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A B S T R A C T   

Aims: M2 macrophage is believed to play an important role in the development of endometriosis. 
This study aimed to identify several key genes related to the M2 macrophage in endometriosis. 
Method: Differential expressed genes between endometriosis and non-endometriosis were iden-
tified based on three microarray datasets from the Gene Expression Omnibus database. Gene 
modules significantly associated with M2 macrophage were identified from the weighted gene co- 
expression network analysis. Furthermore, by intersecting the differential expressed genes and 
M2 macrophage-associated module genes, M2 macrophage-related genes in endometriosis were 
identified. Functional analyses of the Gene Ontology and Kyoto Encyclopedia of Genes and Ge-
nomes for these genes were then performed. Following, the least absolute shrinkage and selection 
operator, random forest, and receiver operating characteristic curves were further conducted to 
identify the key M2 macrophage-related genes in endometriosis. Finally, the expressions of key 
genes in endometriosis, as well as their correlations with M2 macrophages were verified in an 
independent validation cohort. 
Results: Totally, 185 M2 macrophage-related genes were identified, and they were mainly 
enriched in functions associated with the cell cycle, oocyte maturation, and immune response. 
Following machine learning algorithms, eight key genes were selected in the endometriosis: PGR, 
OLFM4, PIP5K1B, CCNA1, BRIP1, CADM1, PRAME, and GCNT1. The eight key genes were 
confirmed to be negative with M2 macrophage infiltration levels. Furthermore, the expression 
levels of these genes were significantly lower in the middle secretory stage while relevantly 
higher in the proliferative stage. The validation analysis also showed similar outcomes with the 
above results. 
Conclusion: Eight M2 macrophage-related genes were identified as potential biomarkers of 
endometriosis, providing novel understanding of immune cells in the endometriosis.   

1. Introduction 

Endometriosis is a chronic estrogen-dependent inflammatory disease defined as lesions of endometrial-like tissue outside the uterus 
[1,2]. It is estimated that endometriosis affects 10% of women of reproductive age [3], equating to 190 million women worldwide [4]. 
The diagnosis of endometriosis is mainly through laparoscopy and the common treatment method is complete laparoscopic surgical 
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resection of ectopic endometrial tissues [5]. Combined hormonal contraceptives with or without nonsteroidal anti-inflammatory drugs 
are first-line options in therapy of endometriosis and have tolerable adverse effect profile [6]. However, it is still unsatisfying that the 
progression of endometriosis is relatively slow. Usually, it takes 7–10 years before the onset of the endometriosis symptoms, which 
delays the diagnosis and optimal treatment timing [5]. Moreover, the pathogenesis of endometriosis is poorly understood. Therefore, it 
is urgent to find the possible diagnostic biomarkers and molecular mechanisms for endometriosis to improve the early diagnosis and 
treatment of endometriosis. 

Recently, the disturbance of the immune microenvironment is demonstrated to play a pivotal role in the pathophysiology and 
development of endometriosis [7]. Macrophages are ubiquitous immune cells and play important roles in both innate and acquired 
immunity. The macrophages are abundant throughout female reproductive tissues like ovary, uterus, oviduct and mammary gland [8], 
and the dysregulation in the endometriosis is common [9]. Increasing of macrophages stimulate cytotoxic T helper cells to release 
excessive inflammatory cytokines, resulting in promoting the shape of a pro-inflammatory environment in the endometrium and 
eventually developing an endometriosis [7]. Alternatively activated or M2 macrophage, polarized by Th2 cytokines such as IL-4 and 
IL-13 and producing anti-inflammatory cytokines such as IL-10 and TGF-β, are anti-inflammatory and immunoregulatory in the dis-
eases [10]. Moreover, aberrant increase and activation of anti-inflammatory M2 macrophage stimulate the abnormal gene expression 
that is associated with the ectopic endometrium [7]. Moreover, in a deeper investigation, M2 macrophage is elevated in III-IV 
endometriosis [11]. In addition, specific phenotypes and functions of macrophages also correspond to each phase of the menstrual 
cycle [12]. While short menstrual cycle is one of the features of high risk of endometriosis [3], and endometrial diseases have a 
menstrual cycle-dependent epigenetic profile [13]. All these evidences demonstrate that macrophages may play important role in 
endometriosis progression. Considering the contribution of M2 macrophages in the immunopathogenesis of endometriosis, the 
identification of M2 macrophage-associated genes may help in the search for potential diagnostic markers of the diseases. 

Thanks to the rapid development of bioinformatics, it is convenient to recognize and explore the role of specific genes in diseases. A 
relevant bioinformatics analysis has reported five M2 macrophage-related genes [14]. Distinguishing from this, the present study 
aimed to identify key genes related to M2 macrophage through machine learning algorithms. These genes are novel and initially 
proposed by bioinformatics analyses. In addition to confirming the aberrant expression of these genes in endometriosis and their 
relationships with M2 macrophages, this study also explored the expression changes of these genes during menstrual cycles in 
endometriosis. These findings may provide a novel insight for the diagnosis and therapy for patients with endometriosis at the mo-
lecular level. 

2. Method 

2.1. Data source 

Based on the Gene Expression Omnibus (GEO) database [15] (http://www.ncbi.nlm.nih.gov/geo/), this study screened microarray 
datasets with the following criteria: 1) endometriosis is used as keyword; 2) organisms are homo sapiens and samples are endometrium 
tissues; 3) the sample size is greater than 20. Finally, four datasets (GSE51981, GSE6364, GSE7305 and GSE135485) were obtained. 

Fig. 1. The study design. DEGs, differential expressed genes; WGCNA, Weighed Gene Co-expression Network Analysis; GO-BP, Gene Ontology – 
Biological Process; KEGG, Kyoto Encyclopedia of Genes and Genomes; PPI, Protein-Protein Interaction Networks; RF, Random Forest; LASSO, Least 
Absolute Shrinkage and Selection Operator; ROC, Receiver Operator Characteristic; GSEA, Gene Set Enrichment Analysis. 
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GSE51981 contained 71 non-endometriosis and 77 endometriosis. GSE6364 contained 16 non-endometriosis and 21 endometriosis. 
GSE7305 contained 10 non-endometriosis and 10 endometriosis. GSE135485 contained 4 non-endometriosis and 54 endometriosis. 
Samples in the first three datasets were sequenced by GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array and 
samples in the last dataset were sequenced with Illumina HiSeq 3000. 

The study design was shown in Fig. 1. 

2.2. Data processing 

The probe expression matrix of GSE51981, GSE6364, and GSE7305 after pretreatment, standardization, and log2 transformation 
were downloaded. Platform annotation file was also downloaded and was utilized to convert the probe into gene expression matrix. 
For the gene with numerous probes, the average value of probes was defined as the gene expression level. Data in GSE51981, GSE6364, 
and GSE7305 were all detected from GPL570, and this study performed a batch effect removing analysis by sva package [16] (version 
3.38.0) in R 3.6.1. The combined gene expression data after removing the batch effects was named combat edata, which was utilized 
for the following analysis. 

The GSE135485 dataset sequenced by Illumina HiSeq 3000 was standardized by TMM algorithm in edgeR package (version 3.4) 
[17,18]. The data were further converted into logCPM value for the following validation analysis. 

2.3. Analysis of differential expression 

This study performed a Classical Bayesian method using limma package [19] (version 3.10.3) in the combat edata obtained pre-
viously. Differential genes expression between endometriosis and non-endometriosis were analysed and relevant p.value and logfold 
change (FC) were obtained. In addition, multiple testing corrections were carried out to get adjusted p value namely adj.p.value using 
the Benjamini & Hochberg (BH) method [20]. This study selected differentially expressed thresholds of adj.p.value < 0.05 and |logFC| 
> 0.5 as the differentially expressed genes (DEGs). 

2.4. Analysis of immune cell composition 

In order to identify the significantly differential immune cells between disease group and the control group, this study estimated the 
relative abundance of immune cells and stromal cells in each sample using xCell package [21] in R. Furthermore, the significance p. 
value was calculated by Wilcox test, and the p value was corrected by BH to obtain p.adjust. Immune cells with significant differences 
between the disease group and the control group were found for the subsequent analysis with p.adjust <0.05. Then, the CIBERSORT 
algorithm [22,23] was further used to verify the difference in the proportion of M2 macrophages between two groups. 

2.5. Analysis of macrophage M2-related genes 

Top 3000 genes with large variation in the combat edata was selected to screen the highly coordinated variation gene modules 
using weighted correlation network analysis (WGCNA) [24]. In the WGCNA algorithm, the elements in the gene co-expression matrix 
are the weighted values of gene correlation coefficients, that is, the soft-threshold power. By setting a series of powers, this study 
calculated the square value of correlation coefficient of connectivity k and p(k) and the average connectivity under each power value, 
and then selected the appropriate power to allow the connections between genes in the network conform to the scale-free network 
distribution. Then, genes with similar expression pattern (similarity is greater than 0.3) are combined into a module based on cluster 
analysis and dynamic pruning method. By calculating the correlation between modules and phenotypes (immune cell infiltration 
abundance), the modules highly correlated with immune cells were selected as the immune cell-related module and genes in module 
were selected as immune cell-related genes. Moreover, this study intersected the immune cell-related genes with the DEGs as the 
differential immune cell-related genes. According to the results, macrophage M2 showed most significant positive and negative 
correlation with purple and brown modules, respectively. So the purple and brown modules were defined as the key module, and genes 
in the two modules were defined as a key immune cell (macrophage M2)-related module gene. 

2.6. Functional analysis of macrophage M2-related genes and construction of Protein-Protein Interaction (PPI) Networks 

Gene Ontology [25] biological process (GO-BP) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) [26] pathway 
were conducted in the differential macrophage M2-related genes using clusterProfiler package (version 3.8.1) [27] in R. BH was used 
for p value correction, after correction, P.adjust <0.05 was considered as a significant enrichment result. Due to the large number of 
GO-BP results, there was some redundancy. Therefore, simplifyEnrichment (Version: 1.4.0) [28] was further adopted for the further 
processing. The package used binary cut to divide the obtained GO similarity matrix into several classes. Through the annotation, the 
corresponding function of each class can be captured. 

At the same time, differential macrophage M2-related genes were input into STRING (version 10.0) [29], defined species as homo, 
PPI parameter as 0.4 (medium confidence) to get the PPI relationship pairs. Cytoscape [30] was utilized to construct a PPI network. 
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2.7. Selection of key genes 

In order to screen which genes in the above macrophage M2-related genes played important role in the disease, two algorithms 
were carried out. Least Absolute Shrinkage and Selection Operator (LASSO) was used to select the genes using glmnet package (version 
4.0-2) [31]. The parameter is set to nfold = 20, that is, 20-fold cross-validation is performed. Random Forest (RF) algorithm [32] were 
subsequently used to select the Top30 genes. The parameter is set as: ntree = 1000, mtry = 6. The intersecting genes from LASSO and 
RF algorithms were selected to draw the Receiver Operator Characteristic (ROC) curve and screen genes with areas under the curve 
(AUC) ≥ 0.65 as the final key genes. 

2.8. Analysis of expression features for key genes 

Pearson correlations were conducted to validate the correlation between key genes and M2 macrophage infiltration level. The 
relationships between the key genes and clinical features were also analysed. Box plots of the severity of endometriosis (Minimal/Mild 
and Moderate/Severe) and the expression levels of key genes at different times (endometrial proliferative stage, early secretory stage, 
and middle secretory stage) were plotted. 

2.9. Enrichment pathway analysis of key genes 

In order to observe the mechanism of key genes in the process of endometriosis occurrence, Gene Set Enrichment Analysis (GSEA) 
was conducted for each key gene using GSEA software (version 3.0) [33]. Parameters are set as: Gene sets database: c2.cp.kegg.v7.4. 
symbols.gmt; Phenopyte labels: Use a gene as the phenotype; Metric for ranking genes: Pearson; Gene list sorting mode: real; Gene list 
ordering mode: descending; threshold: NOM p-val <0.01. 

2.10. Validation of the key genes 

The validation data set GSE135485 was used to extract the expression values of key genes in each sample. The differences of the 
gene expression levels between the disease group and the control group were analysed. xCell algorithm was also used to estimate the 
macrophage M2 infiltration level of each sample, and Pearson correlation coefficient between key genes and macrophages M2 was 
calculated. 

3. Results 

3.1. Identification of DEGs 

Data in GSE51981, GSE6364, and GSE7305 were processed to remove batch effects and all samples were generated into combat 
edata. There was no significant separation between samples after batch effects calibration (Fig. 2A), suggesting the data were able to 
use for the further analysis. According to the threshold setting in the method, 116 up-regulated and 519 down-regulated DEGs were 
identified (Fig. 2B). 

3.2. Identification of differential expressed M2 macrophage-related genes 

The immune infiltration levels of 64 stromal and immune cells were calculated using xCell package in R. There are significant 
differential infiltration levels between the non-endometriosis and endometriosis groups in four cells: hematopoietic stem cell (HSC), 

Fig. 2. Identification of DEGs. (A) PCA shows gene distributions before (left) and after (right) batch effect removal. (B) The volcano plot of DEGs. 
The red triangle represents the up-regulated genes, the green square represents the down-regulated genes, and the black indicates that the gene 
difference is not significant. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of 
this article.) 
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M2 macrophage, plasma cells, and activated dendritic cell (aDC) (p < 0.05). The infiltration level of HSC, M2 macrophage, plasma 
cells, and aDC in the endometriosis group were significantly higher than in the Non-endometriosis group (Fig. 3A). The infiltration 
level of macrophage M2 in xCell was provided in Table S1. To further verity the infiltration difference of M2 macrophage between two 
groups, the CIBERSORT algorithm was implemented. The results also suggested an increased level of M2 macrophage infiltration in the 
endometriosis group than that in the non-endometriosis group (Fig. 3B), which is consistent with the above findings. 

The Top3000 genes in the combat edata were selected to conduct a WGCNA analysis. Finally, the genes were integrated into nine 

Fig. 3. Identification of differential expressed M2 macrophage-related genes. (A) Screening of four immune cells with significant infiltration dif-
ferences between endometriosis and non-endometriosis groups based on the xCell algorithm. (B) The CIBERSORT algorithm was applied to confirm 
the infiltration difference of M2 macrophages between two groups. (C) Selection of the soft-threshold powers in WGCNA analysis. (D) Dendrogram 
of all genes clustered based on the measurement of dissimilarity. (E) Heat plot of correlation between different modules and immune cells. (F) Venn 
plot of intersecting of DEGs and M2 macrophage-related module genes. 
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modules (Fig. 3C and D). Following, the correlations between the gene modules and the immune infiltration level were calculated 
(Fig. 3E). The brown (275 genes, r = − 0.58, p < 0.001) and the purple (96 genes, r = 0.75, p < 0.001) modules were most significantly 
negative and positive with the M2 macrophage (Fig. 3E). Therefore, the brown and the purple modules were selected to be the key M2- 
related gene modules for the further analysis. Intersecting the key M2-related gene modules with the DEGs, 180 differential M2-related 
brown module genes and 5 differential M2-related purple module genes were obtained (Fig. 3F). 

3.3. The function of M2-related genes and construction of the PPI network 

GO-BP and KEGG pathway enrichment analyses were conducted to explore the function of the M2-related genes. As there were too 

Fig. 4. The function analysis of the differential expressed M2 macrophage-related genes. (A) The most significant item in each GO BP clusters. (B) 
The KEGG pathway significantly enriched in differential module genes. (C) The PPI network constructed using differential expressed module genes. 
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Fig. 5. Screening of the key genes. (A) LASSO coefficient distribution (left) and the likelihood bias of LASSO coefficient distribution (right). (B) The Top30 genes, ranked by importance, were selected 
using the RF algorithm. (C) Intersecting Venn plot of genes from LASSO and RF. (D) ROC curves of 16 intersecting genes, and eight genes with AUC >0.65 were screened as the key genes. 
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many GO-BP items and it was redundancy, semantic similarity enrichment analysis was further conducted for GO-BP. Among them, 27 
GO-BP clusters and eight GO-BP clusters were obtained from the brown and purple module genes, respectively. The most significant 
items in each cluster were visualized in Fig. 4A. Genes in the module brown were more likely to involve in chromosome segregation 
and nuclear division, while the purple module genes were mainly enriched in the regulation of syncytium formation and immunity. 
The KEGG pathway of the M2-related genes were enriched in the cell cycle, oocyte meiosis, DNA replication, progesterone-mediated 
oocyte maturation, p53 signaling pathway, human T-cell leukemia virus 1 infection, antifolate resistance, base excision repair, natural 
killer cell mediated cytotoxicity, and IL-17 signaling pathway (Fig. 4B). 

Furthermore, a PPI network was constructed in the 185 differential M2-related module genes (Fig. 4C). A total of 3030 interaction 
pairs composed of 140 gene proteins were obtained. The list of these 140 genes and their connections was provided in Table S2. Of 
these, CDK1, CCNB1, and MAD2L1 may contribute more to the progression of endometriosis, since they have more degrees of con-
nections in this network. 

3.4. Screening of key genes 

LASSO regression analysis identified 55 genes from 140 PPI genes (Fig. 5A). RF algorithm was used to select the Top30 genes 
(Fig. 5B). Following, intersecting the 55 genes from LASSO and 30 genes from RF, 16 genes were finally obtained (Fig. 5C). Finally, 
ROC analysis was performed in the intersecting genes and eight genes with AUC ≥0.65 were selected as the key genes (Fig. 5D). The 
eight key genes were PGR, OLFM4, PIP5K1B, CCNA1, BRIP1, CADM1, PRAME, and GCNT1. 

Fig. 6. The analysis for key genes. (A) The correlation of each key gene expression and the M2 macrophage infiltration level. (B) Box plots of the 
gene expression level in different stage. 
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3.5. The analysis for key genes 

The correlations of each key gene and the M2 macrophage were evaluated, and the expressions of eight key genes were all 
significantly negative with the infiltration levels of M2 macrophage (Fig. 6A). In addition, the box plots of the gene expression level in 
different stage were plotted (Fig. 6B). The expression levels of the eight key genes were significantly lower in the middle secretory stage 
(p < 0.05) while relevantly higher in the proliferative stage. This study also compared the expression difference of the eight genes 
between different severity degree of endometriosis group in proliferative, early, and mid secretory phases of menstrual cycle, 

Fig. 7. The GSEA enrichment pathways of eight key genes. 
The enrichment pathways for BRIP1, CADM1, CCNA1, GCNT1, PIP5K1B, PRAME, PGR, and OLFM4 are shown in panel A–H, respectively. 
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respectively (Fig. S1). The results showed that only PRAME in moderate/severe group were significantly lower than in the minimal/ 
mild group in the early secretory stage. However, the expression difference of these genes between different severity degree of 
endometriosis group was not found in proliferative and mid secretory phases. 

3.6. The GSEA enrichment pathway of the key genes 

The GSEA enrichment of KEGG pathway analysis for eight genes was performed. The results showed that these genes were 
significantly enriched in pathways related to genomic instability, such as base excision repair, DNA replication, mismatch repair, 
nucleotide excision repair, RNA degradation spliceosome etc. (Fig. 7A–H). 

3.7. Validation of the key genes 

GSE135485 was utilized as a validation dataset. The eight gene expression levels in the samples of non-endometriosis and endo-
metriosis groups were analysed (Fig. 8A). All the eight genes showed downregulated trend in the endometriosis groups. Except for the 
OLFM4 and CADM1, the other 6 genes were all significant differences between the non-endometriosis and endometriosis groups (p <
0.05). The ROC curves showed five genes (PGR AUC = 0.796, PIP5K1B AUC = 0.759, CCNA1 AUC = 0.912, BRIP1 AUC = 0.773, 
CADM1 AUC = 0.694, and GCNT1 AUC = 0.829) with AUCs >0.65 (Fig. 8B). These results further demonstrated that the eight key 
genes were significantly associated with the endometriosis. Moreover, the Pearson coefficients were calculated to evaluate the cor-
relation between the key genes and the M2 macrophage (Fig. 8C). The seven key genes were significantly negatively related to the M2 
macrophage. 

Fig. 8. Validation of the key genes in the GSE135485. (A) The eight gene expression level in the non-endometriosis and endometriosis groups. (B) 
The ROC curves for the eight key genes. (C) The correlation between the key genes and the M2 macrophage. 

H. Ding et al.                                                                                                                                                                                                           



Heliyon 9 (2023) e22258

11

4. Discussion 

Endometriosis, affects around 10 % of reproductive women, with growth or deposition of endometrial tissue at extra uterine sites. 
M2 macrophages play important roles in the endometriosis which may stem from the regulation of M2 macrophage-related genes [7]. 
In the present study, by analyzing the data downloaded from the public GEO database, this study identified 185 M2 
macrophage-related genes through a series bioinformatics method. These M2 macrophage-related genes were mainly enriched in the 
oocyte-related function, cell cycle, and immune cell cytokines-related function (Fig. 4A–B). The PPI network suggested that these genes 
had close interaction relationships and might play an important role in endometriosis progression. To obtain the optimal genes related 
to M2-macrophage, further LASSO, RF, and ROC analysis were conducted to screen the optimal key genes in the endometriosis. Finally, 
eight key genes were obtained: PGR, OLFM4, PIP5K1B, CCNA1, BRIP1, CADM1, PRAME, and GCNT1. 

The eight key genes were all demonstrated to be negatively related to M2 macrophage, further confirming their closely correlations 
with the M2 macrophage. PGR, progesterone receptor, has been demonstrated to be important in regulating female reproduction [34]. 
A study has confirmed that the increased methylation of PGR isoforms may be associated with the reduced gene expression level, 
thereby impairing endometrial receptivity in patients with endometriosis [35]. The loss of PGR nuclear positivity in the proliferative 
endometrium of patients with endometriosis also suggests a decrease in the expression level of PGR [36]. These findings are consistent 
with our study, suggesting that PGR expression levels are regulated by methylation of PGR isoforms, which may further affect the 
endometrial receptivity. In addition, this study also found the elevated level of M2 macrophages and their significant negative cor-
relations with PGR levels in patients with endometriosis. Jeong et al. revealed that a large number of CD163+ (M2) macrophages was 
associated with PGR negativity in tumor [37]. These evidences demonstrate that patients with endometriosis may be in a state of 
immunosuppression, leading to the increased infiltration of M2 macrophages, which can cause damage to the endometrium. OLFM4, 
olfactomedin-4, an extracellular matrix protein, is one of the top downregulated genes in patients with endometriosis compared with 
non-endometriosis controls [38]. However, it is highly expressed in human endometrium and has the highest expression level in 
proliferative-phase endometrium [39]. These conclusions are consistent with the present study, as this study found that OLFM4 
expression in endometriosis is menstrual cycle-dependent, with decreased expression in the midsecretory phase and relatively high 
expression in the proliferative phase (Fig. 6B). In ulcerative colitis, the expression level of OLFM4 is also significantly negatively 
correlated with the infiltration of M2 macrophages [40]. Therefore, this study further hypothesized that OLFM4 may play an 
anti-inflammatory and endometrial stabilizing role by negatively regulating M2 macrophages. PIP5K1B, CCNA1, BRIP1, CADM1, 
PRAME, and GCNT1 were demonstrated to involve in various diseases and cancers, but their roles in endometriosis and their re-
lationships with M2 macrophages remain unreported. Therefore, subsequent functional experiments are needed to investigate their 
immunoregulatory mechanisms. 

In a menstrual cycle, endometrium undergoes transition from estrogen-dominant proliferative (follicular) phases, progesterone- 
dominant secretory (luteal) phases (early-secretory, mid-secretory, and late-secretory), to menstrual phase. In each endometrial 
cycle phase, the transcriptional profile exhibited distinct differences [41]. The transcriptomic profiles of uterine linings in patients with 
endometriosis will alter [38], demonstrating that the molecular feature of endometriosis may be a marker of onset of endometriosis. In 
the present study, the results of testing set and validation set indicated that the expressions of eight key genes were decreased in 
endometriosis. Meanwhile, in patients with endometriosis, the expression of these eight key genes shows a similar pattern, that is, the 
expression is decreased in the mid-secretion stage, but significantly up-regulated in the proliferative stage. Therefore, the expression of 
these eight key genes is considered to be menstrual cycle-dependent, and their aberrant down-regulation in endometriosis may be 
associated with the reduced expression during the mid-secretory phase. It is known that the short menstrual cycle is one of the risk 
factors for endometriosis [3], so increasing the expression levels of these genes in the mid-secretory phase may be beneficial in 
reducing the risk of endometriosis. However, these speculations still need to be validated by the clinical sample-based sequencing 
analyses. 

There are still several limitations in the present study. Firstly, the down-regulation of these eight genes in endometriosis needs to be 
verified by in vitro experiments. Secondly, the relationships between these eight genes and M2 macrophages, as well as their regulatory 
mechanisms in endometriosis still need to be excavated by conducting in vivo and in vitro experiments. Finally, the lack of clinical 
information such as regional and ethnic limit the generalisability of this study. Therefore, how the eight genes affect the disease 
progression of endometriosis through the menstrual cycle still needs to be confirmed by experiments based on a large number of 
clinical samples. 

5. Conclusions 

Using machine learning algorithms, this study identified eight M2 macrophage-related genes (PGR, OLFM4, PIP5K1B, CCNA1, 
BRIP1, CADM1, PRAME, and GCNT1) that may be potential biomarkers of endometriosis. These genes were confirmed to be signifi-
cantly under-expressed in endometriosis and were significantly negatively correlated with the infiltration of M2 macrophages. 
Furthermore, the expression pattern of these genes may be menstrual cycle-dependent. However, these conclusions need to be further 
explored by in vitro and in vivo experiments, as well as clinical sample-based analyses. 
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