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Abstract

Background Ovarian aging drives declining fertility, premature menopause, and systemic age-related diseases.
Multiple different types of requlated cell death (RCD) pathways have been identified and play integral roles in diverse
physiological and pathological processes. However, the RCD landscape of ovarian aging remains uncharacterized at
single-cell resolution.

Results Here, we conducted single-cell RNA sequencing (scRNA-seq) on murine ovaries across aging (3,9, 12

and 15 months), and mapped pan-RCD dynamics, including apoptosis, ferroptosis, parthanatos, and ten other
pathways, revealing cell-type-specific RCD trajectories. These pathways exhibited distinct changes with ovarian aging,
highlighting cell heterogeneity. Notably, apoptosis and parthanatos pathways demonstrated high correlations and
rates of change with advancing age. Parthanatos was particularly notable for exhibiting one of the steepest age-
associated increases. Cross-species validation using human ovarian scRNA-seq and GTEx V8 transcriptomics confirmed
conserved parthanatos upregulation with age, negatively correlating with the expression levels of key enzymes in
hormone synthesis.

Conclusions The study deciphers the RCD patterns in murine and human ovarian aging, nominating parthanatos as
a targetable node for combating ovarian aging and enhancing female fertility.
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Background

The ovary is a crucial organ for females due to its indis-
pensable functions in oogenesis and sex hormone secre-
tion [1], yet it undergoes accelerated aging characterized
by irreversible follicular depletion [2]. In contemporary
society, the trend towards delayed childbearing and the
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Regulated cell death (RCD), distinct from accidental
cell death (ACD), is characterized by tightly orches-
trated signaling cascades and molecularly defined
effector mechanisms [9]. Beyond its established roles
in organogenesis [10, 11] and tissue homeostasis [12,
13], RCD modulates stress responses [14] and aging
pathologies. While apoptosis was the first identified
form of RCD, recent work implicates diverse non-
apoptotic RCD modalities. These include, but are not
limited to, autophagy-dependent cell death, cupropto-
sis, disulfidptosis, entotic cell death, ferroptosis, lys-
osome-dependent cell death, necroptosis, netotic cell
death, oxeiptosis, parthanatos, PANoptosis and pyrop-
tosis [9, 15-17]. These pathways exhibit crosstalk
through shared regulators [18], forming an integrated
RCD network. Recent findings underscore the involve-
ment of diverse RCD pathways [19] in the process of
ovarian aging, beyond the recognized apoptosis [20].
For instance, the increased follicle numbers observed
in Nlrp3~/~ aging mice suggested a potential role for
pyroptosis [21]. Additionally, elevated levels of poly
ADP-ribose (PAR) expression and the nuclear trans-
location of apoptosis-inducing factor (AIF) in cumu-
lus granulosa cells (GCs) of patients with diminished
ovarian reserve (DOR) implied the involvement of the
PARP1-dependent cell death pathway [22]. In non-
human primates, ovarian aging is characterized by an
increase in apoptosis in aged GCs [23]. In aged human
ovaries, there was a notable activation of the pyropto-
sis pathway within macrophages [24]. Recently, some
strategies have been demonstrated to work by target-
ing RCD. For example, quercetin and melatonin have
exhibited ovarian protection properties by regulating
autophagy in granulosa cells [25, 26], while spermi-
dine alleviated ovarian damage by suppressing ferrop-
tosis [27]. Despite these findings, cell-type-specific
RCD dynamics across ovarian compartments remain
uncharacterized, and the relative contributions of dis-
tinct RCD pathways to aging phenotypes lack system-
atic evaluation.

Here, we constructed a single-cell transcriptomics
of murine ovaries across aging trajectories and inte-
grated these findings with cross-species datasets to:
(1) map cell-type-resolved dynamics of RCD path-
ways, including apoptosis, ferroptosis, parthanatos,
etc.; (2) prioritize RCD pathways that show strong age-
associated changes across ovarian cell types; and (3)
develop RCD-based predictive tools for ovarian aging.
Together, this work provides a single-cell resource
and a comparative framework for studying conserved,
age-associated RCD signatures in ovarian aging, and
it motivates future mechanistic and interventional
studies.
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Methods

Estrous cycle monitoring and confirmation

Vaginal fluid was collected by vaginal lavage at 10:00
AM each morning using a pipette containing 20 uL ster-
ile saline, which was gently introduced into the vagi-
nal canal and then withdrawn. The recovered fluid was
evenly smeared onto glass slides and air-dried. Slides
were then stained with hematoxylin and eosin (H&E;
hematoxylin for 5 min followed by eosin for 2 min) and
examined under a light microscope [28]. Estrous stages
were classified based on vaginal cytology as proestrus,
estrus, metestrus, or diestrus. Proestrus showed a pre-
dominance of nucleated epithelial cells with prominent
hematoxylin-positive nuclei. Estrus was characterized by
large numbers of cornified epithelial cells that were typi-
cally anucleate and showed eosinophilic cytoplasm, with
few leukocytes. Metestrus displayed a mixed cell popu-
lation with cornified epithelial cells accompanied by an
increase in leukocytes [29]. Diestrus was defined by a
predominance of leukocytes with only limited epithelial
cells. Diestrus on the day of euthanasia was confirmed by
the above cytological features.

Murine ovary dissociation and single-cell isolation

The female C57BL/6 mice were supplied by Beijing Vital
River Laboratory Animal Technology Co., Ltd. These
mice were kept under a 12 h light/12 h dark cycle with
no water or food restriction. The mice were humanely
euthanized at the diestrus stage. A combination of car-
bon dioxide anesthesia and cervical dislocation was
employed to ensure a rapid and painless procedure that
strictly adhered to humane endpoint principles, thereby
minimizing animal anxiety and discomfort. Fresh ovaries
were then obtained from C57BL/6 mice aged 3-month-
old (OVA3M), 9-month-old (OVA9M), 12-month-old
(OVA12M), and 15-month-old (OVA15M). Body weight
and ovary weight were recorded. Only one side of the
ovaries from each sample was used for scRNA-seq. Due
to the size of mouse ovaries, six ovaries from the same
age group were pooled [30]. Then the fresh tissues were
stored in the sCelLiveTM Tissue Preservation Solution
(Singleron) on ice, washed with Hanks Balanced Salt
Solution (HBSS) 3 times, and then digested with 3 ml
sCelLiveTM Tissue Dissociation Solution (Singleron) by
Singleron PythoN™ Automated Tissue Dissociation Sys-
tem (Singleron) at 37 °C for 15 min. Afterward, for the
removal of red blood cells, the GEXSCOPE® red blood
cell lysis buffer (Singleron, 2 ml) was added, and cells
were incubated at 25 °C for another 10 min. The solution
was then centrifuged at 300 g, 4 °C for 5 min to remove
the supernatant and suspended softly with PBS. Finally,
the samples were stained with trypan blue (Sigma,
United States) and the cellular viability was evaluated
microscopically.
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Single-cell library construction and sequencing

Single-cell suspensions (1 x 105 cells/mL) with PBS
(HyClone) were loaded onto a microwell chip using the
Singleron Matrix® Single Cell Processing System. Barcod-
ing Beads are subsequently collected from the microwell
chip, followed by reverse transcription of the mRNA cap-
tured by the Barcoding Beads to obtain cDNA, and PCR
amplification. The amplified cDNA is then fragmented
and ligated with sequencing adapters. The scRNA-seq
libraries were constructed according to the protocol
of the GEXSCOPE" Single Cell RNA Library Kits (Sin-
gleron) [31]. After quality checks, individual libraries
were diluted to 4 nM, pooled, and sequenced on Illumina
Novaseq 6000 with 150 bp paired-end reads.

Clustering, cell type identification and annotation

The R package ‘Seurat’ (http://satijalab.org/seurat/, Ve
rsion 4.4.0) was used for quality control, dimensional-
ity reduction and clustering. Firstly, cells that met the
following criteria were aborted: (1) cells with a gene
count less than 200 or with a top 2% gene count; (2)
cells with a top 2% UMI count; (3) cells with mito-
chondrial content > 50%. Besides, genes expressed
in fewer than 5 cells were excluded. After filtering,
30,234 ovarian cells (8064 from the OVA3M, 7498
from the OVA9M, 7055 from the OVA12M and 7617
from the OVA15M) were retained for the downstream
analyses, with an average of 2206 genes per cell, and
7093 UMIs per cell. Then, the ‘NormalizeData’ func-
tion was applied to normalize the gene expression
(UMI counts), and the ‘ScaleData’ function was used
to center the expression data for dimensional reduc-
tion analysis. The top 2000 variable genes were identi-
fied using the ‘FindVariableFeatures’ function for PCA
analysis. Cells were then separated into 37 clusters
with the ‘FindClusters’ function at resolutions of 1.8
(OVA) based on the top 20 principal components. The
batch effect between samples was removed by Har-
mony [32], which iteratively removed batch effects in
the PCA space. Finally, the visualization of cell clusters
was achieved using t-Distributed Stochastic Neighbor
Embedding (t-SNE) or Uniform Manifold Approxima-
tion and Projection (UMAP) with Seurat functions
‘RunTSNE’ and ‘RunUMAP’.

To annotate each cell cluster, we first screened DEGs
between the cluster and the rest clusters by ‘FindAll-
Markers. Afterward, the cell type of each cluster was
determined with the expression of canonical markers
found in the DEGs using the SynEcoSys database. The
annotation of the subtypes of immune cells was deter-
mined according to the ImmGenData’/ ‘MouseRNAs-
eqData’ annotation library of SingleR (Version 2.4.0).

Page 3 of 20

Public dataset acquisition

We collected the mouse and human ovarian RNA data-
sets of different ages [33] in the Gene Expression Omni-
bus (GEO) database (https://www.ncbi.nlm.nih.gov/g
eo/) and the GTEx V8 dataset. GSE154890 [34] conta
ined bulk RNA-seq data of murine ovary samples from
3-month-old (n = 5), 6-month-old (# = 5), 9-month-old
(n = 5), and 12-month-old (# = 5) mice. GSE202601 con-
tained single-nucleus RNA sequence data of 4 young and
4 reproductively aged human ovaries. The raw expression
data of both datasets and their GPL platform files were
downloaded, and the expression matrix was annotated
using gene symbols. RNA-seq data of human ovaries
were obtained from the GTEx V8 dataset. Clinical infor-
mation for the samples is in the Supplementary Table 5.
For subsequent analysis, 22 samples from the 20-29 age
group and 61 samples from the 50-59 age group were
selected after screening.

Differentially expressed genes (DEGs) analysis

For the RNA-seq data, ‘DESeq2’ (Version 1.40.2) [35] was
used to analyze differentially expressed genes (|Log,FC| >
1 and adjusted P-value < 0.05) among groups. While for
the scRNA-seq/snRNA-seq data, differential expression
analysis for each cell type was performed using the Wil-
coxon likelihood ratio test of the ‘FindMarkers’ function
of the ‘Seurat’ package with default parameters (|Log,FC]|
> 0.25, adjusted P-value < 0.05).

Gene enrichment analysis

The functional enrichment analysis of Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) was performed with the R package ‘clusterPro-
filer’ (Version 4.8.3) [36]. GO/KEGG terms or pathways
with an adjusted P-value less than 0.05 were considered
as significantly enriched functions. The enrichment
results of SuperPath were obtained from GeneAnalyt-
ics (https://geneanalytics.genecards.org/). Gene set enri
chment analysis (GSEA) was also performed to identify
the underlying pathways during ovarian aging using ‘clus-
terProfiler; with the threshold for significant terms being
adjusted P-value < 0.05. Graphics of bar charts or dot
plots of gene enrichment analysis were generated with
the R package ‘ggplot2’ (https://github.com/tidyverse/gg
plot2).

Scoring of pathway activity

We collected the key genes of 13 RCD pathways from
various sources, including the Kyoto Encyclopedia of
Genes and Genomes (KEGG) Database, the Molecular
Signatures Database, the Reactome Database, and review
articles [37]. The final gene lists of 13 different kinds of
RCD are shown in Supplementary Table 6. The follow-
ing types of cell death pathways were included: apoptosis
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(136 genes for human and 161 genes for mouse), autoph-
agy-dependent cell death (165 genes for human and
249 genes for mouse), cuproptosis (14 genes for human
and mouse), disulfidptosis (3 genes for human and 4 for
mouse), entotic cell death (14 genes for human and 17
genes for mouse), ferroptosis (41 genes for human and
89 genes for mouse), lysosome-dependent cell death (210
genes for human and 214 genes for mouse), necroptosis
(159 genes for human and 100 genes for mouse), netotic
cell death (7 genes for human and mouse ), oxeiptosis (5
genes for human and mouse), parthanatos (9 genes for
human and mouse), pyroptosis (37 genes for human and
32 genes for mouse), PANoptosis (19 genes for human
and mouse). In total, 920 mouse genes and 819 human
genes related to RCD were collected.

For the RNA-seq data, single sample gene set enrich-
ment analysis (ssGSEA) was used in the Gene Set Varia-
tion Analysis (GSVA) package (Version 1.48.3) [38] to
calculate the scores of 13 types of regulated cell death
pathways in each sample and the differences between dif-
ferent groups were detected using the ‘limma’ package
(Version 3.56.2) [39]. To perform pathway activity analy-
sis on scRNA-seq/snRNA-seq generated cell clusters, the
“UCell” package (Version 2.4.0) [40] was utilized to cal-
culate the UCell scores of each cell, which was based on
the Mann-Whitney U statistic by ranking query genes in
the order of their expression levels in individual cells. The
comparisons of changes of UCell scores in different ages
and clusters were visualized by the R package ‘ggpubr’
(Version 0.6.0) (https://rpkgs.datanovia.com/ggpubr/).

Age slope of UCell score

To quantify the UCell score of each pathway increase
over time (aging velocity), a linear model was estab-
lished with the design: UCell score ~ age + RCD pathway
+ age: RCD pathway (score explained by a two-factor
model including interaction term) using the linear model
function in R. We used the “Istrends” function from
the “Ismeans” package [41], which utilizes least-square
means to estimate and compare the slopes of fitted lines
for each region.

Weighted gene correlation network analysis (WGCNA)

WGCNA was performed using the “WGCNA” package
(version 1.72) in R [42]. We selected the top 8,000 genes
with the highest median absolute deviation (MAD) to
construct the representation matrix, and a soft-threshold
power of 11 was set using the “pickSoftThreshold” func-
tion. We used hierarchical clustering to identify modules
of highly interconnected genes based on their connec-
tivity and covariance coefficients. A heatmap was plot-
ted to reflect the relationships between each module and
the RCD pathways. The modules were constructed with
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a module dendrogram threshold of 0.25 and a minimum
module size of 30 genes.

Lasso regression

The Least Absolute Shrinkage and Selection Opera-
tor (LASSO) was used to construct the parthanatos
risk score [43]. The risk score formula was as follows:
=Y " Bi*exp(i). The exp (i)represented the gene
expression value, and [3 i represented the LASSO coef-
ficient. In this way, each sample can be calculated with a
parthanatos score through the formula.

Human samples

A total of 14 women aged 20-29 (n=5) and =50 years
(n=9) with ovaries were screened and selected by the
Department of Pathology of Tongji Hospital. These
patients had diagnoses of conditions including cervi-
cal intraepithelial neoplasia III or FIGO stage I cervical
cancer along with ovarian cysts and FIGO stage I ovar-
ian malignancies. All patients had definite clinical and
pathological diagnoses that necessitated surgical inter-
vention, and there were no identified contraindications
to surgery. All patients signed informed consent and it
was ascertained that they had no fertility requirements.
The surgical methods adhered to the pertinent guidelines
and consensus statements. All pathological sections were
independently examined by two pathologists to confirm
the absence of cancer cells. Paraffin-embedded sections
of the ovaries from patients, which exhibited relatively
normal histological features, were harvested for subse-
quent hematoxylin and eosin (H&E) staining.

Hematoxylin and Eosin (H&E) staining

H&E staining was performed as previously described
[23]. Ovaries were preserved in 4% PFA and sectioned
at a 5-pm thickness. Next, the tissue slides were treated
with xylene and then rehydrated using a graded series
of ethanol (100%, 100%, 95%, 80%, 75%). The slides were
briefly washed in distilled water and then incubated with
a hematoxylin solution. The sections were then washed
with running tap water to remove excess hematoxylin.
Subsequently, the sections were differentiated in 1% acid
alcohol for 30 s and washed again in running water for
1 min. The sections were then counterstained with eosin
and dehydrated in a graded series of ethanol (75%, 80%,
95%, 100%, 100%) and 100% xylene.

Hormone measurements

Enzyme-linked immunosorbent assay following the kit
instructions (Cusabio Technology LLC, USA) was per-
formed to detect the concentrations of AMH and E2 in
the serum samples.
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Fig. 1 Function and pathway enrichment analysis using data online indicated a role of regulated cell death (RCD) in murine ovarian aging. a Cohort
overview. Ovaries were collected from female 3-month-age (OVA3M, n=5), 6-month-age (OVA6M, n=5), 9-month-age (OVA9M, n=5) and 12-month-
age (OVA12M, n=4) C57BL/6 mice in the GSE154890 dataset. b Sample correlation via PCA plot. ¢ Volcano plot showing 568 significantly differentially
expressed genes (DEGs, [log,FC| > 0.25, adjusted P < 0.05) between OVA3M and OVA12M groups. The upregulated or downregulated genes that exhibited
the highest 10 log,FC are labeled. d Gene Set Enrichment Analysis (GSEA) based on the GO dataset and KEGG databases. e SuperPath enrichment analysis
of the DEGs between OVA3M and OVA12M groups. f Heatmap of the expression of key RCD-related genes in each age group. g ssGSEA analysis of 13 RCD
pathways demonstrated by boxplots in each age group. ns, not significant; * P<0.05; ** P<0.01; P values by one-way ANOVA test

Immunohistochemistry

Paraffin-embedded ovaries were cut into 4 pm sections
and baked at 65°C for 60 min. The sections were depar-
affinized with xylenes and rehydrated. Antigen retrieval
was performed by microwaving sections in EDTA buffer.
Endogenous peroxidase activity was quenched with 3%
H,O,, followed by blocking with 5% BSA. Then sections
were incubated with anti-8-OHdG primary antibody
(ab62623, Abcam, 1:200) overnight at 4°C. After wash-
ing, a biotinylated anti-rabbit secondary antibody (Boster
Biological Technology, Wuhan, China) was applied, and
signals were visualized using DAB (Servicebio, Wuhan,
China).

Immunofluorescence

Ovarian paraffin Sect. (4 pm) were baked at 65 °C for
60 min, deparaffinized in xylene, and rehydrated. Sec-
tions were then submerged in EDTA antigenic retrieval
buffer and microwaved for antigenic retrieval, followed
by blocking with 5% BSA. Sections were then incubated
overnight at 4 °C with primary antibodies. After washing,
sections were incubated with fluorescent-dye-conjugated
secondary antibodies. Nuclei were counterstained with
DAPI (Servicebio, Wuhan, China). Primary antibodies
included anti-AIF (A2568, ABclonal, 1:200), anti-PAR
(D9P7Z, Cell Signaling Technology, 1:200), anti-y-H2AX
(BLRO53F, ThermoFisher, 1:200).

Western blot analysis

Western blot analysis was performed to measure pro-
tein expression levels. Ovaries were lysed in RIPA lysis
buffer (Servicebio, Wuhan, China), followed by cen-
trifugation to isolate the supernatant. Protein samples
were resolved by 10% SDS-PAGE and transferred onto
a PVDF membrane (Cytiva, Shanghai, China). The
membrane was blocked with 5% non-fat milk for 2 h
at room temperature, then incubated overnight with
primary antibodies, including anti-AIF (ABclonal,
1:1000), anti-PAR (D9P7Z, Cell Signaling Technology,
1:1000), anti-PARP (46D11, Cell Signaling Technology,
1:1000), and anti-MIF (E8S8H, Cell Signaling Technol-
ogy, 1:1000) at 4 °C. After washing, secondary antibod-
ies were applied for 1 h at room temperature. Protein
signals were detected using ECL reagent (Thermo
Fisher, Waltham, MA, USA), and band intensities were
quantified with Image] software (NIH).

Statistical analysis

All statistical tests were implemented utilizing R ver-
sion 4.3.2 (https://www.r-project.org/). The bar plots
showed means+SEM of the data. Statistical analyses
were performed using two-tailed Student’s t-test, One-
way ANOVA, or Wilcoxon rank-sum tests. Correlation
analysis between the variables was conducted using Pear-
son’s correlation test. Statistical significance levels were
set as P-value < 0.05 or adjusted P-value <0.05, as clarified
in the figure legends and main text. In all figures, one,
two, and three asterisks indicate * P<0.05, ** P<0.01, ***
P<0.001, **** P<0.0001, respectively. ‘ns’ indicates not
significant.

Results

Public dataset reveals cell death-related pathways
activation in murine ovarian aging

To preliminarily investigate the changing RCD char-
acteristics in the murine ovarian microenvironment
throughout the reproductive lifespan, we conducted an
extensive search of the public datasets. The GSE154890
dataset contains RNA sequencing data of ovaries from
mice of 3-month-old (OVA3M), 6-month-old (OVA6M),
9-month-old (OVA9M) and 12-month-old (OVA12M)
(Fig. 1la). The PCA plot revealed greater similarities
between OVA3M and OVA6M, as well as between
OVA9M and OVAI12M, indicating that murine ovar-
ian aging may occur as early as 9-month-old (Fig. 1b).
Therefore, to comprehend more aging signatures, we
compared the differentially expressed genes (DEGs)
between OVA12M and OVA3M (adjusted P-value<0.05
and |log,FC| > 1), identifying 304 upregulated genes
and 264 downregulated genes (Fig. 1c). Subsequently, to
investigate the potential pathways and mechanisms con-
tributing to ovarian aging, we performed an enrichment
analysis based on these DEGs using various databases.
GSEA based on the GO and KEGG databases revealed
age-associated pathway alterations. In GO, pathways
related to apoptosis regulation and oxidative stress were
significantly enriched, including positive regulation of
apoptotic signaling pathway (NES=1.4865, P=0.00784,
adjusted P=0.0452) and superoxide anion generation
(NES=1.7246, P=0.00244, adjusted P=0.0179). In con-
trast, DNA repair (NES = - 2.4868, P=1.0 x 107*%, adjusted
P=4.64x10"°) and meiotic cell cycle (NES=-2.7385,
P=1.0x10"", adjusted P=4.64x10"") were significantly
depleted. In KEGG, inflammatory pathways such as the
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Fig. 2 Asingle-cell atlas of murine ovaries was constructed. a Cohort overview. Ovaries for scRNA sequencing were collected from female 3-month-age
(OVA3M, n=6), 9-month-age (OVA9M, n=6), 12-month-age (OVA12M, n=6) and 15-month-age (OVA15M, n=6) C57BL/6 mice. b Hematoxylin and eosin
(H&E) staining of the ovaries in each age group. Green, black, red and yellow arrowheads denote primordial follicles, primary follicles, antral follicles and
atretic follicles, respectively. ¢ Representative images (circled by the white dotted line) of follicles stained by H&E. d-e Changes in the ovary weight and
ovary index with age. n=4 mice for each group. f-g Serum levels of E2 and AMH in female mice. n=6 mice for each group. h UMAP plots showing the cells
in the ovaries that were captured by scRNA-seq and colored by age (left and bottom) and cell type (right). i Stacked bar chart showing the proportion of
major cell types in each age group. j, Violin plot showing the top 5 marker gene expression levels for each cell type in the murine ovary (left). Representa-

tive GO terms for cell type-specific genes are shown (right). ns, not significant; * P<0.05; ** P<0.01; P values by one-way ANOVA test

NOD-like receptor signaling pathway (NES=1.9407,
P=1.39x10" adjusted P=2.87x10"°) and the NF-xB
signaling pathway (NES=2.0775, P=1.64 x 107, adjusted
P=3.17x10"°) were significantly enriched. By contrast,
KEGG Apoptosis (NES=1.2851, FDR=0.1404) and Fer-
roptosis (NES=1.3663, FDR=0.1749) showed positive
enrichment scores but did not remain significant after
multiple-testing correction and are therefore reported
as enrichment trends (Fig. 1d). Similar results were
observed in the SuperPath enrichment analysis, where
immune-related, cell death-related, as well as ovarian
microenvironment-related pathways were upregulated.
In contrast, downregulated pathways were associated
with declined ovarian function, such as “Pre-implanta-
tion embryo” and “Ovarian infertility’, etc. (Fig. 1e). These
findings indicate that dysregulation of several pathways is
critical for maintaining ovarian function, especially cell
death and inflammation.

Based on the findings, we conducted a systematic
comparison of gene expression related to multiple RCD
pathways across four distinct age groups. Our analysis
revealed that genes associated with the majority of these
pathways demonstrated increased expression levels in
the older age groups (OVA9M and OVAI12M) relative
to the younger groups (OVA3M and OVA6M) (Fig. 1f).
To further elucidate the response status of these RCD
pathways at various developmental stages, we conducted
single-sample Gene Set Enrichment Analysis (ssGSEA)
to calculate the enrichment scores for 13 different RCD
pathways and made comparisons between the OVA3M
group and the other older groups. As shown in Fig. 1g,
significant age-related changes in the activities of eight
pathways were observed, including apoptosis, cupropto-
sis, entotic cell death, ferroptosis, lysosome-dependent
cell death, necroptosis, netotic cell death, and pyropto-
sis. Collectively, these findings indicate that the activity
of RCD pathways may have a substantial interaction with
ovarian aging.

Construction of a single-cell transcriptome atlas of murine
ovaries across the reproductive lifespan

To gain a deeper understanding of the cellular and
molecular alterations associated with ovarian aging and
to assess RCD pathways at single-cell resolution, we per-
formed scRNA-seq on mouse ovaries at 3, 9, 12, and 15
months. Guided by the bulk RNA-seq overview in Fig.

1, where 6-month samples showed limited separation
from 3-month samples in PCA (Fig. 1b), we prioritized
sequencing resources toward 9 ~ 15 months to bet-
ter capture aging associated transitions and to approxi-
mate a late reproductive transition context, as 15 months
has been widely described as reproductively senescent
in mice [44, 45] (Fig. 2a). Prior to conducting the aging
research, we assessed the suitability of the age inter-
vals by evaluating the changes in ovarian morphology.
Consistent with previous findings, by 9 months of age,
there was a significant reduction in the presence of vis-
ibly healthy follicles across all developmental stages, as
shown in Fig. 2b and c. By the age of 15 months, healthy
follicles were almost undetectable, having been largely
supplanted by atretic follicles and corpora lutea. Addi-
tionally, the ovarian weight initially exhibited an increase
followed by a subsequent decline over time. Correspond-
ingly, the ovary index, defined as the ratio of ovarian
weight to body weight, showed a significant reduction
by 15 months of age (Fig. 2d and e). Serum estradiol (E2)
(Fig. 2f) and AMH (Fig. 2g) decreased with age. This pat-
tern suggests a decline in both the relative size and func-
tional capacity of the ovaries with advancing aging.

After batch-effect correction and stringent cell filtra-
tion, 30,234 ovarian cells (8,064 from the OVA3M, 7,498
from the OVA9M, 7,055 from the OVA12M and 7,617
from the OVA15M) were retained. Unbiased clustering
analysis identified 37 distinct cell clusters in the ovaries,
and subsequently 12 major cell types were annotated
based on their expression of type-specific and canoni-
cal marker genes: oocytes (OOs), granulosa cells (GCs),
theca and stromal cells (T&Ss), epithelial cells (Epis),
mural cells (Murs), endothelial cells (ECs), B cells (BCs),
dendritic cells (DCs), macrophages, monocytes, mast
cells (MCs), and natural killer cells (NKs) (Fig. 2h and
Supplementary Table 1). Figure 2j shows scaled expres-
sion levels of the top five subtype-specific genes and
representative GO terms in each cell type. Out of these
12 major cell types, OOs were captured in the OVA3M
and OVA15M groups, while MCs were absent in the
OVAI9M group. The relative frequency of each cell type
differed significantly. The proportion of T&Ss, ECs, Epis,
Murs, macrophages, MCs and NKs generally increased
with age. In contrast, the proportion of GCs, BCs, DCs,
monocytes and OOs declined markedly. These altera-
tions reflect age-related changes in cellular composition,
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Fig. 4 RCD-related signatures changed during murine ovarian aging as revealed by scRNA sequencing. a Smoothed line plot displaying the number of
RCD-related DEGs for pairwise comparisons. b Pathway activity across different cell types in the overall ovarian dataset, presented by a UMAP plot, with
higher-scoring cells being brighter in color. ¢ Smoothed line plot showing the changes of the UCell scores for each pathway across four age groups,
colored by RCD pathway. d Pie plot showing the correlation between the UCell scores of pathways and chronological age in each cell type. e Slope of
linear regressions in (C), colored by RCD pathway. f Ridge plots illustrating the UCell scores of apoptosis (top) and parthanatos (bottom) in each cell type,
colored by age. g Boxplots showing the UCell scores of 13 RCD pathways in each major cell type. * P<0.05; ** P<0.01; *** P<0.001; **** P<0.0001; ns,

not significant (two-tailed t-test)

including a reduction in follicles, an increase in stromal
cells, and a reconfiguration of immune cell populations
(Fig. 2i).

Changes in the transcriptional profiles of each cell type
during murine ovarian aging

To investigate how genome-wide expression profiles
of individual cell types change with age, we performed
pairwise differential expression analyses between the
3-month group and each subsequent age group to iden-
tify the onset of DEGs accumulation. As shown in Fig. 3a,
at 9 months, GCs and T&Ss showed the highest num-
bers of DEGs among all examined cell types at the same
age, suggesting that GCs and T&Ss undergo early-onset
molecular changes during ovarian aging. By 12 months,
additional cell types including macrophages, mono-
cytes, ECs, Epis and DCs, began to show significant per-
turbations. DEGs in Murs and NKs did not exhibit any
increase until 15 months, while no DEGs were detected
in BCs. Venn diagrams showed the intersections of DEGs
identified in each comparative analysis. In cell types sus-
ceptible to aging, such as GCs and T&Ss, more than half
of the DEGs identified in the 15-month versus 3-month
comparison (OVA15M/OVA3M) were already detectable
in the 9-month versus 3-month comparison (OVA9M/
OVA3M). Conversely, in cell types such as DCs and NKs,
the majority of transcriptional changes were observed
around 15 months (Fig. 3b, Supplementary Table 2).
These findings indicated markedly different accumula-
tion trajectories of DEGs among ovarian cell types. Sub-
sequently, we performed a KEGG enrichment analysis
for the DEGs detected in OVA15M/OVA3M. Consis-
tent with previous findings, several RCD pathways were
enriched in different cell types, such as apoptosis in GCs,
DCs, and macrophages, ferroptosis in T&Ss, and autoph-
agy in monocytes and Epis (Fig. 3c). These results sug-
gest that there may be distinct mechanisms driving the
functional decline of different cell populations within the
ovarian microenvironment during ovarian aging.

Transcriptomic signatures of multiple RCD patterns in
various mouse ovarian cells

We then analyzed the RCD-related DEGs across vari-
ous cell types, comparing the 3-month group with each
subsequent age group (Fig. 4a). Consistent with previous
findings, the 9-month and 12-month age groups demon-
strated that T&Ss and GCs exhibited the highest number

of RCD-related DEGs. In contrast, at 15 months, GCs
and macrophages ranked as the top two subsets with the
most RCD-related DEGs. Following this, the UCell algo-
rithm was employed to evaluate the distribution of activ-
ity for each regulated pathway across different cell types
within the comprehensive ovarian dataset (Fig. 4b). Nota-
bly, parthanatos showed the highest level of activity in
GCs across all four age groups. In ECs, apoptosis was the
predominant pathway active throughout the age groups.
Lysosome-dependent cell death exhibited the highest
activity in DCs, macrophages, and monocytes across all
age groups. In contrast, the most active pathway in other
cell types varied with age (Fig. 4c). These results sug-
gested that multiple RCD pathways may be concurrently
active within individual cells and the dominant RCD
mode differed across cell types as well as reproductive
stages.

Subsequently, we performed correlation analysis,
revealing that the UCell score for apoptosis exhibited
the highest correlation with age across all cell types
(Fig. 4d). To ascertain the rate of change within various
RCD pathways, we performed a quantitative analysis
by calculating the slope of the linear regression model
correlating the UCell scores of each pathway with age.
Among these, parthanatos demonstrated the most rapid
alteration with increasing age across a diverse range of
cell types, encompassing GCs, T&Ss, ECs, Epis, Murs,
macrophages, and NKs. Conversely, oxeiptosis was noted
to undergo the most rapid changes with age in DCs and
monocytes. Furthermore, in BCs, disulfidptosis was
characterized by the highest absolute values of the UCell
slope (Fig. 4e). The above findings emphasized the poten-
tial roles of apoptosis and parthanatos in ovarian aging.
Apoptosis showed the strongest age association across
many ovarian cell types, whereas parthanatos displayed
a steeper age-associated increase in multiple cell popula-
tions. The ridge plot, as illustrated in Fig. 4f showed the
UCell scores for apoptosis and parthanatos across all four
age groups. In addition, a comparative analysis of the
UCell scores of RCD pathways between the OVA3M and
OVA15M groups revealed that the vast majority of path-
ways exhibited changes across a broad spectrum of cell
types. However, certain RCD pathways, such as pyropto-
sis and netotic cell death, displayed notable cellular het-
erogeneity in their response (Fig. 4g). The differentiated
response modes among cell types indicated a complex
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Fig.5 Intensified DNA damage and parthanatos during ovarian aging. a Representative IHC images of 8-OHdG-stained ovarian sections from mice aged
3M,9M, 12 M,and 15 M. Scale bars: 100 um. b Statistical analysis on the staining intensity of 8-OHdG in ovaries from different age groups. ¢ Representa-
tive IF images of y-H2AX-stained. Scale bars: 100 um d Statistical analysis on the fluorescence intensity of y-H2AX in ovaries from different age groups. e
Representative IF images of PAR-stained. Scale bars: 100 um. f-i The expression levels of PAR, PARP, MIF, and AIF in ovaries from different age groups were
detected via western blot. j-k Quantification of MIF and AIF protein levels was shown | The nuclear translocation of AlF was detected via IF. White arrows
indicated the co-localization of DAPI and AlF. Scale bars: 25 um. * P<0.05; ** P<0.01; *** P<0.001; **** P<0.0001, One-way ANOVA

interplay between various cell death pathways and the
aging phenotypes.

Intensification of parthanatos during ovarian aging in
murine models

The findings obtained from scRNA-seq prompted us to
explore whether parthanatos, a regulated cell death path-
way that has not received sufficient attention, becomes
more pronounced in the ovary with advancing age, as
indicated by the scRNA-seq data. Ovarian samples were
collected from mice at 3, 9, 12 and 15 months of age. Ini-
tially, the expression levels of 8-OHdG and yH2AX, two
well-established markers of DNA damage, were found to
be significantly elevated in the ovaries as the mice aged.
Notably, 8-OHdG positive staining was predominantly
observed in corpora lutea, whereas yH2AX signals were
detected in multiple ovarian compartments, includ-
ing follicular granulosa cells, theca cells, and stromal
regions (Fig. 5a-d). In response to this increased DNA
damage, poly ADP-ribose polymerase (PARP) was acti-
vated, resulting in the accumulation of PAR, which was
also enriched in corpora lutea and stromal areas (Fig. 5e-
g). Additionally, the protein expression levels of macro-
phage migration inhibitory factor (MIF) and AIF showed
an age-dependent increase (Fig. 5h-k). Immunofluores-
cence analysis revealed marked AIF nuclear translocation
under aging conditions, most prominently in corpora
lutea (Fig. 51). Collectively, these data suggested that
PARPI1-dependent parthanatos is progressively activated
during murine ovarian aging.

Uncovering the role of parthanatos in human ovarian
aging via scRNA-seq

To explore the consistency and discordance of mecha-
nisms underlying ovarian aging between mice and
humans, the cohort GSE202601 containing single-
nucleus sequencing (sSnRNA-seq) data of human ovarian
tissues from 8 individuals aged 23 to 54 was employed
(Fig. 6a). Through the Seurat standard process, 8 cell
types were obtained: theca cells (TCs), smooth muscle
cells (SMCs), stromal cells (SCs), lymphatic endothelial
cells (LECs), immune cells (ICs), Granulosa cells (GCs),
blood vascular endothelial cells (BECs), Epithelial cells
(EpiCs) (Fig. 6b). Heatmap shows the top 5 marker genes
of 8 types of cells (Fig. 6¢). While cells from all the identi-
fied cell types were presented in every sample, the rela-
tive frequency of each cell type changed with age. The

proportion of SCs and EpiCs showed an increasing trend
in the old group; in contrast, GCs, BECs, LECs, and TCs
declined with age. The proportions of SMCs and ICs
were approximately steady between the two groups. The
difference in cell proportion did not meet the signifi-
cant criteria (Fig. 6d). These findings were comparable to
those observed in mice, indicating a decrease in follicles
and an increase in collagen deposition. Consistent with
the murine ovary, GCs and SCs exhibited the highest
number of DEGs between the younger and older groups,
with counts of 1864 and 1593, respectively (Fig. 6e, Sup-
plementary Table 3).

Subsequently, we calculated the UCell scores of each
RCD pathway (Fig. 6f). Notably, ICs possessed the high-
est activity levels of seven pathways among the cell types,
including apoptosis, ferroptosis, necroptosis, autophagy,
PANoptosis, pyroptosis and lysosome-dependent death,
suggesting an enhanced sensitivity to regulated cell
death mechanisms of ICs, potentially central in ovarian
immune surveillance and response. Given the ovary’s piv-
otal endocrine role, a correlation analysis was conducted
to investigate the association between the activities of 13
RCD pathways and expression levels of key genes for hor-
mone synthesis (STAR, CYP17A1, CYP11A1, CYPI9AI)
(Fig. 6g). This analysis demonstrated the strongest inverse
association with parthanatos, underscoring a potential
inverse regulatory link between this cell death mecha-
nism and the maintenance of ovarian hormonal balance.
Additionally, the relationship between the activities of
13 RCD pathways and age across cell types was explored
(Fig. 6h). Among the eight distinct cell types character-
ized within the human ovaries, parthanatos was found
to exhibit the most robust positive correlation with age
across five of these cell types: SCs, LECs, SMCs, GCs and
ICs. This association suggested that parthanatos may play
a pervasive and crucial role in age-related cellular func-
tion alterations within the ovary.

Corroborating parthanatos dysregulation in human
ovarian aging using GTEx

Finally, we screened ovarian data in the GTEx V8 dataset
and incorporated 22 samples in the 20-29 age group and
61 samples in the 50-59 age group (Fig. 7a). Morpho-
logical assessing showed similar changes between human
and murine ovaries, that is, a distinct loss of healthy fol-
licles and increase in corpus albicans and atretic follicles
(Fig. 7b). A total of 859 DEGs were identified between



Zhang et al. Journal of Ovarian Research (2026) 19:110 Page 14 of 20

GSE202601
celltype2 group
s
v CCR 3
5
23 ® BEC ovary23
* EpiC ~ 0 ovary27
Young 27 GC 1 ovary28
on= 28 c % ® od ovary29
® LEC = 5 * young ovary47
0 ? 29 esc 2 ovary51
23 * sMC ovarys2
< 47 e TC 10 ovary54
old 51
on=4 52 45 “ 45 “ 5 -
51 0 5 0 5 10 15 0 5 0 5 10 15 0 5 0 5 10 15
UMAP_1 UMAP_1 UMAP_1
scRNA-seq
4
%o 9 Q LAMA2 @ adjust Pvalue <0.01
c Fpcreat 3 2 e g @ adjust Pvalue >= 0.01
. ADAMTS9-AS2\ SYNE1
Amg | : | LINCO2147 CRISP3 wms,wém LINC00578 lnnAcy SOX5, VWe2
LDB2 I i || NRG3\HJ3ST2 COSERN/EVAZ  frfnus- THSD4 SORBS1 HS6STNF3a56 | TENME
ACO%‘EZ%OO'\? \H‘\‘ L0 | | | | | | 2{COHIB\\/NAMPT FyB2| THsDs stoza3 STEGALNACJ\\NTNi PLOG2  LDLRAD4, F"TCHD1~A§‘ %%N .
éRBB'4 Expression ELLY| ARHGAP26NRHEX RIPOR2 GALNT18 TMEM1320FBXO032 ADGRL3 -TOX ‘M
THSD4 \ ) “ RYR SkaPl Ly B kazy Sv28 GaST svemt Uty oA
PDED \ L 1] I lz . 5 N MR FET
RUNX2 | ey 1 H :
PWRN1 | I 2
NR5A2 Il 0 o
il t ! :
-1
F13A1 &°
PH’ARC I (LA L
ARHGMAF'1 5 Identity Y
BEC
MRNT ‘ H
Q'Eﬁ'/gﬁ i \! I ! ‘ Do < \ ANKUB TR
1 A f
RiZAL 11 TR ‘ l‘f o Gl DR gty  Presz\Gres
. .HBB, 'MSB10-, . A NA © y—IGFBPT - ,\TMSB4X
LANA2 | IIW\ W 111 m——y . e 2 orar \ymaveait X Gip1oat, s Hos horrs. i NEO! OSTAT B W o)
— . £ . 109930. 1
MUMIL1 o 1 L . s e ATRRL - AGIOBIRA - APOCH] N qmpoaani' wmoss arge s L\ TR
R 1l T . sue A v, SPHE Sess T kowps SERPINE1 ozt
ADGRL! I | o TC TuSB10 CYPI1AT ERI2 KONIP4 GSTA1 7\ crips
“s8rest i |“ | il L e e
MYFITT 10 1 g | 4 Ao AU
GRAMD1B ! i | ‘\ If |
Kéﬁﬁﬂ? [ i ‘"JHI\H\III | ! TN IO i
KLHL4 | ‘ | (] i TR | Clusters
ERI2 I I A .
f TC TCq - . TC TC /N
SMC Ak SMC A}\\ SMG j{ SMC d{k‘
I -G | - & > | g AT
d &AL S Ae & A E AN
el ) AR FOE NI |~
Young—] 000 005 0.10 0.15 00 01 02 000 005 0.10 0.15 005 0.10 0.15 0.20
Apoptosis Ferroptosis Necroptosis Autophagy
[ P i‘
TC o S’Jg A_; TC Aﬂ‘ TC ﬂ':
S —r— A SMC SMC
Y ——— SC A e AN sc]
LEG A LEIg LGl e LEC| M
ool 5P S — e — S| A | S
=S TS -
00 01 02 03 04 00 01 02 00 0.1 02 03 04 0.0 0.050.10.15 0.2 0.25
Parthanatos Cuproptosis Entotic.cell.death PANoptosis
I I I T I A Yol | — N Py ——
0.00 0.25 050 0.75 1.00 sr\;g TAR SMC %\‘ Sh';g y SMC f\_ag
Propotion SC Mkk IV —— &< A sl A
LEC - LElg LEC LEg ——
ic ic i
h 688 %g 0.8 SN | A <A E =
® 5 8 5 o £ 0&F sy~ ELA Y — ISP SA
pathanatos | | P P Q) BT D P 0.00 0.05 0.10 0.15 000102030405 00 01 02 00 02 04 06 08
B P RDDP T T Pyroptosis Oxeiptosis Netotic.cell.death Disulfidptosis
Pyroptosis 0.8 l\
TC
Enoticcetdean | 7 VP PPV T D 06 SHe 2&
LEC
Netotic.cell death 2N PR TN Glg 4{ 'fé
04
EpiC 3
Disuffidptosis P PBb BT I B%'C A E
0.000.050.100.150.20 °
Necroptosis Iq Frrpeprd 02 Lysosome.dependent.death § £ £
o o S w0
4 T o T o 2 %
Awophagy P PV VLT o 2 % 3 & o B T B o o 3 8
» 2 ® & £ £ o 2 @ @ o a
N2 NN AN AN AR AN 9 £ 585 :8¢8¢54%:2 8
PANoptosis & &8 5 ¢ £ 3 & &8 z2 g @ £ 3
0.2 o o @ E < > 3 c < > X 2 0
t
Apoptosis 04 CYP19A1 X 08
Lysosome.dependent death AR R I 194 )( :i
CYP11A1 0
Oxeiptosis AR | ! AR A 0.6 0
CYP17A1 X X X X X 02
Cuproptosis a4 14 ' ( ) 14 d os :;
STAR :
Ferroptosis 19 9d d i ﬂ ﬂ X X ?'s

Fig. 6 (See legend on next page.)



Zhang et al. Journal of Ovarian Research (2026) 19:110

(See figure on previous page.)

Page 15 of 20

Fig. 6 Transcriptomic signature of multiple RCD pathways in various human ovarian cells using snRNA-seq dataset. a Cohort overview. Ovaries for sSnRNA
sequencing were collected from females aged 23-54 years. b UMAP plot of ovarian cells, colored by cell type (left), group (middle), and age (right). ¢ Heat-
map showing the marker gene expression levels for each cell type in the human ovaries. d Stacked bar chart showing the proportion of major cell types
in the young and old groups. e DEGs (|log,FC| > 0.25, adjusted P <0.05) in each major cell type between the old and young groups. The upregulated or
downregulated genes that exhibited the highest 10 log,FC are labeled. f Ridge plot showing the UCell scores of 13 RCD pathways in each major cell type,
colored by cell type. g Correlation analysis between the 13 RCD-related ssGSEA scores and steroidogenesis-related enzymes using all cells. h Correlation
analysis between the 13 RCD-related ssGSEA scores and chronological age in each cell type

50 and 59 age group and 20-29 age group, among which
378 DEGs were upregulated and 481 DEGs were down-
regulated (Fig. 7c and Supplementary Table 4). Consis-
tent with the results of mice, enrichment analysis for the
upregulated DEGs revealed the involvement of immune-
related pathways, such as “Immunoglobulin complex’,
“Antigen binding’, while downregulated DEGs enriched
in cell cycle, gamete generation, etc. (Fig. 7d).

To determine the RCD pathway activity for each sam-
ple, a ssGSEA analysis was carried out, indicating that
the aged ovary had increased activity for parthanatos,
entotic cell death, netotic cell death, apoptosis, ferrop-
tosis, oxeiptosis, and PANoptosis, with only parthanatos
reaching statistical significance. On the contrary, none
of the pathways that showed a decrease in activity in the
aged ovary reached statistical significance (Fig. 7e). Cor-
relation analysis was conducted to explore the relation-
ship between the activities of the 13 RCD pathways and
the expression of key genes implicated in hormone syn-
thesis, as previously discussed. The identification of path-
ways that exhibit negative correlation with these genes,
including parthanatos, disulfidptosis, and netotic cell
death, suggests a potential detrimental effect on ovarian
function (Fig. 7f).

Considering the significantly increased activity of
parthanatos and its inverse association with hormone
synthesis genes during ovarian aging, gene modules cor-
related with the parthanatos phenotype were obtained
by WGCNA analysis of 83 samples. Utilizing a soft
threshold of 11, a minimum module size threshold of
30 genes, and a module merging criterion of similar-
ity less than 0.25, we delineated a total of 10 non-gray
modules (Fig. 7g). Notably, as shown in Fig. 7h, the
‘MEblue’ module was found to be closely related to the
score of parthanatos within the non-gray module. Sub-
sequently, univariate logistic regression analysis, with
a significance threshold of P<0.05, was performed to
preliminarily identify 107 genes associated with patient
age groups. Then LASSO regression analysis was con-
ducted, which indicated that at an optimal gene inclusion
count of 8, the model exhibited stable gene contrac-
tion and minimal partial likelihood deviance, with the
optimal lambda value determined to be 0.0272 (Fig. 7i).
Finally, an eight-gene signature was derived and used to
formulate a risk score for ovarian aging, as delineated
in the following equation (Fig. 7j): Risk score= (CTC-
444N24.6 * -0.119390818562094) + (TRIM60PI18 *

-0.568983188887762) + (MTMRILP * 0.70821444046537)
+ (RPI1I1-154H23.3 * -0.0927690121750645) +
(TCPI0L * 0.355810314174745) + (ANKRDI3B *
-1.08511369333606) + (SEMA4F * 1.38214725771393)
+ (RP11-661013.1 * -0.807505448694975). As shown in
Fig. 7k, this parthanatos-related risk score was signifi-
cantly higher in the old group, underscoring the potential
clinical relevance of this gene signature in the context of
ovarian aging.

Discussion

Human ovarian function is subject to a sharp decline at
the age of late 20s, prominently featured in the decreased
quantity and quality of oocytes [46]. Previous studies
have revealed several pathogenic mechanisms for ovar-
ian aging, such as cell death, oxidative damage [23],
inflammation [47], cellular senescence [1], fibrosis [48]
and mitochondrial dysfunction [49]. However, investiga-
tion into the specific cellular responses that occur during
ovarian aging, such as regulated cell death, has just begun
with the help of scRNA-seq or snRNA-seq. This knowl-
edge will facilitate the development of targeted interven-
tions for ovarian protection. In addition, due to ethical
and tissue acquisition limitations, the mouse is the pri-
mary model in previous ovarian aging research. However,
significant differences between rodents and humans can-
not be overlooked, causing the necessity for a compre-
hensive comparison analysis. In this study, the clues from
public bulk-seq data inspired us to create a single-cell
dataset of aging mouse ovaries to investigate changes in
cell composition, gene signatures, and potential biologi-
cal processes. Especially, we have paid close attention to
the activity change of 13 different types of RCD in ovaries
across aging as well as the activity of various RCD types
in 10 somatic cell types. Additionally, we also validated
the activity change of these 13 RCD pathways in public
data of human ovaries.

Nowadays, the advancement of scRNA-seq technology
has elucidated the transcriptomic alterations occurring
within each ovarian cell type throughout the aging pro-
cess, facilitating the establishment of several single-cell
atlases relevant to ovarian aging [23, 24, 50-53], with the
murine rodents being the most frequently used model
organisms. Nevertheless, the majority of existing atlases
of ovarian aging predominantly featured mice from only
the two distinct age groups of young and elderly, which
may lead to the neglect of the nuanced and progressive
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Fig. 7 Identification of the module closely related to parthanatos in ovarian aging by WGCNA. a Cohort overview. Transcriptome data of female ovarian
tissues in the 20-29 age group and 50-59 age group were obtained from the GTEx V8 database. b H&E staining of human ovaries from each age group.
Black arrows indicate follicles and white arrows indicate the corpus albicans. ¢ Volcano plot showing 859 DEGs (Jlog,FC| > 0.25, adjusted P < 0.05) between
the 20-29 age group and 50-59 age group. The upregulated or downregulated genes that exhibited the highest 10 log,FC are labeled. d Representa-
tive GO terms and pathways enriched in upregulated and downregulated DEGs based on functional enrichment analysis. @ ssGSEA analysis of 13 RCD
pathways demonstrated by bar plots in 20-29 age and 50-59 age groups. The dotted lines indicate a P-value of 0.05. f Correlation analysis between the
13 RCD-related ssGSEA scores and steroidogenesis-related enzymes. g Scale-free exponent and average connectivity for each soft threshold. h Heatmap
showing the correlations between module eigengenes and ssGSEA scores of 13 RCD pathways. i Distribution of LASSO coefficients for differential genes
(left) and choice of the optimal lambda (right). j Violin plot showing the expression levels of the genes included in the model in each group. k Violin plot
displaying the risk score distribution between the young and old groups. * P<0.05; ** P<0.01; *** P<0.001; **** P<0.0001; ns, not significant (two-tailed

t-test)

dynamism inherent in the aging process. Hence, a multi-
age-stage murine ovarian atlas was established in this
study to provide more comprehensive information for
the molecular and cellular dynamics across various stages
of ovarian development and aging. The four age stages
selected here respectively corresponded to the peak of
reproductive capacity, the phase of accelerated decline in
ovarian reserve yet still capable of reproduction, the stage
approaching reproductive exhaustion, and the period of
complete reproductive failure [54]. We noted that, despite
the widely recognized rapid decline in ovarian function in
mice occurring approximately at 8—9 months of age [53,
55], not all cell types within the ovary undergo signifi-
cant alterations during this period. At 9 months, GCs and
T&Ss cells exhibited the most pronounced changes in cell
composition and gene expression profiles. Given their
central roles in folliculogenesis and steroidogenesis, these
compartments are among the most metabolically active
in the ovary. Such functional demands may increase sen-
sitivity to mitochondrial and oxidative stress and associ-
ated DNA-damage responses, which could contribute
to earlier age-associated transcriptional changes [53]. In
contrast, alterations in immune cells, particularly mac-
rophages and monocytes, became prominent from 12
months onward. This may reflect a later phase of remod-
eling of the ovarian immune microenvironment. Such
changes could be driven by accumulated tissue damage
and stromal remodeling during advanced aging [56].
Parthanatos, discovered and defined in 2008, is medi-
ated by the activation of PARP [57]. This leads to PAR
polymers forming and moving to the cytosol and mito-
chondria, where they bind to AIF, triggering its release to
the cytosol. AIF then pairs with MIF to form a complex
that enters the nucleus, causing DNA fragmentation and
chromatin condensation [58, 59]. Parthanatos is involved
in many diseases, such as brain disorders like Parkin-
son’s disease and Alzheimer’s disease [59, 60], colitis [61],
stroke [62], and leukemia [63]. Using cumulus GCs from
DOR patients and normal ovarian reserve patients, Bat-
nasan et al. demonstrated that PAR expression and AIF
nuclear translocation were significantly higher in cumu-
lus GCs of DOR patients, which suggests an association
between parthanatos and DOR pathophysiology [22]. In

our study, parthanatos demonstrated the steepest gra-
dient of UCell in seven of the ten murine ovarian cell
types examined, indicating a sharp change in its activ-
ity occurred with advancing age. Partial overlap among
curated gene sets arising from biological crosstalk and
uneven annotation depth across RCD pathways may
introduce redundancy [18]. To address this, we quantified
gene set overlap and conducted a parthanatos-specific
sensitivity analysis using a score restricted to parthana-
tos-unique genes; the strong correlation with the origi-
nal score and the preserved age-associated trend support
the robustness of our main conclusions. In addition, our
in vivo animal experiments further confirmed that the
initiation of parthanatos was a consequence of progres-
sively severe oxidative damage in ovarian cells. Although
definitive cell-type assignment will require future co-
localization with cell-type markers or spatially resolved
approaches, our experimental results preliminarily sup-
port an age-associated increase in parthanatos-related
signals in the ovary as a whole. As for humans, at the
single-cell level, the activity of parthanatos showed the
highest positive correlation with chronological age across
most cell types, and conversely, a negative correlation
with the gene expression profiles associated with hor-
mone synthesis. In addition, according to data from the
GTEx V8 dataset, only the activity increase of the par-
thanatos pathway reached statistical significance between
the young and old groups. Therefore, precise modulation
of parthanatos to influence ovarian aging deserves further
investigation in future studies. It is worth mentioning
that previous studies have demonstrated that senescent
cells always upregulated the senescence-associated anti-
apoptotic pathways (SCAPs) to protect themselves from
the proapoptotic microenvironment [64—66]. However,
the removal of senescent cells becomes essential once
the detrimental chemicals produced by senescent cells
are released to the microenvironment and cause dam-
age to normal cells. Therefore, the upregulation of these
RCD pathways in the ovary may reflect the competition
between cellular senescence and cell death in the process
of ovarian aging. The factors determining cell fate at this
juncture warrant further investigation.
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In this study, we compared the reproductive cell atlas
as well as the changes in RCD activities between humans
and mice. Similarities between mouse and human ovaries
in terms of cellular composition and age-related tran-
scriptomic changes were revealed, indicating that the
mouse model may effectively mirror the essential biologi-
cal features of human ovarian aging. Nevertheless, nota-
ble interspecies differences still existed in specific genes
or regulatory pathways. For instance, the human ovary
demonstrates greater stability in RCD activity compared
to that of mice, with only the parthanatos activity exhib-
iting a statistically significant difference. This suggests a
superior capacity in humans to maintain ovarian physi-
ological homeostasis. Consequently, when extrapolating
findings from murine models to clinical applications, it
is essential to carefully consider these interspecies differ-
ences and to conduct more in-depth cross-species com-
parative analyses and verifications.

This study identified the potential role of certain RCD
modes in ovarian aging using single-cell sequencing
data and transcriptome sequencing data, serving as a
compass for future research. However, since some key
processes of initiation and amplification of RCD were
regulated at the level of RNA translation or posttransla-
tional modifications [9], confirmation of their exact roles
in ovarian aging requires more experimental verification.
In addition, no additional clinical information related
to the samples is available in the public human ovarian
dataset, which hinders us from further investigating the
correlation between the RCD and clinical characteris-
tics like the serum sex hormone levels and antral follicle
count. Especially, in the GTEx v8 data used here, the
open access release provides only limited donor meta-
data (Sex, 10-year age bracket, and Hardy scale). More
detailed information that may affect ovarian function,
such as exact age, BMI, comorbidities, hormone use, and
cause of death, is unavailable without an approved dbGaP
application. Consequently, this hindered us from adjust-
ing our analyses for these covariates. Future validation
in independent cohorts with richer clinical character-
istics will be required. Moreover, since the diameter of
an oocyte is always larger than the technical limitations
of scRNA-seq (i.e., cells should be < 40 pm in diameter)
and their number is notably fewer than the somatic cells
in the ovary, both the mouse ovarian single-cell atlas we
created and the human ovarian scRNA-seq data avail-
able online failed to capture sufficient oocytes for further
analysis. Thus, it would be promising to investigate the
role of each RCD pathway in oocyte death with advanced
technologies, which can help develop fertility-protective
strategies targeting key pathways.
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Conclusions

In summary, this study developed an atlas of aging
murine ovaries, explored the patterns of 13 RCD path-
ways, and conducted comparative analyses with human
data using publicly available datasets. The findings sug-
gest that multiple RCD patterns may interactively influ-
ence ovarian aging, with each pathway contributing to
varying extents across distinct cell types. Notably, par-
thanatos emerges as a common RCD for ovarian aging in
both mice and humans. The study offers valuable insights
into the diverse mechanisms of cell death in ovarian
aging, potentially informing the development of thera-
peutic targets for fertility preservation strategies.
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