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Background: To identify autophagy- and immune-related hub genes affecting the diagnosis and treatment 
of endometriosis.
Methods: Gene expression data were downloaded from the Gene Expression Omnibus (GEO) (GSE11691 
and GSE120103 for training, and GSE7305 for validation). By overlapping the differentially expressed 
genes (DEGs), Weighted gene co-expression network analysis (WGCNA) module genes, and autophagy-
related genes (ARGs), and immune-related genes (IRGs) separately, hub genes were identified using the least 
absolute shrinkage and selection operator (LASSO)and support vector machine recursive feature elimination 
(SVM-RFE). The hub genes were analyzed by Gene Ontology (GO) and Kyoto Encyclopedia of Genes 
and Genomes (KEGG) pathway enrichment analyses. A hub gene-prediction model was constructed and 
assessed using five-fold cross-validation via five supervised machine-learning algorithms: random forest, the 
sequential minimal optimization (SMO), K-nearest neighbours (IBK), C4.5 decision tree (J48), and logistics 
regression. The area under the receiver operating characteristic curve (AUC) was adopted to assess the 
identification ability of characteristic genes.
Results: 1,116 DEGs were obtained from the training cohort, and 22 endometriosis-related IRGs 
were identified by overlapping the 1,116 DEGs, 3,222 module genes, and 1,793 IRGs. Meanwhile, 45 
endometriosis-related ARGs were obtained (1,928 ARGs). Subsequently, nine IRG hub genes (BST2, 
CCL13, CD86, CSF1, FAM3C, GREM1, ISG20, PSMB8, and S100A11) and nine ARG hub genes (GSK3A, 
HTR2B, RAB3GAP1, ARFIP2, BNIP3, CSF1, MAOA, PPP1R13L, and SH3GLB2) were obtained by LASSO 
and SVM-RFE. GO analysis indicated that the ARG hub genes responded to the regulation of autophagy 
and mitochondrial outer membrane permeabilization, and KEGG enrichment analysis involved serotonergic 
and dopaminergic synapses. GO analysis also indicated that the IRG hub genes responded to the regulation 
of leukocyte proliferation and mononuclear cell migration, and KEGG analysis showed enrichment involved 
in viral protein interaction with cytokines and cytokine receptors. The AUC of the random-forest algorithm 
of ARGs was 0.975 in the training cohort and 0.940 in the validation cohort, and the AUC of the SMO 
algorithm of IRGs was 0.907 in the training cohort and 0.8 in the validation cohort.
Conclusions: Seventeen hub genes are closely associated with endometriosis. These genes are potential 
autophagy- and immune-related biomarkers for diagnosis and treatment of endometriosis.
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Introduction

Endometriosis refers to the abnormal relocation of 
endometrial cells outside the uterus, which is a chronic 
and debilitating disease that often causes pelvic pain 
and infertility (1,2). Superficial peritoneal lesions, deep-
infiltrating endometriosis, and ovarian endometriotic cysts 
(endometriomas) are the most common pathological types 
of endometriosis (3). While, its pathogenic mechanisms 
remain to be elucidated genetics and the environment 
are key drivers, and the immune system is believed 
to play an important role in its pathophysiology and 
symptomatology (4). The theory of Samson (“retrograde 
menstruation”) is the highest acceptance. It says that 
the focus of endometriosis is the result of blood transfer 
to the peritoneal cavity through the fallopian tube (5). 
However, not all women with menstruation reflux will have 
endometriosis. Other factors may determine the survival 
and implantation of endometrial cells in peritoneal cavity (6). 
Conventional treatments for endometriosis include surgical 
removal of lesions and hormonotherapy. However, these 
therapies are often accompanied by multiple side effects, 

and the patients also have a high incidence of recurrence.
Globally, approximately 5–10% of child-bearing-age 

women are reported to have endometriosis, resulting in 
a huge economic burden (> US$22 billion in the United 
States alone) (7). Endometriosis is observed in 50–80% 
of women with pelvic pain and over 50% of those with 
infertility, and more than 176 million women worldwide 
have been diagnosed with endometriosis (1,4). Although 
definitive diagnosis is based on histology, endometriosis 
can be identified through visual diagnosis. However, 
visualization is challenging because the symptoms, signs, 
and lesion sites vary between patients (8-10). Given these 
conditions, diagnosis is often delayed (even for years), and 
about 65% of the patients have been misdiagnosed (11). 
Therefore, there is an urgent need to explore more accurate 
diagnostic methods.

Autophagy refers to physical programmed cell death 
in eukaryotic cells and plays a vital role in the metabolic 
process. It degrades cytoplasmic proteins and organelles 
into amino acids and fatty acids for energy generation and 
the recovery of metabolic wastes (12). Studies have shown 
that the conditional knockdown of autophagy-related 
genes (ARGs) in mice down-regulates the expression of 
inflammatory cytokines and suppresses autoreactive immune 
cells, thereby attenuating symptoms in the autoimmune 
disease model. Autophagy inhibition can promote the 
expression of inflammatory cytokines, which underpins 
the pathogenesis of various autoimmune diseases (13). 
Autophagy has been shown to play a role in antigen 
presentation, and the inhibition of autophagy may allow 
endometrial cells to escape from immune surveillance and 
facilitate intramyometrial implantation (14) and EMS. 
Therefore, the level of autophagy is most likely associated 
with the pathogenesis of EMS. More than 30 ARGs have 
been identified (15,16); yet, research into their association 
with endometriosis is lacking. 

A study has demonstrated that chronic inflammation 
and abnormal immune responses are involved in the 
pathogenesis of endometriosis (17). Immune cells and 
proinflammatory cytokines can induce the proliferation and 
angiogenesis of ectopic endometrium by coordinating the 
immune system and endocrine system to form a specific 
local immune microenvironment of peritoneal fluid, so that 
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Highlight box

Key findings
• Seventeen hub genes were found to be closely associated with 

autophagy and immunity in endometriosis. These genes are 
potential autophagy-and immune-related biomarkers for diagnosis 
and treatment monitoring in endometriosis.

What is known and what is new?
• Autophagic abnormality and abnormal immune responses are 

involved in the pathogenesis of endometriosis. Autophagy 
inhibition can promote the expression of inflammatory cytokines, 
which underpins the pathogenesis of various autoimmune diseases.

• It preliminarily verified that autophagy and immune imbalance 
are involved in the pathogenesis of endometriosis. Seventeen hub 
genes were found to be closely associated with autophagy and 
immunity in endometriosis.

What is the implication, and what should change now?
• The present study aimed to evaluate the key points of ARGs and 

IRGs related to endometriosis, and provide reference for the 
development of therapeutic drugs and clinical treatment.
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it can escape the recognition and monitoring of immune cells 
and promote its implantation and growth, thus participating 
in the pathophysiological process of endometriosis. A 
study has confirmed that the probability of endometriosis 
patients with autoimmune diseases is significantly higher 
than that of normal people, and it is closely related to the 
pathogenesis, clinical symptoms, disease progress and 
outcome (18). Immunity-related genes (IRGs) play a crucial 
role in immune cell infiltration; however, there remains 
a lack of clear elucidation regarding the characteristics of 
IRG expression and their potential regulatory mechanisms 
in endometriosis. 

Current studies on the immune response, cellular 
autophagy, and endometriosis occurrence mainly focus on 
the following two aspects: (I) the effects of the immune 
response and autophagy on the pathological process of 
endometriosis (19,20); and (II) the efficacy of immune and 
autophagy inhibitors for the treatment of endometriosis (21). 
Although there have been reports of immune related gene 
in endometriosis, the relationship between immune related 
genes and endometriosis has not been comprehensively 
analyzed. The present study aimed to evaluate the key 
points of ARGs and IRGs related to endometriosis, and 
provide reference for the development of therapeutic drugs 
and clinical treatment. The hub genes identified in this 
study could also be autophagy-related and immune-related 
biomarkers for the diagnosis and treatment monitoring of 
endometriosis. We present the following article in accordance 
with the STREGA reporting checklist (available at https://
atm.amegroups.com/article/view/10.21037/atm-22-5979/rc).

Methods

Data source

The gene expression data of GSE11691, GSE120103, and 
GSE7305 patients were collected from Gene Expression 
Omnibus (GEO) database (available from: https://www.
ncbi.nlm.nih.gov/geo/). GSE11691 was in the GPL96 
platform, [HG-U133A] Affymetrix Human Genome U133A 
Array, which included nine endometriosis samples and nine 
control samples. GSE120103 contained the Ribonucleic 
Acid (RNA) expression data annotated by GPL6480, which 
included 18 endometriosis samples and 18 normal tissue 
samples. GSE7305 was in the GPL570 platform, [HG-
U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 
Array, comprising 10 endometriosis and 10 control samples. 

We downloaded the platform and series matrix files, 

as well as a list of IRGs, from the Immunology Database 
and Analysis Portal (ImmPort) (https://www.immport.org/
shared/home), and assessed ARGs derived from Human 
Autophagy Database (HADb, http://www.autophagy.lu/
index.html), the AUTOPHAGY DATABASE (http://www.
tanpaku.org/autophagy/index.html), Index-Home-Human 
Autophagy Moderator Database (HAMdb, http://hamdb.
scbdd.com/), Gene Set Enrichment Analysis Database 
(GSEA, http://www.gsea-msigdb.org/gsea/index.jsp) , and 
National Library of Medicine(NCBI, https://www.ncbi.
nlm.nih.gov/). A flow diagram of the study is shown in 
Figure 1. The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013).

Study design and data pre-processing

Original series matrix files of the GSE120103 and 
GSE11691 datasets were retrieved. A probe expression 
matrix of the raw data was extracted and normalized and 
subsequently converted into a gene expression matrix 
using the platform annotation file. The two gene matrices 
were merged using Perl script, and heterogeneity induced 
by various experimental batches and platforms was 
processed using the “sva” package of R software. A merging 
normalized gene expression matrix was obtained using 
the “limma” package of R for further analysis. The probe 
expression matrices were extracted sequentially using Perl 
script and converted into gene expression matrices. Analysis 
of the gene expression matrix was performed via the “limma” 
package of R. GSE7305 was downloaded in the form of a 
gene expression matrix.

Differential expression analysis

Differential expression analysis was conducted for 
endometriosis and normal samples using the “limma” 
package (22). Genes with P value <0.5 and |log2Fold 
Change (FC)| >1 were considered Differentially expressed 
genes (DEGs). Heat maps of the DEGs and volcano plots 
of all identified genes were plotted using the “pheatmap”, 
“ggplot2”, “dplyr”, and “ggrepel” packages.

Immune infiltration 

CIBERSORT was used to evaluate the immune cell 
infiltration in the microenvironment, involving 547 
biomarkers and 22 immune cells such as plasma, B cell, 
T cell, and myeloid cell subpopulations. Under the linear 
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support vector regression principle, this tool was employed 
to conduct deconvolution analysis of the expression matrix 
of immune cells. The present study collected expression 
data from GSE120103 and GSE11691 and calculated the 
ratios of the 22 immune cells in each sample.

Weighted gene co-expression network analysis (WGCNA)

The “WGCNA” R package was applied to produce the co-
expression networks (23) for genes in the GSE11691 and 
GSE120103 datasets, and abnormal samples were removed 
based on the cluster trees. A similarity matrix was formed 

Overlap endometriosis-related 
module genes with immune-related 

genes and DEGs

Identification of hub genes by 
LASSO

GO and KEGG analysis of hub  
genes

Overlap endometriosis-related 
module genes with  

autophagy-related genes and DEGs

9 hub genes were obtained (BST2, 
CCL13, CD86, CSF1, FAM3C, 

GREM1, ISG20, PSMB8, S100A11)

9 hub genes were obtained (GSK3A, 
HTR2B, RAB3GAP1, ARFIP2, 

BNIP3, CSF1, MAOA, PPP1R13L, 
SH3GLB2)

Identification of hub genes by 
LASSO and SVM-RFE

Microarray data processing 
(GSE7305)

Model construction Model validation

ROC analysis

Microarray data processing 
(GSE11691 + GSE120103)

Overlap

Immune-related genes and 
autophagy-related genes were 

extracted
DEGs analysis

Module genes related to 
endometriosis

WGCNA

Figure 1 Flow diagram of the study. DEGs, differentially expressed genes; WGCNA, weighted gene co-expression network analysis; 
LASSO, least absolute shrinkage and selection operator; SVM-RFE, support vector machine recursive feature elimination; GO, Gene 
Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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by calculating the correlation coefficients of different gene 
pairs. A proper soft threshold was set for the transformation 
of the similarity matrix into an adjacency matrix to ensure 
scale-free network construction, and a topological overlap 
matrix (TOM) was subsequently provided to evaluate the 
mean network connectivity of each gene. Genes of similar 
expression profiles were grouped into different modules 
via the dynamic tree cutting method, and each module was 
depicted using a different color. Genes in gray modules 
were considered inapplicable to be assigned to any module. 

The module eigengene (ME) was applied to represent the 
gene expression profile of each module, which was also used 
to assess the association between modules and phenotypes. 
The module with the highest absolute correlation coefficient 
value was selected as the key module and included in further 
analysis. Module membership (MM) reflected the correlation 
coefficient between the expression value of a gene and the 
ME of a corresponding module, while gene significance (GS) 
was used to present the correlation coefficient of a gene 
expression value with the phenotype.

Overlapping endometriosis-related module genes and 
DEGs with IRGs and ARGs

We overlapped the IRGs and ARGs with endometriosis-
related module genes derived from WGCNA and DEGs, 
respectively. The detailed gene overlapping was presented 
using a Venn diagram.

Identification of hub genes 

Hub gene identification was conducted using the “glmnet” 
package via the least absolute shrinkage and selection 
operator (LASSO) (24) and support vector machine 
recursive feature elimination (SVM-RFE). The latter is a 
vector-supporting machine learning algorithm capable of 
effectively deriving an informative gene subset to facilitate 
the identification of hub genes (25). Hub genes were 
screened using the “e1071” package with the 10-fold cross-
validation method, and genes identified by LASSO and 
SVM-RFE were overlapped for determination.

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) enrichment analysis of overlapped genes

GO and KEGG enrichment analysis was performed 
using the “clusterProfiler” package (26). P<0.05 indicated 
statistical significance. GO enrichment analysis aims to 

describe the gene-correlated biological processes (BP), 
cellular components (CC), and molecular functions (MF), 
while KEGG pathway analysis seeks to identify enriched 
biological pathways.

Module construction and validation

Weka 3.7.3 (www.cs.waikato.ac.nz/ml/weka) was applied 
for module construction, which takes into account multiple 
machine learning techniques such as decision trees (J48), 
the sequential minimal optimization (SMO), K-nearest 
neighbours (IBK), and logistic regression (LR). To optimize 
the performance of the selected technique, the algorithm 
performed an automatic search using five-fold cross-
validation for the optimal parameter setting based on the 
best prediction results.

A receiver operating characteristic (ROC) curve was 
also plotted, and the area under the ROC curve (AUC) was 
calculated to assess the module accuracy. The area under 
the ROC curve (AUC) could be generated by plotting the 
sensitivity against (1-specificity) at different discrimination 
threshold settings. The AUC in the normalized units reveals 
the probability of a classifier ranking a randomly selected 
positive sample over a negative one.

Results

Identification of DEGs 

There were a total of 1,116 DEGs (660 up-regulated and 
456 down-regulated) identified in the GSE11691 and 
GSE120103 datasets, and the top 50 DEGs were displayed 
in a heat map. Volcano plots showed the DEGs variation 
from the control in endometriosis (Figure 2A,2B).

Immune infiltration 

In this part of the study, the proportion of 22 immune 
cells in 27 endometriosis samples and 27 control samples 
was estimated by the CIBERSORT algorithm, which can 
be seen in the corHeatmap (Figure 2C). The immune cell 
infiltration of endometriosis and endometriosis samples 
was compared in a vioplot (Figure 2D). The results showed 
that the endometriosis group had significantly higher 
proportions of Plasma cells (P=0.003), macrophages 
M1 (P=0.042), macrophages M2 (P=0.046) and lower 
proportions of NK cells resting (P=0.007), T cells CD8 
(P=0.048) than the control group.



Ji et al. Biomarkers to identify endometriosisPage 6 of 15

© Annals of Translational Medicine. All rights reserved.   Ann Transl Med 2022;10(24):1397 | https://dx.doi.org/10.21037/atm-22-5979

Weighted gene co-expression network construction and 
modules identification 

The soft threshold was set as a β-value of 10 (scale-free 
R2=0.85) to ensure scale-free networks (Figure 3A,3B). 
Genes with similar expression patterns were clustered into 
co-expression modules, which were differently colored. A 
total of six modules were identified (Figure 3C,3D).

The association between each module and clinical 
information was displayed in the module-trait relationship 

(Figure 3E). There were 774 genes contained in the yellow-
colored module, the majority of which were significantly 
associated with endometriosis (R=0.51, P=5×10-8), followed 
by 1,849 genes included in the turquoise module (R=0.3, 
P=0.03). The 599 genes in the green-colored module 
also exhibited an association with endometriosis (R=0.29, 
P=0.04). The genes in these three modules were included in 
further analysis. 

Modular genes in the co-expression network were 
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Figure 2 Differentially expressed genes in endometriosis. (A) Volcano map of differentially expressed genes in endometriosis compared with 
the controls from the GSE11691and GSE120013 datasets; (B) heat map of the top 50 differentially expressed genes. Immune infiltration 
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Annals of Translational Medicine, Vol 10, No 24 December 2022 Page 7 of 15

© Annals of Translational Medicine. All rights reserved.   Ann Transl Med 2022;10(24):1397 | https://dx.doi.org/10.21037/atm-22-5979

characterized by high intramodular connectivity measured 
by GS and MM. Scatterplots of GS (y-axis) vs. MM 
(x-axis) are shown in Figure 3F-3H in different colors. 
WGCNA indicated that 3,222 genes were associated with 
endometriosis, and these genes were also included in the 
subsequent analyses.

Overlapping of endometriosis-related module genes and 
DEGs with IRGs and ARGs

A total of 22 overlapping genes associated with immune-
related module genes were retrieved by taking intersections 
of 1,116 DEGs, 3,222 module genes, and 1,793 IRGs, as 

shown in the Venn diagram (Figure 4A). At the same time, 
45 overlapping genes associated with autophagy-related 
module genes were obtained by taking the intersections of 
the 1,116 DEGs, 3,222 module genes, and 1,928 ARGs, as 
shown in the Venn diagram (Figure 4B).

Identification of hub genes 

To construct the models, LASSO analysis was applied to 
obtain the hub genes in two groups of overlapped genes 
respectively. We obtained nine hub genes of IRGs (Figure 5A)  
and 12 hub genes of ARGs (Figure 5B). Next, 16 genes 
associated with endometriosis were obtained by SVM-
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Figure 4 Hub genes associated with endometriosis, including immune-related genes (A) and autophagy-related genes (B). WGCNA, 
weighted gene co-expression network analysis. DEGs, differentially expressed genes.  

Figure 5 Identification of the hub genes of IRGs by LASSO (A); identification of the hub genes of ARGs by LASSO (B); SVM-RFE results 
of the differential genes in the GSE11691 and GSE120103 datasets (C); the intersection of the ARGs hub genes by LASSO and SVM-RFE 
shown in a Venn diagram (D). RMSE, root mean square error; LASSO, least absolute shrinkage and selection operator; SVM-RFE, support 
vector machine recursive feature elimination; IRGs, immune-related genes; ARGs, autophagy-related genes.
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RFE. Twelve hub genes of ARGs and 16 SVM-RFE genes 
were intersected again to obtain nine hub genes of ARGs  
(Figure 5C,5D). A total of 18 hub genes were finally included 
in the construction of the model.

GO and KEGG analysis of hub genes

GO and KEGG functional enrichment analysis was 
performed on the ARGs-related hub genes to investigate 
the biological functions and pathways that these genes 
involved. A total of 452 GO entries (423 BP entries, eight 
CC entries, and 21 MF entries) and 12 KEGG pathways 
were enriched (Figure 6A,6B). On the other hand, the 
KEGG pathway analysis showed that these four genes were 
enriched in the serotonergic synapse, dopaminergic synapse, 
and phenylalanine metabolism. 

Enrichment analysis was also conducted for IRGs-related 
hub genes, and 358 GO entries (316 BP entries, seven CC 
entries, and 35 MF entries) and 11 KEGG pathways were 
enriched. These three genes were enriched in cytokine-
cytokine receptor interaction and viral protein interaction 
with cytokines and cytokine receptors (Figure 6C,6D).

Module construction and validation

We utilized a variety of calculation methods to select the best 
result. In addition to the performance measures, a ROC curve 
was plotted and the AUC was calculated. All training cohort 
results were verified by the validation cohort (GSE7305). 
The performances of the classifiers are summarized in Tables 
1-4. In terms of the ROC curve, SMO and IBK exhibited 
more or less similar results in the ARGs (0.926) and IRGs 
(0.907) training cohort. Random forest (0.975), J48 (0.894), 
and logistic regression (0.793) had a significantly lower 
discrimination ability in ARGS (Figure 7A). As for the IRGs 
results, random forest (0.945), logistic regression (0.848), and 
J48 (0.787) had a significantly lower identification ability in 
IRGs (Figure 7B).

The validation cohort ROC curves of the five algorithms 
were as follows: random forest (0.940), J48 (0.800), IBK 
(0.750), logistic regression (0.650), and SMO (0.600) had 
the lowest verification result ability in the ARGs (Figure 7C).  
Similarly, SMO (0.800), IBK (0.750), random forest 
(0.740), J48 (0.625), and logistic regression (0.450) had the 
lowest verification result ability in the IRGs (Figure 7D). 
These results indicated overfitting in the application of the 
random-forest classifier.

Discussion

The occurrence of endometriosis is primarily attributed 
to the abnormal spread and growth of endometrioid tissue 
or the relocation and metaplasia of endometrial tissue 
outside the uterus, which is characterized by the functional 
response of uterine glands and stroma to stimulation by 
local, endogenous, and exogenous hormones. The clinical 
symptoms of endometriosis mainly include dysmenorrhea, 
pelvic pain, infertility, and sexual intercourse difficulty 
(27,28), and the lack of sensitive biomarkers causes delayed 
diagnosis. Therefore, there is a pressing need to identify 
accurate diagnostic molecular biomarkers. In this study, we 
investigated the diagnostic effects of IRGs and ARGs for 
endometriosis.

Endometriosis is a chronic inflammatory disease 
associated with local and systemic immune responses. In 
this study, immune cell infiltrations were further explored. 
The result showed significant differences in multiple 
immune cells between the endometriosis and the control 
groups. Plasma cells, macrophages M1 and macrophages 
M2 significantly increased in endometriosis. The change of 
peritoneal microenvironment in patients with endometriosis 
can promote the M2 polarization and M1 proinflammatory 
phenotype of macrophages, and the abnormal phenotype can 
lead to abnormal gene expression in ectopic endometrium, 
which is related to the pathophysiology of endometriosis and 
the reproductive outcome of patients (29). The activity of B 
cells is regulated by many factors. Macrophages can produce 
B lymphocyte stimulator and induce B cells to differentiate 
into plasma cells, which is necessary for the development 
of normal B cells. However, the level of B lymphocyte 
stimulator in ectopic lesions of endometriosis patients is 
significantly higher than that in normal endometriosis 
patients (30).

Endometriosis-associated model genes were identified 
through WGCNA, which could provide directions for 
exploring the pathogenesis of endometriosis to improve its 
clinical management. Through the endometriosis-associated 
key modules, we determined that genes in the yellow-, 
turquoise-, and green-colored modules exert different 
effects on endometriosis. We also obtained the DEGs in the 
training set, which further support our results.

Studies have indicated that immune-dysfunction and 
cellular autophagy are involved in the pathogenesis and 
progress of endometriosis (31,32), and these two processes 
are closely correlated (33). Components related to the 
innate immune response, such as conventional pattern 
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Table 1 The performances of the classifiers (ARGs related training cohort) 

Algorithm TP rate FP rate Precision Recall F-Measure MCC ROC area PRC area 

Random forest 0.907 0.093 0.908 0.907 0.907 0.815 0.975 0.976

J48 0.907 0.093 0.908 0.907 0.907 0.815 0.894 0.855

IBK 0.926 0.074 0.928 0.926 0.926 0.854 0.940 0.912

SMO 0.926 0.074 0.928 0.926 0.926 0.854 0.926 0.895

Logistic regression 0.778 0.222 0.779 0.778 0.777 0.557 0.849 0.815

ARGs, autophagy-related genes; TP, true positive; FP, false positive; MCC, Mathew correlation coefficient; ROC, receiver operating 
characteristic; PRC, precision recall curve; IBK, K-nearest neighbours; SMO, sequential minimal optimization.

Table 2 The performances of the classifiers (ARGs related validation cohort)

Algorithm TP rate FP rate Precision Recall F-Measure MCC ROC area PRC area

Random forest 0.650 0.350 0.794 0.650 0.601 0.420 0.940 0.939

J48 0.550 0.450 0.763 0.550 0.436 0.229 0.810 0.753

IBK 0.800 0.200 0.857 0.800 0.792 0.655 0.800 0.757

SMO 0.600 0.400 0.778 0.600 0.524 0.333 0.600 0.578

Logistic 0.650 0.350 0.700 0.650 0.627 0.346 0.830 0.759

ARGs, autophagy-related genes; TP, true positive; FP, false positive; MCC, Mathew correlation coefficient; ROC, receiver operating 
characteristic; PRC, Precision Recall Curve; IBK, K-nearest neighbours; SMO, sequential minimal optimization.

Table 3 The performances of the classifiers (IRGs related training cohort)

Algorithm TP rate FP rate Precision Recall F-Measure MCC ROC area PRC area

Random forest 0.852 0.148 0.852 0.852 0.852 0.704 0.945 0.947

J48 0.796 0.204 0.797 0.796 0.796 0.593 0.787 0.733

IBK 0.907 0.093 0.913 0.907 0.907 0.820 0.906 0.873

SMO 0.907 0.093 0.913 0.907 0.907 0.820 0.907 0.872

Logistic 0.852 0.148 0.860 0.852 0.851 0.712 0.853 0.810

IRGs, immune-related genes; TP, true positive; FP, false positive; MCC, Mathew correlation coefficient; ROC, receiver operating 
characteristic; PRC, precision recall curve; IBK, K-nearest neighbours; SMO, sequential minimal optimization.

Table 4 The performances of the classifiers (IRGs related validation cohort)

Algorithm TP rate FP rate Precision Recall F-Measure MCC ROC area PRC area

Random forest 0.750 0.250 0.753 0.750 0.749 0.503 0.740 0.759

J48 0.650 0.350 0.665 0.650 0.642 0.314 0.625 0.589

IBK 0.750 0.250 0.775 0.750 0.744 0.524 0.750 0.694

SMO 0.800 0.200 0.800 0.800 0.800 0.600 0.800 0.740

Logistic 0.450 0.550 0.433 0.450 0.413 −0.115 0.400 0.460

IRGs, immune-related genes; TP, true positive; FP, false positive; MCC, Mathew correlation coefficient; ROC, receiver operating 
characteristic; PRC, precision recall curve; IBK, K-nearest neighbours; SMO, sequential minimal optimization.
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recognition receptors (PRR) and inflammasomes, are 
integrated with autophagy. Abnormal cellular autophagy 
triggers inflammatory and immune responses, leading 
to autoimmune injury. However, the role of the immune 
response and autophagy in mediating endometriosis remains 
unclear. Thus, exploring the underlying mechanisms of the 
immune response and autophagy in endometriosis onset is 
a direction for the development of therapeutic agents for 
endometriosis as well as other similar diseases (19). 

Nine hub genes were identified through our study, 
including BST2, CCL13, CD86, CSF1, FAM3C, GREM1, 
ISG20, PSMB8, and S100A11. These genes may be involved 
in the abnormal immune response of endometriosis. 
Moreover, nine hub genes were determined to be involved 

in autophagy in endometriosis, including GSK3A, HTR2B, 
RAB3GAP1, ARFIP2, BNIP3, CSF1, MAOA, PPP1R13L, 
and SH3GLB2. These findings could provide a reference for 
early identification and drug development in endometriosis.

The activated inflammatory cascade induces the 
proliferation, adhesion, and migration of endometrial cells, 
thereby forming the basis of ectopic implantation (34).  
Augmented macrophage function is also observed in 
endometriotic lesions (35). Bacci et al. found that macrophages 
are pro-inflammatory and facilitate endometriotic lesion 
growth and vascularization (36). The function of the IRGs 
identified in this study is mostly related to macrophages. 
Chemokines serve as vital molecules regulating the 
recruitment and migration of specific leukocytes, with which 
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ISG20 expression is associated. CCL13 belongs to the CC 
chemokine family and is involved in CCR2 and CCR3, the 
migration of monocytes/macrophages, T-lymphocytes, 
and eosinophils via its functional ligands (37). CD86, a pro-
inflammatory indicator for peritoneal macrophages, plays a 
crucial role in anti-endometriosis (38). CSF-1 is released by 
endometriotic macrophages and is involved in the formation 
of early endometriotic lesions through the enhancement of 
cell proliferation as well as via the attachment and invasion 
of endometrial cells (39). S100A11 is highly expressed and 
correlated to tumor promotion and progression in most 
cancers; however, its role in endometriosis is unclear. BST2 
is essential in the antiviral immune response and is capable 
of activating the Nuclear Factor Kappa-Β (NF-kB) signaling 
pathway and subsequently the innate immune responses to 
infection (40). NF-kβ is important in the pathogenesis of 
endometriosis and is directly associated with endometrial cell 
invasion (41). PSMB8 refers to an immunoproteasome, and 
its inhibition induces cell apoptosis and migration/invasion 
blocking via the Phosphatidylinositol 3-kinase (PI3K)/Akt 
pathway in glioblastoma (42).

FAM3C is involved in Transforming growth factor 
β (TGF-β) -induced epithelial-mesenchymal transition 
(EMT); the knockdown of FAM3C inhibits TGF-β-
induced EMT (43). GRHL2 belongs to the grainy head-
like transcription family and plays an essential role in the 
inhibition of TGF-β mediated activation of Smad2/3 (44). 
TGF-β-induced EMT plays a key role in endometriosis. 
Autophagy is involved in numerous physiological processes, 
such as the elimination of misfolded or aggregated 
proteins, starvation, anti-aging, cell growth, and innate  
immunity (45). The ARGs identified in this study participate 
in the occurrence of diseases through multiple pathways. 
GSK3, as a member of the Wnt/β-catenin pathway, is 
involved in a wide range of cellular processes, such as 
apoptosis, mitosis, and proliferation. The Wnt/β-Catenin 
pathway is closely related to endometriosis (46). HTR2B 
is related to neovascularization and immunomodulation as 
well as neurotransmission (47), indicating that it could be 
involved in the pathogenesis of endometriosis. MAOA is a 
putative endometrial receptivity biomarker, which is also 
linked to endometriosis (48). PPP1R13L is a member of the 
apoptosis-stimulating proteins of the p53 (ASPP) family and 
was identified as a novel RelA-associated inhibitor (RAI) 
that binds to the NF-κB subunit p65/RelA and inhibits its 
transcriptional activity (49). SH3GLB2 is a TGF-β-induced 
anti-apoptotic factor (TIAF1), which is responsive to TGF-
β1-induced polymerization (50). CSF1 is a co-gene of  

two pathways,  which can be focused on in future 
endometriosis research.

In this study, we utilized Weka machine learning software 
to develop prediction models for the evaluation of hub 
genes and applied a variety of calculation methods to select 
the best result. These algorithms have an overall satisfactory 
accuracy and identification ability, outperforming SMO, 
IBK, J48, and logistic regression.

Our study identified several multi-molecule biomarkers 
for the diagnosis and treatment of endometriosis. However, 
some limitations should be noted. Firstly, there was a lack 
of relevant clinical information, such as disease course and 
medication history. Secondly, the potential immune- and 
autophagy-related biomarkers identified in our analysis 
require further validation by more studies. Lastly, the 
related genes were collected from an electronic database; 
despite its continuous updates, there are more genes to be 
discovered.

Conclusions

We identified nine hub genes that are closely associated with 
the immune response in endometriosis. At the same time, 
nine hub genes of autophagy-related genes in endometriosis 
were also identified. Our model validation results were 
good. Thus, these genes could be potential biomarkers for 
disease diagnosis and therapeutic monitoring.
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