (P < 0.001); "Benign vs. Malignant (P = 0.001).
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Univariate analysis Multivariate analysis

HR HR.95L HR.95H p-Value HR HR.95L HR.95H p-Value
age 1.778212 1.112123 2.843245 0.016228 1.566681 0.956845 2.56519 0.074324
histological type 3.043526 2.003172 4.62419 1.84E-07 1.643683 1.039595 2.598794 0.033495
grade 3.363109 1.467057 7.709655 0.004165 1.342176 0.551863 3.264285 0.516335
stage 4.116248 2.699981 6.275414 4.82E-11 3.043751 1.918006 4.830235 2.31E-06
risk Score 3.106371 2.316925 4.164804 3.55E-14 2.532946 1.754055 3.657704 7.15E-07

TCGA, The Cancer Genome Atlas.





OPS/images/fonc.2022.951573/crossmark.jpg
©

2

i

|





OPS/images/fonc.2022.951573/fonc-12-951573-g001.jpg
1:* *:;"Eg‘ =
- S |

WL v





OPS/images/fonc.2022.951573/fonc-12-951573-g002.jpg





OPS/images/fonc.2022.955979/fonc-12-955979-g008.jpg
73005

Ra017.p

sk [ ow [ v

T4e-11

ik [l o Il o

R="028.p

1000

1.90-08

4000

1000

asodgpewons

a100g9unul

2000

asogounuwl

2000

o

-2000

Risk score

gh

Risk score.

g

i [l

ik [l o Il on

27007

260-07

5000

Qungiownt

Apnrowny

0083 1YMILSA

2500
2500

00083 1vNILS3

03

g

gh

Risk B3 low E3 high

Risk E3 low E3 high

2100

1.00

Risk B low Bl high

risk B8 low EE high

06






OPS/images/fonc.2022.955979/fonc-12-955979-g009.jpg
rsscore

histlogcalype

stoge

Tota Poins

T-year sunvhal

Syearsurvial

Sensitivity

wncemans

S stV

Sge1 {smget

24
<
g
s — Risk AUC=0712
~— Nomogram, AUC=0.722
—— histological_type, AUC=0570
24 — stage, AUC=0,690
T T T T T T
00 02 04 08 08 10
1-Specificity

Observed OS (%)

04 06 0.8 10

0.2

0.0

Sensitivity

T

10

08

08

04

02

00

—— 1-year
— 3-year
—— 5-year
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Nomogram-predicted OS (%)
7 — Risk, AUC=0.716
~— Nomogram, AUC=0.756
— histological_type, AUC=0611
4 — stage, AUC=0699
T T T T T T
00 02 04 06 o8 10
1-Specificity

Concordance index

05 06 0.7 08

04

Sensitivity

10

08

08

04

02

00

—— Risk score

Nomogram
/\——hmyeagype
7 S— —— Stage

Time

Risk, AUC=0.699
Nomogram, AUC=0.769
histological_type, AUC=0.659
stage, AUC=0.695

00

T T T T T
02 04 06 08 10

1-Specificity





OPS/images/fonc.2022.955979/table1.jpg
age
histological type
grade
stage

risk Score

HR

2.310787
2.723841
4.132983
3.370365
6.640916

Univariate analysis

HR.95L

1.174746
1.540402
1.281972
1.901033
3.541853

HR.95H

4.54544
4.816476
13.32444
5.975361
12.45161

p-Value

0.015244
0.00057
0.017508
3.20E-05
3.57E-09

HR

2.101931
0.995563
1.686432
2.829301
4.685257

Multivariate analysis

HR.95L

0.997104
0.507416
0.477843
1.467133
2.19568

HR.95H

4430943
1.953321
5.951856
5.456181
9.997646

p-Value

0.050898
0.989683
0.416654
0.00191
6.50E-05





OPS/images/fonc.2022.955979/table2.jpg
age
histological type
grade
stage

risk Score

HR

1.358867
3.430404
2714988
5.346375
2.56945

Univariate analysis

HR.95L

0.703253
1.847279
0.826275
2.818812
1.692921

HR.95H

2.625685
6.370272
8.920951
10.14035
3.899812

p-Value

0.361529
9.49E-05
0.099854
2.85E-07
9.29E-06

HR

NA
2457144
NA
4.087041
1.997949

Multivariate analysis

HR.95L

NA
1307522
NA
2.108869
1.201528

HR.95H

NA
4.617558
NA
7.920787
3.322268

p-Value

NA
0.005222
NA
3.04E-05
0.00764





OPS/images/fonc.2022.955979/fonc-12-955979-g007.jpg
Patients with age>60

Patients with age<=60

TR g o
| I | B
| s z z
Son Zors
g 2
- k] 3
\ \ I\ \ g g
I{‘H ‘ ‘ ‘ 8050 8050
| o 202 2 025.
v [l 2921 peo.001 2% p<0.001
il \ H I .
S 1331567 e nNRBUBRITRRD IEEEREENAEEEEEEES
| ‘ ‘ ‘ l I ] S Time(years) Time(years)
% nigh{ 163439157392416.9 75 100000000 0 0 Fhigh{ 81 6848 3251810 5 3 2 2 2 2 1 11
‘ ‘ oumse o low{15037956649383020107 3 1 11 1111100 o low111810479 53 43 31 17 9 4 2 1 1 0 0 0 0
0123456786 51017121314151617 181920 IREEREERA RS
Time(years) Time(years)
Patients with G1 & G2 Patients with G3 & G4 Patients with endometrial
Risk = High = low Risk == high == low Risk = high =~ low
100 100 100
o7 Zors 3 075
2 ] 3
= e 8.
Soso Sos Soso
: : :
%oz o 025
€ = 5 < g <
5 p=0.172 H p<0.001 5 p<0.001
000 000 000
IREEREEEEEEEEEEES T3 4567 6NN RnUBRITRED 1315678 nNRANGRITREH
Time(years) Time(years)
{2211 T 2 4111111111 % ngh| 22090248257 402513 9 § 2 11000000 0 0  hoh] 144230660442816 6 4 311111100000
¢ low{ 68 59 43 35 290 22 15 10 5 3 1 0 0 0 0 O o low{2008231 4732199 6 3 2 111111100 o low{24@13591188664527129 4 2 1 1 1111100
01 234567 800 EZB M 012345676 5101T121314151617 181920 6123456765 101121314151617181920
Time(years) Time(years) Time(years)
Patients with Mixed and serous Patients with Stage | & Stage Il Patients with Stage I Stage IV
Risk = high == low Risk = high == low Risk = high == low
100 100 100
Eors Eon Zors
2 2 k]
-4 e B
Eos0 Sose §os0
s s 3
o2 o oo
& £ < <
g H 003 5 p<0.001
000 000 000
R R A R IREEREEEAR RS 133 56T nNnRRRBhIRED
Time(years) i Time(years)
non{oo 88 53 3 20 14 10 8 § 4 2 1 1 $ngn{ 15013592 66 47 01812 9 € 2 1 1 1 1 1 ngn{ 9376472717128 2 1111100000000
g R VYRV PR G844 SMRRARN G BB 00 g esii1119999998¢
0 1 2 5 4 5 6 7 & 6 w01 0 1234567 6 60 2ns 51334567 8 010111213141516171619%0
Time(years) Time(years) Time(years)

Enviced i igh ik o rEp—

|@WNM {y w;:ll\‘ J\l:‘],‘\“ h ”‘H“i‘ IH("”’ 1}‘!‘1”’!‘ I‘ | H‘ ’\ I






