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Background: Epithelial ovarian cancer (EOC) remains a lethal malignancy, and epithelial-mesenchymal transition
(EMT) is a key driver of invasion, metastasis, and treatment resistance. Robust EMT-centered biomarkers in EOC
are still lacking. We aimed to identify consensus EMT-related mRNA-miRNA signatures and drug-gene in-

E;Zgg;l:cs teractions across independent cohorts.
Diagnostic Methods: Three mRNA and one miRNA GEO datasets were analyzed. Differentially expressed genes (DEGs) were

identified with limma and combined meta-analytically; consensus DEGs were directionally concordant with FDR
<0.05. EMT involvement was evaluated using Hallmark EMT enrichment and correlations with EMTome-derived
epithelial and mesenchymal scores in TCGA-OV. Functional enrichment, protein—protein interaction networks,
hub genes, Human Protein Atlas validation, drug-gene interactions, and miRNA prediction and validation were
integrated.

Results: We identified 528 consensus DEGs (131 up-regulated, 397 down-regulated) in EOC versus normal ovary.
Up-regulated genes were enriched for EMT, extracellular matrix organization, and WNT/TGFp/BMP signaling,
whereas down-regulated genes involved signal transduction and cell-cell communication. Seventeen EMT-related
genes, including NT5SE, VIM, GAS1, and WNT5A, showed strong mesenchymal associations. Ten hub genes
(AURKA, BIRC5, CDK1, EZH2, HMMR, IQGAP3, BCL2, DCN, NT5E, PGR) were consistently dysregulated,
associated with poorer survival, and supported by protein-level differences. Integration with miRNA data
highlighted ten EMT-related miRNAs, several with good diagnostic performance (AUC >0.80). Eight clinically
relevant drug-gene pairs, including alisertib (AURKA) and venetoclax (BCL2), were prioritized.

Conclusions: This EMT-focused integrative analysis defines coherent mRNA-miRNA-drug axes in EOC. The
identified EMT-regulatory modules provide candidate diagnostic and prognostic biomarkers and pathway-based
therapeutic hypotheses that warrant validation in independent cohorts and functional models.

Systems biology

1. Introduction highly aggressive, genetically unstable, and usually present with TP53
mutations [3]. Most of the EOC cases are diagnosed at an advanced

Epithelial ovarian cancer is one of the deadliest gynecologic malig- stage, which contributes to the high mortality rate despite initial

nancies due to its frequent late-stage diagnosis and complex pathogen-
esis. It is the leading cause of death related to gynecologic malignancies
in the United States and is ranked as the fifth most common cause of
cancer mortality among women [1]. The disease is characterized by its
heterogeneity, consisting of multiple histological subtypes, each
harboring a distinct molecular and genetic profile [2]. These subtypes
are further broadly classified into type I and type II tumors, in which
type I is less aggressive and genetically stable, while type II tumors are

responsiveness to treatment [4]. The current management strategy in-
volves a multidisciplinary approach: surgical cytoreduction and adju-
vant chemotherapy. Emerging therapies focus on targeted treatments
and maintenance therapies, including PARP inhibitors [1,5].

Proven studies have established that miRNAs may contribute to the
development of EMT by modulating the process of gene expression that
affects cancer progression and metastasis and even chemoresistance and
could serve as potential biomarkers for early detection and diagnosis
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[6-9]. Staging in ovarian cancer establishes the prognostic value of
lymph node dissection (LND), where, in the context of clinically early
EOC, the survival advantage of LND is small while morbidity is signifi-
cantly elevated, so a prognostic impact may be considered in a
stage-specific fashion [10]. In addition to a purely anatomic factor, the
tumor microenvironment, especially the immune microenvironment in
metastases, plays a significant role in progression as well as response to
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treatment, as immune cell characterization has been correlated with
outcome [11]. Additionally, endocrine-immune interactions through
receptor-mediated mechanisms can modify both the microenvironments
and the process of metastasis [12]. Knowledge of molecular pathogen-
esis and extraovarian origins of EOC thus becomes absolutely necessary
for devising effective prevention and treatment strategies [3].
MicroRNAs and messenger RNAs are important regulators in the
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Fig. 1. Illustrates a workflow of three mRNAs cohorts (GSE1440, GSE38666, GSE52037; Affymetrix GPL570) and (GSE216150, Agilent miRNA) transcriptomic
analyses were conducted with in study and meta combined across cohorts in epithelial ovarian cancer.
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pathogenesis and development of epithelial ovarian cancer, one of the
most lethal gynecological malignancies. MicroRNAs are small non-
coding RNA molecules that regulate the expression of their target
genes through specific binding to mRNAs, leading to mRNA degradation
or suppression of translation [13-15]. Aberrant expression of miRNAs is
associated with all aspects of tumor biology, including metastasis, che-
moresistance, and disease progression in EOC [14-16]. For example, the
miR-200 family may modulate metastasis and chemoresistance in EOC
and therefore have therapeutic potential [17]. Further, miR-205,
miR-200c, and miR-141 are potential biomarkers of early diagnosis of
EOC due to their stability in circulation and being significantly differ-
entially expressed in malignant tissues compared to normal tissues [18,
19]. The complexity of miRNAs-mRNAs relationship is interfered with
by IncRNAs, which may set up some sort of regulatory network
contributing to drug resistance and tumor progression [20,21]. These
complex interactions among miRNAs, mRNAs, and IncRNAs in EOC take
roots from a critical foundation that needs to be determined if new
diagnostic and therapeutic strategies against EOC are to be achieved.
Our innovation consists of a regulatory, therapy-focused framework of
EMT in EOC, emphasizing actionable WNT and TGFf/BMP modules and
converting them into refined drug-gene hypotheses.

2. Materials and methods
2.1. Data mining and normalization

Fig. 1 illustrates a workflow of transcriptomic analysis on the clinical
samples of epithelial ovarian cancer compared to normal ovarian sam-
ples. The raw data were obtained from the GEO database by utilizing the
R package GEOquery and the getGEO function, which enabled down-
loading raw gene expression profiles from datasets GSE14407,
GSE38666, GSE52037, and GSE216150. In this study, the EOC samples
were obtained from epithelial ovarian carcinoma, while the OV samples
obtained from healthy controls. We evaluated three mRNA cohorts:
GSE14407 (12 EOC/12 normal), GSE38666 (18/12), and GSE52037
(10/10), all utilizing Affymetrix GPL570 (HG-U133 Plus 2.0 microarray
platforms). We selected the microRNA microarray GSE216150 (8/8)
with Agilent GPL20712. We employed RMA processing for Affymetrix
chips (background correction, quantile normalization, and log2 trans-
formation); utilized HGNC symbols (maximum IQR for multi-probe
genes); and applied the limma empirical Bayes test for differential
expression analysis for each dataset. Gene effects were meta-analytically
aggregated across datasets using random effects on log fold changes or
Fisher's test on p-values as appropriate.

2.2. Differential expressed genes (DEGs)

MetaMA was used to detect the intersection among the DEGs from
three datasets, namely, GSE14407, GSE38666, and GSE52037, through
meta-analysis. Overlapping DEGs were drawn using the R package
VennDiagram, where the function draw.triple.venn() depicted common
DEmRNAs in those datasets. GSE216150 dataset: Raw data from the
Agilent-070156 human miRNA microarray platform was analyzed using
the limma package. Data normalization was done by using the function
normalizeBetweenArrays() to make technical variations between the
same sample comparable. The DEmiRNAs had been identified based on |
log2 FC| > 2 and adjusted p-value < 0.05.

2.3. EMT pathway definitions and enrichment

Our two-fold strategy connected transcriptome data to biological
processes of epithelial to mesenchymal transition (EMT). First, we
examined consensus tumor up/down-regulated genes in all three mRNA
sets (GSE14407, GSE38666, GSE52037). To reduce inter-dataset vari-
ability across heterogeneous microarray cohorts, a stringent differential
expression threshold was applied, thereby prioritizing robust and
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consistently dysregulated genes for downstream EMT-focused analyses.
The Hallmark gene set library was used to analyze the set of 76 dysre-
gulated consensus tumor DEGs on the Gene Set Enrichment Analysis
(GSEA)/Molecular Signature Database (MSigDB) web platform, which
returned results as -log10 the false discovery rate (FDR) using default
parameters. Second, we used pre-computed scores from the EMTome
online site, which provides TCGA-based EMT signatures and NES values
for numerous cancers, including ovarian cancer (TCGA-OV), to evaluate
EMT-related pathways at the patient level. NES values of the "Epithelial
top 50 genes" and "Mesenchymal top 50 genes" signatures, as well as
log2 transformed values of RNA expression (log2(expression + 1)), were
extracted for the top 17 EMT-related consensus genes that emerged after
intersecting our set of up-regulated DEGs (76 genes) with the Hallmark
EMT gene set in the MSigDB. Gene expression and epithelial and
mesenchymal NES values were correlated using Spearman's rank cor-
relation coefficients for the top 17 EMT-related consensus genes. The
Benjamini & Hochberg FDR procedure was used to identify genes with
an FDR <0.05 in at least one EMT-related program, indicating signifi-
cant association with EMT activity.

2.4. Gene ontology enrichment analysis

All the common DEGs from GSE14407, GSE38666, and GSE52037
were identified for gene ontology analysis. GO, including biological
process (BP), cellular component (CC) and molecular function (MF)
(https://maayanlab.cloud/enrichr-kg), with an FDR <0.05 considered
statistically significant [22].

2.5. Protein-protein network and module analysis

The common differentially expressed genes (DEGs) identified from
the GSE14407, GSE38666, and GSE52037 datasets were selected for
protein-protein interaction (PPI) analysis. We included only DEGs that
had an adjusted p-value < 0.05 and |log2 FC| > 2 which were consis-
tently dysregulated across all three datasets. The PPI networks were
constructed using the STRING database (version 12.0, https://string-db.
org) with a medium confidence score threshold of 0.4 and no additional
interactors (maximum number of interactors = 0). The resulting PPI
networks were visualized and analyzed in Cytoscape (version 3.9.1, htt
ps://cytoscape.org/). Furthermore, 12 CytoHubba topological algo-
rithms were employed to identify the most significant hub genes and
subnetworks within the PPI network [23].

2.6. Transcriptomic signature and survival analysis

We applied specific inclusion and exclusion criteria to the patient
data, which included accessible overall survival (OS) and progression-
free survival (PFS) statistics, as well as corresponding gene expression
profiles for the study. The KM-Plotter tool automatically excluded
samples that lacked survival time, survival status, or RNA expression
data. Additionally, only patients diagnosed with epithelial ovarian
cancer were included. We utilized the GEPIA tool (http://gepia.cance
r-pku.cn/) for analysis. The criterion of log-rank p-value < 0.05 was
employed to evaluate hub genes related to progression-free survival
using the widely recognized Kaplan-Meier plotter tool, which in-
corporates data from TCGA, EGA, and GEO databases (https://kmplot.
com/analysis/) [24].

2.7. Immunohistochemistry (IHC) analysis

The top 10 hub proteins identified from the CytoHubba network
analysis were selected for protein expression profiling using the Human
Protein Atlas (HPA, version 23.0, https://www.proteinatlas.org/). HPA
tumor and normal tissues were collected from both patients and healthy
individuals; consequently, IHC serves as an orthogonal method for
protein-level validation rather than as paired references. Only proteins
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with available IHC data for normal ovarian and ovarian cancer tissues
were included in the analysis. Protein expression levels were classified
into four categories high, medium, low, and not detected based on the
standardized HPA scoring system. This grading system combines the
percentage of stained cells (>75%, 25-75%, or <25%) and staining in-
tensity (strong, moderate, weak, or negative), as described previously
[25].

2.8. Gene-drug interaction analysis

The top 10 hub genes were further analyzed for potential drug-gene
interactions using the Drug-Gene Interaction Database (DGIdb, version
5.0, https://dgidb.org/). Only interactions supported by curated data-
bases and FDA-approved drugs were considered. Candidate compounds
were filtered based on therapeutic relevance, including hormonal
agents, antineoplastic agents, selective estrogen receptor modulators
(SERMs), and immunosuppressants. We ensured that drug mechanisms
of action were concordant with the direction of target dysregulation by
harmonizing gene symbols to HGNC and drugs to WHO INN, getting rid
of duplicates, and making sure that drug MoA and target biology were in
sync (etoposide/teniposide/epirubicin TOP2A; tamoxifen/toremifene
ESR1; goserelin GNRHR). Entries that weren't supported or were con-
tradictory were left out. Table 1 shows the actionable subset.

2.9. miRNA prediction and assessment

The top 10 genes were assessed for the prediction of miRNAs using
the miRNet tool (version 2.0, https://www.mirnet.ca/miRNet/home.xh
tml). Only miRNAs with a degree cutoff of 1.0 and a betweenness cen-
trality threshold of 1.0 were considered. We retained only miRNAs with
experimental support in miRTarBase/miRNet and inverse expression
trends relative to their predicted targets. The differentially expressed
miRNAs (DE-miRNAs) identified in the GSE216150 repository were
used as a resource for the external validation of predicted miRNAs in
epithelial ovarian tissue as compared to OV tissue.

2.10. Statistical analyses

R software (version 4.2.2) was used for all data processing and
analysis. A stringent |log2FC| threshold (>2) was applied to prioritize
genes with large and biologically meaningful expression changes. Sta-
tistically, this cutoff was chosen to reduce noise and false-positive results
arising from inter-platform and inter-cohort heterogeneity inherent to
meta-analyses of microarray datasets. The Wilcoxon rank-sum test was
used to compare two groups. The Spearman correlation analysis was
used to ascertain the correlation coefficients among different sub-
stances. Unless noted, significance used BH-FDR (q < 0.05). Volcano
plots show -log10 (adjusted p-value) vs log2 FC. Enrichment tested by
Fisher with BH-FDR across modules.

Table 1
Candidate drugs based on the gene (HGNC), drug (INN) interaction.
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3. Results
3.1. Dataset summary

Supplementary File 1 shows a summary of the datasets (GEO IDs,
platforms, case/control counts). Analyses were done both within the
study and in a meta-combined way.

3.2. Differentially expressed genes in EOC

In Fig. 2, panels A-C display the transcriptomic profiles for the
datasets. A total of 3385 DEmRNAs were obtained from GSE14407,
GSE38666, and GSE52037. Genes were considered significantly dysre-
gulated if adjusted p-value <0.05 and |log2FC| > 2 (528 including 131
up/397 down-regulated). Rather than pooling raw arrays across plat-
forms, we performed within-study differential expression and then
combined gene-level effects meta-analytically, which reduces cross-
platform batch artefacts. Lower fold-change thresholds were not sys-
tematically pursued, as the analysis was designed to prioritize robust
and reproducible transcriptional alterations across heterogeneous
datasets. Fig. 2D volcano plot of transcriptomic profiles of miRNAs in
GSE216150, including a total of 2092 DEmiRNAs. 397 common DEGs
were consistently down-regulated across all three datasets, while 131
common DEGs were up-regulated (Fig. 2E and F).

3.3. EMT characteristics and sample-level EMT engagement

We then investigated if the consensus tumor dysregulated genes re-
flected EMT-related biology in epithelial ovarian cancer. The 76 EMT-
consensus genes were obtained by intersecting the differentially
expressed genes with the Hallmark EMT gene set from MSigDB.
(Fig. 3A). The EMT pathway had the strongest signal (—log10 FDR ~
13-14) when enrichment was summarized as -log10 (FDR). This means
that the FDR was well below 1073, Other programs that were enriched
were Estrogen Response Late (-logl0 FDR ~ 10), UV Response Down
(~9), KRAS Signaling Up (~8), Androgen Response (~7), Estrogen
Response Early (~6-7), Apoptosis (~6), Coagulation (~5), Adipogenesis
(~3), and Bile Acid Metabolism (~2).

Among the 17 EMT-related consensus genes, a subset showed
particularly strong associations with EMT scores (Fig. 3B). EZH2
exhibited only weak correlations with EMT scores, showing a modest
negative association with epithelial NES (R = —0.12, p-value = 0.03) and
no significant correlation with mesenchymal NES (R = —0.061, p-value
= 0.29). This indicates that, within this dataset, EZH2 expression is not
closely linked to either epithelial or mesenchymal TCGA signatures.
GAS1 exhibited a robust positive correlation with mesenchymal NES (R
= 0.55, p-value < 2.2 x 10’16), whereas its correlation with epithelial
NES was weak and statistically insignificant (R = —0.11, p-value = 0.06,
Fig. 3C).

Drug (INN) Gene Target class/Mechanism Direction-of-effect Regulatory Indication (principal)
(HGNC) approval
Alisertib AURKA Aurora A kinase inhibitor inhibitor Investigational Solid tumors/hematologic
(MLN8237) (investigational)

Teniposide TOP2A Topoisomerase II poison/intercalator inhibitor Approved Antineoplastic (various)

Etoposide TOP2A Topoisomerase II poison/intercalator inhibitor Approved Antineoplastic (various)

Epirubicin TOP2A Topoisomerase II poison/intercalator inhibitor Approved Antineoplastic (various)

Tamoxifen ESR1 Selective estrogen receptor modulator antagonist/partial Approved Hormone receptor positive breast cancer
(SERM) agonist

Toremifene ESR1 Selective estrogen receptor modulator antagonist/partial Approved Hormone receptor positive breast cancer
(SERM) agonist

Goserelin GNRHR GnRH agonist (pituitary down-regulation) agonist Approved Hormonal therapy (breast/prostate)

Venetoclax BCL2 BCL2 inhibitor inhibitor Approved CLL/SLL; AML
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Fig. 2. Illustrates the differential expression of genes (DEGs) and common hub genes in epithelial ovarian cancer (EOC) compared to normal ovarian tissues (OV). A-
D The volcano plots illustrated the differentially expressed mRNAs and miRNAs in each dataset in EOC vs. OV. E & F A total of 131 common up-regulated and 397
common down-regulated DEGs were identified in the three datasets (GSE14407, GSE38666, and GSE52037) between EOC vs. OV with the following criteria: [log2

FC| > 2, adjusted p-value < 0.05.

3.4. Gene ontology analysis in EOC

We next explored the biological programs shared across datasets by
performing functional enrichment on the consensus DEGs that were
directionally concordant in all three cohorts. The common up-regulated
genes (Fig. 4A) were significantly enriched for pathways related to
extracellular matrix (ECM) organization, tissue remodeling and devel-
opmental signaling, including terms such as regulation of ossification,
extracellular matrix organization and Wnt/TGF-$/BMP-related
signaling (ranked by -log10 FDR). These enrichments are consistent with
an invasive, pro-EMT tumor phenotype, highlighting activation of
matrix-remodeling and morphogenesis programs in epithelial ovarian
cancer. In contrast, the common down-regulated genes (Fig. 4B) showed
over-representation of broader signal transduction and cell-cell

communication pathways, including generic signal transduction, G-
protein coupled receptor/neuropeptide signaling and related commu-
nication modules, again ordered by -log10 FDR.

3.5. Protein-protein interaction networks in EOC

A total of 405 nodes with a confidence value exceeding 0.4 were
incorporated into the PPI networks, comprising 104 nodes and 818
edges for up-regulated proteins, and 301 nodes and 668 edges for down-
regulated genes (Fig. 5A and B, and Supplementary Files 4 & 5). Sub-
sequently, a refined PPI network using the cytoHubba plugin was
illustrated, which consisted of 50 nodes and 718 edges for up-regulated
genes, and 118 nodes and 301 edges for down-regulated DEGs (Fig. 5C
and D). Furthermore, the top 10 up- and down-regulated hub genes were
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obtained utilizing 12 CytoHubba topological modules.

3.6. Transcriptomic signature and survival analysis in EOC

A total of 6 hub mRNAs, including AURKA, BIRC5, CDK1, EZH2,
HMMR, and IQGAP3, consistently showed an up-regulated pattern in
EOC compared to the OV, while the remaining 4 top mRNAs, including
BCL2, DCN, NT5E, and PGR, consistently showed a down-regulated
pattern in EOC tissues vs. normal OV (p-value < 0.05, Fig. 6A). The
survival values of the six up-regulated hub genes AURKA, BIRC5, CDK1,

EZH2, HMMR, and IQGAP3 and four down-regulated hub genes revealed
significant progression-free survival rates (p-value < 0.05, Fig. 6B).

3.7. IHC analysis in EOC

The antibodies were utilized to evaluate the expression levels of six
up-regulated hub proteins (AURKA, BIRC5, CDK1, EZH2, HMMR, and
IQGAP3) and four down-regulated hub proteins (BCL2, DCN, NT5E, and
PGR) in ovarian cancer tissues compared to normal ovarian tissues. The
protein expression values of AURKA, BIRC5, CDK1, EZH2, HMMR, and
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IQGAP3 were found to be higher in ovarian cancer tissues compared to
normal ovarian tissues (Fig. 7A-F), whereas the protein expression
values of BCL2, DCN, NT5E, and PGR were found to be lower in ovarian
cancer tissues compared to normal ovarian tissues, respectively
(Fig. 7G-J).

3.8. Candidate drugs based on the gene-drug interaction in EOC

A total of 10 genes were used to identify drug repurposing hypoth-
eses; we retained eight unique drug-gene pairs with mechanistically
consistent interactions (Table 1). Most interactions involve approved
agents (7/8; 87.5%), indicating mechanistically plausible drug-gene
links, alongside one investigational AURKA inhibitor (Alisertib). There
are four functional classes of targets: DNA topology (TOP2A) with three
approved cytotoxics (etoposide, teniposide, and epirubicin); a cell-cycle
kinase (AURKA) that is inhibited by alisertib; nuclear hormone receptors
(ESR1) that are modulated by SERMs (tamoxifen and toremifene); the
endocrine GPCR axis (GNRHR) that is engaged by goserelin; and the
apoptosis regulator BCL2 that is inhibited by venetoclax. The direction
of effect is in line with the biology of the target (inhibitors 5/8, antag-
onist/partial agonist 2/8, agonist 1/8), which is in line with a context
that promotes cell growth and regulates EMT.

3.9. miRNAs prediction and assessment in EOC

A total of 1006 miRNAs were predicted based on the 10 hub genes
(Supplementary File 6). A total of 2092 DEmiRNAs were obtained from
GSE216150 with a cutoff of p-value < 0.05 (Supplementary File 7). The
Venn tool was used to identify 401 common miRNAs between predicted
miRNAs and pre-existing miRNAs (Fig. 8A and Supplementary File 8).
The top 10 significant miRNAs were selected (Fig. 8B). A clustering
heatmap was constructed to visualize top DEmiRNAs in EOC (Fig. 8C). A
total of 10 top and common miRNAs were selected, and transcriptomic
expression profiles of those were assessed on epithelial ovarian cancer,
including miR-200c-3p, p-value < 0.001, 95% CI: 3.479-10.90 vs. 0.004-
0.021; miR-378a-3p, p-value = 0.002, 95% CI: 4.446-10.36 vs. 4.27e-
005-0.404; miR-93-5p, p-value < 0.001, 95% CI: 3.319-10.20 vs.
0.014-0.390; miR-30d-5p, p-value = 0.007, 95% CI: 5.621-10.96 vs.
—1.315-4.200; miR-200b-3p, p-value = 0.038, 95% CI: 5.621-10.96 vs.
—1.315-4.200; miR-214-3p, p-value = 0.004, 95% CIL: 0.029-1.100 vs.
1.852 vs. 9.779; miR-451b, p-value < 0.001, 95% CI: —1.237-6.368 vs.
8.932-9.744; miR-630, p-value = 0.038, 95% CI: —1.473-3.758 vs.
—0.245-7.162; miR-423-5p, p-value = 0.004, 95% CIL: 0.061-0.430 vs.
1.793-8.929; and miR-127-3p, p-value = 0.005, 95% CI: —1.037-3.784
vs. 3.33-9.868 (Fig. 8D).

3.10. ROC analysis of miRNAs in EOC

To evaluate the possible diagnostic relevance of the identified
miRNA expression status for distinguishing between epithelial ovarian
cancer and ovarian tissue, ROC analyses were carried out. The analyses
reported miR-200c-3p, AUC = 0.93, 95% CI: 0.80 to 1.00; miR-378a-3p,
AUC = 0.93, 95% CI: 0.80 to 1.00; miR-93-5p, AUC = 0.92, 95% CI: 0.78
to 1.00; miR-30d-5p, AUC = 0.89, 95% CI: 0.72 to 1.00; miR-200b-3p,
AUC = 0.81, 95% CI: 0.57 to 1.00; miR-214-3p, AUC = 0.92, 95% CI:
0.79 to 1.00; miR-451b, AUC = 0.76, 95% CI: 0.48 to 1.00; miR-630,
AUC = 0.81, 95% CI: 0.57 to 1.00; miR-423-5p, AUC = 0.87 and miR-
127-3p, AUC = 0.90 (Fig. 8E).

4. Discussions

In this study, we integrated three independent mRNA datasets and
one miRNA dataset to define a consensus EMT-centered transcriptomic
signature in epithelial ovarian cancer. Across cohorts, we identified 528
differentially expressed genes (131 up-regulated and 397 down-
regulated in EOC vs. normal ovarian tissue), alongside a compact
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panel of ten hub genes and ten candidate miRNAs. By combining Hall-
mark EMT enrichment, EMTome-derived epithelial and mesenchymal
scores, PPI network topology, survival analysis, and drug-gene in-
teractions, we moved from a long list of DEGs towards a regulatory and
therapy-oriented framework for EMT in EOC. Our enrichment analyses
indicate that the consensus up-regulated genes converge on extracellular
matrix (ECM) organization, EMT, and developmental signaling pro-
grams, particularly WNT and TGFf/BMP pathways.

Epithelial ovarian cancer encompasses multiple histological sub-
types, including high-grade serous, endometrioid, clear cell, and
mucinous carcinomas, each characterized by distinct molecular fea-
tures. Due to incomplete and inconsistent subtype annotation across the
public transcriptomic datasets analyzed in this study, EOC was evalu-
ated as a single entity. This heterogeneity may influence EMT-associated
signals, hub gene prioritization, and survival associations, and therefore
represents a limitation of the present analysis. In addition, EMT is
increasingly recognized as a dynamic and plastic process that often oc-
curs as partial or hybrid epithelial-mesenchymal states rather than a
complete phenotypic transition. In this study, EMT is therefore consider
from integrated transcriptomic patterns and pathway-level signatures,
rather than being directly demonstrated through functional or
morphological assays. Accordingly, our findings should be interpreted
as evidence of EMT-associated transcriptional activity and regulatory
engagement, rather than direct experimental validation of EMT itself.

These findings are consistent with the notion that EOC aggressive-
ness is driven not only by proliferative signaling but also by matrix
remodeling, tissue plasticity, and changes in cell-cell and cell-matrix
adhesion [26]. In contrast, the down-regulated consensus genes were
enriched in broader signal transduction and neuropeptide/GPCR-related
communication pathways, suggesting a loss of homeostatic signaling
that may normally constrain tumor progression. Taken together, these
patterns support a model in which EOC tumors adopt an EMT-like,
pro-invasive state characterized by active ECM and morphogen
signaling and concomitant attenuation of regulatory communication
networks. By intersecting our consensus DEGs with the Hallmark EMT
set and correlating them with EMTome signatures, we identified a subset
of EMT-related consensus genes with strong functional links to EMT
biology. NT5E (CD73), VIM, GAS1, and WNT5A showed robust positive
correlations with mesenchymal pathways, whereas their association
with epithelial signatures was weak or absent.

This is consistent with the previously defined functions of vimentin
and the non-canonical WNT signaling pathway within the promotion of
mesenchymal phenotypes and invasive potential for EOC [27,28]. GAS1,
which presented a very strong correlation with mesenchymal NES and
not with epithelial NES, may be a less well-studied EMT effector tran-
script within ovarian cancer [29]. Others, such as EZH2, presented
modest and not significant correlations with the EMT scores, and thus
indicate that, even if deregulated within EOC and of key importance, the
contribution of such factors may be addressed through the action of
chromatin and epigenetic remodeling [30,31].

Based on the PPI networks and CytoHubba, we identified the list of
ten hub genes that are common to both networks and show poor prog-
nosis: AURKA, BIRC5, CDK1, EZH2, HMMR, IQGAP3, BCL2, DCN, NT5E,
and PGR. The expression level of six hub genes (AURKA, BIRC5, CDK1,
EZH2, HMMR, and IQGAP3) was shown to be up-regulated in EOC,
while the other four (BCL2, DCN, NT5E, and PGR) were found to be
down-regulated. Several of these genes have already been shown to be
involved in cell cycle regulation, apoptosis, and EMT events within
ovarian and other cancers. AURKA is a Ser/Thr kinase that participates
in the entry into mitosis, the maturation of centrosomes, and the
segregation of chromosomes [32]. Its overexpression has been linked to
genomic instability, aggressiveness of the clinicopathological charac-
teristics, and a poor prognosis for various cancers, such as ovarian
cancer [33,34]. As shown in the analysis presented, the overexpression
of the gene AURKA correlated with a poor progression-free survival and
the elevated expression of the protein AURKA within the tumor vs.
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Fig. 7. Immunohistochemistry (IHC) analysis illustrating the tissue-specific protein expression levels of hub genes based on the Human Protein Atlas (HPA) website.
A-J Protein expression levels of AURKA, BIRC5, CDK1, EZH2, HMMR, IQGAP3, BCL2, DCN, NT5E, and PGR in normal ovarian tissue compared to ovarian cancer
tissue, respectively, HPA normal and tumor panels drive from different donors used for orthologue corroboration.
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Fig. 8. Visualization of the top 10 differentially expressed miRNAs in epithelial ovarian cancer and receiver operating characteristic (ROC) analysis. A Shows
validation of miRNA between pre-existing mRNA in EOC vs. OV and predicted miRNAs based on hub genes. B Illustrates the 10 top validated miRNAs based on the
transcriptomic profile of GSE216150. C Illustrates a clustering heatmap of 10 top validated miRNAs. D Scatter plots show the gene expression profile of 10 top
validated miRNAs in EOC vs. OV. *p-value < 0.05, **p-value < 0.01, and ***p-value < 0.001. E Illustrates ROC curve analysis for selected miRNAs in EOC.
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normal tissues of the ovary within the Human Protein Atlas.

IQGAP3 is another hub gene that also appeared as a candidate tumor
progression driver. Proteins of the IQGAP family are involved in cyto-
skeletal functions, cell migration, and cell-cell interaction, and the
overexpression of IQGAP3 has been found in colorectal and breast car-
cinomas and is related to aggressive characteristics and poor prognosis
[35,36]. As found in these studies, the overexpression of IQGAP3 and
poor survival were found also in the current analysis of EOC. The
connection between the expression of IQGAP3 and the alteration of the
level of EMT proteins observed in other studies could indicate the
involvement of IQGAP3 in the mediation of the connection between
cytoskeletal changes and EMT-dependent invasion into the ovarian
cancer cell model [37].

Nonetheless, DCN (decorin) and PGR (progesterone receptor) acted
as putative tumor suppressor genes within the network. Decorin is a
small leucine-rich proteoglycan that regulates growth factor and ECM
assembly. DCN repression has been shown to stimulate proliferation,
invasion, and migration of various cancers and modulate target therapy
sensitivity and resistance [38]. Both mRNA and protein expression of
DCN are diminished within EOC and are accompanied by poor survival,
thus validating the putative tumor suppressor action of DCN, which
regulates the ECM and prevents the acquisition of EMT and metastatic
characteristics. PGR has also been historically identified as a positive
prognostic marker within ovarian carcinomas, with elevated receptor
levels correlating with positive outcomes and sensitivity to endocrine
manipulation strategies [39]. As shown within former meta-analysis
studies, the expression of PGR is reduced within EOC versus normal
tissues and underscores the pivotal role of PGR within the regulation of
hormone-dependent differentiation and proliferation within the female
reproductive tract [40-42]. The integration of hub genes with miRNA
predictions and the GSE216150 miRNA dataset yielded a focused panel
of ten candidate miRNAs-miR-200c-3p, miR-378a-3p, miR-93-5p,
miR-30d-5p, miR-200b-3p, miR-214-3p, miR-451b, miR-630,
miR-423-5p, and miR-127-3p that showed significant dysregulation in
EOC vs. normal ovarian tissue.

Several of these miRNAs have been previously implicated in EMT,
chemoresistance, and prognosis of EOC and other cancers. Of specific
interest is the miR-200 family, of which miR-200b-3p and miR-200c-3p
are well-known mediators of EMT through the repression of ZEB1 and
ZEB2 and maintenance of E-cadherin expression levels [43]. The fact
that miR-200c-3p is also up-regulated within EOC and has high diag-
nostic accuracy (AUC ~ 0.9), similar to those studies that found it to be
elevated and correlated with tumor load within the circulation, further
verifies the role of the miR-200 family within EOC as a noninvasive
biomarker and a modulator of EMT.

MiR-378a-3p and miR-214-3p also shown to be important targets in
the current study. MiR-378a-3p has been shown to play a role in chemo
sensitivity to platinum and anti-angiogenic treatments, targeting
MAPK1/GRB2 and other genes related to apoptosis and cell cycle
regulation [44,45]. MiR-214-3p has also been shown to be related to
platinum resistance, apoptosis, and EMT and to be part of regulatory
networks that include IncRNAs such as PVT1 and XIST, and implicated
in ovarian cancer progression [46]. Both miR-378a-3p and miR-214-3p
were found to be significantly differently expressed and relatively good
predictors of the difference between EOC and normal tissues in the
present dataset [44-46]. Although these two microRNAs have not been
shown to regulate EMT directly, they represent attractive candidates for
further functional studies.

Our drug-gene interaction analysis translated the hub gene network
into pathway-based therapeutic hypotheses. Importantly, the identified
drug-gene pairs should be interpreted as hypothesis-generating repur-
posing candidates rather than EMT-specific or EOC-tailored therapeutic
recommendations, as no drug sensitivity or EMT-dependent functional
validation was performed in this study. Eight clinically relevant drug-
gene pairs were prioritized, including the AURKA inhibitor alisertib,
topoisomerase II-targeting agents (etoposide, teniposide, epirubicin)
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against TOP2A, selective estrogen receptor modulators (tamoxifen,
toremifene) targeting ESR1, the GnRH agonist goserelin for GNRHR, and
the BCL2 inhibitor venetoclax. Most of these agents are already
approved for other malignancies, highlighting a degree of translational
readiness [47,48].

The concordant directionality between target biology and drug
mechanism for example, inhibiting overexpressed AURKA or BCL2 is
consistent with a tumor context that favors cell-cycle progression and
survival [48]. Although our analysis is based on in silico interactions
rather than direct drug response data in EOC, it provides a rational
starting point for prioritizing drug-gene axes that intersect EMT and
survival pathways.

Overall, our work supports an EMT-centered view of EOC biology in
which extracellular matrix remodeling, developmental signaling (WNT/
TGFB/BMP), and specific hub genes and miRNAs jointly orchestrate
tumor progression. A key strength of this study is the use of meta-
analysis across multiple cohorts, combined with orthogonal validation
at the protein level and integration with independent EMT signatures
and drug-gene databases. Rather than proposing isolated single-gene
markers, we highlight coherent regulatory modules such as AURKA/
IQGAP3 centered proliferative and migratory circuits, DCN/PGR-linked
protective axes, and miR-200 regulated EMT that can be experimentally
tested and potentially exploited therapeutically.

4.1. Limitations

This study has several limitations. First, all analyses were conducted
on publicly available microarray datasets with relatively modest sample
sizes, which may limit statistical power and generalizability; microarray
cohorts and larger, clinically annotated datasets would provide more
robust validation. Second, although we applied meta-analytic strategies
and harmonized gene symbols across platforms, residual batch effects
and platform-specific biases cannot be completely excluded. Third, EMT
engagement was inferred from transcriptomic signatures and correla-
tions with EMTome-derived epithelial and mesenchymal scores rather
than from direct functional assays, and our findings should therefore be
interpreted as hypothesis-generating. Fourth, the immunohistochem-
istry validation relied on Human Protein Atlas panels derived from
different donors rather than paired normal-tumor samples from the
same individuals, so protein-level differences reflect population-level
rather than within-patient comparisons. Finally, we did not perform
experimental validation of the proposed miRNA-mRNA drug axes; in
vitro and in vivo studies will be required to confirm their mechanistic
roles and therapeutic exploitability in EOC.

5. Conclusion

Using an EMT-focused, systems biology approach, we integrated
mRNA and miRNA expression profiles from multiple GEO cohorts to
define a consensus transcriptomic signature in epithelial ovarian cancer.
We identified a coherent set of dysregulated genes and miRNAs that
converge on EMT, extracellular matrix organization, and developmental
WNT and TGFB/BMP signaling, and distilled these into ten hub genes,
ten candidate EMT-related miRNAs, and eight clinically relevant
drug—gene pairs. Together, these EMT-regulatory axes suggest candidate
diagnostic and prognostic biomarkers, as well as pathway-based thera-
peutic hypotheses, rather than isolated single markers. Future work
should validate these mRNA-miRNA drug modules in independent co-
horts and functional models, with the aim of translating EMT-centered
signatures into clinically actionable tools for risk stratification and tar-
geted therapy in EOC.
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