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Background

Endometriosis (EMs) is a chronic inflammatory condition that is highly heterogeneous. Current clinical staging fails to accurately predict drug responses and prognosis. In this study, we aimed to reveal the heterogeneity of ectopic lesions and investigate the possible underlying mechanisms using transcriptomic data and clinical information.





Methods

The EMs microarray dataset GSE141549 was obtained from the Gene Expression Omnibus database. Unsupervised hierarchical clustering was performed to identify EMs subtypes, which was followed by the functional enrichment analysis and estimation of immune infiltrates. Subtype-associated gene signatures were identified and further validated in other independent datasets, including GSE25628, E-MTAB-694, and GSE23339. Additionally, tissue microarrays (TMAs) were generated from premenopausal patients with EMs to investigate the potential clinical implications of the two identified subtypes.





Results

The unsupervised clustering analysis revealed that ectopic EMs lesions can be classified into two distinct subtypes: stroma-enriched (S1) and immune-enriched (S2). The functional analysis revealed that S1 correlated with fibroblast activation and extracellular matrix remodeling in the ectopic milieu, whereas S2 was characterized by the upregulation of immune pathways and a higher positive correlation with the immunotherapy response. Moreover, we identified a subtype signature composed of FHL1 and SORBS1, and constructed a subtype diagnostic model. Based on the cohort data from the TMAs, we found that S2 was strongly associated with the failure of/intolerance to hormone therapy.





Conclusions

This study identified two distinct subtypes that are varyingly associated with hormone resistance, stroma-immunity, and molecular features, thereby highlighting the importance of this stromal-immune heterogeneity in identifying EMs subtypes and providing novel insights into future personalized hormone-free therapy in EMs.
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1 Introduction

Endometriosis (EMs) is a complex chronic condition that can cause dysmenorrhea, chronic pelvic pain, and infertility (1), and it affects approximately 10% of reproductive aged women worldwide (2). EMs is highly heterogeneous, and despite identical histology, comparable clinical characteristics, and uniform therapy, individual patient responses to hormone therapy can range from complete remission of symptoms to progression with treatment. Long-term disease management is a major clinical challenge, with first-line medical therapy (oral contraceptives and progestogens) being effective in only approximately 40% of patients who experience a major response, which therefore causes a delay in appropriate treatment (3, 4).

EMs has traditionally been classified based on anatomy (5). However, it remains a disease that lacks molecular subtypes to recapitulate the molecular profiles and present a basis for personalized treatment. With the development of next-generation sequencing, we now have the opportunity to further understand the heterogeneity and molecular mechanism of EMs. Several studies have explored the heterogeneity of EMs in the immune and stromal microenvironments (6, 7), and classification based on these features might provide new insights into its heterogeneous presentation (8).

In this study, we performed an unsupervised clustering analysis of EMs based on gene expression. We identified two subtypes of EMs that were associated with the clinical response to hormone therapy. The functional enrichment and cell infiltration estimation analyses revealed dysregulated pathways and cellular heterogeneity in the different subtypes. Furthermore, subtype-related genes were predicted and verified in a prospectively collected clinical cohort.




2 Materials and methods



2.1 Database collection

EMs transcriptomic microarray data were obtained from the NCBI’s Gene Expression Omnibus (GEO; https://ncbi.nlm.mih.gov/geo/), and data on the clinical features of patients examined in the microarray analyses were obtained from EMBL-EBI’s ArrayExpress (https://www.ebi.ac.uk/arrayexpress). The expression of genes of interest was analyzed in endometriotic tissue using the ENDOMET Turku Endometriosis Database (9). A total of 198 ectopic EMs lesion samples (including 6 biological replicates) from patients with EMs were analyzed from the GSE141549 dataset, which contains the expression matrix and clinical information of 198 EMs lesions. Additionally, three other independent transcriptomic profiles (GSE25628, E-MTAB-694, and GSE23339) were analyzed for further validation.




2.2 Batch effect removal

Expression values from both datasets were log2-transformed before cross-platform normalization. The ComBat function from the SVA package (in the R environment, version 3.6.2) (10) was used for the meta-analysis and data cleaning to remove batch effects. The principal component analysis (PCA) was used to evaluate whether the known batch effects were removed. Samples from the same dataset were considered to have no obvious batch effect if they did not cluster together.




2.3 Consensus clustering

Normalized expression values of 198 EMs lesions from the GSE141549 dataset were used to identify molecular subtypes by applying the consensus clustering method, which was implemented using the ConsensusClusterPlus package (in the R environment, version 1.58.0) (11). Consensus clustering was implemented with the following settings: maximum cluster number (maxK) = 10, number of repeats (reps) = 10,000, proportion of items to sample (pItem) = 0.8, proportion of features to sample (pFeature) = 1, cluster algorithm (clusterAlg) = “km” (K-means), and distance = “Euclidean”. The optimal cluster number was determined based on the consensus matrix and the cluster consensus score. The consensus score for k = 2 was larger than that of other clusters. Finally, the EMs lesions were clustered into two molecular subtypes: stroma-enriched subtype (S1) and immune subtype (S2).




2.4 Weighted gene coexpression network analysis

The biological function of each subgroup was investigated by identifying clusters of co-expressed characteristic genes using the WGCNA package (in the R environment, version 4.1.3) (12), which was also used to construct the co-expression network. The process also involved calculating the Pearson’s correlation matrices among all of the genes. Using the pickSoftThreshold function, 8 was determined to be the appropriate soft threshold to create the weighted adjacency matrix. Subsequently, hierarchical clustering and the dynamic tree cut function were used to assign genes to modules. The blockwiseModules function was applied using the following parameters: maxBlockSize = 30,000, minModuleSize = 30, mergeCutHeight = 0.25, reassignThreshold = 0.

Pearson’s correlation coefficients with P values estimated using the corPvalueStudent function were used to assess the correlations between molecular subtypes and module eigengenes.

The Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis and Gene Ontology (GO) analysis were performed using the clusterProfiler package (in the R environment, version 4.2.2) to explore the module-related pathways.




2.5 Analysis of cell type composition

Cell type composition scores were estimated for the S1 and S2 subtypes using the xCellAnalysis function from the xCell package (in the R environment, version 1.1.0) (13). Correlations between module eigengenes and computed cell type scores were visualized for all cell types that were scored in more than 25% of the samples, which allowed us to infer the representative cell type of each different module.

The infiltrating cells in lesions were also estimated using CIBERSORT (14), which yielded similar results to xCell.




2.6 Immune response prediction

The EaSIeR package (in the R environment, version 1.0.0) was used to predict the outcome of immune therapy for the different subtypes (15). EaSIeR provided the estimation of immune responses for each lesion based on RNA-seq data combined with prior knowledge, and lesions with a higher relative score had a stronger positive correlation with the immunotherapy response.




2.7 Gene set enrichment analysis and functional annotation

To explore the subtype-related biological processes, the GSEA (in GSEA software version 4.2.3) was conducted for each subtype (16). The KEGG pathway enrichment results were considered statistically significant based on the net enrichment score (NES), gene ratio, and P value. Gene sets with a |NES| > 1 and a NOM p < 0.05 were considered to be significantly enriched.




2.8 Protein–protein interaction network construction

The NetworkAnalyst (https://www.networkanalyst.ca/) online tool was used to construct and visualize the PPI network of gene models related to both subtypes (17). Genes with a connectivity degree of greater than 10 were identified as hub genes.




2.9 Identification of subtype-specific markers

Differentially expressed genes (DEGs) between the two different subtypes were identified using the limma package (in the R environment, version 3.50.1). Statistically significant DEGs were identified with the P value cutoff of <0.01 and a fold change of ≥2 or ≤−2.




2.10 Predictive signature identification

Subtype-related predictive genes were assessed in the GSE1141549 dataset using the glmnet package (in the R environment, version 4.1-4) based on the least absolute shrinkage and selection operator (LASSO) method and the randomForest package (in the R environment, version 4.1.3) based on Breiman’s random forest algorithm. The identified genes were used to build a linear regression model to examine the associations between the predictor genes and the molecular subtypes. The reproducibility was validated using the enhanced bootstrap method (100 bootstrap rounds). Subsequently, the model was tested on the three other datasets (GSE23339, GSE25628, and E-MTAB-694). C-statistics and Brier scores were calculated to assess the prediction performance. The C-index values were between 0.5 and 1.0, with 0.5 and 1.0 representing random opportunity and an excellent ability of the model to predict the subtype, respectively. The Brier score values were between 0 and 1, with 1 representing an entirely inaccurate forecast. A lower Brier score of a set of predictions indicated that the predictions were better calibrated, with the best possible Brier score of 0 representing total accuracy.




2.11 Patient cohorts and ethics

All tissue samples were obtained with informed consent from patients and approved by the ethics service under the research ethics committee numbers (kyy-2019-105). Premenopausal women diagnosed with EMs were included from the Obstetrics and Gynecology Hospital of Fudan University between January 2020 and September 2022. Samples were obtained from patients undergoing surgical resection of EMs lesions (conservative or radical surgery) and confirmed by pathological examination. All participants underwent hormone therapy before surgery. Detailed clinical information about previous EMs surgery and hormone therapy was collected for all recruited participants. Patients who underwent hormone therapy for less than 1 month were considered unexposed (18). The criteria for patients considered as failed/intolerant to hormone therapy were as follows: 1) patients who underwent hormone therapy for more than 1 month without any symptom relief and 2) patients who underwent hormone therapy for more than 1 month and who terminated treatment due to intolerable side effects.

Patients who met the following criteria were excluded: 1) patients with a history of any inflammatory condition, autoimmune disease, or malignant tumor; 2) patients who stopped treatment due to drug allergy or severe side effects; 3) patients who underwent hormone therapy for other conditions.




2.12 Construction of tissue microarrays

All tissues used to construct TMAs were evaluated by an experienced gynecological pathologist in advance of the presence of EMs lesions. When typical endometrial glands were found in the lesions, the pathological diagnosis of EMs was made. CD10 immunohistochemical staining of lesions was performed when the pathologists failed to find typical endometrial glands (e.g., due to heat injury). In total, 97 formalin-fixed, paraffin-embedded EMs lesions (22 intestinal lesions; 21 deep rectovaginal lesions; 11 other deep lesions, including ureteral or vaginal lesions; 36 ovarian lesions; and 7 peritoneal lesions) were used to construct the TMAs. The intestinal lesions were arrayed in two different paraffin blocks, whereas the deep rectovaginal lesions were arrayed in three different paraffin blocks. Ureteral lesions and vaginal lesions were arrayed in one paraffin block, ovarian lesions were arrayed in three different paraffin blocks, and peritoneal lesions were arrayed in one paraffin block. Tissue cylinders with a diameter of 5 mm were used to extract tissue from the targeted area confirmed by the pathologist of each donor tissue block, which were then deposited into recipient blocks. After the array blocks were constructed, they were cut into multiple 4-μm sections until all 97 tissue samples were represented on a single section. Each section was placed on a microscopic slide and histologically investigated after hematoxylin and eosin (H&E) staining to determine the adequacy of the arrayed tissues. These sections were separately placed on charged polylysine-coated slides for immunohistochemistry (IHC).




2.13 IHC analysis

The paraffin-coated microarray sections were placed on a heating block at 60°C for 2 hours and continuously washed with xylene to remove the paraffin. The slides were then rehydrated in varying concentrations of alcohol. Subsequently, 3% hydrogen peroxide was applied for 30 min at room temperature to block endogenous peroxidase activity. Then, the slides were incubated in the retrieval buffer (sodium citrate solution, pH = 6.0) and heated in the microwave to restore the antigen. The slides were pre-incubated with serum for 1 hour to reduce non-specific background. The slides were incubated overnight with primary antibodies diluted in phosphate-buffered saline (PBS) at 4°C. Four monoclonal antibodies were used to detecting PR (ab32085, 1:150), PI16 (ab127014, 1:500), FHL1 (ab133661, 1:100), and SORBS1 (ab224129, 1:200). The next day, the slides were washed three times with PBS (1×) for 5 min each. Subsequently, the slides were incubated with the secondary antibody (abs20040, 1:500) for 2 h at room temperature. The slides were developed in diaminobenzidine solution and stained with hematoxylin. Finally, images of the representative fields in each case were collected using the Stream Software, and expression was quantified using Image J software. The FHL1 and SORBS1 staining results were assessed as negative or positive by a pathologist who was unfamiliar with the clinical pathological data. Correlations between FHL1 or SORBS1 expression and the effects of hormone therapy were estimated using the chi-square test. Correlations between the expression of other genes and the effects of hormone therapy were estimated using the t-test, with or without Welch’s correction. All analyses were performed using GraphPad Prism v.9.0 software. P values of <0.05 were considered statistically significant.





3 Results



3.1 Data collection and preprocessing

Microarray EMs transcriptomic data and matched clinical data were obtained from NCBI’s GEO (https://ncbi.nlm.mih.gov/geo/) and EMBL-EBI’s ArrayExpress (https://www.ebi.ac.uk/arrayexpress). In total, the data of 198 EMs samples (91 deep lesions, 79 peritoneal lesions, and 28 ovarian lesions) from the GSE1412549 dataset were used as the training dataset. The other datasets, including GSE25628 (7 deep lesions), E-MTAB-694 (18 peritoneal lesions), and GSE23339 (10 ovarian lesions), were used for further external validation. A detailed flowchart explaining the process is illustrated in Figure 1. To remove any batch effects caused by the data being from different platforms and different batches, the ComBat method was applied between the datasets. The PCA was also conducted on these datasets to establish the relationships among the four validation datasets. As shown in Figure 2A, samples from the four independent datasets formed different clusters before removing the batch effects; however, they clustered together after batch effect removal (Figure 2B). This clustering indicated that cross-platform normalization was successful in removing the batch effects.




Figure 1 | Flowchart of this research. A flowchart for the analysis procedure to identify potential molecular subtypes and critical genes.






Figure 2 | Removal of batch effects between the datasets. Principal component analysis (PCA) of the four datasets (GSE141549, GSE25628, E-MTAB-694, and GSE23339) before (A) and after (B) merging.






3.2 Identification of ectopic lesion transcriptome-based subtypes for EMs patients

To understand the heterogeneity of EMs and identify potential subtypes, the GEO dataset GSE141549 was downloaded along with clinical data (Supplementary Table 1) to screen EMs gene expression. EMs subtypes were identified from the high-dimensional dataset by applying the unsupervised clustering algorithm to classify the ectopic lesions based on the heterogeneity of the gene expression profiles. Normalized expression values of the 198 EMs lesions from GSE141549 were used to identify the different molecular subtypes. As shown in Figure 3, the EMs lesions were finally clustered into two molecular subtypes: S1 and S2. We observed that the S1 and S2 subtypes contained 109 and 88 lesions, respectively. The consensus matrix suggested a high degree of intra-group homogeneity and distinct heterogeneity between the two subtypes (Figure 3A). The cluster consensus value for each subgroup suggested that 2 was the optimal number of clusters (Figure 3B). The PCA analysis suggested that the two subtypes were separated at the transcriptional level (Figure 3C).




Figure 3 | Consensus clustering analysis of the gene expression profiles for EMs cases. (A) The consensus matrix heatmap and consensus score were plotted when k = 2. The heatmap represents the consensus matrix with a cluster count of 2, which was determined by the minimal consensus scores of the subgroups (>0.8). (B) The bar plots represent the consensus scores of the subgroups with a cluster count ranging from 2 to 10. (C) The principal component analysis (PCA) supported the stratification when k = 2. “cycle”: cycle phase; “medication” refers to the inability to determine the cycle phase for patients on hormone medication; “non-medication” refers to the proliferative phase, secretory phase, or menstrual period; stage: rAFS stage; site.merge: location of lesions; cluster: molecular subtype.



The detailed clinical characteristics of the 198 EMs patients along with clinical data from the GSE141549 dataset are shown in the additional file (Supplementary Table 1, Supplementary Figure 1). Given that the clinical characteristics might have an impact on the gene expression profile of lesions, the clinical characteristics of the two subtypes were investigated by examining the age, cycle, medication, revised American Fertility Society(rAFS) stage, and lesion locations of the EMs cases from the GSE141549 dataset. The proportion of lesion distribution in S1 was different from that in S2 (Supplementary Table 1). However, there were no significant differences between S1 and S2 with regard to age, menstrual cycle, and rAFS stage (Supplementary Table 1, Supplementary Figure 2). These results indicated that the transcriptome classification might represent certain intrinsic biological characteristics.




3.3 Identification of gene co-expression modules for each subtype and functional annotation

The WGCNA was performed to identify clusters of co-expressed genes that were characteristic of the biological function of each subgroup. This process revealed 14 modules of highly co-expressed genes (Supplementary Figure 3). After calculating the correlations between each module and clinical traits, it was evident that several gene modules were strongly positively correlated with a subtype (MEturquoise for S1, MEblue for S2) (Figure 4A). The functional enrichment analysis based on the KEGG database indicated that genes in MEturquoise were mainly enriched in pathways related to fibrosis, whereas genes in Meblue were mainly enriched in pathways related to the immune response and inflammation (Figure 4B). The GO analysis showed similar results (Supplementary Figure 4).




Figure 4 | The underlying biological features differ between the two EMs subtypes. (A) Hierarchical cluster formation based on the soft threshold power (β = 8). Pearson’s correlation between module eigengenes and clinical features and cluster groups in lesion tissues within GSE141549, with bordered squares indicating significant correlations (P < 0.05, Student asymptotic P-value for correlation). Exact P values are given in Supplementary Table 1. Abbreviations: “cycle”: cycle phase; “medication” refers to the inability to determine the cycle phase for patients on hormone medication; “non-medication” refers to patients in phases of the menstrual cycle (not on hormone medication); “class”: molecular subtype. (B) Statistics of the KEGG pathway annotation of subtype 1 and subtype 2. The x-axis shows the number of genes; the y-axis corresponds to the KEGG pathway annotation. (C) The GSEA plots of representative gene sets in EMs subtypes. The green line indicates the enrichment profile. (D) PPI networks for gene co-expression modules associated with the molecular subgroups. The gene names of the top 30 nodes with the highest degree of connectivity are labeled. The top clusters from representative genes of subtype 1 (green color) and subtype 2 (blue color) are illustrated, and the related hub genes (dark green and dark blue) in each cluster that were obtained from degree values are shown.



The GSEA was performed for functional enrichment of S1 and S2 (Supplementary Table 2). The KEGG enrichment terms revealed that S1 was associated with fibrosis-related terms, including vascular smooth muscle contraction and dilated cardiomyopathy, whereas S2 was associated with immune response-related terms, including primary immunodeficiency and allograft rejection. Notably, steroid biosynthesis pathways were also enriched in S2 (Figure 4C).




3.4 Hub genes and immune-stroma profiles of the different established subtypes

Next, hub genes were identified from the representative genes of each subtype, and PPI networks were developed for gene co-expression modules associated with molecular subgroups; the gene names of the top 30 nodes with the highest degree of connectivity are labeled in Figure 4D. The hub genes identified for S1 included PTPN11, PPKCA, CAV1, PPP1CB, PAP1A, CD44, CCND2, and PI16, which might have the largest impact on fibroblast activation and integrin signal transduction in milieu. The hub genes identified for S2 included LYN, STAT1, PTPN6, FGR, CXCR4, MYD88, CEBPA, and HCK, which have an important function in regulating the innate and adaptive immune responses, responses to growth factors and cytokines, and migration of immune cells.

We postulated that the observed gene co-expression patterns might also be indicative of cell type features associated with EMs. The differences in immune-related signatures between the EMs lesions of S1 and S2 were further explored. In this study, the xCell algorithm was used to analyze gene expression data (GSE141549) and calculate the module eigengene and immune-stroma scores of ectopic endometrial samples between S1 and S2. Strong positive correlations were observed between MEblue and obvious immune cell infiltration in S2, including that of macrophages and T lymphocytes (Figure 5A). The results revealed that the ectopic EMs lesions of S1 had significantly lower immune scores. In contrast, the stroma scores for ectopic EMs lesions of S1 were significantly higher than those of S2 (P < 0.0001). There was a significant difference between the microenvironment scores of the two subtypes (P > 0.05, Figure 5B). To further explore the association between the S2 subtype and the response to immunotherapy, we used the EaSIeR method to predict the immunotherapy effect of different lesions according to the gene expression profile. The results suggested that the immune signature score of the S2 subtype was higher than that of the S1 subtype, which might represent a better response to immunotherapy (Figure 5C). Similar results were obtained using the CIBERSORT algorithm (Figure 5D). Compared with the neutrophil enrichment in the S1 subtype, higher infiltrating M0 macrophage, M2 macrophage, Treg cell, and activated dendritic cell ratios were observed in the S2 subtype of the endometrial ectopic lesions, indicating the characteristic of immune tolerance.




Figure 5 | Stromal and immune cell composition alterations between the two EMs subtypes. (A) Heatmap of module eigengene–cell type correlations. The cell types were deconvoluted from whole-tissue expression data using xCell. The bordered squares indicate significant correlations (false-discovery rate [FDR] P < 0.05, asymptotic two-tailed P values estimated from Pearson’s correlation coefficients). (B) Comparisons of microenvironment, stromal, and immune scores between the two subtypes (S1 and S2). (***P < 0.001, ****P < 0.0001). (C) Immunotherapy response scores obtained by EaSIeR in the two subgroups of EMs patients. The differences in response scores between the two subtypes were identified using the Student’s t-test. (D) Boxplot of the proportion of 22 immune cell types in the different subgroups of lesions based on CIBERSORT. (*P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001).






3.5 Identification and validation of the DEGs between the EMs subtypes

The gene labels identifying the two subtypes were explored by performing differential analysis, which identified 159 DEGs. Of these, 120 DEGs were significantly upregulated in S1, whereas 39 DEGs were downregulated (Figure 6A, Supplementary Table 3). Subtype-related genes were identified using LASSO and the random forest algorithm based on the computed LASSO coefficient and the mean decrease in the Gini coefficient (Figures 6B–D). FHL1 and SORBS1 were selected to construct a predictive model using LASSO regression. These two genes were also differentially expressed between ectopic lesions and endometrium samples from patients (Supplementary Table 4). Internal validation computed by 100 rounds of the bootstrap method indicated excellent discrimination (area under the receiver operating characteristic curve [AUC]: 0.97) and calibration (0.068) (Figures 6E, F).




Figure 6 | Identification of DEGs and gene-signature selection in EMs subtypes. (A) Volcano map of differentially expressed genes (DEGs) between subtypes S1 and S2. (B) The LASSO logistic regression algorithm was used to identify the most robust DEGs between different molecular subgroups, and an ensemble of key genes remained with individual coefficients. (C) The bar chart shows the variable weight of LASSO. (D) The variable weight of random forest. (E) The ROC curve for internal validation using the enhanced bootstrap method on the GSE141549 dataset. (F) Calibration curve for internal validation using the enhanced bootstrap method on the GSE141549 dataset. C index: 0.97, Brier score: 0.068.



For external validation, three independent EMs datasets (GSE25628, GSE23339, E-MTAB-694) were analyzed to verify the predictive performance of this model. After removing batch effects among the datasets, consensus clustering of endometriotic lesion samples from the training dataset and the three independent validation datasets is shown in Figure 7A. The final results revealed that the AUC was 0.86 and the Brier score was 0.16 (Figures 7B, C).




Figure 7 | External validation in three independent datasets, including GSE25628, GSE23339, and E-MTAB-694. (A) Consensus clustering of lesion samples for the training dataset and the three validation datasets. (B) ROC curve for external validation using the enhanced bootstrap method in the validation datasets. (C) Calibration curve for external validation using the enhanced bootstrap method in the validation datasets. C index: 0.87, Brier score: 0.16. (D–F) Immune and stromal cell components of S1 and S2 in the validation datasets. *p value<0.05.



Immune infiltration estimates for the validation datasets determined by xCell yielded similar results to those of the training set (Figures 7D–F).




3.6 Association between the EMs subtypes and clinical hormone therapy response

Hormone therapies are usually employed to treat EMs. However, our understanding of the molecular EMs subtypes and their associations with the clinical response to hormones remains incomplete. Furthermore, the significance of the EMs subtypes and their biomarkers requires validation across cohorts of well-annotated clinical samples and clinical features.

The unsupervised classification of the tissue transcriptome and gene signatures in EMs patients was validated by recruiting a validation cohort of 83 EMs patients. All patients participated in this study anonymously because of privacy and security concerns. The detailed baseline demographic information of the cohort is shown in Table 1. A total of 97 ectopic EMs samples were collected during surgery. On the basis of the above, we measured the protein expression of the subtype markers and functional molecules identified in Figures 6A–D using IHC and distinguished hormone-sensitive and hormone-resistant populations. In brief, with the help of IHC analysis of the TMAs, FHL1 and SOBRS1-positive and high PI16 expression patients were classified into the S1 subtype, while FHL1 and SORBS1-negative and low PI16 expression patients were classified into the S2 subtype.


Table 1 | Clinical characteristics of the patients received hormone therapy before surgery.



The subtype-specific gene signatures were identified in all patients. The associations between established EMs subtypes and clinical characteristics are reported in Table 1. Overall, the subtypes were significantly associated with the lesion locations (P < 0.001). Next, the correlation between FHL1 positivity and the response to hormone therapy was examined for ectopic EMs lesions. A higher number of hormone-resistant EMs patients were found in FHL1-positive subgroup (S2) (Figure 8, top), which is consistent with a previous report showing that chronic inflammation might induce a progesterone-resistant state. However, we did not observe any correlation between SORBS1 expression and the response to hormone therapy. As recent research has reported in human tissues, a new universal fibroblast transcriptional subtype was identified across tissues. The PI16-positive fibroblast serves as a reservoir that can yield specialized fibroblasts across a broad range of steady-state tissues and activated fibroblasts under pathological conditions. In this study, IHC was applied to verify the expression of the universal fibroblast marker PI16, the same as PR, which was significantly decreased in the ectopic EMs tissues from resistant patients (Figures 8, middle and bottom). Overall, the highest numbers of endometrial stromal cells and fibroblasts were observed in the FHL1-positive subtype, indicating a subtype-specific response, which was likely involved in the distinct biological behavior of the different EMs subtypes.




Figure 8 | Correlation between EMs subtypes, molecular pathology characteristics, and validation. FHL1 expression in ectopic lesions from patients with hormone resistance or a clinical response (top). Progesterone receptor (PR; middle) and universal fibroblast marker PI16 (bottom) expression was detected in the tissue microarrays using IHC data from patients in the clinical cohort. *p value<0.05; **p value<0.01.







4 Discussion

EMs is a highly heterogeneous disease with distinct clinical manifestations and a complex pathophysiology (1, 20). More than 50% of women with chronic pelvic pain are estimated to suffer from EMs; however, correlations between clinical symptoms and the location, hormone therapy, and clinical classification of EMs lesions remain poorly studied, with some women being asymptomatic or progesterone-resistant. Most research considers EMs as a single disease phenotype, potentially obscuring informative subtype-specific associations that can identify risk factors, biomarkers, and treatment responses (21–25). In addition, traditional histological classification cannot guide EMs treatment, with the hormonal responses being ineffective in approximately 2%–30% of cases (4, 25–27). Therefore, accurately identifying the molecular subtypes of EMs is essential to make a lesion-based therapeutic decision, thereby possibly maximizing patient adherence and treatment results.

In this study, substantial heterogeneity of the ectopic tissue transcriptome in EMs patients was revealed (Supplementary Table 1), along with the identification of two distinct subtypes based on the ectopic tissue gene expression profiles (Figure 3). To understand and identify the biological processes and pathways involved in the different subtypes, KEGG pathway annotation statistical analyses were conducted (Figure 4). The two EMs subtypes presented with distinct molecular pathways, stroma compositions, immune cell infiltration patterns, and immune response patterns during ectopic lesion formation. Distinct fibrosis and immune infiltration patterns were observed between the two EMs subtypes. These distinct patterns were observable across the entire endometrial host response process, including the activation of stromal cells and fibroblasts, the infiltration and response of immune cells, and the production of extracellular matrix.

Consistent with previous research reports (23, 28), signaling pathways in fibrosis-myofibrosis were evidently enriched in S1 and were involved in the process of EMs-related fibrosis and adhesion. Moreover, strong enrichment in primary immunodeficiency and allograft rejection were observed in S2. This may imply that the modulation of signaling in innate and adaptive immunity mainly mediates the inflammation and progression of S2.

EMs heterogeneity was also confirmed by the differential analysis of immune cell proportions. The proportion of each cell type in ectopic tissue, especially stroma and immune cells, was found to shape significant differences between the two subtypes (Figure 4). Macrophages are crucially involved in lesion establishment and maintenance by driving chronic inflammation and tissue remodeling. Similarly, higher proportions of M2 macrophages and Treg cells were observed in lesions of the S2 subtype (Figure 5), indicating immunoregulatory/immunosuppressive properties. Based on our previous research on the role of Treg cells (29) and Th17 cells in EMs (30), this bioinformatic study further validated that the crosstalk between ectopic endometrial cells and immune cells creates an atmosphere of endometriotic immunotolerance in the ectopic milieu, which contributes to EMs progression.

To identify more stable and reliable molecular markers, 159 DEGs were identified, including 120 upregulated and 39 downregulated genes. DEGs between the two subtypes were closely associated with cell adhesion, cell junction, and fibroblast-myofibroblast activation. Two-gene signatures that discriminated these two EMs subtypes were selected and validated. A two-gene signature (FHL1 and SORBS1) was developed through stability selection and LASSO logistic regression (Figure 6). FHL1, a member of the four-and-a-half-LIM-only protein family, might be involved in muscle development or hypertrophy. Another study showed that FHL1 promotes blastocyst-epithelial adhesion (31). Therefore, we speculated that FHL1 might mediate the excessive adhesion of endometrial epithelial cells to the ectopic milieu, which is the opposite role. This two-gene signature was further validated to be stable in discriminating between these two subtypes, even in the other three independent datasets (Figure 7).

To date, several causes of progesterone resistance in patients with EMs have been postulated, including congenital genetic causes (PR gene polymorphisms and epigenetic modifications) and secondary progesterone-resistant states induced by chronic inflammation (26). Considerable evidence reveals a link between progesterone resistance and chronic inflammatory states among patients with EMs. Repetitive retrograde endometrial shedding is known to beget chronic peritoneal inflammation, which further exacerbates progesterone resistance. This could be partly caused by higher expression of hormone receptors on the stroma-enriched areas and glands, as well as the alteration of the PRs through chronic inflammation. Cytokines directly decrease PR expression, possibly through epigenetic modification (32) or disruption of receptor function through alterations in steroid receptor chaperone proteins (33). In addition to the hormone-resistant properties of the lesions, undiscovered deep-hidden microlesions, pelvic adhesion, concurrent chronic pelvic inflammation or uterine adenomyosis may also easily lead to the poor response to hormone therapy. Inflammation and adverse microenvironmental factors may also be implicated in hormone unresponsiveness via alterations in the progesterone response (26, 34). Despite the development of highly selective progesterone, congenital or acquired hormone unresponsiveness remains a challenge when treating partial-subtype EMs. We believe that in the near future, nonsurgical therapy for EMs requires innovation and expansion into new areas. The first step should involve obtaining a deeper understanding of the disease’s core features and diverse phenotypes and idiosyncrasies.

In this work, FHL1-positive dominant fibroblasts represented the stroma-enriched subtype S1, which was obviously associated with a robust hormone response and transcriptome. In contrast, subtype S2 with immune infiltration and immune tolerance signatures was prone to hormone tolerance (Figure 8). This result might have been partly caused by the higher expression of hormone receptors on the stroma and alteration of PRs through chronic inflammation.

New research has shown that PI16-positive fibroblasts represent a universal subtype that is responsible for extracellular matrix secretion and potentially serving as a resource cell that can develop into specialized fibroblasts (35). Given the significant differences in the stroma-immune cell compositions between the two subtypes, the abundance of PI16-positive fibroblasts in the subtypes were tested, and their association with progestogen resistance was explored. Using IHC assays through TMAs, this study identified a two-gene signature that discriminated these two subtypes when combined with the universal fibroblast marker PI16, which were able to predict the clinical hormone response of EMs patients. However, we emphasize that the assessment of the significance for hormone therapy might have been limited by the sample size, and further research is warranted in the future.

It is also worth mentioning that our analysis was based on microarray data, and the tissues surrounding the lesions might have affected the sequencing results. We analyzed the anatomical locations of the lesions in the two subtypes as a supplement, and we found that most of the deep lesions were classified as S1, while ovarian lesions were classified as S2. Notably, there was no obvious relationship between peritoneal lesions and molecular subtypes, as these lesions were equally distributed in the subtypes (Supplementary Figure 5A). Moreover, during the validation of the public database (GSE23339, GSE25628, and E-MTAB-694), we included datasets containing sequencing data of EMs lesions from three anatomical sites, including deep lesions (GSE25628), ovaries (GSE23339), and peritoneum (E-MTAB-694). We found no obvious correspondence between the lesion location and the molecular subtype (Supplementary Figure 5B). From another perspective, current classification was poorly correlated with symptom severity and failed to provide information concerning the prognosis or treatment response. Likewise, the classifications based on the anatomical location did not include any information about the molecular features or microenvironment of these lesions, nor did they fully recognize the etiology of the disease. We have come to realize that EMs has high potential for molecular heterogeneity, including mutations, gene expression profiles, and intra-lesion spatial heterogeneity (such as that in a large endometrioma or deep nodules) (36). We believe the heterogeneity of the lesion itself, rather than the anatomical location, is more likely to drive the diversity and heterogeneity of EMs and underpin the different molecular subtypes.

Another limitation is that intra-lesion heterogeneity in endometriosis has been reported by researchers, although it has not been studied extensively (36–38). In the dataset GSE141549 used in this study, 198 lesions contained 192 independent lesion tissues and 6 biological replicates. We found differences in gene expression profiles even between tissues derived from the same lesion. We believe these replicates derived from the different sampling sites within the same lesion, and such difference may partly reflect the intra-lesion heterogeneity. However, large-scale studies, as well as single-cell sequencing and spatial transcriptomics are needed for the further understanding of intra-lesion heterogeneity in endometriosis.

In summary, the integrated bioinformatics analysis identified candidate DEGs and pathways in EMs that enhance our understanding of the underlying molecular events of EMs. These candidate genes and pathways could be therapeutic targets for EMs. The classification of EMs into two subtypes further improves our understanding of the underlying pathogenesis of EMs and provides new insights for future studies.





Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: GSE141549,GSE25628, and GSE23339 (GEO) and E-MTAB-694 (EMBL-EBI).





Ethics statement

The studies involving human participants were reviewed and approved by the institutional ethics committee of Obstetrics and Gynecology Hospital, Fudan University. The patients/participants provided their written informed consent to participate in this study.





Author contributions

YW and KC designed this study and took responsibility for the integrity of the data and the accuracy of the data analysis. YW  performed the bio-informatics analyses and drafted the manuscript. YX and YW assisted the IHC of TMAs. YC assisted the recruitment,enrollment, and follow-up of clinical patients. QT, JR and QC assisted the collection of clinical information of patients, XY and KC revised the manuscript. All authors contributed to the article and approved the submitted version.





Funding

This research was supported by the Shanghai Shen Kang Hospital Development Center (SHDC12019106 and SHDC12019X27) and the National Natural Science Foundation of China (31600735).




Acknowledgments

The authors sincerely acknowledge the reviewers for their insights and comments to further improve the quality 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.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2023.1133672/full#supplementary-material




References

1. Zondervan, KT, Becker, CM, and Missmer, SA. Endometriosis. N Engl J Med (2020) 382(13):1244–56. doi: 10.1056/NEJMra1810764

2. Shafrir, AL, Farland, LV, Shah, DK, Harris, HR, Kvaskoff, M, Zondervan, K, et al. Risk for and consequences of endometriosis: a critical epidemiologic review. Best Pract Res Clin Obstet Gynaecol (2018) 51:1–15. doi: 10.1016/j.bpobgyn.2018.06.001

3. Burla, L, Kalaitzopoulos, DR, Metzler, JM, Scheiner, D, and Imesch, P. Popularity of endocrine endometriosis drugs and limited alternatives in the present and foreseeable future: a survey among 1420 affected women. Eur J Obstet Gynecol Reprod Biol (2021) 262:232–8. doi: 10.1016/j.ejogrb.2021.05.040

4. Donnez, J, and Dolmans, MM. Endometriosis and medical therapy: from progestogens to progesterone resistance to GnRH antagonists: a review. J Clin Med (2021) 10(5). doi: 10.3390/jcm10051085

5. Nisolle, M, and Donnez, J. Peritoneal endometriosis, ovarian endometriosis, and adenomyotic nodules of the rectovaginal septum are three different entities. Fertil Steril (1997) 68(4):585–96. doi: 10.1016/S0015-0282(97)00191-X

6. Mu, F, Harris, HR, Rich-Edwards, JW, Hankinson, SE, Rimm, EB, Spiegelman, D, et al. A prospective study of inflammatory markers and risk of endometriosis. Am J Epidemiol (2018) 187(3):515–22. doi: 10.1093/aje/kwx272

7. Reis, FM, Petraglia, F, and Taylor, RN. Endometriosis: hormone regulation and clinical consequences of chemotaxis and apoptosis. Hum Reprod Update (2013) 19(4):406–18. doi: 10.1093/humupd/dmt010

8. Zhou, J, Chern, BSM, Barton-Smith, P, Phoon, JWL, Tan, TY, Viardot-Foucault, V, et al. Peritoneal fluid cytokines reveal new insights of endometriosis subphenotypes. Int J Mol Sci (2020) 21(10). doi: 10.3390/ijms21103515

9. Gabriel, M, Fey, V, Heinosalo, T, Adhikari, P, Rytkonen, K, Komulainen, T, et al. A relational database to identify differentially expressed genes in the endometrium and endometriosis lesions. Sci Data (2020) 7(1):284. doi: 10.1038/s41597-020-00623-x

10. Leek, JT, Johnson, WE, Parker, HS, Jaffe, AE, and Storey, JD. The sva package for removing batch effects and other unwanted variation in high-throughput experiments. Bioinformatics (2012) 28(6):882–3. doi: 10.1093/bioinformatics/bts034

11. Wilkerson, MD, and Hayes, DN. ConsensusClusterPlus: a class discovery tool with confidence assessments and item tracking. Bioinformatics (2010) 26(12):1572–3. doi: 10.1093/bioinformatics/btq170

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

13. Aran, D, Hu, Z, and Butte, AJ. xCell: digitally portraying the tissue cellular heterogeneity landscape. Genome Biol (2017) 18(1):220. doi: 10.1186/s13059-017-1349-1

14. Newman, AM, Liu, CL, Green, MR, Gentles, AJ, Feng, W, Xu, Y, et al. Robust enumeration of cell subsets from tissue expression profiles. Nat Methods (2015) 12(5):453–7. doi: 10.1038/nmeth.3337

15. Lapuente-Santana, O, van Genderen, M, Hilbers, PAJ, Finotello, F, and Eduati, F. Interpretable systems biomarkers predict response to immune-checkpoint inhibitors. Patterns (N Y) (2021) 2(8):100293. doi: 10.1016/j.patter.2021.100293

16. Subramanian, A, Tamayo, P, Mootha, VK, Mukherjee, S, Ebert, BL, Gillette, MA, et al. Gene set enrichment analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proc Natl Acad Sci U S A (2005) 102(43):15545–50. doi: 10.1073/pnas.0506580102

17. Zhou, G, Soufan, O, Ewald, J, Hancock, REW, Basu, N, and Xia, J. NetworkAnalyst 3.0: a visual analytics platform for comprehensive gene expression profiling and meta-analysis. Nucleic Acids Res (2019) 47(W1):W234–W41. doi: 10.1093/nar/gkz240

18. Lundin, C, Wikman, A, Lampa, E, Bixo, M, Gemzell-Danielsson, K, Wikman, P, et al. There is no association between combined oral hormonal contraceptives and depression: a Swedish register-based cohort study. BJOG (2022) 129(6):917–25. doi: 10.1111/1471-0528.17028

19. Abrao, MS, Andres, MP, Miller, CE, Gingold, JA, Rius, M, Neto, JS, et al. AAGL 2021 endometriosis classification: an anatomy-based surgical complexity score. J Minim Invasive Gynecol (2021) 28(11):1941–50 e1. doi: 10.1016/j.jmig.2021.09.709

20. Giudice, LC, and Kao, LC. Endometriosis. Lancet (2004) 364(9447):1789–99. doi: 10.1016/S0140-6736(04)17403-5

21. Horne, AW, and Saunders, PTK. SnapShot: endometriosis. Cell (2019) 179(7):1677– e1. doi: 10.1016/j.cell.2019.11.033

22. Vercellini, P, Vigano, P, Somigliana, E, and Fedele, L. Endometriosis: pathogenesis and treatment. Nat Rev Endocrinol (2014) 10(5):261–75. doi: 10.1038/nrendo.2013.255

23. Chapron, C, Marcellin, L, Borghese, B, and Santulli, P. Rethinking mechanisms, diagnosis and management of endometriosis. Nat Rev Endocrinol (2019) 15(11):666–82. doi: 10.1038/s41574-019-0245-z

24. Maruyama, S, Imanaka, S, Nagayasu, M, Kimura, M, and Kobayashi, H. Relationship between adenomyosis and endometriosis; different phenotypes of a single disease? Eur J Obstet Gynecol Reprod Biol (2020) 253:191–7. doi: 10.1016/j.ejogrb.2020.08.019

25. Taylor, HS, Kotlyar, AM, and Flores, VA. Endometriosis is a chronic systemic disease: clinical challenges and novel innovations. Lancet (2021) 397(10276):839–52. doi: 10.1016/S0140-6736(21)00389-5

26. Patel, BG, Rudnicki, M, Yu, J, Shu, Y, and Taylor, RN. Progesterone resistance in endometriosis: origins, consequences and interventions. Acta Obstet Gynecol Scand (2017) 96(6):623–32. doi: 10.1111/aogs.13156

27. McKinnon, B, Mueller, M, and Montgomery, G. Progesterone resistance in endometriosis: an acquired property? Trends Endocrinol Metab (2018) 29(8):535–48. doi: 10.1016/j.tem.2018.05.006

28. Mecha, E, Makunja, R, Maoga, JB, Mwaura, AN, Riaz, MA, Omwandho, COA, et al. The importance of stromal endometriosis in thoracic endometriosis. Cells (2021) 10(1). doi: 10.3390/cells10010180

29. Li, MQ, Wang, Y, Chang, KK, Meng, YH, Liu, LB, Mei, J, et al. CD4+Foxp3+ regulatory T cell differentiation mediated by endometrial stromal cell-derived TECK promotes the growth and invasion of endometriotic lesions. Cell Death Dis (2014) 5(10):e1436. doi: 10.1038/cddis.2014.414

30. Chang, KK, Liu, LB, Jin, LP, Zhang, B, Mei, J, Li, H, et al. IL-27 triggers IL-10 production in Th17 cells via a c-Maf/RORgammat/Blimp-1 signal to promote the progression of endometriosis. Cell Death Dis (2017) 8(3):e2666. doi: 10.1038/cddis.2017.95

31. Cao, Z, Yan, Q, Zhang, M, Zhu, Y, Liu, J, Jiang, Y, et al. FHL1 mediates HOXA10 deacetylation via SIRT2 to enhance blastocyst-epithelial adhesion. Cell Death Discovery (2022) 8(1):461. doi: 10.1038/s41420-022-01253-5

32. Wu, Y, Starzinski-Powitz, A, and Guo, SW. Prolonged stimulation with tumor necrosis factor-alpha induced partial methylation at PR-b promoter in immortalized epithelial-like endometriotic cells. Fertil Steril (2008) 90(1):234–7. doi: 10.1016/j.fertnstert.2007.06.008

33. Al-Sabbagh, M, Lam, EW, and Brosens, JJ. Mechanisms of endometrial progesterone resistance. Mol Cell Endocrinol (2012) 358(2):208–15. doi: 10.1016/j.mce.2011.10.035

34. Reis, FM, Coutinho, LM, Vannuccini, S, Batteux, F, Chapron, C, and Petraglia, F. Progesterone receptor ligands for the treatment of endometriosis: the mechanisms behind therapeutic success and failure. Hum Reprod Update (2020) 26(4):565–85. doi: 10.1093/humupd/dmaa009

35. Buechler, MB, Pradhan, RN, Krishnamurty, AT, Cox, C, Calviello, AK, Wang, AW, et al. Cross-tissue organization of the fibroblast lineage. Nature (2021) 593(7860):575–9. doi: 10.1038/s41586-021-03549-5

36. Suda, K, Nakaoka, H, Yoshihara, K, Ishiguro, T, Tamura, R, Mori, Y, et al. Clonal expansion and diversification of cancer-associated mutations in endometriosis and normal endometrium. Cell Rep (2018) 24(7):1777–89. doi: 10.1016/j.celrep.2018.07.037

37. Nabeshima, H, Murakami, T, Yoshinaga, K, Sato, K, Terada, Y, and Okamura, K. Analysis of the clonality of ectopic glands in peritoneal endometriosis using laser microdissection. Fertil Steril (2003) 80(5):1144–50. doi: 10.1016/S0015-0282(03)01181-6

38. Anglesio, MS, Papadopoulos, N, Ayhan, A, Nazeran, TM, Noe, M, Horlings, HM, et al. Cancer-associated mutations in endometriosis without cancer. N Engl J Med (2017) 376(19):1835–48. doi: 10.1056/NEJMoa1614814




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


Copyright © 2023 Wang, Chen, Xiao, Ruan, Tian, Cheng, Chang and Yi. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-14-1133672-g008.jpg
Responsive Failed/intolerant

FHL1
(TMA-IHC)
*P=0016

FHL1 expression
P
P

FHL1

Tesponae  fallediniokerant
=r2) =

0.20

0.15:

0.10

PI16" cells

P16 0.08

0.00

0.15

0.10 Y

R* cells

0.00






OEBPS/Images/fimmu-14-1133672-g001.jpg
. GSE141549

. Two molecular subtypes
Consensus clustering 51 and S2
Gene enrichment analysis

14 co-expression models

Cellular heterogenity

Functional annotation
S1:stromal composiotion
S2:immune composition

S1: fibrosis

S1: modules related to fibrosis
S2: modules related to immunity
DEGs between Sland S2

Predictive signature Identification

Gene signatures
FHL1 + SORBS1
Validati GSE23339, GSE25628, Clinical cohort
aligaation E-MTAB-694 Tissue microarray-IHC





OEBPS/Images/fimmu.2023.1133672_cover.jpg
& frontiers | Frontiers in Immunology

Distinct subtypes of endometriosis identified
based on stromal-immune
microenvironment and gene expression:
implications for hormone therapy





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Distinct subtypes of endometriosis identified based on stromal-immune microenvironment and gene expression: implications for hormone therapy

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Database collection

          



          		

            2.2 Batch effect removal

          



          		

            2.3 Consensus clustering

          



          		

            2.4 Weighted gene coexpression network analysis

          



          		

            2.5 Analysis of cell type composition

          



          		

            2.6 Immune response prediction

          



          		

            2.7 Gene set enrichment analysis and functional annotation

          



          		

            2.8 Protein–protein interaction network construction

          



          		

            2.9 Identification of subtype-specific markers

          



          		

            2.10 Predictive signature identification

          



          		

            2.11 Patient cohorts and ethics

          



          		

            2.12 Construction of tissue microarrays

          



          		

            2.13 IHC analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Data collection and preprocessing

          



          		

            3.2 Identification of ectopic lesion transcriptome-based subtypes for EMs patients

          



          		

            3.3 Identification of gene co-expression modules for each subtype and functional annotation

          



          		

            3.4 Hub genes and immune-stroma profiles of the different established subtypes

          



          		

            3.5 Identification and validation of the DEGs between the EMs subtypes

          



          		

            3.6 Association between the EMs subtypes and clinical hormone therapy response

          



        



        



        		

          4 Discussion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-14-1133672-g003.jpg
1.0

0.

o

0.

S

o

00

cluster-consensus

7777

8 8 8 8

I O B O | S NI || ] (B --Icyelo
1N O 1 .

stage
site.merge

~ Cluster

age

(2040

999 9 9

10 10 10 10

o s
o5





OEBPS/Images/fimmu-14-1133672-g007.jpg
[T | | lg:um
T A
. = Wﬂahm
GSE141549
08 GSE25628
E-MTAB-604
06 GSE23339

Cluster
)l
2

04

AUC=0.8684

=T

o

o0

o D
Sample B8 s1 B8 s2

o8

0.154

s

o8

Actusl Probadity

0.054

o o0z ot
o "
% .
=
Composition
2
2
I
.
—
1
—

000 — | — -— —_ L.
Bmemory CD4Tem CDBT M1 M2 Fibroblasts Myocytes

PRI

F Sample B3 st B 2

E
Stromal Immune Stromal
- 03T . . * - 1.« |

02
c c
S =)
50 I g
£ g
Q Q
S S o4

00{ —== - —* ﬁ* =

Fibroblasts Smooth muscle BCel  cD4 cos Mt w2 Fibroblasts Myocytes

Celltype





OEBPS/Images/fimmu-14-1133672-g005.jpg
0.0

. -05

Significance
[[] FDR<0.05
Correlation

l 0.5

sise|qoiqi4
sajkooipuoyy
suoinaN
S8}A00AN
sajkookiesebapy
sjiydonnaN

= sajkoojeday

| sajkoodipeald
sbay|

. I s|je0- 1 Alowsw +ya0
s|jeo 1se

:

Subtype

:

Qpsnu [B191B%S
sa)foodipy

SI|90 [eljaYopuT AW
ajosnuW yloows

] oad

wo| +8a0
s|iydoseg
sabeydoioepy

wal +ya0

LW sebeydoioepy
SII92 gy L

e s e B 9o W
N v ~ ©o o o

2109s asuodsay

L]
o~

Cc Response to immune therapy
%k %k k

2ZIN sebeydosoepy

IS

1se|qosIso

S§|I99-1 8AleU +800

s9)£00qag

sa)foounesay

d10

sajholad

XN

sajkoouejopy

d3an

s||199-g Alowapy

|180-g

g Kiowaw payoyms-sse|y

s||99 ewseld

wol +va0

wal +800

§||99-1 8AleU +$a0

8I199-1 +8A0

dND 2
%,

. 4

E

xCell
Group [81 s1 8 s2

11
I

MEred
MEtan
MEcyan
MEmagenta

MEpink
MEbrown [B]
MEturquoise
[l

MEyellow
MEgreenyellow

MEgrey
MEblue
&

MEblack
MEsalmon

MEpurple
MEgreen

04
0.
00

21008,

TME Cell composition

Group B3 S1 E3 S2

06





OEBPS/Images/fimmu-14-1133672-g002.jpg
%0 ®

o
PC1(53.4%)

o e e
© csese
© osemmo
© osesen

Condions.
© e o
© cseusis





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-14-1133672-g006.jpg
tmtame

5
®
5
2
®
i
"
"
"
5
i
i
"
"
2
a
2
5
i

sonesP?

g

Random forest

o

MeanDecreaseGini

£)
(oner-b 4 )0160-

10

T

T ..______77

ousd

iy

[3

00

En

En

coeflicient

o

20

AUC=0.969429

o

0

o8

02

00

Proscies PCLASS=1)





OEBPS/Images/table1.jpg
Overall (N=83) Hormone therapy

Responsive (n=59) Failed/intolerant (n=24)
Age (years)* 39.00 [36.00, 43.50] 39.00 [36.00, 43.50] 40.00 [35.50, 43.25) 0.988
BMI (kg/m?)* 21.78 [20.44, 23.53] ‘ 2148 [20.44, 23.38] 22,91 [20.76, 26.95] 0.164
Preoperative VAS =5 (%) 57 (69.5) 39 (66.1) 18 (78.3) 0419
Previous surger})’ (%) 45 (54.2) ‘ 31 (52.5) 14 (58.3) 0.813
Cycle phase (%) 0.408
Medicine 27 (32.5) 18 (30.5) 9(37.5)
Proliferative phase 37 (44.6) 29 (49.2) 8(33.3)
Secretory phase 19 (22.9) 12 (20.3) 7(29.2)
Change in medicine® (%) 18 (21.7) 6(10.2) 12 (50.0) <0.001
DNG (%) 12 (14.5) 8 (13.6) 4(16.7) 0.983
1UD (%) 20 (24.1) 5(8.5) 15 (62.5) <0.001
0OC (%) 22 (26.5) 13 (22.0) 9(37.5) 0.241
GnRHa (%) 59 (71.1) 42 (71.2) 17 (70.8) 1
The length of GnRHa prescription (%) 0.565
<3 months 35(42.1) 25(42.4) 10(41.7)
3-6 months 42 (50.6) 31 (52.5) 11 (45.8)
>6 months 6(72) 3(5.1) 3(12.5)
CA125" (mIU/ml) 35.73 [23.50, 73.11] 34.58 [23.45, 68.04] 37.42 [24.86, 77.98] 0.682
AMH* (ng/ml) 1.27 [0.39, 2.49] 1.31 [0.52, 2.55] 0.88 [0.23, 2.11] 0.245
Combined adenomyosisd(%) 61 (73.5) 44 (74.6) 17 (70.8) 0.939
Combined DE*(%) 69 (83.1) 49 (83.1) 20 (83.3) 1
Surgical complexity'(9%) 0.642
A 3(3.6) 3(5.1) 0(0.0)
B 30 (36.1) 21 (35.6) 9 (37.5)
é 37 (44.6) 25 (42.4) 12 (50.0)
D 13 (15.7) 10 (16.9) 3(12.5)

“median [IQR]; *patients with a medical history of abdominal surgery; “patients who switched hormone therapies before surgery; “adenomyosis detected during surgery; “deep EMs detected
during surgery; AAGL 2021 Endometriosis Classification (19). “Medicine” refers to patients who underwent hormonal therapy within 3 months before surgery and therefore did not have normal
menstrual cycles. DNG, dienogest; LNG-IUD, levonorgestrel-releasing intrauterine system; OC, oral contraceptive; GnRHa, gonadotropin-releasing hormone analog.





OEBPS/Images/fimmu-14-1133672-g004.jpg
oMA
p value < 0.05 oe [

Age
(20,40)
140,50)

Cycle phase

non-medication

MEturquise(S1 eated)

‘medication

TAFS stage
-
Il

Location of lesions

peL ]

lrlﬂ

KEGG pathway annotation

.l
8

|n B
N

l ! Class ———
0 sz e —
—
. 81 | e ——
A 0O
IO T e
ESES ————
gUf =g g lgezuuLys [ m
ﬂ;_!‘sz §g¥§¥§ 2229 R —
L] g Number of Gene
c =
KEGG_DILATED_CARDIOMYOPATHY KEGG_HYPERTROPHIC_CARDIOMYOPATHY_HCM KEGG_VASCULAR_SMOOTH_MUSCLE_CONTRACTION
Rank Scores. Rank Scores. 08
064
- 00 02 04 06 '\0.&- N\ 00 02 04 06 -~
g g g
° ® . v 04
gos 8o ™ 8
£ H Tr €
g g I g
H £ o2
£ 0.2- 'E 024 'E
& ‘_\‘\ i &
00
0.0- 0.0
T 5000 10600 15500 ] 5000 10600 ] 5000 10500 15000 200
Gene ranked positions Gene ranked positions Gene ranked positions
KEGG_ALLOGRAFT_REJECTION KEGG_PRIMARY_IMMUNODEFICIENCY KEGG_STEROID_BIOSYNTHESIS
o0
@ @ @
8oz @ u
H g™ §
8 g 8
@ 8 8
€ € €
£ £ £
2 £ £
E H E
& & &
-06]

o500 150
Gene ranked positions






