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Background: Endometriosis (EM), a prevalent gynecological disorder in reproductive-age women, lacks reliable noninvasive
diagnostic tools. EM may be detected by neutrophil extracellular traps (NETs), which are essential to inflammation and immunological
regulation. This research utilized 13 machine learning algorithms to improve the predictive precision of the diagnostic model and
pinpointed four potential biomarkers that could aid in the diagnosis of EM.

Methods: Using the GSE141549 dataset, we combined differentially expressed genes with NETs-related markers to identify key
genes linked to EM. We performed functional analysis to understand their biological roles. Through 13 machine learning methods, we
built 107 different models and selected four central genes: CEACAMI1, FOS, PLA2G2A, and THBS1. We developed a diagnostic
model, evaluating its performance with ROC curves, calibration plots, and decision curve analysis; its robustness was rigorously
assessed through 10-fold cross-validation.

Results: The four-gene model demonstrated superior performance, with high accuracy in the training set (AUC: 0.962), robust
generalizability in cross-validation (mean AUC: 0.975) and external cohorts, confirmed clinical utility, and consistent gene expression
across multiple datasets.

Conclusion: This study identifies CEACAMI1, FOS, PLA2G2A, and THBS1 as promising biomarkers for endometriosis. Their
association with immune infiltration may improve early detection strategies, highlighting the potential for developing non-invasive
diagnostic tools for EM in the future.

Keywords: endometriosis, neutrophil extracellular traps, machine learning, prediction, diagnosis

Introduction

Endometriosis (EM) is a prevalent gynecological disorder characterized by the atypical growth of endometrial-like tissue
outside of the uterine cavity. This condition occurs when tissue similar to the lining of the uterus, known as the
endometrium, develops in areas beyond the uterus, which can lead to a variety of symptoms and complications for
those affected. Endometriosis is recognized as a significant health concern among individuals with uterine anatomy, often
impacting their quality of life and reproductive health."* Often, EM is linked with infertility, chronic pelvic pain, and
various other symptoms.>* Its definite diagnosis is made through invasive laparoscopic surgery. The peak occurrence
happens in individuals aged 25-45 years, with a postponement of eight to ten years in obtaining a definitive diagnosis.>
Driven by progress in molecular biology and bioinformatics methods, the amalgamation of multi-omics technologies has

facilitated an in-depth analysis of genome, metabolome and transcriptome big data associated with endometriosis (EM),
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consequently opening up a new channel for EM screening and early diagnostic marker discovery within the context of
precision medicine.””

There is growing evidence indicating that neutrophil extracellular traps (NETs) are significantly involved in the
pathogenesis of EM.”!° NETs are fibrous structures expelled by neutrophils, composed mainly of DNA and various
bactericidal proteins such as histones, granule proteases (NE, MPO), and lactoferrin.'! In the immune microenvironment
of EM, NETs are postulated to promote disease progression by altering the local immune landscape.'> However, the
specific gene expression patterns driven by NETs in EM remain poorly characterized, posing a challenge for diagnosis.
To systematically address this, we applied machine learning (ML) to identify NET-related diagnostic biomarkers. ML

technologies have shown superior performance in biomedical pattern recognition and data mining,'*'*

particularly when
multiple algorithms are integrated to enhance predictive accuracy.'

In this study, we employed a comprehensive computational strategy by constructing 107 distinct models from
combinations of 13 classical machine learning algorithms. This multi-model approach allowed us to rigorously screen
for genes associated with NET-related features in EM. Our analysis identified four genes—CEACAMI, FOS, PLA2G2A,
and THBS1—as core diagnostic biomarkers closely linked to NETs. The optimal diagnostic model, which integrated the
Stepglm [backward] and Random Forest algorithms, achieved an exceptional AUC of 0.976, demonstrating high
discriminative power. Unlike conventional single-model analyses, our multi-algorithm ensemble method mitigates
model-specific bias and captures complex biological signals more reliably.'® Additionally, the study demonstrated the
connections between immune cells and CEACAMI1, FOS, PLA2G2A, and THBSI, providing new information on the
immunological processes behind EM.

Materials and Methods

Data Source

The current study utilized gene expression datasets sourced from the GSE141549, GSE7305, GSE23339, and GSE25628
series, which were retrieved from the Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/).
Specifically, the GSE141549 dataset, based on the GPL13376 platform, included 179 endometriosis (EM) cases and 43
controls; GSE7305, based on the GPL570 platform, included 10 EM cases and 10 controls; GSE23339, based on the
GPL6102 platform, included 10 EM cases and 9 controls; and GSE25628, based on the GPL571 platform, included 16
EM cases and 6 control samples. All data were derived from Homo sapiens. In this study, GSE141549 was used as the
training set, while GSE7305, GSE23339, and GSE25628 served as the validation sets. Furthermore, a review of recent
literature led to the selection of 271 genes associated with neutrophil extracellular traps (NETs) for further analysis. The

flowchart depicting the study design is shown in Figure 1.

Screening DE-NETRGs

A comprehensive differential analysis employing a Bayesian model was performed using the limma package (version
3.50.0) in R to examine transcriptomic differences between individuals with endometriosis (EM) and healthy control
participants. Differentially expressed genes (DEGs) were identified based on two strict criteria: an absolute log-fold
change log2(fc) greater than 1.5 in order to generate more differential genes for subsequent analysis, indicating
biologically relevant gene expression changes, and an FDR-adjusted P-value <0.05, with correction applied via the
Benjamin-Hochberg method to ensure statistical validity. In order to delve deeper into the functional significance of these
DEGs, a co-occurrence analysis of gene sets was conducted utilizing the Venn Diagram package (version 1.11),
identifying common gene groups between the DEGs and a predefined gene set related to neutrophil extracellular traps
(NETs) (n = 271). This approach allowed for the identification of DE-NETRGs that are potentially implicated in the
pathological mechanisms of endometriosis.

Functional Enrichment Analysis
The present study employed functional enrichment analysis within the Gene Ontology (GO) framework and conducted
pathway analysis using the Kyoto Encyclopedia of Genes and Genomes (KEGG) to explore the biological functions and
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Figure | A flowchart consistent with our research findings.

pathways linked to DE-NETRGs. The analysis of gene ontology (GO) was divided into three categories: biological
processes (BP), molecular functions (MF), and cellular components (CC). In contrast, the KEGG analysis sought to
illuminate the biological significance of genes on both a molecular scale and a larger organizational framework. A
hypergeometric test was employed for enrichment analysis, establishing a significance threshold of a P-value under 0.05.
The “cluster Profiler” package in R was utilized for annotation and visualization, while the “GO plot” tool was used to
present the GO enrichment findings.

Strategy for Optimizing PPl Network Topology Parameters for EM-Related Hub Gene

Screening
The STRING database (https://string-db.org) was used as a resource for constructing a network of protein-protein

interactions (PPI), illustrating the links among DE-NETRGs. An interaction confidence criterion of 0.400 was established
for the analysis. Subsequently, the PPI network was constructed and visualized with Cytoscape software. To identify key
genes within the network, the top 10 central genes were selected using the CytoHubba plugin in conjunction with eight
distinct topological methods (e.g., degree, eccentricity, closeness), which clarified their essential roles in the network.

Utilization of Machine Learning Techniques for Biomarker Screening

The research employed 13 traditional machine learning algorithms to create an exceptionally effective diagnostic model
for endometriosis (EM). These algorithms included least absolute shrinkage and selection operator (Lasso), stepwise
generalized linear model (Stepglm), generalized linear model boost (glmBoost), support vector machine (SVM), Ridge
regression, elastic net regression (Enet), partial least squares regression (plsRglm), random forest (RF), linear
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discriminant analysis (LDA), gradient boosting machine (GBM), Eval algorithm, extreme gradient boosting (XGBoost),
and Naive Bayes. This study constructed 107 machine learning feature combination models by integrating the multi-
variate algorithm strategy system. Based on the area under the curve (AUC) evaluation framework of the receiver
operating characteristic feature curve (ROC), the model architecture with the optimal discriminative efficiency was
screened to minimize the prediction bias. Finally, by putting together the outputs from 107 combination models, DE-
NETRGs, which are differentially expressed neutrophil extracellular trap-related genes, were found to be potentially
useful diagnostic biomarkers for EM.

Construction and Validation of the Endometriosis Diagnostic Nomogram

Nomogram plots were created using multivariate logistic regression models, with regression coefficients reflecting the
extent to which each predictor influenced the dependent variable. This method creates a line segment plot with a specific
scale by combining many influencing factors and assigning a score to each one. The nomogram effectively converts
complex multivariate logistic regression models into an understandable graphical representation, increasing the read-
ability of prediction findings and simplifying clinical evaluation. This study used multivariate logistic regression to create
a diagnosis model for endometriosis. The model’s discriminatory ability was assessed using ROC curve analysis, and the
calibration curve was used to establish the compatibility of projected outcomes with actual observations. Furthermore,
the model’s net benefit advantage within the clinical intervention threshold range was measured using a two-dimensional
decision and clinical effect curve.

Assessment of Model Generalization Performance Using K-Fold Cross-Validation

To rigorously evaluate the generalization performance and stability of the diagnostic model, we employed 10-fold cross-
validation. The dataset was randomly partitioned into 10 equally sized subsets. The model was trained and validated 10
times, each time using a different subset as the validation set and the remaining 9 subsets as the training set. This process
yielded 10 different performance estimates (e.g., 10 AUC values). To determine whether the model’s performance was
significantly better than a random classifier, a one-sample #-test was conducted on these 10 AUC values against the null
hypothesis that the mean AUC equals 0.5. The results of the #-test provide statistical evidence for the model’s robust
discriminatory power.

Evaluation of Invasive Immune Cells and Correlation Analysis

The study measured the existence of 22 immune cell types using a complicated algorithm and examined the variability of
the immune microenvironment using 1000 Monte Carlo simulations in conjunction with the expression profile of certain
genes (Leukocyte signature matrix 22). The LM 22 matrix offers information on gene expression signatures for 22
distinct immune cells. These data have been widely confirmed and used in the analysis of immune cell infiltration,
allowing for reliable estimation of the immune cell proportion, simplification of the analysis flow, and improved analysis
accuracy. A permutation test validated the biological basis for the cell proportion distribution (P < 0.05). A Spearman
correlation matrix, which represents the amount of immune infiltration and marker expression (|r] > 0.3), was also
constructed using R’s Corr plot package. The ggplot2 software was used to depict the linear regression trend between
important biomarker expression levels (e.g., CEACAMI) and dendritic cell infiltration (R? = 0.42).

Collection of Human Tissues

The objective of this research is to elucidate the expression patterns of specific DE-NETRGs in endometriosis. This study
utilized ectopic endometrial tissues from ten patients with ovarian chocolate cysts (experimental group, n=10) and
normal endometrial tissues from ten patients undergoing surgery for uterine fibroids (control group, n=10). Patients with
severe systemic diseases or recent hormone therapy were excluded. The study protocol for human tissue collection was
approved by the Ethics Committee of the Lin Quan Branch of Anhui Provincial Women’s and Children’s Medical Center
(Ethics No: PJ-KY20240923-01). Informed consent was obtained from all participants prior to tissue collection.
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Table | Primer Information

Primer Name Primer Sequences (5'—3) Amplification Product (bp)
H-DSG-2-F TCTTCTAGGCAGGCGCAAAA 112

H-DSG-2-R TGGTTGGTGGCATAGTGGAC

h-FOS-F GGGGCAAGGTGGAACAGTTAT 126

h-FOS-R CCGCTTGGAGTGTATCAGTCA

H-THBSI-F TGCTATCACAACGGAGTTCAGT 108

H-THBSI-R GCAGGACACCTTTTTGCAGATG

H-PLA2G2A-F GAAAGGAAGCCGCACTCAGTT 122

H-PLA2G2A-R CAGACGTTTGTAGCAACAGTCA

H-CEACAMI-F AACCAAAGCGACCCCATCAT 195

H-CEACAMI-R GTGCTCTGTGAGATCACGCT

H-GAPDH-F GGAGCGAGATCCCTCCAAAAT 197

H-GAPDH-R GGCTGTTGTCATACTTCTCATGG

Quantitative Real-Time Polymerase Chain Reaction

We collected tissue blocks (~23 mm?®) from 10 endometriosis and 10 control samples. Tissues were homogenized, and
total RNA was extracted using 1 mL of Trizol reagent, followed by chloroform phase separation and isopropanol
precipitation. The RNA pellet was washed, dried, and dissolved in DEPC-water. cDNA was synthesized from 1 ug of
total RNA using the HiScript II Q RT SuperMix. For qPCR, the reaction mixture was prepared with SYBR Master Mix,
primers, and cDNA template. The thermal cycling protocol consisted of an initial denaturation at 95°C for 5 min,
followed by 40 cycles of 95°C for 15s, 58°C for 15s, and 72°C for 20s, with a final melting curve analysis. Primer
sequences are listed in Table 1. Detailed protocols are available in Supplementary File S1.

Validation Using the Turku Database

This research employed the Turku database (https://endometdb.utu.fi), which amalgamates clinical data and gene

expression patterns from 115 endometriosis patients and 53 normal control samples. This database comprises gene
expression patterns for the gathered samples, facilitating additional evaluation of the endometriosis diagnostic model’s
reliability and resilience.

Statistical Analysis

The data analysis for this study was conducted using the R program (v4.4.2) platform, utilizing the integrated statistics
tools for data processing. Differences among independent samples were assessed through the Wilcoxon rank-sum test
tailored for data that do not follow a normal distribution. All statistical inferences employed two-tailed tests, and a
significance threshold was set at 0.05.

Results
Screening of DE-NETRGs

This study retrospectively analyzed gene expression data from 179 endometriosis patients and 43 control samples in the
GSE 141549 dataset. Firstly, examination of the distribution attributes of endometriosis patients and healthy controls with
principal component analysis (PCA) (Figure 2A). The GSE 141549 dataset comprises 179 samples of endometriosis and
43 samples from normal controls, where the control group is represented in red and the endometriosis group is shown in
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Figure 2 Screening and visualization of the DE-NETRGs. (A) Principal component analysis: red represents the normal group, and blue represents the endometriosis group.
(B) Heatmap of DEG: red indicates high expression and blue indicates low expression. (C) Volcano plot: Gray indicates genes not differentially expressed, and red and blue
indicate up- and down-regulated DEGs, respectively. (D) Venn diagram: 36 DE-NETRGs are shown.

blue. After removing the batch effect, the sample distribution map demonstrated clear separation between the two
datasets, thereby enhancing the reliability of the analysis. Subsequently, 1077 DEGs were identified from the training set
(GSE 141549) (Figure 2B and C). To examine the interaction between these DEGs and 271 neutrophil extracellular traps
(NETs), gene set intersection analysis using a Venn diagram identified 36 common DE-NETRGs (Figure 2D).

Functional Analysis of the DE-NETRGs

Through the GO/KEGG combined enrichment analysis system, the functional characteristics of DE-NETRGs were
analyzed and clarified, and the potential biological regulatory network of them was elucidated. The Gene Ontology
functional enrichment study indicated that, within the biological process (BP) category, DE-NETRGs exhibited high
enrichment in many biological processes, such as wound healing, fluid homeostasis, leukocyte migration, coagulation
and hemostasis, and leukocyte-cell adhesion. Cellular component (CC) analysis showed significant enrichment of DE-
NETRGs in collagen-rich extracellular matrices, secretory granules, and cytoplasmic vesicles. Regarding molecular
function (MF), notable enrichments were observed in binding to glycosaminoglycans, structural elements of the
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extracellular matrix, and activities related to receptor-ligand interactions (Figure 3A). Circle plots for enrichment analysis
illustrate the top 10 GO terms that are significantly enriched in DE-NETRGs. The concepts encompass the control of
bodily fluid concentrations, movement of leukocytes, blood clotting, hemostatic processes, coagulation, mechanisms of
defense against bacterial infections, healing of wounds, reaction to lipopolysaccharides, regulation of vascular develop-
ment, and response to molecules originating from bacteria (Figure 3B).

Furthermore, KEGG pathway analysis also shows that DE-NETRGs are closely linked to a number of immune-
related signaling pathways. This includes subjects pertaining to malaria, lipid metabolism and atherosclerosis, Chagas
disease, rheumatoid arthritis, the signaling pathway that involves IL-17, the AGE-RAGE pathway linked to complica-
tions from diabetes, the PI3K-Akt signaling pathway, the TNF signaling pathway, the formation of neutrophil extra-
cellular traps, along with the interactions between cytokines and their receptors (refer to Figure 3C).

Protein—Protein Interaction (PPI) Network

Utilizing the STRING 11.5 platform, a network of protein-protein interactions was established for the 36 DE-NETRGs.
The visualized topological structure was generated using Cytoscape (version 3.10.1), with the results presented in
Figure 4A. To further assess the interactions between these 36 genes, we employed the Cytoscape plugin CytoHubba
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(version 0.1) and applied 8 different algorithms to identify key hub genes. Figure 4B displays the findings of the
CytoHubba analysis.

Utilization of 107 Machine Learning Models to Determine Principal Diagnostic

Biomarkers

This work applied 13 distinct machine learning algorithms, which were randomly mixed to create 107 machine learning
models, utilized to discover significant signature genes from 36 DE-NETRGs linked to endometriosis (EM). The
predictive efficacy of each algorithm combination was evaluated using data from the test set and three validation sets,
employing the area under the curve (AUC) as the primary metric to quantify the performance of different model
combinations. In the screening procedure, the optimal algorithm combination, Stepglm [backward] and RF, produced an
AUC score of 0.962. Four potentially important genes—CEACAM1, FOS, PLA2G2A, and THBS1—were identified as
putative diagnostic biomarkers for endometriosis based on the results of this combination (Figure 5).

Validation of the Differential Expression Characteristics and Diagnostic Efficacy of

Candidate Biomarkers for Endometriosis

The GSE 141549 dataset was employed in this study as the training set to examine the expression variations of key genes
between the control group and the endometriosis (EM) group. According to the analysis results (Figure 6A-D), the
expression levels of CEACAMI, FOS, PLA2G2A, and THBS1 (P < 2.22¢-16) were significantly higher in the EM group
compared to the control group. Also, the expression patterns of these hub genes were the same in three separate
validation datasets (GSE 7305, GSE 23339, and GSE 25628) as they were in the training set (GSE 141549). This
shows that gene expression stays the same across datasets.

In order to assess the diagnostic potential of these genes related to endometriosis, we created ROC curves and
examined their effectiveness in the designated test datasets (see Figure 7A—D). The ROC analysis results revealed the
following: In the GSE 7305 dataset, the AUC values were 1.000 for CEACAMI1, 0.800 for FOS, 0.990 for PLA2G2A,
and 0.940 for THBS1; in the GSE 23339 dataset, the AUC values were 1.000 for CEACAM]1, 0.756 for FOS, 0.900 for
PLA2G2A, and 0.889 for THBSI1; and in the GSE 25628 dataset, the AUC values were 0.833 for CEACAMI, 0.802 for
FOS, 0.771 for PLA2G2A, and 0.885 for THBSI1. These AUC values from all validation datasets indicate that these
genes exhibit strong predictive power for the diagnosis of endometriosis.

Construction and Validation of the Diagnostic Nomogram

To enhance the clinical applicability of the four DE-NETRG biomarkers, we constructed a nomogram based on the
expression data of these biomarkers (Figure 8A). This nomogram is designed to predict the probability of endometriosis
(EM) by calculating patient scores. The calibration curve (Figure 8B) was employed to evaluate the model’s predictive
accuracy, while the ROC curve further corroborated its diagnostic efficacy. The results showed that the AUC values for
all model genes surpassed 0.7 in both the training and validation datasets, with the highest AUC reaching 0.976
(Figure 8C). This indicates that the model offers higher accuracy and specificity compared to single-gene models in
predicting EM.

Furthermore, we performed decision curve analysis (DCA) and clinical impact curve (CIC) analysis (Figures 9A and B),
both of which demonstrated that the diagnostic prediction for EM patients provided greater net benefit and diagnostic
accuracy. The nomogram introduced in this research demonstrates remarkable predictive capability and possesses sig-
nificant clinical value, serving as a useful instrument for the early detection and individualized therapy of endometriosis.

Robustness Assessment and Model Comparison via K-Fold Cross-Validation

To systematically evaluate the robustness and generalizability of the predictive models, we employed 10-fold cross-
validation combined with paired t-tests to compare the integrated multi-gene model (Genes Combined) against individual
gene models. The results (see in Table 2) demonstrated that the integrated model exhibited superior discriminatory
performance and stability, achieving a mean AUC of 0.975 (+0.033), which was significantly higher than all single-gene
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I

Stepglm[backward]+RF
Lasso+NaiveBayes
Stepglm[both]+Enet[alpha=0.9]
Stepglm[backward]+Enet[alpha=0.8]
Stepglm[both]+Lasso
Stepglm[backward]+Lasso
Stepglm[backward]+Enet[alpha=0.6]
Stepgim[both]+Enet[alpha=0.7]
Stepglm[backward]+Enet[alpha=0.7]
Stepglm[backward]+Enet[alpha=0.3]
Stepglm[backward]+Enet[alpha=0.9]
Stepglm[backward]+Enet[alpha=0.1]
Stepgim[both]+Enet[alpha=0.2]
Stepglm[both]+Enet[alpha=0.6]
Stepgim[both]+Enet[alpha=0.4]
Stepglm[backward]+Enet[alpha=0.4]
Stepglm[both]+Enet[alpha=0.3]
Stepglm[both]+Enet[alpha=0.5]
Stepglm[backward]+Enet[alpha=0.5]
Lasso+RF

Stepgim[both]+Enet[alpha=0.8] 0.959

Stepgim[both]+Enet[alpha=0.1] 0.885 0.957

Stepglm[backward]+Enet[alpha=0.2] 0.885 0.957

Stepglm[both]+RF 0.957

Stepgim[both]+NaiveBayes
Stepglm[backward]+NaiveBayes 0.957
Lasso+glmBoost 0.885 0.956
Stepgim[both]+Ridge 0.885

Stepglm[backward]+Ridge 0.885 0.953

glmBoost 0.953

RF+glmBoost 0.953

RF | 0.889 | 0.951

glmBoost+RF 0.95

RF+Ridge 0.885 0.948

RF+LDA 0.885 0.947

Stepglm[both]+LDA 0.885 0.946

Stepglm[backward]+LDA 0.885 0.946

Lasso+LDA 0.833 0.946

glmBoost+LDA 0.865 0.945

Stepglm[both]+plsRglim 0.865 0.945

Stepglm[backward]+plsRglm 0.865 0.945

Enet[alpha=0.9] 0.833 0.944

Lasso 0.833 0.944

Enet[alpha=0.8] 0.833 0.944

Enet[alpha=0.2] 0.823 0.942

Enet[alpha=0.1] 0.823 0.942

Enet[alpha=0.7] 0.823 0.942

Lasso+plsRgim 0.823 0.941

Stepglm[both]+gimBoost 0.875 0.941

Stepglm[backward]+gimBoost 0.875 0.941

Ridge 0.833 0.941

glmBoost+Enet[alpha=0.9] 0.844 0.941

glmBoost+Lasso 0.844 0.941

Figure 5 Continued.
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Figure 5 107 models were constructed for 13 machine learning algorithms. Evaluation of 107 models combining 13 algorithms with feature selection methods, assessed by
5-fold cross-validation on training cohort GSE7305. Points indicate mean AUC values for each model across three cohorts (GSE23339, GSE25628, GSE7305). Models are
ranked left-to-right by training set AUC. The model Stepglm[backward]+RF demonstrated superior and stable performance (AUC = 0.962) in both training and validation,
identifying it as the optimal model for further analysis.
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Figure 6 Validation of key biomarker expression across cohorts. (A-D) Expression levels of four candidate biomarkers (CEACAMI, FOS, PLA2G2A, THBSI) identified by
the optimal model are shown between normal and disease groups in the training cohort (GSE7305) and two independent validation cohorts (GSE23339, GSE25628). Box
plots depict the distribution of expression values, and statistical significance was determined by the Wilcoxon test (p-values indicated). The consistent and significant
dysregulation of these genes across all cohorts reinforces their biological relevance and supports the robustness of the feature selection process.

models (all p < 0.05). The paired ¢-test further confirmed that the integrated model showed statistically significant
improvements compared to FOS (p = 0.015), THBS1 (p = 0.049), and CEACAMI1 (p = 0.001). Although the difference
compared to PLA2G2A (p = 0.204) did not reach statistical significance, the observed increase in AUC coupled with
greater stability (lower SD) still supports the overall advantage of the integrated model (Figure 9C). These findings
indicate that the multi-gene combination strategy significantly enhances the discriminative power and generalizability of
the diagnostic model for endometriosis, highlighting its strong potential for clinical translation.

The Relationship Between Diagnostic Biomarkers of DE-NETRGs and the Infiltration

of Immune Cells in EM

Immune dysfunction is a key contributor to endometriosis (EM). Using the CIBERSORT algorithm, we characterized the
immune cell landscape in EM tissues, which revealed a distinct infiltration pattern compared to controls. Specifically, EM
tissues exhibited increased proportions of T follicular helper cells, eosinophils, M1 macrophages, naive B cells, and
activated mast cells, but decreased levels of naive CD4 T cells, resting memory CD4 T cells, NK cells (both activated and
resting), and monocytes (Figure 10A-D). Furthermore, correlation analysis identified significant associations between the
four key hub genes (CEACAMI1, FOS, PLA2G2A, THBSI1) and specific immune cell subsets (Figure 10E). Notably,
CEACAMI1 and FOS/THBSI1 showed opposing correlation trends with several immune cells (e.g., resting NK cells,

activated mast cells), suggesting their potential roles in regulating the immune microenvironment. PLA2G2A was
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Figure 7 Diagnostic performance of the four candidate biomarkers. (A-D) Receiver Operating Characteristic (ROC) curves illustrate the ability of CEACAMI, FOS,
PLA2G2A, and THBSI to distinguish between disease and normal samples within the training (GSE7305) and two independent validation cohorts (GSE23339, GSE25628).
The Area Under the Curve (AUC) values and their 95% confidence intervals (95% Cl) are indicated for each gene in each cohort. All four biomarkers demonstrate robust
discriminatory power (AUC > 0.77 across all tests).

positively correlated with naive B cells and activated mast cells. These findings highlight the disrupted immune

landscape in EM and point to these hub genes as potential immunomodulatory targets.

Examination of the PCR Verification Outcomes and the Validation of the Turku Online

Database

The validation process of the clinical sample-based qPCR method confirmed that the model’s core gene expression
signature could be used again and again. The expression patterns of CEACAMI1 (p < 0.05), FOS (p <0.01), PLA2G2A (p
< 0.05), and THBS 1 (p < 0.001) were consistent with the expression patterns in the training dataset (Figure 11A-D).
Furthermore, we used the Turku online endometriosis database to assess the confidence of our findings. The expression
trajectories of all four genes coincided with the ones seen in the training cohort (Figure 12A-D). Again, CEACAMI1 was
verified as a protective gene for EM, and the remaining three genes were potential risk biomarkers for EM.
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Figure 8 Development and validation of a clinical nomogram based on the four-gene signature. (A) The Nomogram for predicting individual disease risk using expression
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observed outcomes (mean absolute error = 0.025). (C) ROC of this subject was 0.976. The coordinate point (1.000, 0.950) on the curve suggests the existence of an
optimal cut-off value, which can achieve a sensitivity of 0.722 when the specificity is 1.000.

Discussion

Endometriosis, as a typical gynecological disorder in reproductive-aged women, has not yet fully clarified its multi-
factorial pathogenic characteristics and pathological mechanisms. Current clinical diagnostic protocols are varied.'”
Pelvic ultrasound can identify endometriomas,'® but its diagnostic accuracy is highly operator-dependent. Magnetic
resonance imaging (MRI) provides enhanced sensitivity in identifying deep infiltrated endometriosis and rectosigmoid
lesions.'® Although computed tomography (CT) is useful for assessing pleural and ureteral involvement, it is less
effective than MRI in visualizing pelvic lesions.”® While these imaging methods can be helpful, surgery is still the
best way to diagnose a problem, with histopathological confirmation of lesions being the gold standard. However, surgery
is invasive and may lead to a reduction in ovarian reserve function.”! Endometriosis has profound implications for
fertility, with research indicating that 30% to 40% of patients also experience infertility.”> Suboptimal medical manage-
ment may exacerbate fertility challenges and contribute to the development of chronic pelvic pain.?® The initial phase of
endometriosis is strongly linked to an unfavorable reproductive outlook.>* Recent studies indicate that NETs have a
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significant regulatory function in the pathophysiological processes associated with endometriosis. Since NETs are
important parts of innate immunity, when they are not working properly, they can make diseases worse by changing

the pathways for inflammation, blood vessel growth, and tissue fibrosis.*>*®

Table 2 Performance Comparison of the Integrated Gene Model (Genes Combined) and Individual Gene Markers Based on K-Fold
Cross-Validation

Model Mean AUC (2SD) | Mean Accuracy | Mean Sensitivity | Mean Specificity | P-value (vs Genes Combined)
Genes Combined 0.975 (+0.033) 0.937 0.956 0.86 -

PLA2G2A 0.952 (+0.038) 0.896 0.927 0.76 0.204

FOS 0.922 (+0.058) 0.878 0.928 0.68 0.015%

THBSI 0.918 (+0.076) 0.866 0.927 0.605 0.049%*

CEACAMI 0.881 (+0.070) 0.847 0.955 0.4 0.00 1

Notes: *P < 0.05, **P < 0.01.
Abbreviations: AUC, Area Under the Curve; SD, Standard Deviation.
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Figure 10 Analysis of the immune cell infiltration. (A) Relative proportion of 22 immune cell subtypes were deconvoluted by CIBERSORT from the gene expression
signature of 1077 endometriosis-related differentially expressed genes. The microenvironment is characterized by elevated immunosuppressive populations, such as M2
macrophages and regulatory T cells (Tregs). (B) Pairwise Pearson correlation coefficients among 22 immune cell subtypes are displayed. The analysis, based on 1077
endometriosis-related differentially expressed genes, uses a color scale (red: positive; blue: negative) to represent correlation strength. (C and D) Select immune cell subsets
(e.g., Tth cells, M1/M2 macrophages, eosinophils) show differential infiltration levels between conditions, as identified by deconvolution analysis. (E) Correlation matrix
illustrate the relationships between the expression levels of four candidate genes (CEACAMI, FOS, PLA2G2A, THBSI) and the relative abundance of 22 immune cell
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Figure 11 PCR experiments verified the expression levels of the four hub genes. (A-D) Distribution of the four hub genes in the control and experimental groups.
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Neutrophil extracellular trap (NET) formation, a process known as NETosis, is a regulated cell death mechanism by
which neutrophils release decondensed chromatin and antimicrobial proteins to immobilize and eliminate pathogens.”’28
While this response is crucial for host defense, NET components can also function as damage-associated molecular
patterns (DAMPs). Consequently, excessive or dysregulated NETosis can exacerbate tissue damage by promoting
reactive oxygen species (ROS) generation and pro-inflammatory cytokine production via pathways such as TLR2/4/9
and inflammasome activation.”* ' This dual role links NETs to the pathogenesis of various inflammatory and auto-
immune diseases.>*> Specifically in endometriosis, recent evidence shows elevated NET levels in both human patients
and mouse models.'® NETs are implicated in promoting angiogenesis, fibrosis, and the survival of ectopic endometrial
lesions through mechanisms involving VEGF, TGF-p, and HMGB-mediated immune cell recruitment.***> Therefore, to
elucidate novel pathophysiological insights and therapeutic targets, we conducted a preliminary investigation into NET-
related genes in endometriosis.

We utilized datasets GSE141549, GSE7305, GSE23339, and GSE25628 obtained from the GEO database and
gathered genes associated with neutrophil extracellular traps (NETs) from recent scientific publications. Functional
enrichment analysis indicated that the NETs-related DEGs were primarily enriched in biological processes and pathways;
this encompasses the processes of healing wounds, maintaining body fluid balance, the extracellular matrix rich in
collagen, structural elements of the extracellular matrix, the functioning of receptor-ligand interactions, the relationship
between ECM and receptors, rheumatoid arthritis, as well as the signaling pathway involving IL-17. Neutrophil
extracellular traps (NETs) play a vital role in both healing wounds and responding to microbial threats. NETs are crucial
for wound healing and antimicrobial responses; however, their excessive formation or inadequate clearance can lead to
pathological conditions.® Research indicates that NETs (neutrophil extracellular traps) can facilitate gallstone develop-
ment and the onset of acute pancreatitis, as well as influence the healing process of both early and delayed postoperative
wounds. Furthermore, NETs may intensify intravascular coagulation, as well as promote cancer proliferation and
metastasis.>” These processes encompass cellular migration and invasion, significantly contributing to the pathophysiol-
ogy of EM.*®3° These findings indicate that NETs may serve as novel diagnostic and therapeutic targets for
endometriosis.

Recent advancements in machine learning have led to significant progress in various fields. In this study, we
integrated 13 machine learning algorithms to generate 107 distinct models for screening biomarkers associated with
endometriosis (EM) and neutrophil extracellular traps (NETs). The evaluation of these algorithms was conducted by
determining the area beneath the curve (AUC). The combination yielding the highest AUC value—Stepglm [backward]
and RF—was chosen, resulting in the identification of four pivotal genes (CEACAMI, FOS, PLA2G2A, THBS1) as
potential candidate biomarkers for constructing a diagnostic model for EM. The model was represented through a
nomogram, a graphical instrument that assesses the likelihood of clinical occurrences in an individual based on biological
or clinical information. Each variable is allocated a distinct weight, and the final outcome is derived by computing the
aggregate score. The model’s strong predictive abilities were illustrated by the receiver operating characteristic (ROC)
curve, while the calibration curve confirmed the correspondence between the actual data and the predictions made.
Furthermore, decision curve analysis (DCA), as introduced by Vickers and Elkin,*® was utilized to evaluate the clinical
value of the prediction model based on threshold probability. The threshold possibility denotes the least likelihood
needed to initiate medical intervention, while total benefit represents the proportion of true positives compared to false
positives. The clinical applicability of the diagnostic model was further validated by graphically analyzing the net benefit
across different threshold values. Moreover, our cross-validation analyses provide robust evidence for the enhanced
generalizability and discriminatory power of the multi-gene model, underscoring its potential for more accurate diagnosis
of endometriosis.

This study provides pioneering insights into the immune microenvironment of endometriosis by focusing on a novel
set of biomarkers—CEACAMI1, FOS, PLA2G2A, and THBSI1. In contrast to the extensively studied but limited
conventional markers like CA-125, miRNAs, HMGB1, NGF, and others,*" our work shifts the paradigm by delineating
how these under-investigated genes interact with specific immune cells, offering a fresh perspective on the disease’s

immunological mechanisms.
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Specifically, we found CEACAMI1 to be downregulated in endometriotic tissues, correlating positively with NK cell
activity. This supports the notion that impaired immune surveillance, potentially due to low CEACAMI1 expression,
facilitates the survival of ectopic lesions.** Conversely, FOS, PLA2G2A, and THBS1 were upregulated and associated
with the activation of T follicular helper cells, mast cells, and eosinophils. This pattern suggests a pro-inflammatory shift.
Notably, the connection between FOS and neutrophil-related inflammation,** along with PLA2G2A’s known role in
enhancing NET formation,** provides a potential link to NETosis-driven pathology in endometriosis. Furthermore,
THBS1’s function in angiogenesis and neutrophil aggregation may contribute to the vascularization and chronic
inflammation of lesions.*’

The innovative multi-gene model proposed here, centered on CEACAMI1, FOS, PLA2G2A, and THBS1, moves
beyond single-marker approaches. By framing these genes as key regulators of a dysregulated immune network, our
work not only offers promising biomarkers for early detection but also opens new avenues for developing targeted
immunomodulatory therapies for endometriosis.

This research employed a combination of 107 machine learning models, which is an unusual approach in the current

literature. Several studies*®*’

typically concentrate on a single machine learning technique, such as support vector
machines or random forests, for developing diagnostic models. In this study, the combination of Stepglm [backward] and
the RF algorithm was utilized, achieving effective biomarker discovery through the collaborative optimization of
statistical methods and machine learning. Initially, Stepglm eliminated unnecessary genes by applying the Akaike
Information Criterion (AIC) and the Bayesian Information Criterion (BIC),*® which contributed to reducing data
dimensionality and alleviating multicollinearity issues. Subsequently, the RF algorithm employed decision trees to
evaluate gene importance and identify nonlinear interaction relationships. The dual mechanism of out-of-bag error
verification in Stepglm’s statistical screening and RF significantly enhanced the model’s robustness. By applying these
methods, a preliminary investigation into the relationship between NETs and EM offers a novel perspective on the
pathophysiology of the disease and may facilitate the development of more accurate multi-association early diagnosis
techniques.

This study still has certain limitations. Although the model demonstrated good diagnostic efficacy in both the training
set and the external validation set, the limited sample size may lead to an overestimation of the model’s generalization
ability and potential overfitting risk. Moreover, the accessibility of public databases, the small scale of clinical validation
cohorts, data heterogeneity (such as differences in the anatomical location of ectopic lesions), and the biological
misrepresentations limitations of endometrial tissue validation (lack of multi-dimensional validation such as circulating
blood samples, etc.) may all affect the generalization of the results. It is worth noting that the molecular mechanisms of
key genes (CEACAMI, FOS, PLA2G2A, THBS1) in EM have not been verified through in vitro and in vivo functional
experiments (such as gene knockout/expression models) in this study. Future studies should prioritize three key directions
to advance this work. Firstly, large-scale, multicenter collaborations are essential to validate the model’s robustness
across diverse populations and incorporate a broader range of biological specimens, such as peripheral blood, peritoneal
fluid, urine, saliva, and cervical swabs. Secondly, functional studies are needed to decipher the pathological roles of the
identified genes. Finally, and most critically for clinical translation, efforts should focus on developing a non-invasive
diagnostic strategy based on peripheral blood biomarkers, paving the way for a multimodal tool that integrates NETs-
related genes with conventional markers.

Conclusion

We created 107 machine learning models using a mix of 13 machine learning methods. Furthermore, we used three
separate datasets from GEO to assess the best models. When used as a diagnostic tool for endometriosis, the biomarker
combination of CEACAMI, FOS, PLA2G2A, and THBS1 can increase the diagnostic efficiency. Compared to well-
established but limited biomarkers such as CA-125, the association of our panel with immune cell infiltration provides a
more disease-specific pathophysiological rationale, which may translate into superior diagnostic specificity—particularly
in distinguishing endometriosis from other pelvic pathologies. We propose that the principal clinical value of these
biomarkers lies in their integration with established markers like CA-125. The development of a combinatorial diagnostic
model that leverages the strengths of both conventional and novel biomarkers represents a critical next step. Such a tool
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is anticipated to be more accurate and non-invasive, ultimately enabling earlier intervention and improved patient
outcomes.
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