Am J Transl Res 2025;17(11):8724-8741
www.ajtr.org /ISSN:1943-8141/AJTR0168563

Original Article

MEGF8-driven metabolic reprogramming and
immune evasion define a high-risk subtype of
endometriosis-associated ovarian cancer

Bo Zheng'*, Yu Xia", Yuxuan Feng?*, Yanqiu Zhang®", Haoyue Hu?, Bing Jiang?®, Meng Liu®, Nianchao Zhou?,
Tiantian Wu?, Guannan Feng®, Chao Huang?, Qingxia Meng?, Xiaoyan Huang?

1State Key Laboratory of Reproductive Medicine and Offspring Health, Center for Reproduction and Genetics, The
Affiliated Suzhou Hospital of Nanjing Medical University, Suzhou Municipal Hospital, Gusu School, Nanjing Medi-
cal University, Suzhou 215002, Jiangsu, China; *State Key Laboratory of Reproductive Medicine and Offspring
Health, Department of Histology and Embryology, School of Basic Medical Sciences, Nanjing Medical University,
Nanjing 211166, Jiangsu, China; 3Institute of Clinical Pharmacology, Anhui Medical University, Key Laboratory of
Anti-inflammatory and Immune Medicine, Ministry of Education, Anhui Collaborative Innovation Center of Anti-
inflammatory and Immune Medicine, Hefei 230032, Anhui, China; *Human Reproductive and Genetic Center,
Affiliated Hospital of Jiangnan University, Wuxi 214062, Jiangsu, China; *Department of Gynecology, The Affiliated
Suzhou Hospital of Nanjing Medical University, Suzhou Municipal Hospital, Gusu School, Nanjing Medical Univer-
sity, Suzhou 215002, Jiangsu, China. "Equal contributors.

Received September 4, 2025; Accepted October 23, 2025; Epub November 15, 2025; Published November 30,
2025

Abstract: Objective: Endometriosis increases ovarian cancer (OC) risk through genetic mutations, chronic inflam-
mation, and hormonal dysregulation, yet the underlying molecular pathways remain underexplored. This study aims
to identify endometriosis-associated prognostic biomarkers in OC. Methods: Transcriptomic and clinical data from
TCGA-OC and GSE53963 were integrated for comprehensive analysis. Prognostic models were constructed using
LASSO and Cox regression. Tumor microenvironment (TME) characteristics, immune checkpoints, and drug sensi-
tivity were evaluated with ESTIMATE, CIBERSORT, TIDE, and drug sensitivity profiling. Single-cell RNA sequencing
(scRNA-seq, GSE184880) was employed to explore immune and gene expression patterns. MEGF8 function was
validated through in vitro assays. Results: Consensus clustering identified three OC molecular subtypes (A, B, and
C), with subtype B showing significantly better overall survival (P = 0.001). Subtype A exhibited a “dual malignant
phenotype”, characterized by enhanced cell adhesion, epithelial-mesenchymal transition (EMT), TGF-B activation,
and an immunosuppressive TME. An 8-gene prognostic model, including MEGFS8, effectively stratified patients into
high- and low-risk groups, with high-risk patients showing poorer survival, immune evasion, and elevated stromal
scores. Drug sensitivity analysis indicated that the low-risk group was more responsive to PI3K/AKT/mTOR and VEG-
FR inhibitors. MEGF8 was identified as a key regulator in cancer stem cells, promoting tumor progression through
metabolic reprogramming and extracellular matrix remodeling. Functionally, MEGF8 knockdown suppressed OC cell
proliferation and migration. Conclusion: This study delineated the molecular-immune landscape of OC, established
an 8-gene prognostic model, and identified MEGF8 as a potential therapeutic target. The model predicts responses
to immunotherapy and targeted therapies, supporting personalized OC management.
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Introduction

Ovarian cancer (OC) remains a leading cause
of death among gynecologic malignancies,
accounting for over 200,000 deaths annually
worldwide. Its clinical management is chal-
lenged by two major obstacles: first, the dis-

ease often presents with insidious symptoms,
resulting in approximately 70% of patients
being diagnosed at advanced stages (FIGO
stage lll-1IV), where the five-year survival rate
drops below 30%; second, the marked intratu-
moral heterogeneity and development of che-
moresistance significantly increase the risk of
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therapeutic failure [1-5]. Although cytoreduc-
tive surgery combined with platinum-based
chemotherapy can offer temporary remission,
approximately 80% of patients ultimately expe-
rience relapse and treatment resistance, lead-
ing to poor overall survival (0S) [6]. Recent
studies have suggested that the molecular het-
erogeneity of OC arises not only from histologic
subtypes (e.g., high-grade serous carcinoma,
endometrioid carcinoma) but also is tightly
linked to its cell-of-origin and microenvironmen-
tal context. Endometriosis - a well-established
risk factor - can increase the incidence of OC
by 3-to 5-fold compared to the general popula-
tion and is often associated with distinct fea-
tures such as metabolic reprogramming and
immune evasion [7, 8]. However, a comprehen-
sive molecular classification system specifically
for endometriosis-associated OC remains lack-
ing. The regulatory gene networks and tumor-
microenvironment interactions driving its malig-
nant progression are poorly understood, re-
presenting a major barrier to the development
of effective targeted therapy. Therefore, it is of
clinical importance to leverage integrative
multi-omics approaches to delineate the molec-
ular landscape of this OC subtype, identify
actionable targets, and establish prognostic
models to guide precision medicine.

Endometriosis, a prevalent chronic inflamma-
tory disease affecting women of reproductive
age - with a global prevalence of approximately
10% and up to 40% among infertile populations
- not only causes pelvic pain and infertility
but is also increasingly recognized as a precur-
sor condition for OC [9-11]. Pathologic studies
have demonstrated that ectopic endometrial
tissues undergo a vicious cycle of “repeated
hemorrhage-inflammation-fibrosis”, which fos-
ters local oxidative stress and aberrant cellular
proliferation, ultimately driving malignant trans-
formation [12]. Recent genomic and epidemio-
logic studies further support this link, revealing
that women with endometriosis face a 3- to
8-fold higher risk of developing OC compared to
the general population [13]. These two condi-
tions also share critical molecular vulnerabili-
ties, including frequent mutations in KRAS and
ARID1A, as well as epigenetic dysregulation
such as aberrant methylation within the HOX
gene clusters [13-15]. Notably, endometriosis-
associated OC represents a distinct molecular
subtype of OC: approximately 60% of ovarian
clear cell carcinoma and endometrioid car-
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cinoma cases coexist with endometriosis and
are frequently characterized by activation of
the Phosphoinositide 3-Kinase (PI3K)/Protein
Kinase B (AKT)/Mammalian Target of Rapa-
mycin (MTOR) signaling axis and an immuno-
suppressive tumor microenvironment [16, 17].
However, the regulatory gene networks, dy-
namic tumor microenvironment (TME) remodel-
ing, and clinically relevant prognostic biomark-
ers underlying endometriosis-associated OC
remain poorly elucidated. This lack of system-
atic characterization poses a major barrier to
the development of effective precision medi-
cine strategies.

In response to the above mechanistic links and
clinical challenges, this study integrates multi-
omics datasets - including bulk transcriptomic
profiles and single-cell RNA sequencing (sScRNA-
seq) - with functional validation platforms to
construct a comprehensive regulatory frame-
work of endometriosis-associated ovarian can-
cer (EAOC), spanning molecular subtyping,
microenvironmental remodeling, and therapeu-
tic responsiveness. We systematically identi-
fied a set of endometriosis-related genes
(ERGs) shared between endometriosis and OC,
and established an interpretable prognostic
model using LASSO-Cox regression. Incorpora-
ting TME features - such as immune checkpoint
expression and T cell exhaustion scores - we
further evaluated the potential of ERGs as
predictive biomarkers for immunotherapeutic
response and as stratification tools for PI3K/
AKT-targeted therapies. Focusing on the core
regulator MEGF8, we combined single-cell tran-
scriptomic analysis with in vitro models to
reveal its role in sustaining cancer stem cell
plasticity through a “metabolism-extracellular
matrix (ECM) remodeling axis”, characterized by
enhanced oxidative phosphorylation and extra-
cellular matrix reorganization. Collectively, our
findings provide novel insight into the molecular
underpinnings of OC and lay a translational
foundation for precision oncology strategies
aimed at overcoming therapeutic resistance
and improving patient outcomes.

Materials and methods

Identification of endometriosis-related genes
(ERGs)

The GSE7305 dataset, comprising ten normal
and ten endometriotic human endometrial tis-
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sue samples, was analyzed for differential gene
expression using the limma package. Statis-
tically significant genes were identified based
on thresholds of |log, fold change (FC)| > 1 and
adjusted p value < 0.05.

Collection of OC data

Gene expression data and matched clinical
information data were acquired from The
Cancer Genome Atlas (TCGA) and Gene
Expression Omnibus (GEO) (GSE53963) data-
bases. Patients with OS times and status were
included in the study. ERGs were acquired from
a previous study. Copy number variation (CNV)
data and somatic mutations were downloaded
from TCGA-OV.

Consensus clustering to identify ERG clusters

Based on the expression levels of ERGs, a con-
sensus unsupervised clustering analysis was
performed using the R package “Consen-
susCluster-Plus” to categorize patients into dif-
ferent endometriosis related clusters [18]. The
number of classifications depended on the
increase in intra-group correlations and the
decrease in inter-group correlations.

Functional enrichment and immune cell infil-
tration analysis

R package “GSVA” was utilized for gene set vari-
ation analysis (GSVA), performed with “c2.cp.
kegg.symbols” and “c5.go.symbols”, and heat-
maps of GSVA were plotted using R software
[19]. Single-sample gene set enrichment analy-
sis (ssGSEA) was performed to explore immune
infiltration in different endometriosis clusters.

Identification of endometriosis gene clusters
in OC

Differentially expressed genes (DEGs) bet-
ween endometriosis clusters were identified
using the R package “Limma”. The significance
criterion was set at [log, FC| > 0.5 and adjust-
ed p-value < 0.05. Univariate Cox regression
analyses were performed to identify DEGs
associated with OS in endometriosis clusters.
According to the expression levels of OS-related
DEGs, we performed consensus unsupervised
clustering analysis to classify OC patients into
different endometriosis gene clusters using R
package “ConsensusClusterPlus”.
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Construction of the prognostic risk model

OC patients in the TCGA and GSE53963 data-
bases were randomly assigned to train and test
groups (1:1). The R package “glmnet” was used
to perform the least absolute shrinkage and
selection operator (LASSO) to screen out the
characterized genes for constructing the prog-
nostic risk model. The prognostic risk score
was calculated based on gene expression
and correlation coefficient (risk score = expres-
sion * coefficient for each gene), and patients
were categorized into high-risk and low-risk
groups based on the median risk score. R pack-
ages “survival” and “survminer” were used to
compare the survival probabilities of the two
groups by Kaplan-Meier analysis. R package
“timeROC” was employed to perform 1-, 3- and
5- year receiver operating characteristic (ROC)
analysis and calculate the value of the area
under the curve (AUC).

Assessment of TME scores, immune correla-
tion analysis, and chemotherapy effects

Mutation information for OC was obtained from
the TCGA database and analyzed using the R
package “maftools” to demonstrate the muta-
tional landscape of the high and low risk groups.
The ESTIMATE algorithm was used to calculate
the stromal Score, immune Score, and esti-
mate Score using the “estimate” R package
[20]. CIBERSORT algorithm was used to quan-
tify the immune infiltration of different groups
[21]. Then, we assessed the correlation of
immune cell infiltration with risk scores and sig-
nature genes in the prognostic risk model using
the Spearman rank correlation coefficient. In
addition, the Wilcoxon test assessed differen-
tial expression of immune checkpoint genes
between high- and low-risk groups. Immu-
notherapy response in OC patients was esti-
mated by the Tumor Immune Dysfunction and
Exclusion (TIDE) algorithm (http://tide.dfci.har-
vard.edu). Using the pRRophetic R package in R
(version 4.1.0), the IC50 for the effect of molec-
ular therapy and chemotherapy was calculated
and compared between the high- and low-risk
groups.

Single-cell sequencing analysis

The scRNA-seq dataset GSE184880 was
downloaded from the GEO database for analy-
sis. Employing the Seurat R package [22], we
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performed an integrated computational work-
flow for single-cell transcriptomic profiling. Cells
with a gene count (nFeature RNA) < 300 or >
5000 and a mitochondrial gene proportion of
less than 10% were screened, while cells iden-
tified as low quality were excluded from the
dataset. After scaling the gene expression lev-
els, we normalized the data using the “LogNor-
malize” function and performed principal com-
ponent analysis (PCA) [23]. The harmony pack-
age [24] was employed to mitigate batch effects
across different samples. Cell clustering and
dimensionality reduction were performed with
the “FindClusters” and “RunUMAP” functions.
The “SingleR” package and CellMarker were
used as a reference for cell annotation.

Cell culture and treatments

Human OC cell lines (OVCAR3, A2780) were
obtained from the Chinese Academy of Cell
Collection (Shanghai, China), and cultured in a
humidified condition at 37°C with 5% CO,.
OVCAR3 cells was cultivated in RPMI-1640
(Gibco, USA) with fetal bovine serum (FBS)
(ExCell Bio, New Zealand) and 1% penicillin/
streptomycin  (PS) (NCM Biotech, China).
Specifically, 10% FBS was needed to A2780,
and 20% to OVCARS3. Dulbecco’s modified Eagle
medium (Gibco, USA) with 10% FBS and 1% PS
were used to culture A2780 cells. When the cell
fusion degree reached 60-70%, small interfer-
ing RNAs (siRNAs) (GenePharma, Suzhou,
China) targeting RNA interference and transfec-
tion the small interfering RNAs of MEGF8
obtained from Suzhou GenePharma Co., Ltd.
(Suzhou, China). siRNA was transfected into
A2780and OVCAR3 cells by using Lipofectamine
2000 (Invitrogen, USA). Knockdown efficiency
was evaluated by quantitative real-time poly-
merase chain reaction (QRT-PCR).

The siRNA target sequences were as follows:
si-MEGF8-1#: 5-CGCUGUAAGUGGUGUACCA-3’,
si-MEGF8-2#: 5-GUGCGUAACUGCCAGAAUAA-
3’, si-NC: 5-UUCUCCGA ACGUGUCACGU-3.

RNA extraction and gRT-PCR

TRIzol reagent (Vazyme, Nanjing, China) was
used to extract RNA from transfected A2780
and OVCARS3 cells. Next, a reverse transcription
kit (Vazyme, Nanjing, China) was used to
reverse transcribe the RNA into cDNA following
the manufacturer’s instructions. Taq Pro Uni-
versal SYBR qPCR Master Mix (Vazyme,
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Nanjing, China) was used for qRT-PCR detec-
tion and quantification of gene expression
using a qRT-PCR system (Applied Biosystems,
Inc, Foster City, CA, USA). 18S rRNA was used
as the internal reference. The primers used
were as follows: 18sRNA-F: 5’-AAACG GCT ACC
ACA TCC AAG-3’, 18sRNA-R: 5’-CCTCC AAT GGA
TCC TCGTT A-3’, MEGFS8-F: 5’-GACAGTGCTGCC-
TGGAAGAT-3’, MEGF8-R: 5-CGCGAAGGGAAG-
ATGCAAAG-3'.

Cell proliferation assays

A 96-well plate (2000 cells/well) was inoculat-
ed with the cells for the Cell Counting Kit-8
(CCK-8) assay. Cell viability was measured
every 24 h using a CCK-8 kit (Beyotime) on a
microplate reader (Bio-Rad Model 680, USA) at
450 nm, as previously described [25-27].

800-1000 cells were added into six-well plates
for 2 weeks to evaluate cloning formation capa-
bilities. The clones were fixed with methanol,
stained with 0.1% crystal violet (Beyotime) and
counted for analysis.

Cell migration assays

In the transwell assay, 4.5 x 10* cells in 300 pl
serum-free medium were seeded into the upper
chamber with 8 ym pore size (Corning, USA),
whereas 700 pl complete medium was added
into the lower chamber. After 48 h, the cells
outside the chamber were fixed, stained and
imaged for counting.

Statistical analyses

Statistical analyses were performed using R
(version 4.1.0) and GraphPad Prism 8.0. Data
are expressed as mean + SD. Statistical com-
parisons between groups were made using
Student’s t-test or one-way ANOVA. The sur-
vival analysis was conducted using the Kaplan-
Meier method, and log-rank tests were em-
ployed to identify the significance of differenc-
es. P < 0.05 was considered significant.

Results

Distinct molecular and immune landscapes
in endometriosis-derived OC predict clinical
outcomes

A total of 1,483 DEGs were identified in endo-
metriotic ovarian tissues compared to normal
ovarian tissues, including 814 upregulated and
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Figure 1. Endometriosis clusters with distinct prognostic and immune infiltration characteristics. A. Three endome-
triosis clusters were identified using consensus clustering analyses. B. Kaplan-Meier analysis indicated that the
prognosis of cluster B was significantly better than that of cluster A. C. Gene Ontology (GO)-related gene set varia-
tion analysis (GSVA) showing the activation status of biological behaviors in endometriosis cluster A and B. D. Kyoto
Encyclopedia of Genes and Genomes (KEGG)-related GSVA showing the activation status of biological behaviors in
endometriosis cluster A and B. E. The abundance of each immune cell infiltration in endometriosis cluster A and B.
***P < 0.001; ns, P> 0.05.

669 downregulated DEGs. To investigate the cohort. Based on the expression of ERGs, OC
expression features and potential biological patients were classified into 3 clusters, endo-
characteristics of ERGs in OC, a consensus metriosis cluster A, B and C (Figure 1A). As the
clustering algorithm was used to classify OC Kaplan-Meier survival curves crossed, endo-
patients in the TCGA cohort and the GSE53963 metriosis cluster B demonstrated a significant-
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ly better prognosis compared with clusters A
and C (P = 0.001) (Figure 1B).

Given the marked prognostic differences
between clusters A and B, these two groups
were selected for further investigation. GSVA
revealed distinct biological characteristics
between the two clusters. As shown in Figure
1C, cluster A was primarily enriched in biologi-
cal processes related to cell adhesion, migra-
tion, and cytoskeletal regulation, including focal
adhesion assembly, cell-substrate junction
organization, epithelial-to-mesenchymal transi-
tion, and regulation of the TGF- signaling path-
way, suggesting a potential role in tumor inva-
sion and metastasis. Notably, Kyoto Ency-
clopedia of Genes and Genomes (KEGG) path-
way analysis indicated that cluster A was signifi-
cantly associated with cancer-related path-
ways, such as small cell lung cancer, prostate
cancer, the mTOR signaling pathway, and ECM-
receptor interaction, as well as with metabolic
reprogramming pathways, including cytochro-
me P450-mediated drug metabolism (Figure
1D). These contrasting enrichment profiles sug-
gest that aberrant activation of cell adhesion
and migration within the TME, in combination
with metabolic adaptation and dysregulation of
key oncogenic signaling pathways, may contrib-
ute to disease progression.

To further investigate the immune landscape,
ssGSEA was performed to evaluate immune
cell infiltration across endometriosis clusters A
and B. Significant differences in immune infil-
tration were observed between the two groups
(Figure 1E). Cluster A exhibited lower infiltration
levels of activated CD8 T cells, CD56 dim natu-
ral Killer cells, and type 17 T helper cells, but
higher levels of natural killer T cells, natural
Killer cells, regulatory T cells, and type 2 T help-
er cells, indicating that distinct immune micro-
environment profiles may underlie the biologi-
cal divergence of these subtypes.

Gene signature-driven risk stratification re-
veals survival heterogeneity in endometriosis-
linked OC

Subsequently, the prognostic significance of
DEGs between endometriosis clusters A and B
was evaluated using univariate Cox regression
analysis, resulting in the identification of 229
OS-related DEGs (P < 0.05). Based on the
expression profiles of these 0S-related DEGs, a
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consensus clustering approach was employed,
and OC patients were stratified into three gene
clusters, designated gene clusters A, B, and C
(Figure 2A). Kaplan-Meier survival analysis
confirmed that patients in gene cluster B exhib-
ited the most favorable prognosis compared to
those in clusters A and C (P = 0.001; Figure
2B).

Eight prognostic signature genes (GPC3,
C20rf88, AFAP1L2, MEGF8, PLXND1, HEYL,
PHLDB2, and ANTXR1) were subsequently
selected through LASSO regression followed by
multivariate Cox analysis, and were used to
construct a prognostic risk model (Figure 2C-E).
Somatic mutation analysis revealed that 20 of
462 samples (4.33%) harbored mutations in at
least one of the eight signature genes (Figure
2F). In addition, CNV analysis demonstrated
that HEYL had the highest frequency of amplifi-
cation, while AFAP1L2 and MEGF8 showed a
widespread frequency of CNV loss (Figure 2G).

The associations among molecular clusters,
gene clusters, and risk scores were further
explored. Risk scores were found to be signifi-
cantly lower in endometriosis cluster B com-
pared to cluster A (Figure 2H). Among the three
gene clusters, the risk score followed the order:
cluster C > cluster A > cluster B (Figure 2I).

Patients were subsequently categorized into
high- and low-risk groups based on the median
risk score. Risk distribution plots revealed that
patients in the high-risk group were associated
with increased mortality and shorter OS.
Heatmap analysis further demonstrated dis-
tinct expression patterns of the eight signature
genes between the high- and low-risk groups
across the overall cohort, as well as in the train-
ing and test subsets (Figure 3A-C). Kaplan-
Meier analysis showed that patients in the
high-risk group had significantly worse OS com-
pared to those in the low-risk group, in both the
training and test cohorts (Figure 3D-F).

The predictive performance of the risk model
was evaluated using time-dependent ROC
curves. In the overall cohort, the AUC for pre-
dicting 1-, 3-, and 5-year 0S was 0.595, 0.636,
and 0.643, respectively (Figure 3G). In the
training cohort, the corresponding AUC values
were 0.655, 0.664, and 0.686 (Figure 3H), and
in the test cohort, the AUC values were 0.547,
0.604, and 0.605 (Figure 3l).
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Figure 2. Gene clusters derived from differentially expressed genes (DEGs) and the establishment of an 8-gene
prognostic signature model. A. Heatmap of the consensus matrix defining three gene clusters (k = 3). B. The three
gene clusters’ Kaplan-Meier overall survival (OS) curves (P = 0.001). C. Cross-validation of least absolute shrinkage
and selection operator (LASSO regression parameter selection). D. Endometriosis-related genes (ERGs) regression
using LASSO. E. The coefficients of the 8 signature genes. F. Mutation frequencies of 8 signature genes. G. Fre-
quencies of copy number variation (CNV) increases and deletions and non-CNV among the 8 signature genes. H.
Variations in risk scores among endometriosis clusters. I. Variations in risk scores among different gene clusters.

Integrative analysis of immune evasion and
drug response in molecularly defined OC
subtypes

Next, tumor mutation burden (TMB) was inves-
tigated within the context of the prognostic risk
model. The mutation waterfall plot revealed
that TP53 mutations were observed in 87% of
patients in the high-risk group, compared to
82% in the low-risk group, indicating a higher
mutation frequency among high-risk patients
(Figure 4A). Components of the TME, including
stromal and estimate scores, were significantly
elevated in the high-risk group (Figure 4B).
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To further elucidate the immunological rele-
vance of the prognostic signature, correlations
between the eight signature genes and immune
cell infiltration were examined. The analysis
demonstrated that the majority of immune cell
subsets were significantly influenced by the
expression levels of these genes (Figure 4C). In
addition, differential expression analysis of
immune checkpoint genes revealed higher
expression levels in the high-risk group, includ-
ing IDO2, TNFRSF8, TNFRSF25, CD244, CD27,
TNFRSF14, NRP1, CD276, PDCD1, CD200R1,
HAVCR2, CD80, CD28, TNFSF18, and TNFRSF8
(Figure 4D).
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Figure 3. Prognostic risk model effectively stratifies patients in both training and test cohorts. A. The survival status
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The TIDE algorithm was employed to estimate
responses to immunotherapy based on tran-
scriptomic profiles. Patients in the high-risk
group exhibited significantly higher TIDE scores
compared with those in the low-risk group, sug-
gesting a greater likelihood of immune evasion
(Figure 4E).

A drug sensitivity analysis was conducted to
compare predicted therapeutic responses
between the high- and low-risk groups, with
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higher estimated IC50 values indicating re-
duced drug sensitivity. Notably, ipatasertib, a
selective AKT inhibitor, exhibited greater pre-
dicted efficacy in the low-risk group, suggesting
enhanced susceptibility to AKT pathway inhibi-
tion in this subset (Figure 4F). Similarly, pictil-
isib, alpelisib, and buparlisib, targeting multiple
isoforms of PI3K, showed significantly lower
IC50 values in the low-risk group, indicating
increased reliance on the PIBK/AKT signaling
axis (Figure 4G-I). The selective PI3BKB/d inhibi-
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tor AZD8186 further supported this vulnerabil-
ity (Figure 41J). Moreover, axitinib and cediranib,
Endothelial
Receptor (VEGFR) tyrosine kinase inhibitors,
demonstrated enhanced predicted sensitivity

both Vascular
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Growth Factor

in the low-risk group, implying a greater depen-
dency on angiogenic pathways (Figure 4K, 4L).
Collectively, these findings underscore the
potential clinical utility of PIBK/AKT/mTOR and
VEGF signaling inhibitors as targeted treatment
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strategies for patients characterized by low-risk
molecular signatures.

Single-cell analysis reveals MEGF8 as a func-
tional mediator of stem cell heterogeneity in
oC

scRNA-seq data from 12 ovarian tissue sam-
ples - including 7 treatment-naive high-grade
serous ovarian cancer (HGSOC) samples
encompassing both early- and late-stage
tumors and 5 age-matched non-malignant
ovarian samples - were integrated to systemati-
cally compare the expression profiles of eight
prognostic signature genes across specific cel-
lular subsets. Using the SingleR annotation
tool, ten distinct cell subtypes were identified in
both normal and tumor tissues, including natu-
ral Killer cells, T cells, epithelial cells, mono-
cytes, fibroblasts, B cells, endothelial cells, tis-
suestemcells, macrophages,and mesenchymal
stem cells (Figure 5A). Overall expression
scores of the signature genes were significan-
tly higher in tumor samples compared with
normal controls (Figure 5B). Subtype distribu-
tion analysis (Figure 5C) and Uniform Manifold
Approximation and Projection (UMAP) visualiza-
tion (Figure 5D) confirmed the accuracy of cell-
type classification, supported by the differen-
tial expression patterns of canonical marker
genes.

A focused analysis revealed heterogeneous
expression patterns of the eight signature
genes across the ten cell subtypes (Figure 5E).
Notably, MEGF8 was highly expressed in multi-
ple cell populations, including mesenchymal
stem cells, macrophages, tissue stem cells,
endothelial cells, and epithelial cells. Among
these, epithelial cells in tumor tissues exhibited
the highest MEGF8 expression, exceeding that
of the other seven signature genes. Cross-
sample comparisons further demonstrated
consistently elevated MEGF8 expression in
tumor-associated mesenchymal stem cells, tis-
sue stem cells, endothelial cells, and epithelial
cells, with the most pronounced differences
observed in epithelial and tissue stem cells
(Figure 5F-H).

Based on MEGF8 expression levels, tissue
stem cells were stratified into high- and low-
expression subgroups (Figure 6A). Quantitative
analysis revealed a significantly higher propor-
tion of MEGFS8 high tissue stem cells in OC sam-
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ples compared to normal tissues (Figure 6B).
Gene Ontology (GO) enrichment analysis re-
vealed that MEGF8 high cells were significantly
enriched in biologic processes related to extra-
cellular matrix structural constituents, electron
transfer activity, and oxidoreductase-driven
transmembrane transport (Figure 6C). KEGG
pathway analysis further linked these cells
to metabolism-associated pathways, including
Parkinson’s disease, prion disease, and oxida-
tive phosphorylation (Figure 6D). A heatmap of
Hallmark gene sets showed marked suppres-
sion of the Hedgehog signaling pathway in
MEGFS8 high cells, alongside significant activa-
tion of pro-survival pathways such as the un-
folded protein response, reactive oxygen spe-
cies (ROS) pathway, PISBK-AKT-mTOR signaling
axis, and oxidative phosphorylation. In addition,
lipid metabolism and DNA repair pathways
were differentially regulated (Figure 6E). Taken
together, these findings suggest that MEGF8
high tissue stem cells may contribute to func-
tional heterogeneity during tumor progression
by enhancing energy metabolism, remodeling
the local microenvironment, and activating
stress-adaptive signaling programs.

Pseudotime trajectory analysis suggested that
MEGF8 high tissue stem cells were predomi-
nantly localized to earlier stages of differentia-
tion (Figure 6F-H). Branch expression analysis
modeling (BEAM) was applied to cluster dynam-
ic gene expression changes along the pseudo-
time trajectory of tissue stem cell subpopula-
tions (Figure 6l). The top 100 differentially
expressed genes exhibited modular expression
patterns across the differentiation continuum,
revealing four distinct clusters (Clusters 1-4).
Mitochondria-associated genes (e.g., MT-CO1,
MT-ND1) and extracellular matrix genes (e.g.,
COL1A1, FN1) were enriched at early and late
pseudotime stages, respectively, suggesting
enhanced metabolic activity during early di-
fferentiation and matrix remodeling at later
stages. In addition, spatially and temporally
restricted expression of stress response genes
(e.g., GADD45G, IER3) and immune regulatory
genes (e.g., members of the HLA family) high-
lighted potential mechanisms by which MEGF8
high tissue stem cells maintain functional
heterogeneity through metabolic reprogram-
ming, microenvironmental interactions, and
adaptive stress responses within the tumor
microenvironment.
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indicated relative expression levels from low to high. E. Expression levels of 8 signature genes across 10 distinct cell
subtypes. F. Expression levels of 8 signature genes in normal and ovarian samples. G. Expression levels of MEGF8
in ten distinct cell subtypes. H. Expression levels of MEGF8 in normal and ovarian samples. ****P < 0.0001; ns,

P >0.05.

Celltype

® High MEGF8 Tissue stem cells [7] High MEGFS Tissue stem cells
® Low MEGF8 Tissue stem cells [ | Low MEGF8 Tissue stem cells extracellular matrix structural | [ ] [ ]
R constituent GeneRatio
® 0030
electron transfer activity | @ 0035
v ° * @ 0.040
@ 0.045
~ -5 Normal X . @ 0.050
| driven active trar 1 . .
ransporter activi .adjus!
& ° ti rt ti djust
= e 6e-08
> - = collagen binding | . . 4e-08
2e-08
-10 Cancer: i "
primary active (ransmembr_ape» [} [}
transporter activity
_High MEGF8 _ Low MEGF8
Tissue stem cells Tissue stem cells
25 0.00 025 0.50 0.75 1.00 (620) (620)
Ratio Cluster
D E  mos— e
I Dircction
Parkinson disease- o ) — St HALLMARKHEDGEHOG-SIGNALING
9 —— —— - -1 -
GeneRatio e AR ONF OLOED-PROTE N REGPONGE N
—— —— HALLMARK-REACTIVE-OXYGEN-SPECIES-PATHWAY
® 008 e E— AR PR RTINS alALING
: " B ~PI3K-AKT-MTOR-
Prion disease- [ ] [ oo T e HALLMARK-ONIOATIVE PHOSPHORVLATION
@®o11 o AL MARK-MTORCI-SIGNALING RRA
oo ——— AN et
. - " e e | anit
Oxidative phosphorylation- . . ) e ——— HALLMARK-CHOLESTEROL-HOMEOSTASIS no significant
p.adjust e FALLARK ANOROGEN-RESPONSE: I significant
FAL AR WNTCBETA CATENIN-SIGHALING P Val
_ _ te-11 HALLMARK-UV- RESPONSE- alue
Diabetic cardiomyopathy - o ° Se=12 A AR TN S R ING VIA-NFKE * <0.05
e HALLMARK-TGF -BE TA-SIGNALING * <0.01
HALLMARK-SPERMATOGENES! =
HALLMARK-PEROXISOME <0.001
) ) HALMARK-PANCREAS BETA-CELLS *r22 00001
Huntington disease- [} ) HALLMARK-NOTCH-SIGNALING
[MARK-MYOGENESIS Cluster
e e eoFeT
. AL MARK-KRAS-SIGNALING-DN High M| issue stem cells
High MEGF8 Low MEGF8 AR INTERFERON o MLow MEGF8 Tissue stem cells
Tissue stem cells  Tissue stem cells ﬁtmﬁiﬂ!%ﬂ:@&&ﬁ%ﬁﬁ%@wsz
(381) (381) AL MARK L3 STATS- SIGALING Direction
HALLMARK-HYPOXIA
HALLMARK-HEME-METABOLISM Il down
HALIMARK-GLYCOLYSI Hu
" HALUMARK-GZM-CHECKPOINT p
F Pseudotime R e e,
01020 30 40 FAHARK COm EENT
15 HALLMARK-COAGULATION
HALIMARK-BILE-ACID-METABOLISM
HALIMARK-APOPTOSIS
HALLMARK-APICAL-SURFACE
10 ] HALLMARK-ALL OGRAFT-REJECTION
~ HALLMARK-APICAL~JUNCTION
-
S 5 >
g Coll Type 3 Cell Type
S % I oo Pre-branch
a o (o Cell fate 1
E ® Sreisar 2 Cell fate 2
3 Wsre Cluster
O -5 5 1 1
e 2
i ] 3
ShRL
S -
20 10 0 10 pe
Component 1 e I_2
— jo
Jong
poo .
e
- A
15 0.0 0.1 0.2 |—— . 24
‘ o
10 \ :
s
o .k } Hes
£ 5 O v,
g v ——_ i
5 8 =
a 0 — 1 | — \%‘w
o -5 qﬁ»‘«f’
Il | i
- S
10 — {3
-0 -0 0 10 —_ o | Hwe
Component 1 — o
—_— - e
' ) g
H + High MEGF8 Tissue stem cells H Tuewise
y = ' N
« Low MEGF8 Tissue stem cells ] by
15 ' B
iy
10 _ g
~ - o
- .
§ s e
S Shd
o
g_ 0 —— e
S evor
i)

LN
>

|
=
=

0 =

Cluster

-20

B0
- Gy

-10
Component 1

Figure 6. MEGF8-enriched tissue stem cells are associated with pro-tumorigenic pathways. A. UMAP plot of cluster-
ing high and low MEGF8 expression in stem cells. B. The proportion of high MEGF8 and low MEGFS8 tissue stem cells
in normal and ovarian samples. C, D. Bubble plot depicting the GO and KEGG enrichment analysis of high MEGF8
and low MEGF8 tissue stem cells, elucidating their associated biological functions and diseases. E. Heatmap show-
ing different pathways enriched in high MEGF8 and low MEGFS8 tissue stem cells by GSVA. F-H. Pseudo-time analysis
of tissue stem cells. |. Pseudo-time heatmap showing the expression dynamics of key genes.

8735 Am J Transl Res 2025;17(11):8724-8741



MEGF8 drives metabolism and immune evasion in EAOC

>
w

A2780
- si-NC
1,54 -sg NC 4.0- - i
& si-MEGF8-1# si-MEGF8-1#
% m si-MEGF8-2# ’E‘ “+ si-MEGF8-2#
19 3 3.01
210 o
@ .0
g -0
o} =y
< 0.5+ g 1o
2 w5
B (@]
g 0.0- 0.0 T T
A2780 OVCAR3
D E si-NC
m si-NC
si-MEGF8-1# Q
2 2507 wm si-MEGF8-2# S
g <
o 200
ko
©
150+ " a
£
S 1004 o
b %
E 50+ [8)
>
z o
A2780 OVCAR3
F G si-NC
== si-NC
500 si-MEGF8-1#
2 i-MEGF8-2# 8
S 4004 = © >
N
3 <
T 300-
2 Kk
£
5 200
3
£ 1004 o
b4
0- S
A2780 OVCAR3 8

24 48 72
Incubation time  (h)

OVCAR3
-o-si-NC
4.0 X

si-MEGF8-1#
E -+ si-MEGF8-2#
2 3.0
o
c
> 2.0
s
2 1.0
[}
o

T 0.0 T T T T T
96 0 96

si-MEGF8-1#

si-MEGF8-1#

Figure 7. MEGF8 knockdown inhibits ovarian cancer cell proliferation and migration. A. Relative expression levels of
MEGF8 were measured by quantitative real-time polymerase chain reaction (qQRT-PCR) in A2780 and OVCARS3 cells
transfected with si-NC, si-MEGF8-#1, or si-MEGF8-#2 (n = 3 for each group). The internal control was 18S rRNA. B,
C. Cell Counting Kit-8 (CCK8) assays detected the OC cells viability with MEGFS8 silencing, n = 6. D, E. The prolifera-
tion ability of cells transfected with si-MEGF8 was assessed by colony formation assays, n = 3. F, G. The migration
ability of cells transfected with si-MEGF8 was examined by transwell assays, n = 3 (x200). Scale bar: 100 ym. *P <

0.05, **P < 0.01, ***P < 0.001.

MEGF8 knockdown inhibits the proliferation
and migration and promotes the apoptosis of
A2780 and OVCARS3 cells

To further investigate the functional role
of MEGF8 in OC cells, in vitro experiments
were performed using A2780 and OVCAR3
cell lines. MEGF8 expression was silenced
by siRNA (siMEGF8), and quantitative PCR
confirmed a significant reduction in MEGF8
mRNA levels in the siIMEGF8 group com-
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pared with the negative control (siNC) gro-
up (Figure 7A). Cell proliferation was asse-
ssed using CCK-8 and colony formation as-
says, both of which demonstrated that ME-
GF8 knockdown led to a marked decrease-
in the proliferative capacity of A2780 and
OVCAR3 cells (Figure 7B-E). Furthermore,
Transwell migration assays revealed that
MEGF8 silencing significantly impaired the
migratory ability of both cell lines (Figure 7F
and 7G).
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Discussion

The development, chemoresistance, and unfa-
vorable prognosis of OC have been promoted
by endometriosis through the remodeling of the
TME and its synergy with genetic mutations
[28]. The construction of a precision predictive
model based on immune characteristics and
chemosensitivity, alongside the in-depth eluci-
dation of key molecular mechanisms, is expect-
ed to provide strong support for optimizing indi-
vidualized immunotherapy and chemotherapy
strategies, thereby improving patient progno-
sis [29]. Through integrative multi-omics analy-
sis, three molecular subtypes associated with
ERGs, designated as endometriosis-associated
groups A-C, were identified. Among them, group
B was found to be associated with better sur-
vival outcomes (P = 0.001). This classification
was closely linked to differential activation of
multiple pathways within the TME. Group A
tumors were characterized by features related
to invasion and metastasis, such as epithelial-
mesenchymal transition and activation of the
TGF-B signaling pathway, and were enriched in
pathways commonly observed in small cell lung
cancer and prostate cancer, suggesting a more
aggressive phenotype with potential metastat-
ic propensity. The favorable prognosis observed
in group B was likely attributable to increased
infiltration of activated CD8" T cells and NK
cells in the immune microenvironment, both of
which serve as critical effector cells in antitu-
mor immunity and are capable of directly elimi-
nating tumor cells [30, 31]. Concurrently, a
reduction in immunosuppressive cell popula-
tions (e.g., Treg, Th2) in group B may have
attenuated the immunosuppressive effects
within the TME, thereby enhancing antitumor
immune responses [32]. This molecular classi-
fication offers a novel tool for individualized
prognostic assessment in OC. For instance,
patients with group A tumors may require
more intensive treatment strategies, such as
targeted therapies against invasion-associated
pathways, whereas patients with group B
tumors may benefit from immunotherapeutic
approaches.

Through LASSO regression and multivariate
Cox analysis, eight feature genes (GPC3,
C20rf88, AFAP1L2, MEGF8, PLXND1, HEYL,
PHLDB2, and ANTXR1) were identified as being
significantly associated with OS, and a risk
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model with clinical prognostic value was subse-
quently constructed. These genes were found
to play multidimensional regulatory roles in
tumor progression. GPC3 (Glypican-3), a mem-
ber of the heparan sulfate proteoglycan family,
has been reported to be highly expressed in
several solid tumors, including hepatocellular
carcinoma and ovarian clear cell carcinoma,
and may promote tumor proliferation and
metastasis through the Wnt/B-catenin and
Hedgehog pathways [33]. Although previous
studies have emphasized its role as a recur-
rence biomarker, GPC3 was found to be signifi-
cantly upregulated in the high-risk group in the
present study, suggesting that it may contrib-
ute to malignant progression in endometriosis-
associated OC through distinct microenviron-
mental interactions. ANTXR1 (TEMS8), a collagen
receptor, has been proposed to mediate the
immunosuppressive effects of chemotherapy-
resistant myofibroblasts through regulation of
the YAP1 signaling pathway [34]; its high
expression was consistent with poor prognosis
observed in patients. AFAP1L2 and MEGFS8
were highly expressed in the low-risk group,
and genomic instability analysis revealed a
higher frequency of copy number deletions for
both genes, indicating their potential roles as
“genomic guardians” that may suppress tumor
progression [35]. HEYL, a downstream tran-
scription factor of the Notch signaling pathway,
has been previously implicated in promoting
epithelial-mesenchymal transition (EMT) and
tumor metastasis [36]. However, in the present
model, high HEYL expression was associated
with the low-risk group. This apparent contra-
diction may reflect a cell type-specific function
of HEYL in OC or suggest possible crosstalk
with other pathways such as PISK/AKT, war-
ranting further mechanistic investigation.

The immune biological basis underlying risk
stratification was elucidated through TME anal-
ysis. A pronounced immunosuppressive profile
was observed in the high-risk group. An elevat-
ed TIDE score suggested that immune evasion
in high-risk tumors may be mediated by the
recruitment of regulatory T cells and upregula-
tion of immune checkpoint molecules such as
PDCD1, CD276, and NRP1. Enrichment of stro-
mal scores and metabolic pathways, including
cytochrome P450, in the high-risk group indi-
cated that tumor cells might adapt to microen-
vironmental stress via a “metabolism-ECM
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remodeling” axis, thereby promoting chemore-
sistance. This finding was consistent with sin-
gle-cell data demonstrating a stem cell - like
oxidative phosphorylation dependence of
MEGFS8. Although limited responsiveness
to immune checkpoint inhibitors was predicted
in the high-risk group, increased sensitivity
(reflected by lower IC_  values) to PI3K/AKT/
mTOR pathway inhibitors (e.g., ipatasertib, pic-
tilisib) and antiangiogenic agents (e.g., axitinib)
was observed. This may be attributable to com-
pensatory activation of the PISK/AKT pathway
and a heightened reliance on VEGFR-media-
ted angiogenesis in high-risk tumors. In con-
trast, enhanced immune infiltration - such as
increased CD8" T cells - was identified in the
low-risk group, potentially making these tumors
more amenable to immune-targeted combina-
tion therapies. The risk model constructed in
this study demonstrated moderate predictive
performance in both training and validation
cohorts (AUC for 1-year and 5-year OS: 0.655-
0.686), a range commonly reported in compa-
rable studies [37, 38]. Its translational potential
lies in two key aspects. First, integrating molec-
ular subtypes (e.g., endometriosis-associated
subtype B) with risk scoring enables refined
prognostic stratification; for instance, high-risk
subtype A patients may require intensified
surveillance and multi-target interventions.
Second, TME-informed drug sensitivity profiling
suggests that high-risk patients may benefit
from PI3K/AKT inhibition combined with antian-
giogenic therapy, whereas low-risk patients
may derive greater benefit from immune check-
point blockade.

scRNA-seq analysis further revealed the cell
type - specific expression and functional net-
works of key genes in OC. MEGF8 was found to
be highly expressed across a wide range of cell
types, including mesenchymal stem cells, mac-
rophages, tissue stem cells, endothelial cells,
and epithelial cells, underscoring its multifac-
eted regulatory roles in the pathophysiology of
OC. Given that ovarian epithelial cells are the
cells of origin for epithelial OC - which accounts
for approximately 90% of all OC cases - their
abnormal proliferation or mutation has been
implicated in malignant transformation [39].
In this study, MEGF8 was specifically overex-
pressed in tumor epithelial cells, and its expres-
sion level was positively correlated with tissue
stemness scores (Figure 5F-H), suggesting a
role in tumorigenesis through maintenance of
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epithelial stemness. This hypothesis was vali-
dated through functional experiments, where
MEGFS8 silencing significantly inhibited prolifer-
ation and migration, while inducing apoptosis
in epithelial OC cell lines (A2780, OVCAR3)
(Figure 7A-G). Pseudotime trajectory analysis
demonstrated that tissue stem cells with high
MEGF8 expression were enriched at early dif-
ferentiation stages (Figure 6F-H), and this was
accompanied by the activation of mitochondrial
respiratory chain genes (e.g., MT-CO1) and
stress response genes (e.g., GADD45G). In con-
junction with KEGG enrichment results - high-
lighting pathways such as oxidative phosphory-
lation and ECM-receptor interaction - it is
proposed that MEGF8 may promote stem cell
plasticity via a “metabolism-ECM remodeling”
axis: on one hand, enhancing oxidative phos-
phorylation to meet the high energy demand,;
on the other, remodeling the stem cell niche by
regulating ECM components such as COL1A1
and FN1, thereby sustaining self-renewal
capacity (Figure 6l1). These findings provide a
multi-scale line of evidence supporting the
oncogenic role of MEGFS8: at the single-cell
level, its expression is linked to stem cell dif-
ferentiation status; at the molecular level, it
modulates metabolic and microenvironmental
signaling pathways; and at the cellular level, it
directly affects malignant phenotypes.

Moreover, since MEGF8 is a transmembrane
protein containing multiple EGF-like domains, it
is likely to interact with receptors involved in
cell adhesion and migration, key processes in
cancer metastasis. Although the exact receptor
through which MEGF8 exerts its effects in OC
have not yet been characterized, the precise
molecular mechanisms by which MEGF8 regu-
lates oxidative phosphorylation and ECM
remodeling are critical to understanding its
functional roles in OC. Identifying the receptor
responsible for MEGF8 activity in both tumor
cells and the TME is essential for future target-
ed therapeutic strategies. As a secreted pro-
tein, blocking MEGF8 with monoclonal antibod-
ies or adding additional MEGF8 may alter tumor
cell behavior by either inhibiting or enhancing
these receptor interactions, potentially affect-
ing tumor growth, migration, and immune cell
infiltration in the TME. Further studies should
explore these therapeutic possibilities to better
understand the implications of MEGF8 in OC
and its potential as a therapeutic target.
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Despite revealing the molecular heterogeneity
of OC through integrative multi-omics analysis,
this study has several limitations. First, gener-
alizability may be limited by the retrospective
nature of the datasets used (TCGA and GEO),
which are subject to selection bias and lack
standardized documentation of treatment vari-
ables (e.g., surgical extent, chemotherapy-
regimens), thus constraining analysis of treat-
ment-induced immune remodeling. Future pro-
spective, multi-center studies incorporating
standardized clinical and pathological parame-
ters are warranted to enhance the model’s clini-
cal applicability. Second, mechanistic insights
remain incomplete. While functional assays
confirmed the oncogenic role of MEGFS8, the
precise molecular mechanisms by which it reg-
ulates oxidative phosphorylation and ECM
remodeling - such as involvement of receptor
tyrosine kinases or non-coding RNAs-remain
to be elucidated. CRISPR-based functional
screens or spatial transcriptomics may enable
systematic exploration of the MEGFS8 interac-
tion network at the tumor-stroma interface.

Conclusion

Through integrative multi-omics analysis and
functional validation, this study elucidated
the molecular heterogeneity of endometriosis-
associated OC and identified a core mecha-
nism by which MEGF8 drives tumor progres-
sion via a “metabolism-ECM remodeling” axis.
Single-cell analyses revealed that MEGFS8 is
specifically overexpressed in tumor stem-like
cells and sustains stemness by activating oxi-
dative phosphorylation and ECM reorganiza-
tion. Functional experiments confirmed that
MEGFS8 silencing significantly suppressed cel-
lular proliferation and migration while inducing
apoptosis. A risk model based on MEGFS8-
related signatures suggested that high-risk
patients exhibit an immunosuppressive tu-
mor microenvironment - characterized by Treg
cell infiltration and upregulation of immune
checkpoints (e.g., PD-1, CD276) - as well as a
dependency on the PIBK/AKT signaling path-
way, conferring increased sensitivity to target-
ed therapies. In contrast, the low-risk group,
with active immune infiltration, may benefit
from immune-based combination strategies.
Collectively, these findings establish MEGF8 as
a potential diagnostic biomarker and therapeu-
tic target, offering novel mechanistic insights
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and translational directions for overcoming
chemoresistance and improving prognosis in
OcC.
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