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Background: Polycystic ovary syndrome (PCOS) is a highly prevalent and complex endocrine-metabolic syndrome, characterized
by impaired folliculogenesis and follicular arrest. The marked clinical heterogeneity observed among PCOS patients is hypothe-
sized to reflect variations in its etiopathogenesis, although the underlying mechanisms remain incompletely elucidated. This study
was conducted employing individual-patient protein-protein interaction (PPI) network analysis to investigate key candidate genes
and their associated signaling pathways in the granulosa cells (GCs) of PCOS patients at a single-patient resolution. The aim of
this study was to provide novel insights and deepen the understanding of the pathogenic mechanisms and heterogeneity of PCOS.
Methods: Data were extracted from three mRNA expression datasets derived from high-throughput sequencing (GSE168404,
GSE155489, and GSE138518) available in the Gene Expression Omnibus (GEO) database. These datasets included 24 samples,
comprising 12 from individuals with PCOS and 12 controls. A gene correlation matrix was generated using control samples to
assess global transcriptional alterations induced by data from individual PCOS patients. Individual-patient PPI networks were
subsequently constructed to identify key candidate genes and molecular subtypes unique to each patient. Gene Ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed via KOBAS-i to elucidate the
underlying biological functions.

Results: A total of 7752 nodes (1978 unique) and 19,219 edges (13,626 unique) were mapped to construct the individual-patient
PPI networks. These networks exhibited considerable variability in terms of nodes (median = 2128, range = 1141-3838) and
edges (median = 2369, range = 903—6237). Despite some shared molecular features, the distinct network architectures observed
in each patient underscored patient-specific variations in gene expression, thereby reflecting the intrinsic heterogeneity of the
PCOS population. To identify key candidate genes, five overlapping nodes (fibronectin 1 (FNI), DNA ligase 3 (LIG3), vesicle
associated membrane protein 2 (VAMP?2), kinesin family member 23 (KI1F23), pescadillo ribosomal biogenesis factor 1 (PEST))
were extracted from these networks, and KIF23, along with protein regulator of cytokinesis 1 (PRCI), were identified as common
hub genes when analyses were restricted to more than 50% of patients. Furthermore, four signaling pathways, cyclic Guanosine
Monophosphate-Protein Kinase G (¢cGMP-PKG), Wingless/Int-1 (Wnt), Relaxin, and Apelin, were differentially enriched across
all individual-patient PPI networks. These pathways were distinct from those enriched with differentially expressed genes (DEGs)
between the PCOS and control groups.

Conclusion: This study revealed patient-specific variations in gene expression by examining distinct network characteristics across
individuals, highlighting the molecular heterogeneity inherent in PCOS. In addition to identifying candidate genes and signaling
pathways enriched with DEGs, KIF23 emerged as a potential hub gene due to its ubiquitous presence. Additionally, the cGMP-
PKG, Whnt, relaxin, and apelin signaling pathways were identified as potential core signaling pathways. However, these findings
require further experimental validation through comprehensive in vivo and in vitro studies to establish their biological relevance.
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Introduction

Polycystic ovary syndrome (PCOS) is a preva-
lent endocrine-metabolic disorder affecting 5-20% of
reproductive-aged women worldwide, which is character-
ized by hyperandrogenaemia (HA), insulin resistance (IR),
gonadotropin imbalance (elevated Luteinizing Hormone
(LH)/Follicle-Stimulating Hormone (FSH) ratios), and in-
creased cardiometabolic risks [1-3]. Central to its patho-
genesis is aberrant folliculogenesis and follicular arrest,
wherein impaired granulosa cell (GC) function disrupts fol-
licle maturation and ovulation. Recent studies have demon-
strated that GC dysfunction in PCOS involves profound
metabolic reprogramming, including altered glycolysis-
oxidative phosphorylation balance [4], defective branched-
chain amino acid (BCAA) catabolism due to protein phos-
phatase, Mg?t/Mn?* dependent 1K (PPMIK) downregu-
lation [5], and endoplasmic reticulum stress-induced fer-
roptosis [2]. These alterations directly compromise follicu-
lar development and oocyte competence.

GCs orchestrate folliculogenesis through multiple
mechanisms: (1) regulating steroidogenesis and go-
nadotropin sensitivity via autocrine/paracrine signaling
(e.g., the Interleukin-22/Signal Transducer and Activator
of Transcription 3 signaling pathway (IL-22/STAT3 path-
ways)) [1,6]; (2) supplying oocytes with nutrients (glu-
tamine, BCAA) and metabolic intermediates [3,5]; and
(3) sustaining gap junction-mediated transfer of regulatory
molecules (e.g., Connexin 43 (Cx43)/Gap Junction Protein,
Alpha 1 (GJAI)) essential for oocyte development [3,5,7].
In PCOS, hyperandrogenaemia disrupts these functions by
inducing GC apoptosis via C-X-C Motif Chemokine Ligand
10 (CXCL10)-Janus Kinase (JAK) signaling [7], inhibiting
exocytosis of essential factors (Syntaxin 6 (Stx6), Synap-
tosomal Nerve-Associated Protein 25 (SNAP25)) [8], and
impairing metabolic homeostasis (e.g., mechanistic Tar-
get of Rapamycin-mediated signaling pathways (mTOR-
mediated pathways)) [3,9]. Consequently, follicular arrest
and anovulation arise from GC dysfunction, highlighting
therapeutic targets such as rapamycin [9] and liraglutide [7]
that restore GC-oocyte crosstalk.

Although significant progress has been made in un-
derstanding granulosa cell pathophysiology in PCOS, the
core mechanisms underlying this disorder remain incom-
pletely understood [10]. Transcriptomic analysis in PCOS
granulosa cells has emerged as a powerful approach to iden-
tify molecular signatures of ovulatory dysfunction and to
discover potential biomarkers and therapeutic targets [11,
12]. Recent transcriptomic studies revealed dysregulation
of key signaling pathways, including mitogen-activated
protein kinase (MAPK), Wingless/Int-1 (Wnt), and trans-
forming growth factor-beta (TGF-S) pathways in granu-
losa cells [13]. Furthermore, Toll-like receptor and NOD-
like receptor pathways were enriched and mechanistically
linked to macrophage pyroptosis in PCOS ovaries [10].

Biomarker investigations identified mevalonate diphos-
phate decarboxylase (MVD) and patatin like domain 3, 1-
acylglycerol-3-phosphate O-acyltransferase (PNPLA3) as
significantly dysregulated genes in granulosa cells associ-
ated with metabolic dysfunction [11,14], whereas multi-
omics approaches implicated ferroptosis mediated by So-
lute Carrier Family 7 Member 11 (SLC7A11)/Glutathione
Peroxidase 4 (GPX4) in granulosa cells [15]. Regard-
ing apoptosis regulation, DLG associated protein 5 (DL-
GAPS) has emerged as an anti-apoptotic regulator overex-
pressed in PCOS GCs, promoting cell viability and pro-
liferation [16], in contrast with earlier findings implicat-
ing forkhead box O3 (FoxO3). Transcriptomic profiling
consistently identified hundreds of differentially expressed
genes (e.g., 545 deregulated genes identified [11]; 705 dif-
ferentially expressed genes (DEGs) with pathway enrich-
ment [13]) and diverse noncoding RNAs, including mi-
croRNAs (miRNA) (e.g., miR-205-5p [14]), circular RNAs
(circRNA), and long non-coding RNAs (IncRNA) that form
complex regulatory networks. Alternative splicing analy-
sis further uncovered >1200 differential events affecting
endoplasmic reticulum stress responses and Yes-associated
protein 1 (YAP1) signaling in granulosa cells [12]. Col-
lectively, these findings have advanced the understanding
of PCOS pathology but underscore the need for further in-
tegration of transcriptomic dysregulation, metabolic repro-
gramming [4,17], and immune-microenvironment interac-
tions [10] within granulosa cells.

Conventional approaches that focus solely on rare ge-
netic variants or transcriptomic fold changes often overlook
the intricate molecular interactions underlying the hetero-
geneity of PCOS. Given the considerable variability in clin-
ical manifestations among individuals, personalized path-
way analysis is crucial for the development of effective
therapeutic interventions. A landmark study by Maron et
al. [18] was the first to apply patient-specific protein-
protein interaction (PPI) networks to uncover unique patho-
logical mechanisms in hypertrophic cardiomyopathy. Their
findings demonstrated that individualized network analy-
ses provide essential insights into disease mechanisms and
clinically relevant phenotypic diversity at the single-patient
level [18]. Building on this innovative methodology, the
present study aimed to adapt the framework established by
Maron et al. [18] to investigate the molecular pathology of
granulosa cells in PCOS patients through personalized PPI
network analysis, thereby facilitating patient-specific char-
acterization of disease mechanisms.

Materials and Methods

In this study, we developed PPI networks to investi-
gate distinct pathological mechanisms present in the GCs
of patients with PCOS, using RNA sequencing (RNA-Seq)
data obtained from the Gene Expression Omnibus (GEO)
database (a public functional genomics data repository,
maintained by the National Center for Biotechnology Infor-
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Table 1. GEO datasets used in the study.

Submissi Sample Si
GSE IDs Contributors wpmission Overall Design _Dample S1ze. Platform ID Platform Description
Date C P
GSE168404 Zhao et al. [19] 8-Mar-2021 Granulosa cells from five women 5 5 GPL16791 Illumina High-Throughput

with PCOS and five age- and
BMI-matched controls

Sequencing 2500 System (HiSeq
2500) (Homo sapiens)

GSE155489 Lietal [20] 8-Sep-2020  Oocytes and GCs from three 4 4 GPL20795 Illumina High-Sequencing X Ten
PCOS patients compared with System (HiSeq X Ten) (Homo
age-matched non-PCOS women sapiens)
GSE138518 Maoetal. [21] 8-Oct-2019  Ovarian granulosa cells from 3 3 GPL11154 Illumina High-Throughput

PCOS patients and healthy

controls

Sequencing 2000 System (HiSeq
2000) (Homo sapiens)

Notes: C, control; P, PCOS; GEO, Gene Expression Omnibus.

mation (NCBI) in Bethesda, MD, USA. https://www.ncbi.n
Im.nih.gov/geo/). Applying a meta-analytical approach, we
systematically standardized and integrated multiple case-
control datasets. A gene correlation matrix derived from
control samples served as a reference to detect systemic
transcriptional alterations, incorporating data from individ-
ual PCOS patients. Individual-patient PPI networks were
subsequently constructed to classify molecular subtypes
and identify key regulatory elements within relevant bio-
logical processes and signaling pathways.

The overall experimental design and analytical
pipeline employed in this study are schematically illustrated
in Fig. 1.

Data Collection

On November 5, 2021, the GEO database was
systematically searched to identify high-throughput se-
quencing datasets reporting GC gene expression in pa-
tients with PCOS. The search strategy used the following
query: (“polycystic ovary syndrome”[MeSH Terms] OR
“polycystic ovarian syndrome”[All Fields]) AND “gran-
ulosa cells”[All Fields] AND “Homo sapiens”[porgn]
AND (“gse”[Filter] AND “Expression profiling by high-
throughput sequencing”[Filter]).

This search initially retrieved six datasets. Three were
excluded due to the presence of pharmacological inter-
ventions (GSE146856), composite data (GSE138575), or
lack of control groups (GSE124968). The remaining three
datasets (GSE168404, GSE155489, and GSE138518) satis-
fied all inclusion criteria, as detailed in Table 1 (Ref. [19—
21]), Supplementary Table 1, and Fig. 1. These datasets
comprised study populations divided into PCOS and control
groups. Although GSE168404 contained DNA methyla-
tion and IncRNA-miRNA-mRNA data, only RNA sequenc-
ing (RNA-Seq) results were analyzed to ensure consistency
with PPI analysis. Similarly, while GSE155489 included
both oocytes and GC data, only the GC-specific expression
profiles were retained to focus exclusively on GC-specific
molecular signatures.

RNA-Seq Data Preprocessing and Analysis

The RNA-Seq data (detailed in Supplementary Ta-
ble 2) were obtained from the European Nucleotide
Archive (ENA a comprehensive public nucleotide sequence
database, maintained by the European Molecular Biology
Laboratory’s European Bioinformatics Institute (EMBL-
EBI) in Hinxton, Cambridge, UK. https://www.ebi.ac.uk/
ena/browser/home) for the selected GEO datasets. Ini-
tial quality control was performed using FastQC soft-
ware (version 0.11.9), which developed by the Babra-
ham Institute (Cambridge, UK) and was used for sequenc-
ing quality control. Sequencing reads were trimmed us-
ing Trimmomatic (version 0.39, an open-source bioin-
formatics tool developed by Bjorn Usadel et al. and
based in Aachen, Germany) with stringent parameters (-
PE -phred33 -SLIDINGWINDOW:4:15 -LEADING:10 -
TRAILING:3 -MINLEN:36 -ILLUMINACLIP: TruSeq3 -
PE -2.fa:2:30:10:1: TRUE) to ensure high-quality sequenc-
ing data. Transcript abundances were quantified using
kallisto (version 0.46.2, an open-source RNA-seq quan-
tification tool developed by Lior Pachter and based at the
California Institute of Technology in Pasadena, CA, USA)
with default settings, employing an index built from the hu-
man transcriptome fasta file (GRCh38.p13, RefSeq, https:
/lwww.ensembl.org).

Transcript-level abundance estimates were imported
into R (version 4.1.2, an open-source programming lan-
guage for statistical computing developed by the R Core
Team and maintained by the R Foundation in Vienna, Aus-
tria) and aggregated into gene-level counts and expres-
sion values using the tximport package (version 1.22.0,
an R/Bioconductor package for transcript-level data im-
port and summarization developed by Michael Love et
al. and maintained as part of the Bioconductor project
based in the USA) with the parameters: type = “kallisto”,
countsFromAbundance = “lengthScaledTPM”. Batch ef-
fects across datasets were corrected using ComBat seq
from the sva package (version 3.42.0, an R/Bioconductor
package for removing batch effects in genomic data devel-
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GEO dataSets

Search Term:polycsystic ovary syndrome
Organism:Homo sapiens

Filterd by:gse & Expression profiling by high
throughput sequencing & granulosa cells
Search time: 2021.11.05

A

removed

1.GSE146856 (DHT was used)
2.GSE138575 (composed of GSE138518,
GSE138572, GSE138573)

3.GSE124968 (only composed PCOS)

Dataset for analysis (n=3)

1.GSE168404
1

a . .
Pearson Correlation Matrix

2.GSE155489
3.GSE138518

J tm

(%wo-tailed Z-test, p values were adjusted by the Bonferroni correction procedure for multiple comparison

gene pairs whose correlations

were significantly different
(p <0.05)

dmapped to the consolidated human interactome

\ A
RNA-Seq overlapped Individual-
exp- genes of patient PPI
data matrix 29samples orks
Hierarchicaal clustering
v based on Network distance
Hub genes molecular
subtype
cluster
Exp-data Enrichment
overlapped
1l genes of
Gene-list Enrichment each cluster

KOBAS-i
GO/KEGG

Fig. 1. Workflow for constructing patient-specific PPI networks in PCOS. Schematic overview of the methodological framework
applied in this study. RNA sequencing (RNA-Seq) data were computationally processed to classify samples into control (non-PCOS,
n = 12, labeled C1-C12) and PCOS groups based on clinical diagnoses. (a) For the control group, normalized read counts were used
to calculate Pearson correlation coefficients () between all possible gene pairs following quality filtering, where N represents the total
number of pairwise correlations and m the total gene count in the dataset. (b) To evaluate network disruptions, an iterative perturba-
tion analysis was performed by sequentially integrating each PCOS patient’s transcriptomic profile into the control expression matrix,
yielding modified correlation coefficients (»"). This process was repeated for all 12 PCOS patients. (c) Differential network analysis
was conducted to identify statistically significant alterations between baseline () and perturbed () states using two-tailed Z tests with
Bonferroni-adjusted p-values to correct for multiple testing. (d) Significantly altered gene pairs (g1 to g2) were subsequently mapped onto
a comprehensive human interactome database, comprising 19,304 proteins and 1,157,032 documented interactions. PPI, protein-protein

interaction; PCOS, Polycystic ovary syndrome.
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oped by Jeffrey T. Leek et al. and maintained by the Bio-
conductor project in the USA). The processed data were
subjected to differential expression analysis using DESeq2
(version 1.34.0, an R/Bioconductor package for differen-
tial gene expression analysis developed by Michael Love
et al. and maintained by the Bioconductor project in the
USA). Significantly differentially expressed genes (DEGs)
were defined as those with |log2 fold change| >1.5 and p-
values < 0.05. Finally, dimensionality reduction was per-
formed with the uniform manifold approximation and pro-
jection (UMAP) algorithm using the umap package (ver-
sion 0.2.7.0, a dimensionality reduction package available
for R developed by Leland Mclnnes ez al. and maintained as
an open-source project with global contributors), employ-
ing the “naive” method with n_neighbors set to 6. This
approach facilitated visualization of batch correction out-
comes and provided a low-dimensional representation of
transcriptomic profiles.

Identifying the Personalized Gene Pairs in Each
Patient

To ensure robust analysis, only genes with counts >10
across all control samples were retained for further exam-
ination. The Pearson correlation coefficient (PCC, r) was
calculated for each gene pair using the filtered normalized
read counts from all control cohorts (n = 12), thereby es-
tablishing the control gene-pair correlation matrix (Fig. 1).
The filtered normalized read counts from each PCOS pa-
tient were subsequently integrated into the control correla-
tion matrix, and a new PCC (r’) was calculated for all gene
pairs (Fig. 1). Afterwards, the PCOS patient-filtered read
counts were excluded from the matrix, and this procedure
was iteratively repeated for each PCOS patient (n = 12).
Gene pairs exhibiting significant perturbations were identi-
fied by comparing the » and r’ values (APCCs) using two-
tailed Z tests, with p-values adjusted via Bonferroni correc-
tion (significance threshold: adjusted p < 0.05) [18].

To visualize patient-specific dysregulated gene pairs,
UMAP (implemented with the umap package, version
0.2.7.0, a dimensionality reduction package available for
R developed by Leland Mclnnes ez al. and maintained as
an open-source project with global contributors) was em-
ployed with the following parameters: method = “naive”,
n_neighbors = 2.

Building Individual—-Patient Networks and Analysis

For network construction, the significant gene pairs
were mapped to a comprehensive human interactome
encompassing 19,304 proteins and 1,157,032 interac-
tions. This interactome was compiled from three curated
databases: HINT (a bioinformatics resource for histone
modification interactions, maintained by the Baylor Col-
lege of Medicine in Houston, Texas, USA. http://hint.yulab
.org), PICKLE (a protein interaction and compound knowl-
edge database developed and maintained by the Institute
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of Biosciences & Applications at the National Centre for
Scientific Research “Demokritos” in Athens, Greece. http:
//www.pickle.gr), and STRING (version 11.5, a protein-
protein interaction network database developed and main-
tained by the Swiss Institute of Bioinformatics (SIB) and
consortium partners in Lausanne, Switzerland. https:/cn.s
tring-db.org), all maintaining confidence scores >0.4. Data
were retrieved on December 12,2021 (Fig. 1). The mapped
gene pairs facilitated the construction of an individual-
patient PPI network for each PCOS patient. The result-
ing networks were analyzed and visualized using Cytoscape
(version 3.9.0, an open-source network visualization and
analysis platform developed by an international consortium
led by the University of California San Diego and main-
tained primarily from La Jolla, CA, USA). To identify key
regulators, the cytoHubba plug-in was applied, ranking hub
genes based on degree centrality, with a specific focus on
those exhibiting degrees >20.

Identification of Molecular Subtypes

Agglomerative hierarchical clustering was employed
to stratify PCOS patients based on their individual-patient
PPI networks, using network distances and the Consensus-
ClusterPlus R package (version 1.58.0, an R/Bioconductor
package for consensus clustering analysis developed by
Matt Boehmke ef al. and maintained by the Bioconductor
project in the USA). The parameters were configured as fol-
lows: maximum number of clusters (maxK) = 6, repetitions
(reps) = 10,000, proportion of items sampled (pltem) = 0.8,
proportion of features sampled (pFeature) = 1, clustering al-
gorithm (clusterAlg) = hierarchical clustering (hc), distance
metric = network distances, and random seed = 1234,

The network distance between samples was defined
analogously to the Jaccard similarity coefficient:

dy—1— |E;r N Ey|
|E; U Ey]

Where d;; represents the network distance between samples

iandj; E; and E; denote the sets of edges for the networks

of samples 7 and j, respectively; | E; N E;| is the number of

overlapping edges between samples 7 and j; and | E; U E;|

is the total number of edges for samples i and ;.

GO and KEGG Analysis

To elucidate the underlying biological functions, the
RNA-Seq expression data matrix, the expression matrix of
genes from overlapping gene pairs, genes within individual-
patient-PPI networks, hub gene list for each patient, and the
overlapping gene pairs of each cluster were analyzed us-
ing Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGQ) analyses through KOBAS-I (a web-
based tool for gene function annotation and pathway en-
richment analysis, developed and maintained by the Center
for Bioinformatics at Peking University in Beijing, China.
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http://bioinfo.org/kobas). These analyses were performed
using expression data enrichment and gene-list enrichment
approaches.

Statistical Methods

Statistical analyses were conducted via SPSS (version
25.0, a proprietary statistical analysis software suite devel-
oped and maintained by IBM in Armonk, NY, USA). Con-
tinuous variables are summarized based on their distribu-
tion characteristics. Normally distributed data are presented
as the mean + standard deviation (SDs), and between-group
comparisons were evaluated via two-tailed Student’s un-
paired ¢ _tests. Non-normally distributed variables were ex-
pressed as median (interquartile range, IQR) with group
comparisons performed via Mann-Whitney U tests (for two
independent groups). A p-value of less than 0.05 and a false
discovery rate of less than 0.05 were considered statistically
significant.

Results

Transcriptomic Profile and Differentially Expressed
Genes (DEGs) Between Control and Polycystic
Ovary Syndrome (PCOS) Cohorts

The RNA sequencing (RNA-Seq) raw count ma-
trix comprised 38,511 genomic features derived from 24
samples, including 12 PCOS patients and 12 control
subjects. Transcript pseudoalignment, performed with
Kallisto, yielded an average alignment rate of 57.73%
+ 19.92% across all samples, with no statistically sig-
nificant differences between the PCOS group (56.40% =+
21.64%) and the control group (59.06% + 18.89%, p =
0.751) (Supplementary Table 3). After normalization,
Uniform manifold approximation and projection (UMAP)
visualization confirmed effective correction of batch effects
and revealed pronounced separation among PCOS patients
(Fig. 2A), suggesting transcriptional heterogeneity within
the cohort.

DEGs were identified using DESeq2 to character-
ize molecular differences between the PCOS and control
groups. Based on the criteria of |log2 fold change| >1.5 and
adjusted p-values < 0.05, a total of 407 DEGs were iden-
tified between control and PCOS granulosa cells (GCs),
including 68 downregulated and 339 upregulated genes
(Fig. 2B; Supplementary Table 4). The expression pat-
terns of the top 50 genes with the lowest p-values are shown
in a heatmap (Fig. 2C), which demonstrates the potential to
classify samples into two distinct groups.

Identification of Personalized Gene Pairs in Each
Patient and Biofunctional Analysis

The RNA-Seq dataset initially comprised 38,511 ge-
nomic features. Of these, 1650 features were excluded
due to zero counts across all 12 control samples. Subse-
quently, only genes with counts of >10 in all control sam-

ples were retained, resulting in the removal of 23,439 genes.
This filtering process yielded a final set of 13,422 genes
for downstream analysis. To construct PCOS patient net-
works, a Pearson’s correlation matrix was generated using
transcriptomic data from the control cohort, encompassing
90,068,331 correlations among the 13,422 genes (Fig. 1).
The PCCs (r and r’) for each gene pair were >0, indicating
positive correlations between the expression levels.

By analyzing the single-patient transcriptomic pro-
files of 12 PCOS patients, a total of 13,275 genes
(none of which were unique) and 3,274,238 correla-
tions, including 2,250,324 unique and statistically sig-
nificant gene pairs, were identified. UMAP plots
of the dysregulated personalized gene pairs revealed
marked separation among PCOS patients (Fig. 2D).
Within this dataset, seven gene pairs were consistently
dysregulated: alpha-1,6-mannosylglycoprotein 6-beta-N-
acetylglucosaminyltransferase (MGATS5)-BMS1 ribosome
biogenesis factor (BMSI), proprotein convertase subtil-
isin/kexin type 6 (PCSK6)-nicotinamide riboside kinase 1
(NMRK1), solute carrier family 2 member 1 (SLC241)-
nicotinamide riboside kinase 1 (NMRKI), CTR9 com-
ponent of Pafl/RNA polymerase II complex (CTRY)-
SEC14 like lipid binding 2 (SECI4L2), glyceraldehyde-
3-phosphate dehydrogenase, spermatogenic (GAPDHS)-
GDP-mannose pyrophosphorylase B (GMPPB), mitochon-
drial ribosomal protein L13 (MRPLI3)-kringle contain-
ing transmembrane protein 2 (KREMEN?Z2), and Rho GT-
Pase activating protein 28 (ARHGAP28)-ajuba LIM protein
(AJUBA). Furthermore, 11,184 genes were common across
all 12 patients, while 13,264 genes and 1314 gene pairs (in-
volving 1302 genes) were found to be consistently dysreg-
ulated in more than 75% of the patients (Fig. 2E, Supple-
mentary Table 5).

The number of personalized gene pairs varied across
patients, both in terms of genes (median = 13,063, range
12,441-13,258) and gene pairs (median = 411,989, range
164,980-765,706) (Fig. 2F). Similarly, the number of gene
pairs with increased correlation (APCC >0; median =
8742, range 375-34,443) and those with decreased cor-
relation (APCC <0; median = 403,248, range 164,605—
756,502) also varied between patients (Fig. 2F).

In total, 97,479 perturbed gene pairs were identified,
alongside the loss of 3,176,407 correlations. Upon indi-
vidual analysis of the single-patient transcriptomic profiles
from the 12 PCOS patients, 352 gene pairs showed in-
creased PCCs across the remaining samples. Among these,
123 exhibited an increase in sample counts, 19 showed a de-
crease, and 210 maintained equal counts (Supplementary
Table 6). For the 1314 gene pairs consistently dysregulated
in more than 75% of the patients, APCC values were neg-
ative in all cases (Supplementary Table 5).
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Fig. 2. Transcriptomic variance in PCOS patients compared with controls. (A) UMAP visualization of transcriptomic profiles
following normalization and batch effect correction. (B) Volcano plots of DEGs. (C) Heatmaps of DEGs. (D) UMAP visualization
of dysregulated personalized gene pairs. (E) Bar plot showing the frequency of genes, gene pairs, correlation-gained gene pairs, and
correlation-lost gene pairs across PCOS samples (n = 12). (F) Bar plot showing the counts of genes, gene pairs, correlation-gained gene
pairs, and correlation-lost gene pairs in each sample. (G,I) Bar plots of GO enrichment results for all genes in the RNA-Seq dataset
(38,511 genes) and for the subset of genes in overlapping pairs (1302 genes), respectively. (H,J) cirFunMap visualizations of the KEGG
pathway enrichment results for the RNA-Seq dataset (38,511 genes) and overlapping gene pairs (the 1302 genes), respectively. UMAP,

uniform manifold approximation and projection; DEGs, differentially expressed genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia
of Genes and Genomes.
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Table 2. Jaccard-containment of nodes and edges in individual-patient PCOS network pairs.

Node

GSM4110159 GSM4110160 GSM4110161 GSM4705203 GSM4705204 GSM4705205 GSM4705206 GSM5138279 GSM5138280 GSM5138281 GSM5138282 GSM5138283 Key

GSM4110159
GSM4110160
GSM4110161
GSM4705203
GSM4705204
GSM4705205
GSM4705206
GSM5138279
GSM5138280
GSM5138281
GSM5138282
GSM5138283

0.27 0.36
0.36

0.33
0.33
0.31
0.33
0.36 0.30
0.39

0.25
0.25
0.25
0.25
0.23
0.25
0.26

0.36
0.36
0.33
0.31
0.31
0.29
0.32
0.32

0.33
0.37
0.38
0.32
0.31
0.30
0.33
0.33
0.36

Edge

GSM4110159 GSM4110160 GSM4110161 GSM4705203 GSM4705204 GSM4705205 GSM4705206 GSMS5138279 GSM5138280 GSM5138281 GSM5138282 GSM5138283

GSM4110159
GSM4110160
GSM4110161
GSM4705203
GSM4705204
GSM4705205
GSM4705206
GSM5138279
GSM5138280
GSM5138281
GSM5138282
GSM5138283

0.23

Notes: The top panel presents nodes (proteins in the networks) shared between individual patient-specific PCOS networks, while the bottom panel presents edges (protein-protein interactions) shared between

individual patient-specific PCOS networks. The Jaccard-Containment index (JC) is defined as: JCs_,5 =|A N B|/|A|, where A and B are two networks being compared. A value of 1 indicates full overlap,
while 0 indicates no overlap. Jaccard-Containment index (non-normal): Node = 0.385 (0.32-0.44), Edge = 0.12 (0.10-0.14); U =1, p < 0.0001. The background colors in the table visually represent the
Jaccard-Containment index (JC) values. This gradient color scale allows for intuitive interpretation of similarity or containment strength between datasets. The intensity of the color corresponds directly to
the magnitude of JC.
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Table 3. Network characteristics of individual PCOS patient-specific networks.

Patient ID No. No. Avg. No. of Diameter Radius Characteristic Clustering Density Hetero- Centra- No. Connected
Nodes Edges Neighbors Path Length  Coefficient geneity lization Components
GSM4110159 1141 903 2.040 27 14 10.654 0.000 0.005 1.247 0.066 247
GSM4110160 1340 1080 2.049 31 16 12.591 0.000 0.006 1.076 0.049 274
GSM4110161 2197 2241 2.357 20 11 7.860 0.001 0.002 1.259 0.034 238
GSM4705203 2486 2897 2.677 23 13 7.585 0.008 0.001 1.165 0.016 228
GSM4705204 2562 3141 2.791 25 13 7.457 0.005 0.001 1.486 0.029 215
GSM4705205 2494 2339 2.239 27 14 9.228 0.002 0.001  1.357 0.046 343
GSM4705206 1819 1748 2.392 29 15 9.850 0.006 0.002 1.134 0.024 281
GSM5138279 1268 1154 2.225 20 11 8.064 0.003 0.003  1.328 0.041 199
GSM5138280 1836 1670 2.151 32 16 10.511 0.000 0.002  0.955 0.023 253
GSM5138281 1873 1752 2218 22 12 8.387 0.000 0.002 1.079 0.024 251
GSM5138282 2679 3270 2.711 17 9 6.734 0.000 0.001 1.206 0.025 196
GSM5138283 3838 6237 3.481 16 8 5.916 0.003 0.001 1.316 0.019 161

Notes: Ave, average; No, number.

To further elucidate biological functions, Gene Ontol-
ogy (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) enrichment analyses were performed on the
38,511 genes identified in the RNA-Seq dataset as well as
on the 1302 genes within the overlapping gene pairs.

The GO enrichment analysis of the 38,511 genes iden-
tified 5785 GO categories, of which 1567 were signifi-
cantly enriched (enrichmentRes = TRUE) (Supplementary
Table 7). The most prominent enriched terms included
epithelial cell proliferation (GO:0050673), blood vessel
morphogenesis (GO:0048514), homophilic cell adhesion
via plasma membrane adhesion molecules (GO:0007156),
morphogenesis of a branching epithelium (GO:0061138),
and negative regulation of locomotion (GO:0040013).
The top 20 GO terms are shown in Fig. 2G. Similarly,
KEGG enrichment analysis revealed 281 KEGG pathways,
with 151 significantly enriched (enrichmentRes = TRUE)
(Supplementary Table 8). These pathways together with
their enrichment p-values (unfiltered) were visualized using
cirFunMap, with correlation >0.25 and top n =7 (Fig. 2H).

The GO enrichment analysis of the 1302 identified
5785 GO categories, of which 602 were significantly en-
riched (enrichmentRes = TRUE) (Supplementary Table
9). The top five terms included pyruvate metabolic process
(G0O:0006090), response to peptide (GO:1901652), cellu-
lar response to organonitrogen compound (GO:0071417),
positive regulation of the cellular catabolic process
(GO:0031331), and cellular response to insulin stimulus
(GO:0032869). The top 20 enriched terms are presented
in Fig. 2I. Concurrently, KEGG enrichment analysis of
the same gene set revealed 281 KEGG functions, with 78
showing significant enrichment (enriched Res = TRUE)
(Supplementary Table 10). These pathways, along with
their calculated enrichment p-values (unfiltered), were vi-
sualized using cirFunMap (correlation >0.25; top n = 7)
(Fig. 2J).

Individual-Patient Networks and Functional
Enrichment Analysis

The dysregulated gene pairs were integrated into
the consolidated human interactome to construct patient-
specific protein-protein interaction (PPI) networks. In to-
tal, 7752 nodes (1978 unique), representing proteins within
the networks, and 19,219 edges (13,626 unique), represent-
ing protein interactions, were used to construct individual-
patient PPI networks (Fig. 3A, Supplementary Table 11).
Among these nodes, five nodes (fibronectin 1 (FN/7), DNA
ligase 3 (LIG3), vesicle associated membrane protein 2
(VAMP?2), kinesin family member 23 (KIF23), pescadillo
ribosomal biogenesis factor 1 (PES/)) were common across
all patients, whereas no edges were universally shared. Ad-
ditionally, 1629 nodes and 3488 edges were shared between
2 patients (Fig. 3A).

The patient networks demonstrated marked variabil-
ity in terms of genes (median = 2128, range = 1141-3838)
and gene pairs (median = 2369, range = 903—6237). Simi-
larly, the number of gene pairs with correlation gain (APCC
>0; median = 33, range = 1-209) and correlation loss
(APCC <0; median = 2337, range = 901-6028) also var-
ied considerably (Fig. 3B). Graphical representations of the
individual-patient PPI networks are shown in Fig. 3C.

Although pairwise comparisons revealed shared nodes
and edges across patient networks, the proportion of shared
elements varied considerably. Notably, node overlap (me-
dian Jaccard-Containment Index [JC] = 0.385, IQR =0.32—
0.44) was significantly greater than edge overlap (median
JC=0.12,1QR =0.10-0.14; p < 0.0001) (Table 2).

To obtain a more comprehensive characterization of
the individual-patient PPI networks, multiple topologi-
cal network features, including average number of neigh-
bors, network diameter, network radius, characteristic path
length, clustering coefficient, network density, network
heterogeneity, network centralization, and connected com-
ponents, were calculated for each PCOS patient (Table 3).
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Fig. 3. Individual protein-protein interaction (PPI) networks (reticulotypes) for all PCOS patients. (A) Bar plot showing the
frequency of utilization of genes, gene pairs, correlation-gained gene pairs, and correlation-lost gene pairs used to construct individual-
patient networks across samples within the PCOS cohort (n = 12). (B) Bar plot showing the counts of genes, gene pairs, correlation-gained
pairs, and correlation-lost pairs employed in the construction of individual-patient networks for each sample. (C) Individual-patient PPI
network for all PCOS patients, with yellow nodes indicating the top 20 hub genes ranked by node degree.
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Notably, the GSM5138283 network was larger than those
of other PCOS patients.

To explore the biological functions of these networks,
GO and KEGG enrichment analyses were performed on
the nodes of each individual-patient network. The GO en-
richment analysis identified 2460 enriched categories (cor-
rected p-value < 0.01, Supplementary Table 12). No-
tably, 182 GO terms were consistently observed across
all individual-patient-PPI networks. The most prevalent
GO terms included protein binding (GO:0005515), cy-
tosol (GO:0005829), nucleoplasm (GO:0005654), nucleus
(GO:0005634), cytoplasm (GO:0005737), RNA binding
(G0:0003723), membrane (GO:0016020), extracellular ex-
osome (GO:0070062), ATP binding (GO:0005524), and
identical protein binding (GO:0042802). The top 20 GO
terms for each individual-patient PPI network are illustrated
in Supplementary Fig. 1.

The KEGG enrichment analysis identified 329 func-
tions (Supplementary Table 13), of which 278 were sig-
nificantly enriched (corrected p-value < 0.01, Supple-
mentary Table 14). Among these, 22 KEGG signal-
ing pathways and 58 non-signaling KEGG functions were
consistently shared across all individual-patient PPI net-
works. The enriched terms, along with calculated en-
riched p-values (unfiltered), were subsequently visualized
using cirFunMap with a correlation >0.35 and top n = 7
(Supplementary Fig. 1).

Hub Genes of Each Individual-Patient Network and
Functional Enrichment Analysis

Hub genes play crucial roles in regulating other
genes within a network and are often associated with
diseases, contributing significantly to the development
of complex traits. In this study, hub genes were defined
as those with a connectivity degree >20, indicating the
number of direct interactions with other genes. From the
analysis of the individual-patient PPI network, a total
of 168 genes (125 unique) were identified as hub genes
based on node degree (Fig. 3C, Supplementary Table
15). Notably, two genes, KIF23 and protein regulator of
cytokinesis 1 (PRCI) consistently emerged as common
hub genes when restricted to patients in which these
genes were detected in more than 50% of the cases

(KIF23: GSM4110159, GSM4705203, GSM4705205,
GSM5138280, GSM5138282, GSM5138283;
PRCI: GSM4110161, GSM4705205, GSM4705296,

GSM5138279, GSM5138280, GSM5138283).

To elucidate the biological functions, GO and KEGG
gene-list enrichment analyses were performed for each
of the top 20 nodes. GO enrichment analysis identi-
fied 267 significantly enriched GO categories (corrected
p-value < 0.01, Supplementary Table 16). Notably, the
GO term protein binding (GO:0005515) was consistently
enriched across all the individual-patient PPI networks.
Additionally, the terms cytosol (GO:0005829), cytoplasm

(G0O:0005737), nucleoplasm (GO:0005654), RNA bind-
ing (GO:0003723), membrane (GO:0016020), and nucleus
(GO:0005634) were frequently enriched when restricted to
symbols present in more than 50% of the networks. The
top 20 GO terms for each of the top 20 nodes are shown
in Fig. 4. KEGG enrichment analysis revealed 230 KEGG
pathways (Supplementary Table 17), of which 179 were
significantly enriched (corrected p-value < 0.05, Supple-
mentary Table 18). Among these, pathways in cancer
(hsa05200), PI3K-Akt signaling pathway (hsa04151), and
endometrial cancer (hsa05213) were common in more than
50% of the patient datasets. The enriched terms were visu-
alized using cirFunMap, with correlation >0.35 and top n
=7 (Fig. 4).

Molecular Subtypes and Functional Enrichment
Analysis

The individual-patient PPI networks were clustered
based on network distances using the ConsensusCluster-
Plus R package. To determine the optimal number of
clusters, the average clustering consistency and interclus-
ter variation coefficients were calculated across potential
cluster numbers. The optimal clustering solution was iden-
tified via the cumulative distribution function (CDF), as il-
lustrated in Fig. 5A, where the clustering stabilized at k =
5. Further assessment of the CDF delta area curve revealed
that the area under the CDF curve plateaued beyond 5 clus-
ters (Fig. 5B). Subsequently, a consensus matrix graph was
constructed, assigning each individual-patient PPI network
to one of the five clusters, enabling intuitive evaluation of
cluster composition and quantity (Fig. 5C).

To further elucidate the biological functions, GO and
KEGG enrichment analyses were performed on genes that
appeared in more than two samples within each cluster
(clusters 3, 4, and 5). GO enrichment identified 702 signif-
icantly enriched GO categories (corrected p-value < 0.01,
Supplementary Table 19), with 61 categories common to
all clusters. The top 20 GO terms for each cluster are shown
in Fig. 5D. Similarly, KEGG enrichment analysis identi-
fied 312 KEGG functional pathways (Supplementary Ta-
ble 20), of which 179 were significantly enriched (cor-
rected p-value < 0.01, Supplementary Table 21). Among
these, 21 pathways were shared across all clusters, in-
cluding the glucagon signaling pathway (hsa04922), HIF-1
signaling pathway (hsa04066), AMPK signaling pathway
(hsa04152), and estrogen signaling pathway (hsa04915),
highlighting notable common signaling pathways. The en-
riched terms for each symbol, along with their calculated p-
values (unfiltered), were visualized using cirFunMap, with
correlation >0.35 and top n =7 (Fig. 5D).

Discussion

This study used transcriptomic data from granulosa
cells (GCs) of Polycystic ovary syndrome (PCOS) patients
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Fig. 5. Consensus clustering of PCOS molecular subgroups based on individual-patient network distances. (A) Cumulative
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to construct personalized protein-protein interaction (PPI)
networks, revealing patient-specific transcriptional hetero-
geneity. While common network components were ob-
served, gene expression patterns enabled the classification
of distinct transcriptional subtypes in PCOS. Clustering
analysis of 12 patients identified 5 subtypes, followed by
functional enrichment analysis. However, the limited sam-
ple size and lack of clinical information may limit the gener-
alizability of these findings, underscoring the need for fur-
ther investigation.

To identify key candidate genes, we initially identified
five overlapping nodes (fibronectin 1 (FN/7), DNA ligase 3
(LIG3), vesicle associated membrane protein 2 (VAMP?2),
kinesin family member 23 (KIF23), pescadillo ribosomal
biogenesis factor 1 (PESI)) consistently present across all
patient-specific networks. Hub genes within each network
were then determined based on node degree, with the top
20 hubs selected for each patient. Among these, K/F23 and
protein regulator of cytokinesis 1 (PRC/) were the only hub
genes shared by more than 50% of patients. K/F'23 was pri-
oritized as the principal candidate hub gene in PCOS GCs
due to its ubiquitous occurrence, being the sole gene de-
tected in 100% of patient-specific networks, and ranking
among the top hub genes in over half of the patients. Con-
versely, although PRC/ was also common, appearing in
more than 50% of patients, it was not consistently present
in all networks.

Although direct experimental validation in granulosa
cells from PCOS patients has not yet been conducted, ac-
cumulating evidence underscores the potential pathophys-
iological relevance of K/F23. First, as a pivotal regula-
tor of cytokinesis and G2/M phase progression, K/F23 is
essential for mitosis, a process fundamental to follicular
development [22,23]. Second, its marked downregulation
in the endometrium during the implantation window sug-
gests that K/F23 may contribute to decidualization defects
in PCOS [24]. Third, evidence from cancer models demon-
strates androgen receptor (AR)-mediated transcriptional
upregulation of KI/F23, which promotes Wnt/5-catenin-
dependent proliferation [25]. In contrast, in PCOS gran-
ulosa cells, proliferation is suppressed. This discrepancy is
likely attributable to the failure of organism-level compen-
satory mechanisms to mitigate testosterone-induced epi-
genetic G1/S arrest mediated via the Casein Kinase 2 al-
pha (CK2«)-Histone Deacetylase 2 (HDAC2)-Histone H3
lysine 27 acetylation (H3K27ac) axis [26], together with
Forkhead box K1 (FOXK1)/AMP-activated protein kinase
(AMPK)/Mechanistic target of rapamycin (mTOR)-driven
inhibition of proliferation through enhanced autophagy
[27]. These findings highlight the potential role of KIF23
in the pathophysiology of PCOS.

A comparative pathway analysis demonstrated that
personalized network data significantly expanded the range
of signaling pathways associated with PCOS compared to
conventional RNA sequencing (RNA-Seq) differential ex-

pression methods. The analysis identified 18 consensus
KEGG pathways, including Forkhead box O (FoxO), Phos-
phatidylinositol 3-Kinase/Ak strain transforming (PI3K-
Akt), Tumor Necrosis Factor (TNF), Hypoxia-Inducible
Factor-1 (HIF-1), and Mitogen-Activated Protein Kinase
(MAPK), among several other signaling cascades, with four
pathways, Wingless/Int-1 (Wnt), Apelin, cyclic Guanosine
Monophosphate - Protein Kinase G (¢cGMP-PKC), and Re-
laxin, exhibiting patient-specific variation.

The Wnt signaling pathway is a key regulator of di-
verse biological processes. Wnt, a secreted glycopro-
tein of approximately 40 kD composed of approximately
350 amino acid residues with conserved cysteine domains,
transmits signals through frizzled receptors (Fzd1-10) and
low-density lipoprotein receptor-related proteins (LRP5/6).
Extensive research has demonstrated its essential roles in
animal growth and development, cellular metabolism, and
stem cell maintenance [28,29], as well as in regulating ovar-
ian granulosa cell proliferation, apoptosis, secretion, and
interactions with growth factors [28,30—33]. Notably, the
Wnt/S-catenin pathway mediates environmental toxin 2,5-
hexanedione (2,5-HD)-induced cell cycle arrest in ovar-
ian granulosa cells, involving dysregulation of Fzd1, Fzd6,
LRP5/6, and [-catenin, alongside significant alterations
in miRNAs such as miR-145-5p [34]. Furthermore, con-
stitutive stabilization of -catenin (CTNNBI) in pregran-
ulosa/granulosa cells within the canonical Wnt/3-catenin
pathway promotes the morphological transition of pregran-
ulosa cells from squamous to cuboidal, a crucial step for
supporting oocyte growth, though it does not influence
oocyte activation [35].

Apelin, a G protein-coupled receptor and a mem-
ber of the adipokine family, participates in diverse phys-
iological processes including fluid homeostasis, food in-
take, insulin secretion, and energy metabolism. It acti-
vates the AMP-dependent protein kinase (AMPK) pathway,
which is central to glucose metabolism and fatty acid ox-
idation for energy metabolism regulation [36,37]. Both
Apelin (APLN) and its receptor (APLNR) have been de-
tected in human ovarian cells, and increasing evidence sug-
gests that dysregulation of the APLN system contributes to
PCOS pathophysiology [37,38]. Although its expression
pattern in patients is complex and influenced by metabolic
status, APLN has been shown to enhance Insulin-like
Growth Factor 1 (IGF-1)-induced steroidogenesis in granu-
losa cells by upregulating 33-Hydroxysteroid Dehydroge-
nase/Isomerase (HSD3B) protein and activating Mitogen-
Activated Protein Kinase 3/1 (MAPK3/1) and Ak strain
transforming (Akt) signaling pathways [37,39,40]. Fur-
thermore, APLN modulates glucose and lipid metabolism
and may influence insulin regulation in individuals with
PCOS [37,41,42]. Hyperinsulinemia and vascular endothe-
lial growth factor (VEGF) may also alter ovarian function
in PCOS patients, potentially through direct or indirect ef-
fects on the APLN/APLNR system, contributing to infer-
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tility [37,42]. Overall, the literature suggests that APLN
generally functions as a protective adipokine [43]. A com-
pensatory rise in APLN levels may occur in PCOS in re-
sponse to the metabolic imbalance, serving as a modulator
of disrupted energy metabolism and associated ovarian dys-
function [37,38,44].

While the Wnt and apelin pathways have been par-
tially characterized in PCOS research, the cGMP-PKG and
Relaxin pathways remain largely unexplored.

This study is subject to several limitations. The re-
liance on GEO datasets, which lack detailed clinical meta-
data such as body mass index (BMI), insulin resistance,
and hormone levels, limits the ability to reliably corre-
late molecular subtypes with polycystic ovary syndrome
(PCOS) phenotypes. Furthermore, methodological limi-
tations restrict the capacity to gain multidimensional in-
sights into the heterogeneity of PCOS. These limitations
include the unvalidated functional roles of identified hub
genes and pathways, the exclusive focus on transcrip-
tomics without integration of complementary omics lay-
ers such as proteomics and metabolomics, limited statis-
tical power due to small cohort sizes (n = 12 per group),
and the inherent inability of RNA sequencing to fully cap-
ture posttranscriptional dynamics. Therefore, future re-
search should: (1) utilize multicenter cohorts with stan-
dardized clinical datasets to facilitate robust stratification
of phenotypic subgroups, (2) integrate multi-omics ap-
proaches, including proteomics, metabolomics, and epige-
nomics, alongside single-cell RNA sequencing to resolve
molecular-phenotypic discordance and regulatory hierar-
chies, and (3) experimentally validate prioritized targets,
such as K/F23 and PRCI, in appropriate model systems.

Conclusion

In summary, this study revealed patient-specific vari-
ations in gene expression by characterizing distinct network
properties across individuals, thereby highlighting the het-
erogeneity within the PCOS population. In addition to iden-
tifying candidate genes and signaling pathways enriched
with DEGs, KIF23 was highlighted as a potential hub gene.
Additionally, the cGMP-PKG, Wnt, relaxin, and apelin sig-
naling pathways were identified as potential central signal-
ing pathways. Nonetheless, these findings warrant further
experimental validation through extensive in vivo and in
vitro studies to validate their biological relevance.

Availability of Data and Materials

The gene expression profile datasets GSE168404,
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