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Abstract Understanding oocyte and ovarian aging
has become critically important, as trends in family
planning evolve, with many women choosing to have
children later in life. The ovary, a crucial organ in
female reproduction, is particularly susceptible to age-
related changes and is one of the organs that exhibit
functional deterioration most distinctly with age. The
aging of female reproductive systems also affects lon-
gevity and various health outcomes. A better under-
standing of both oocyte and ovarian aging will lay the
cornerstone to elucidate the phenomenon of longev-
ity in women. Here, clinical data from 400 women
of various ages undergoing intracytoplasmic sperm
injection (ICSI) have been analyzed, including Anti-
Miillerian Hormone (AMH) and Follicle-Stimulating
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Hormone (FSH) levels, the number of recovered
oocytes, blastocyst rates, pregnancy rates, and live
birth rates. Our analyses revealed significant differ-
ences in the aforementioned rates between patients
of young and advanced age. For the biomarker anal-
ysis, we further utilised a novel predictive perfor-
mance of age-associated gene expression signatures
for oocyte aging, demonstrating its potential to pro-
vide molecular-level insights into oocyte quality over
time. By analyzing RNA sequencing data generated
from human oocytes of different ages, a genome-
wide landscape of age-associated gene expression
has been described. Additionally, metabolome profil-
ing has been performed on young and reproductively
aged mice, serving as a model for human ovaries.
Changes in metabolites of the murine ovaries dur-
ing aging have been recorded. In conjunction with
traditional biomarkers, multiomics data represent a
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transformative approach in reproductive health, and
they may offer personalised risk assessments and
interventions to mitigate age-related fertility decline
in women. Our metabolome profiling provides a valu-
able resource for elucidating the metabolomic basis
of ovarian aging. Our findings offer novel insights
into systemic shifts associated with oocyte and ovar-
ian aging. This integrated approach may unlock new
avenues for fertility preservation, ovarian rejuvena-
tion, and assisted reproduction.

Keywords Oocyte - Ovary - Blastocyst - Aging -
Metabolome - Metabolite - Biomarker - RNA
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Introduction

Recent socio-economic changes have led to a delay in
parenthood, aligning with the global reduction in fer-
tility rates and population growth [1-5]. Understand-
ing oocyte and ovarian aging has become critically
important, as trends in family planning evolve, with
many women choosing to have children later in life.
This phenomenon, particularly evident in developed
countries, appears to be irreversible, culminating in
a demographic shift toward an older population and
a corresponding decline in population growth [5].
Additionally, lifestyle modifications and diet have
impacted the fertility outcomes of the twenty-first
century. Factors such as obesity, reflected by the body
mass index, negatively affect female fertility and
reduce the chances of successful assisted reproductive
technologies (ART) in women. As a result, there is
an urgent requirement to enhance human fertility [2,
6]. The ovary, an essential organ in female reproduc-
tion, is particularly susceptible to age-related altera-
tions and is one of the organs most distinctly exhibit-
ing functional deterioration with age [7, 8]. The aging
of female reproductive systems also affects longevity
and various health outcomes [9-11].

The pursuit of understanding biomarkers for oocyte
and ovarian aging has garnered considerable attention
in the realm of reproductive medicine. These biomark-
ers offer critical insights into ovarian physiology and
viability as women age, presenting substantial impli-
cations for fertility treatments and reproductive health
strategies. In this regard, RNA sequencing and meta-
bolic profiling represent an emerging and promising
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approach to identifying biochemical markers of ovarian
aging. Metabolites serve as indicators of physiological
changes associated with aging. They reflect the dynamic
biochemical processes influenced by genetic, environ-
mental, and lifestyle factors. Recent research has identi-
fied specific metabolites that correlate with age-related
decline in health. Metabolites related to energy produc-
tion, amino acid metabolism, and oxidative stress path-
ways serve as indicators of ovarian health [12, 13]. For
example, the levels of metabolites like lactate and pyru-
vate can reflect the efficiency of glycolysis and oxidative
phosphorylation, respectively [14]. Metabolic profiling
thus offers a comprehensive view of the biochemical
status of the ovary, aiding in the assessment of its via-
bility during aging. Moreover, biomarkers such as lipid
peroxidation products and antioxidant enzyme activities
serve as valuable indicators of oxidative stress within
the ovary [15-19]. Variations in these lipid components
have been linked to the pathology of numerous aging-
related diseases, emphasizing the importance of under-
standing their biochemical interactions [20-25].

To date, hormonal indicators have been widely uti-
lized as reliable markers of ovarian reserve. The Fol-
licle-stimulating hormone (FSH) and anti-Miillerian
hormone (AMH) are particularly prominent in this
regard [2, 26]. With advancing age, elevated levels
of FSH often indicate a diminished ovarian reserve,
reflecting a reduced pool of viable oocytes. Con-
versely, lower AMH levels correlate with lower antral
follicle counts, serving as an early sign of declining
ovarian function. Both FSH and AMH are integral
to predicting ovarian response in fertility treatments,
emphasizing their roles as crucial physiological bio-
markers [27, 28]. Integrating metabolomics with
other omics technologies can enhance our compre-
hension of aging pathways. However, the metabolites
relevant to the aging phenomenon in ovaries remain
elusive. Ovarian aging is driven by innate biological
mechanisms and cumulative environmental stressors,
resulting in reduced fertility. Leveraging these discov-
eries, novel approaches such as metabolomics, tran-
scriptomics, telomere length, and biological clocks
are emerging as powerful tools to precisely quantify
oocyte and ovarian aging.

This being said, several key questions anchor this
investigation: What are the reliable, non-invasive bio-
markers that can accurately assess oocyte and ovarian
aging? What are the practical applications of these
biomarkers in contemporary fertility treatments? To
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answer these questions, we analyzed the clinical data
of 400 women of different ages undergoing intracy-
toplasmic sperm injection, including AMH and FSH
levels, recovered oocyte numbers, blastocyst rates,
pregnancy rates, and the live birth rate. We utilized a
novel predictive performance of age-associated gene
expression signatures for oocyte aging, demonstrating
its potential to provide molecular-level insights into
oocyte quality over time. By analyzing RNA sequenc-
ing data generated from human oocytes of different
ages, we further identified a genome-wide landscape
of age-associated gene expression. Moreover, metab-
olome profiling in murine ovaries of different ages
has been performed to describe a novel metabolomic-
based biomarker for ovarian aging. Our findings offer
novel insights into shifts associated with oocyte and
ovarian aging. This integrated approach may unlock
new avenues for fertility preservation, ovarian rejuve-
nation, and assisted reproduction.

Materials and methods
Patient data

This was a retrospective study of 400 women who
underwent only intracytoplasmic sperm injection
(ICSI) cycles at a Krakovi Clinic in Krakéw (Poland)
from 2021 to 2024. The ICSI procedure is predomi-
nantly chosen in this clinic; therefore, conventional
in vitro fertilization (IVF) has not been considered.
We have analyzed two groups of patients, young
(below the age of 35 years) and advanced age patients
(above 35 years of age). The patients’ age range was
from 26 to 44 years. Institutional ethics committee
approval (KBKA/07/0/2024) was obtained.

Inclusion criteria

Based on the diagnostic criteria for intracytoplas-
mic sperm injection, the inclusion criteria of patients
enrolled in this study need to satisfy at least two of
the following three criteria 3: (1) AMH> 0.5 ng/mL,;
(2) AFC > 2 follicles; and (3) bFSH > 10 IU/L.

Exclusion criteria

Patients with any of the following conditions were
excluded: (1) polycystic ovary or polycystic ovary

syndrome; (2) chronic diseases, such as hyperten-
sion, cardiovascular disease, autoimmune disease,
and abnormal hepatic and renal function; (3) other
endocrine diseases, such as hypogonadotropin hypo-
gonadism (HH) and hyperprolactinemia; (4) uterine
malformation; (5) chromosome abnormality; (6) a
history of recurrent spontaneous abortion; and (7) an
active period of infectious diseases.

Clinical protocols

Patients were treated using either the long agonist
protocol or the short antagonist protocol. The type
of protocol used depended on the AMH level and the
overall hyperstimulation risk.

Long agonist protocol

Starting 1 week before the expected menses (cycle
day 18—23), patients received the GnRH agonist,
triptorelin (Decapeptyl, 1 mg/d, sc). After successful
pituitary downregulation (when the serum estradiol
(E2) levels were <40 pg/mL), ovarian stimulation was
commenced with a fixed daily dose of 150-300 IU
recombinant follitropin alfa (rfFSH, sc) with or with-
out an additional 75—150 IU menotropin (hMG).

Antagonist protocol

A GnRH antagonist Cetrorelix (Cetrotide, 0.25 mg/d,
sc) or Ganirelix (0.25 mg/d), was administered, com-
mencing when the largest follicle reached a diameter
of 14 mm. rFSH/hMG was initiated on day 24 of
the cycle. The agonist and antagonist protocols were
continued up to and including the day of human cho-
rionic gonadotropin (hCG) administration, which
was when the leading follicle reached a diameter of
18 mm or more and at least three follicles reached a
diameter of 17 mm or more. rFSH was then stopped,
and a single sc bolus of 10,000 IU hCG (Eutrig) or
6500 IU rhCG (Ovitrelle) was administered 36 h
before the planned time of oocyte retrieval. When
there was a risk of OHSS in an antagonist cycle, the
trigger was a single sc bolus of triptorelin 2 mg, and
a freeze-all policy was applied. All follicles 12 mm or
larger were aspirated. Subsequently, the oocytes were
inseminated via ICSI, and a single embryo was trans-
ferred 3 or 5 days later. Luteal support in the form of
intravaginal progesterone (Cyclogest, 400 mg twice
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a day) was administered starting from the day after
oocyte retrieval until a serum pregnancy (b-hCG) test
was performed 17 days later.

Ovarian stimulation monitoring in ICSI

Baseline blood sampling and transvaginal sonography
(TVS) was performed on day 2 or 3 of the pretreat-
ment cycle for all patients. Monitoring of responses
during the treatment cycle consisted of TVS and
blood sampling for hormonal analysis on cycle days
2-3 (E2, FSH, LH); 5-6 (E2); 8-9 (E2); and the day
of hCG administration (E2, P4). Additional TVS
monitoring was performed as clinically indicated.

Preparation for frozen embryo transfer

Treatment with oral E, was started on the first, sec-
ond, or third day of the cycle to prime the endome-
trium and suppress spontaneous follicle growth. Oral
estradiol was administered in an incremental fashion:
2 mg/day during days 1-7, 4 mg/day during days
8-12, and 6 mg/day during days 13 to embryo trans-
fer. Usually, after 12—14 days of E2 administration,
vaginal ultrasound examination was performed for
endometrial thickness measurement and to confirm
the absence of a dominant follicle. When the endo-
metrial thickness was greater than 7 mm, P4 supple-
mentation was initiated, and the timing of FET was
scheduled accordingly. For t-NC, TVS was performed
on day 2 or 3 of menses to rule out any cyst or cor-
pus luteum remaining from the previous cycle. Cycle
cancellation was typically undertaken in cycles with
serum P4 levels greater than 1.5 ng/ml on days 2 or
3 of menses. Transvaginal ultrasonographic monitor-
ing was usually started on day 8-10, and endocrine
monitoring, measuring serum E2, LH, and P4, was
performed when the leading follicle attained a mean
diameter of approximately 15 mm. Following fre-
quent endocrine and ultrasonographic monitoring, on
alternate days or daily, the day of ovulation was pre-
cisely documented to schedule the timing of FET.

Laboratory protocols
ICSI was performed using a Nikon Eclipse CS100
microscope and an RI Integra 3 micromanipula-

tor (Research Instruments, Germany), following the
standard technique. Embryos were in vitro cultured in
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SAGE® medium (Origio, Denmark) in an atmosphere
of 6.0% CO,, 5.0% O,, and balanced N, at 37 °C.
Blastocysts were graded according to the Gardner
scoring criteria based on the degree of expansion, as
well as inner cell mass (ICM) and TE morphology. In
cases where the patient was not adequately synchro-
nized for a direct fresh embryo transfer, blastocysts
were vitrified using Kitazato media and the Cryotop
device (Kitazato, Japan) according to the manufac-
turer’s protocol. Blastocysts were warmed in Kitazato
media for a minimum of 1.5 h before transfer and
then placed in EmbryoGlue medium (Vitrolife, Swe-
den) or in Sage medium. More than 95% of transfers
were performed in Embryo Glue® medium.

Mouse handling and care

All procedures performed on mice were carried out in
accordance with the relevant guidelines: EU Directive
of the European Parliament and the Council on the
protection of animals used for scientific purposes (22
September 2010; No 2010/63/EU), Polish Parliament
Act on Animal Protection (21 August 1997, Dz.U.
1997 nr 111 poz. 724) with further novelization—
Polish Parliament Act on the protection of animals
used for scientific or educational purposes (15 Janu-
ary 2015, Dz.U. 2015 poz. 266). The experimental
procedures were approved by the Local Ethics Com-
mittee for Experiments on Animals of the Harvard
Medical School Standing Committee on Animals and
the National Institutes of Health. All mouse protocols
were approved by the Harvard Medical Area Stand-
ing Committee on Animals. Procedures were per-
formed with 28 female mice (with MDX PHD3 CMV
background) at the ages of six months (n=14) and
12 months (n=14). Mice were sacrificed using cervi-
cal dislocation. The mice for metabolic profiling were
obtained from The Jackson Laboratory and housed in
the New Research Building Animal Facility at Har-
vard Medical School. Mice were housed at 20-22 °C
on a 12 h light/dark cycle with ad libitum access to
food (LabDiet 5053) and water.

Metabolite profiling and mass spectrometry

Metabolites were extracted from flash-frozen ovar-
ian tissue (approximately 5 mg per sample) using
1 mL of pre-chilled extraction solvent (2:2:1 [v/v/V]
acetonitrile:methanol:water, at —20 °C). The tissue
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homogenate was vigorously vortexed for 15 min at
4 °C, then centrifuged at 16,000xg for 15 min
(4 °C). The resulting supernatant was collected and
concentrated to dryness in a refrigerated vacuum
evaporator. The dried extract was reconstituted in
1:1 acetonitrile:water (volume normalized to tissue
weight) for subsequent LC-MS analysis.

Chromatographic separation was performed on a
Thermo Fisher Vanquish ultrahigh-performance lig-
uid chromatography (UHPLC) system using hydro-
philic interaction liquid chromatography (HILIC).
An iHILIC-(P) Classic column (150 mmXx2.1 mm,
5 um particle size, 200 A pore) with a matching
guard column was maintained at 25 °C (with a 30 °C
pre-column heater). The mobile phase consisted of
20 mM ammonium carbonate with 0.1% ammonium
hydroxide in water (buffer A) and acetonitrile (buffer
B). The flow rate was 0.15 mL/min. A linear gradient
was applied from 95% B at 0 min to 5% B at 23 min,
held at 5% B until 25 min, then increased back to 95%
B by 25.5 min (with a brief flow ramp to 0.20 mL/
min for column washing) and re-equilibrated at 95%
B until 33 min.

The UHPLC was coupled to a high-resolution Q
Exactive HF-X Hybrid Quadrupole-Orbitrap mass
spectrometer (Thermo Fisher Scientific) equipped
with a heated electrospray ionization (HESI) source
operating in negative ion mode. Mass spectra were
acquired in full-scan mode from m/z 70-1000 at
60,000 resolving power (at m/z 200). An automatic
gain control target of 1X 1075 ions and a maximum
injection time of 20 ms were used, with in-source col-
lision-induced dissociation set to 5 eV. The electro-
spray source parameters were: spray voltage 3.0 kV;
capillary temperature 275 °C; probe heater 350 °C;
sheath gas 40, auxiliary gas 15, and sweep gas 1
(arbitrary units).

Data acquisition and peak integration were per-
formed using Thermo TraceFinder v4.1. Metabolites
were identified by matching the observed retention
times and exact masses (within 5 ppm tolerance) to
an in-house library of authentic standards. Detected
peaks were manually curated to remove noise or
inconsistent signals. A deuterated internal standard
(D8-phenylalanine) was spiked into each sample prior
to extraction to monitor recovery and instrument drift.
All metabolite intensities were normalized to the

internal standard and to tissue input amount for quan-
titative comparisons. Downstream statistical analyses
(univariate testing and pathway enrichment) were car-
ried out using MetaboAnalyst 6.0, with additional data
visualization and significance testing performed in
GraphPad Prism.

Metabolite profiling data processing

All raw LC-MS data files were converted to an open
format using ProteoWizard (v3.0.8789). We then
utilized the XCMS R package (v3.1.3) [29-31] for
untargeted feature detection, retention-time align-
ment, and peak integration across samples. This
processing pipeline generated a matrix of features
characterized by their mass-to-charge ratio (m/z),
retention time, and peak area. In total, approximately
14,881 ion features were detected in positive ioni-
zation mode and~ 11,947 in negative mode across
the ovarian samples. The aligned feature table was
exported for analysis in MetaboAnalystR [29-31].
Prior to statistical analysis, intensity values were log-
transformed and normalized to the internal standard
and sample mass to minimize technical variability.

Smart-seq?2 libraries and gene expression analysis

Herein, data from paired-end Smart-seq2 sequencing
on human metaphase II oocytes from previously pub-
lished studies, which are publicly available [32-39],
are used. These studies were sourced from both a
recent systematic review of human oocyte transcrip-
tomes [40] and the reproGenomics database [41].

Identification of age-associated genes

To identify genes whose expression levels correlate
with maternal age, we performed Pearson correlation
analysis between gene expression values and chrono-
logical age across all samples. Genes were ranked by
their correlation coefficients, and statistical significance
was determined using a two-tailed #-test. Multiple test-
ing correction was applied using the Benjamini—-Hoch-
berg false discovery rate (FDR) method, with signifi-
cance defined as FDR <0.05. The top 20 age-associated
genes (10 positively correlated and 10 negatively cor-
related) were selected for further analysis.
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Gene ontology enrichment analysis

Protein-coding genes from the top 20 age-associated
genes were subjected to gene ontology (GO) enrich-
ment analysis to identify overrepresented biological
processes. Non-coding RNAs (including microR-
NAs and small nuclear RNAs) were excluded from
this analysis. GO enrichment was performed using
g: Profiler (version 2024) with the following param-
eters: organism=Homo sapiens, sources=GO Bio-
logical Process (GO:BP), significance threshold
method =FDR, user threshold=0.05. GO terms with
a minimum of 2 genes and FDR <0.05 were consid-
ered significantly enriched.

Predictive modeling

To assess the utility of age-associated genes for predict-
ing oocyte age, we constructed machine learning mod-
els using the top age-associated gene expression pro-
files as features. Models were trained using supervised
learning approaches with cross-validation to prevent
overfitting. Model performance was evaluated using
standard regression metrics, including R2, mean abso-
lute error (MAE), and root mean square error (RMSE).

Data visualization

All visualizations were generated using Python 3.10
with matplotlib (v3.8.0), seaborn (v0.13.0), and
aquarel (v0.0.5) for publication-quality styling. Age
distribution plots were created as kernel density esti-
mates. Gene expression distributions were visual-
ized as violin plots with overlaid box plots. Volcano
plots displayed effect sizes (correlation coefficients)
against statistical significance (-log;, p-values). Hier-
archical clustering heatmaps were generated using
the Euclidean distance and average linkage methods.
GO enrichment results were visualized as horizontal
bar plots showing -log;, transformed p-values with
gene counts annotated. Gene-pathway relationships
were displayed as chord diagrams using HoloViews
(v1.18.0) with Bokeh backend, connecting genes to
their associated GO terms in a circular layout.

Statistical analysis

The Kolmogorov—Smirnov test (K-S test) was used to
estimate the normality of the distribution. Normally
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distributed continuous variables were presented as
means + standard deviations (SDs), and Student’s
t-test was used to compare the statistical difference
between the two groups. Non-normally distributed
numerical variables were presented as medians (25th
to 75th percentiles), and a nonparametric test was
used to compare the statistical differences between
the two groups. Two-sided p-values<0.05 were
considered statistically significant. Non-parametric
data, such as differences in specific values between
the patient groups, were assessed using either the
Mann—Whitney test or the Kruskal-Wallis test, fol-
lowed by a Dunn’s multiple comparisons test, as we
did not assume a specific distribution of the variables
measured on nominal and ordinal scales. Parametric
data were expressed as means +SD and compared by
two-way ANOVA. Differences were considered sig-
nificant when the p-value was<0.05. The statistical
analysis was performed using the R software, version
4.4.1 (R Project for Statistical Computing). All sta-
tistical analyses regarding gene expression data were
performed in Python 3.10 using SciPy (v1.11.0),
NumPy (v1.24.0), and pandas (v2.0.0). Pearson cor-
relation coefficients were used to quantify linear
relationships between gene expression and age. Two-
tailed #-tests were used for hypothesis testing. Multi-
ple testing correction employed the Benjamini—Hoch-
berg FDR method. Statistical significance was defined
as p<0.05 or FDR <0.05, where applicable.

Results
Developmental competence of human oocytes

The aging process profoundly influences women’s
reproductive health and fertility, driven by signifi-
cant physiological transformations. This study rig-
orously investigated the critical impact of advanced
maternal age on the developmental competence of
oocytes (Fig. 1A). To address this, we analyzed
the oocyte and blastocyst numbers from young
patients in two groups: those under 35 years of age
and those over 35 years of age, who underwent
ICSI procedures and associated hormonal treat-
ments, as detailed in our protocols. As can be seen
in Fig. 1B, the implantation rate and ongoing preg-
nancy in women of advanced maternal age were
significantly (p <0.05) lower compared to those
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Fig. 1 Metaphase II oocytes were retrieved via ovum pick-up
of young and advanced-age patients. (A) Representative micro-
scopic photograph of human oocytes with proper morphology
in young patients. (B) The Graph shows the maturation, fertili-
zation, cleavage, blastocyst, implantation, and pregnancy rate
for both age groups. (C) A representative microscopic photo-
graph of improper morphology in an oocyte from patients of

in women below 35 years of age. Moreover, the
oocytes of women over 35 years show morphologic
alterations characteristic of aged oocytes, such as
an extra perivitelline space and irregular cytoplasm
(Fig. 1C). The deliberate focus on this specific age
group was paramount for elucidating how maternal
age influences reproductive rates. Furthermore, it
is essential to acknowledge that established indica-
tors, such as serum AMH and FSH levels, serve as
vital prognostic tools for predicting the expected
number of oocytes and ICSI success, particularly
in the context of maternal aging. The mean AMH
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advanced age is shown. Here, the retrieved oocytes exhibit an
increased perivitelline space (indicated by the white arrow)
and irregular cytoplasm (indicated by the black arrow). The
scale bar represents 20 pm. (D) The Graph shows the AMH
and FSH levels in both age groups. Asterisks indicate statis-
tical significance: *=p<0.05, **=p<0.01, ***=p<0.001,
*HEE =p <0.0001

level in the advanced maternal age group was sig-
nificantly (p <0.0001) lower compared to the AMH
levels in the young patient group, whereas for FSH,
the levels were significantly (p <0.01) higher in the
advanced age group compared to the young patient
group (Fig. 1D).

Gene expression results for human oocytes of
different ages

To elucidate the biological significance of age-asso-
ciated genes identified in oocytes, we performed
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Fig. 2 Gene ontology enrichment analysis reveals key bio-
logical processes affected by oocyte aging. (A)Horizontal bar
plot displaying the top 20 significantly enriched GO Biological
Process terms among the age-associated protein-coding genes
(n=17). Bars represent -log,, transformed p-values (Fisher’s
exact test with FDR correction), with longer bars indicating
higher significance. The red dashed line marks the significance
threshold (p=0.05, equivalent to -log;, p &~ 1.3). Gene counts
for each pathway are annotated on the right side of each bar.
The color gradient indicates the degree of enrichment signifi-
cance, ranging from yellow (less significant) to red (highly sig-
nificant). The enrichment analysis reveals five major biological
themes: protein quality control (including protein ubiquitina-
tion, quality control, folding, and heat shock response; ~40% of

Gene Ontology enrichment analysis. This analysis
revealed a spectrum of biological processes signifi-
cantly (p <0.05) impacted by oocyte aging (Fig. 2A).
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terms), cell adhesion and communication (cell adhesion, cell-
cell signaling;~15%), chromatin organization and transcrip-
tion (chromatin remodeling, transcription regulation, RNA
splicing; ~20%), mitochondrial function (electron transport,
oxidative phosphorylation;~10%), and stress responses (apop-
tosis, immune response, inflammation;~15%). (B) Circular
chord diagram illustrating gene-pathway relationships. Genes
are positioned on the upper arc (blue nodes, n=15 protein-
coding genes) and GO terms on the lower arc (colored nodes
representing the top 10 enriched pathways). Gray ribbons con-
nect genes to their annotated GO terms, with ribbon width
proportional to the strength of association. Highly connected
genes (e.g., HERC5, VCAM1, SMARCA4) exhibit pleiotropic
effects, participating in multiple biological processes

The top 20 significantly enriched GO Biological Pro-
cess terms (among 17 age-associated protein-coding
genes) highlighted five major biological themes
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collectively contributing to oocyte aging: protein
ubiquitination, protein quality control, protein fold-
ing, and heat shock response. Moreover, terms such
as chromatin remodeling, transcription regulation,
and RNA splicing accounted for 20% of the identi-
fied terms, and cell adhesion and cell-cell signal-
ing constituted about 15% of the enriched processes
(Fig. 2A). Interestingly, biological process terms
related to mitochondrial function, such as electron
transport and oxidative phosphorylation pathways, as

OTNFHSF 19

O %
O,
3 3,
3 .
o ®
=) ‘%,
2 %
=8 %
<
2
(=X

well as processes related to stress responses, such as
apoptosis, immune response, and inflammation path-
ways, were significantly (p <0.05) enriched terms for
aged oocytes. The circular chord diagram was con-
structed to visualize the intricate gene-pathway rela-
tionships, and illustrates 15 protein-coding genes on
the upper arc and the top 10 enriched GO terms on
the lower arc (Fig. 2B). This network visualization
demonstrated that highly connected genes, such as
HERCS, VCAM1, and SMARCA4, exhibit pleiotropic

@ Springer



GeroScience

effects, participating in multiple biological processes.
Notably, protein quality control pathways received
input from the largest number of age-associated
genes, underscoring proteostasis decline as a central
hallmark of oocyte aging. The observed gene clus-
tering patterns suggest the existence of functional
modules that undergo coordinated dysregulation dur-
ing the aging process of oocytes. Besides, the top
ten representative age-associated genes across the

oocyte cohort, namely VCAMI, HERCS5, RNUI-I,
SPPL2A, DNAJB4, TNFRSF19, PLEKHDI, MIR335,
SMARCA4, and MT-ND2 are shown in Fig. 3A.
As shown by the Kernel density plot, the distribu-
tion of maternal ages in the study cohort spans ages
20-43 years, which encompasses the critical period
of reproductive aging in women, allowing for the
robust identification of age-associated molecular
changes (Fig. 3B).
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Fig. 3 Expression distributions of age-associated genes. (A)
Violin plots depicting the expression distributions of repre-
sentative age-associated genes across the oocyte cohort. Each
violin represents the probability density of expression values
(log, TPM), with overlaid box plots showing median (center
line), interquartile range (box), and 1.5 Xinterquartile range
(whiskers). Genes shown include both negatively correlated
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and positively correlated ones, illustrating the range of expres-
sion variability and the directionality of age associations. (B)
Kernel density plot showing the distribution of maternal ages
in the study cohort. The distribution spans ages 20-43 years.
This age range encompasses the critical period of reproductive
decline, allowing for the robust identification of age-associated
molecular changes
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Aging-associated gene expression results

To identify transcriptional changes associated with
maternal aging, we performed an unsupervised hier-
archical clustering analysis of the top 20 age-associ-
ated genes across individual oocyte transcriptomes.
The clustering analysis revealed two major gene
expression patterns, as shown in the respective heat-
map (Fig. 4). The first cluster comprises negatively
age-correlated genes, including HERCS5, VCAMI,
SPPL2A, and DNAJB4, which exhibit a progres-
sive downregulation with increasing maternal age.
In contrast, the second cluster comprises positively
age-correlated genes, such as PLEKHDI1, TNFRSF19,
SMARCA4, and MT-ND2, which exhibit a gradual

PLEKHD1
MIR335
TNFRSF19
EAF1

Genes

upregulation in oocytes of advanced maternal age.
Moreover, to characterize transcriptional signatures
associated with maternal age, we assessed the cor-
relation between gene expression levels and chrono-
logical age across all oocyte samples. The volcano
plot illustrates the relationship between effect size on
the x-axis and statistical significance on the y-axis
(Fig. 5). Notably, genes located in the upper corners
of the plot exhibit both strong correlation coefficients
and high statistical significance. Among these, the top
20 age-associated genes are highlighted and labeled,
displaying a clear separation from the background
distribution and underscoring their robust association
with maternal age (Fig. 5). Furthermore, we evalu-
ated the predictive performance of the age-associated
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Fig. 4 Hierarchical clustering of top age-associated genes
reveals distinct age-related expression patterns. Heatmap
showing unsupervised hierarchical clustering of the top 20
age-associated genes (rows) across individual oocyte sam-
ples (columns). Samples are ordered by maternal age (x-axis).
Gene expression values are row-normalized and displayed as
z-scores, with red indicating higher expression and blue indi-
cating lower expression relative to the mean. The heatmap

reveals two major gene clusters: negatively correlated genes
(HERCS5, VCAMI1, SPPL2A, DNAJB4, and others), which
show progressive downregulation with age, and positively cor-
related genes (PLEKHD1, TNFRSF19, SMARCA4, MT-ND2,
and others), which show upregulation with age. Hierarchical
clustering was performed using the Euclidean distance and
average linkage method. This pattern suggests coordinated dys-
regulation of multiple biological processes during oocyte aging
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Fig. 5 Genome-wide
landscape of age-associated
gene expression. Vol-

cano plot displaying the
relationship between effect
size (Pearson correlation
coefficient, x-axis) and
statistical significance
(-logyo p-value, y-axis) for
all genes analyzed. Each
point represents a single
gene, with color intensity
indicating significance
level. Genes in the upper
corners represent those with
both strong correlations and
high statistical significance.
Dashed horizontal line
indicates the significance
threshold (p =0.05). The
top 20 age-associated genes
are highlighted and labeled,
demonstrating clear separa-
tion from the background
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transcriptomic model, and the prediction accuracy
was examined across the maternal age range. Fig-
ure 6 demonstrates the model prediction accuracy
across age ranges, showing that the Elastic Net model
captures age-related patterns reasonably well, with
stronger performance in the training dataset and
moderate predictive ability in the test set. The resid-
ual distributions suggest acceptable model behavior
without strong systematic bias, though generaliza-
tion is limited, likely due to sample size and biologi-
cal variability. These analyses demonstrate that the
earlier-mentioned genes exhibit strong and statisti-
cally significant correlations (p <0.05) with maternal
age, and that the developed model reliably captures
age-related transcriptional changes across the repro-
ductive lifespan. To evaluate the predictive capacity
of age-associated transcriptional changes, we devel-
oped machine learning models trained on oocyte gene
expression profiles correlated with maternal age, as
shown in Fig. 7. The latter-mentioned figure repre-
sents a model performance comparison across Elastic
Net, Ridge, linear regression, LASSO, random forest,
and gradient boosting models, which were evaluated
using test-set R?> and mean absolute error. Moreover,
the bar plot illustrates the feature importance for the
Elastic Net model, displaying the top 20 genes ranked

@ Springer

T
-0.2

T T T T T T

I I T T T I
0.0 0.2 0.4

Pearson Correlation with Age

by absolute coefficient magnitude, and highlighting
transcripts with the strongest contributions to biologi-
cal age prediction in oocytes. Corresponding model
performance metrics confirm the model’s robust pre-
dictive accuracy across the dataset. To further explore
the molecular drivers of prediction accuracy, feature
importance analysis was performed (Fig. 7). These
multiple machine-learning models were used to pre-
dict age and identify the most informative features,
as highlighted by the best-performing model. The
results demonstrate that ElasticNet provides the most
robust and generalizable age prediction among the
tested models. It balances predictive accuracy with
interpretability, identifying a biologically meaning-
ful set of key features that support its suitability for
downstream analysis and interpretation.

Metabolite profiling

Targeted metabolomic analysis identified a total
of 119 metabolites present in ovarian tissues from
both young and aged mice. Differential abundance
analysis pinpointed six metabolites with signifi-
cant changes in aged ovaries compared to young
controls. Phosphoethanolamine (PEA) showed the
most pronounced decrease (Fig. 8) in aged ovaries
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Fig. 6 Model prediction accuracy across age ranges. (A)
Residual plot showing the distribution of prediction errors
(predicted age—chronological age) across the age spectrum.
The dashed line at y=0 represents perfect prediction. Color
gradient indicates age groups (e.g., 20-30, 30-35, 35-40,
40+ years), revealing whether prediction accuracy varies sys-
tematically with age. The left panel (Training set) displays a
scatter plot of predicted age versus actual age, indicating a
strong positive correlation. The dashed red line represents the
ideal 1:1 relationship. The reported R? value of 0.680 indicates
a good model fit and predictive performance on the training

(»<£0.0001). Moreover, the metabolites betaine,
fructose-1,6-bisphosphate, pyruvate, and reduced
glutathione (GSH) were significantly downregulated
in the metabolome of the aged ovary. These age-
associated metabolite changes suggest disruptions
in key biochemical pathways, including lipid metab-
olism (PEA), glycolysis (fructose-1,6-bisphosphate
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data. (B) Density plot comparing prediction errors across age
groups, demonstrating the model’s robustness for the training
and test residuals. Left Panel: Residuals (prediction error in
years) are plotted against predicted age. The residuals are cen-
tered around zero (dashed red line), with no strong systematic
pattern, indicating reasonable model calibration on the train-
ing data. Right panel (Test residuals): The residuals for the
test set show greater dispersion, including some larger positive
and negative errors, which reflects increased variability and
reduced precision when applied to unseen data

and pyruvate), and redox homeostasis (GSH), as
hallmarks of ovarian aging. In contrast, guanosine
was significantly upregulated in aged ovaries com-
pared to their younger counterparts (Fig. 8). A cor-
relation heatmap (Fig. 9) further highlighted age-
related patterns and interrelationships among the
measured metabolites.
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Fig. 7 Predictive performance of age-associated gene expres-
sion signatures. (A) Model performance comparison across
Elastic Net, Ridge, linear regression, LASSO, random forest,
and gradient boosting models, evaluated using test-set R” (left)
and mean absolute error (MAE; right). (B) Cross-validation
versus test-set R? for each model, illustrating generalization

Topological pathway enrichment of metabolites

The aim of enrichment analysis of metabolites is
to reveal the biological pathways that play a criti-
cal role in a biological process, thereby providing a
better understanding of the molecular mechanisms
underlying these processes. Figure 10A illustrates the
top 25 metabolic pathways, along with their respec-
tive enrichment rates and significance. The ubiqui-
none biosynthesis, glycerophospholipid metabolism,
and sphingolipid metabolism pathways exhibit a
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Absolute Coefficient

performance. Bar plot showing feature importance for the
Elastic Net model, highlighting the top 20 genes ranked by
absolute coefficient magnitude, which indicates the transcripts
with the strongest contributions to biological age prediction in
oocytes

significant (p <0.05) enrichment ratio of greater than
2.5. This significant enrichment has also been con-
firmed by analysing the specific metabolite sets of the
aforementioned pathways (Fig. 10B). With regard to
the earlier-mentioned downregulation of PEA in aged
ovaries, the top 25 metabolites that correlate with
PEA are shown in Fig. 10C for a better understanding
of the interaction with other metabolites. The sphin-
golipid metabolism, in which PEA plays a role, is
depicted in Fig. 10D.
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Fig. 8 Metabolite profiling in aged and young ovaries. Box
plots showing the significantly upregulated metabolites and
downregulated metabolites in the ovaries of both age groups.

Individual metabolic biomarkers for ovarian aging

To elucidate individual metabolic biomarkers for
ovarian aging, we performed a classical univari-
ate receiver operating characteristic (ROC) curve.
Figure 11 shows the four top-ranked metabolites
based on the area under the curve (AUC), suggest-
ing that Phosphoethanolamine (AUC=0.959) and
Betaine (AUC=0.959) are robust (p<0.01) can-
didates as metabolomic biomarkers for aging in
murine ovaries. Moreover, pyruvate (AUC =0.837)
and reduced glutathione (AUC =0.878) also appear
to be reliable (p <0.05) candidates for metabo-
lomic biomarkers of aging in murine ovaries, indi-
cating their potential diagnostic value. This sug-
gests that lower PEA, betaing, and pyruvate levels
could be a marker for metabolic aging, not only
systemically but also at the level of oocyte health.
Since pyruvate is essential for maintaining mito-
chondrial function and protecting against oxida-
tive stress, a decrease in pyruvate with age could
signal increased oxidative damage, diminished

4e+7 o

3e+7 o

concentration

2e+7 4

Te+7 4

young old young old

Asterisks  indicate  statistical significance:
*#*=p<0.01, ***=p <0.001, ****=p <0.0001

*=p<0.05,

mitochondrial function in oocytes, and accelerated
ovarian aging. Therefore, this supports that pyru-
vate could serve as a predictive biomarker of ovar-
ian aging.

Discussion

This study is the first to shed light on the metabolic
changes between young and aged ovarian tissue sam-
ples, providing a better understanding of the underly-
ing biological mechanisms of ovarian aging. Combin-
ing these results with RNA sequencing data has been
used to identify biomarkers for combating reproduc-
tive aging in women. Therefore, the development of
non-invasive and highly sensitive biomarkers capa-
ble of assessing oocyte and ovarian quality across a
woman’s reproductive lifespan is essential for future
advancements in assisted reproductive technologies.
Aging is a pervasive process characterized by the pro-
gressive decline of physiological functions and the
increased susceptibility to chronic diseases. Specific

@ Springer



GeroScience

Fig. 9 Correlation heatmap of tested metabolites. (A) Each
square represents the Spearman correlation coefficient between
the metabolic phenotypes of the column and those of the row.
The metabolic phenotype order is determined using hierarchi-
cal clustering with the 1-correlation distance function. The
dissimilarity index is employed for cluster analysis to arrange
different seed phenotypes according to their similarity. Self—
self correlations are identified in dark red. (B) A heat map of
differential metabolites visualized the variations in metabolite

hallmarks of aging help to understand this complex
process [42, 43]. In women and other mammalian
females, the aging process affects the reproductive
system earlier and more profoundly than other organs,
often preceding the onset of menopause. Reproduc-
tive aging also impacts overall health as ovarian hor-
mones, particularly estrogen, regulate various organ
systems downstream [44].

As we have presented, biological process terms
related to mitochondrial function, such as electron
transport and oxidative phosphorylation pathways, as
well as processes related to stress responses, includ-
ing apoptosis, immune response, and inflammation
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profiles between young and aged ovaries. The vertical axis rep-
resents the metabolites, and the horizontal axis indicates the
sample class, comprising Y1-Y7 (ovaries from young donors)
and O1-O7 (ovaries from old donors), as well as the grouping
information. The cluster tree at the top of the figure is the simi-
larity cluster of the distribution of metabolites in each sample,
and the cluster tree at the left is the sample cluster tree. The
relationship between color and Z-score is shown in the scale at
the top right, ranging from 3 (red) to — 3.3 (blue)

pathways, were significantly enriched terms for aged
oocytes (Fig. 2). These findings indicate that oocyte
aging is characterized by a coordinated decline in
proteostasis, cellular organization, epigenetic regu-
lation, and energy metabolism, concurrent with the
activation of stress-response pathways. Moreover, the
performed clustering analysis indicates a coordinated,
age-dependent transcriptional reprogramming within
the oocyte, characterized by the differential regula-
tion of genes involved in diverse cellular pathways
[36]. This bimodal expression pattern underscores
the presence of multiple, interrelated biological pro-
cesses that become progressively dysregulated during
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B Overview of Enriched Metabolite sets (top 25)
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Fig. 10 Predictive Enrichment analysis of over-representation
analysis and top enrichment analysis. (A) The abscissa rep-
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way. The size of the p-value is expressed by color. The darker
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Glycosphingolipid b
[- ganglio senies

oocyte aging, potentially contributing to the decline
in oocyte quality observed with advancing maternal
age [32—-41]. Among the most predictive genes were

with PEA. (D) Scheme showing the sphingolipid metabolism.
Sphingosine-1P (S1P) and Dihydrosphingosin-1P (DH-S1P)
are involved in the biosynthesis of Phosphoethanolamine (box
with the green outer line on the top). S1P and DH-S1P, gener-
ated from the phosphorylation of dihydrosphingosine, can be
degraded to produce ethanolamine phosphate (Eth-P), which is
utilized for phosphatidylethanolamine synthesis

VCAM1, HERCS, and TNFRSF19, which exhibited
high importance scores. These genes have previously
been implicated in cellular stress response, immune
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Fig. 11 Biomarker analysis. Top-ranked metabolites based on
geted metabolomics analysis

signaling, and apoptotic regulation [45-59], support-
ing their biological relevance as potential biomarkers
of oocyte aging. These findings demonstrate that age-
associated gene expression signatures can reliably
predict biological age in human oocytes, and that spe-
cific genes with high predictive importance may serve
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the area under the ROC curve (AUROC) identified by the non-tar-

as mechanistic indicators of the molecular aging pro-
cess in the female germline.

The integration of metabolite-based biomark-
ers into clinical practice facilitates more accurate
diagnoses, personalized treatment plans, and, ulti-
mately, improved reproductive outcomes. It is worth
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mentioning that the lipid metabolism is central to
ovarian physiology and oocyte function, as it drives
energy production through p-oxidation of fatty acids,
which is essential for maturation and embryogenesis
[60, 61]. However, as women age, lipid metabolism
efficiency decreases, leading to impaired oocyte
maturation and a decline in fertility [62, 63]. As we
have shown in our metabolite profiling, PEA was sig-
nificantly downregulated in aged ovaries (Fig. 8), and
this metabolite appears to be a potential biomarker for
reproductive aging in females (Fig. 11). To the best
of our knowledge, we are the first group showing that
PEA also plays a role in ovarian aging. However, the
role of PEA in the ovarian aging process remains
elusive.

Previous research has provided evidence that PEA
is the ethanolamine monoester of phosphoric acid and
a metabolite of phospholipid metabolism [64]. This
phosphomonoester shows strong structural similar-
ity to the inhibitory neurotransmitter gamma-amin-
obutyric acid (GABA) [64]. Alpha-glyceryl-PEA has
been reported to slow down aging of human neural
stem cells [65]. This could also be an interesting fea-
ture relevant to the ovary, suggesting that low levels
of PEA could accelerate the ovarian aging process.
Furthermore, PEA is involved in modulating the flu-
idity and flexibility of membranes, thus supporting
membrane protein functions necessary for effective
cellular signalling and transport [66, 67].

Interestingly, it has been demonstrated that fibro-
sis and the stiffness of ovarian tissue are aging-related
phenotypes that diminish the physiological function
of the ovary [68]. Given the importance of cell mem-
brane composition in the context of cellular aging
further research into the regulatory roles of PEA
and its interaction with other phospholipids remains
imperative. As shown in Fig. 10, PEA is also involved
in sphingolipid metabolism, and our results demon-
strate enrichment in this pathway (Fig. 10). Changes
in sphingolipid metabolites are associated with aging
and prevalent conditions like diabetes and cancer, as
well as neurodegenerative, cardiovascular, and respir-
atory disorders [69-72]. It is now well-documented
that sphingolipids regulate a host of signals within the
cell, controlling a myriad of functions, including cell
growth and differentiation, inflammation, immune
functions, and the differentiation of the nervous sys-
tem [73, 74]. Sphingolipids contribute to apoptosis
by either clustering lipid microdomains or acting as

second messengers, binding specific proteins and
modulating their phosphorylation [75, 76]. In apopto-
sis, sphingolipids can influence mitochondria through
various mechanisms, including the formation of cera-
mide channels, which may contribute to mitochon-
drial outer membrane permeability (MOMP), the
activation of kinases, and the inhibition of respiration
[77, 78].

The latter findings align with our results from the
Gene Ontology enrichment analysis, which revealed
alterations in key biological processes, including
those related to mitochondrial function and stress
responses, such as apoptosis, immune response, and
inflammatory pathways, that are affected by oocyte
aging (Fig. 2). In the context of these results, it is
worth noting that mitochondrial dysfunction is a hall-
mark of aging in the ovary and oocytes, resulting in
decreased energy production, which is essential for
cellular processes such as chromosomal alignment
and segregation during meiosis [79]. Mitochondrial
membrane potential, which reflects the functional
status of the electron transport chain, is another criti-
cal marker, as its decline reflects impaired cellular
respiration and increased susceptibility to apoptosis
[80, 81]. Mitochondria of senescent cells often reduce
ATP production and elevate reactive oxygen species
(ROS) [82]. Consequently, energy metabolism is redi-
rected towards glycolysis. To regenerate NAD + levels
for glycolytic flow and sustain redox balance, lactate
dehydrogenase (LDH) converts cytosolic pyruvate
into lactate [83, 84]. Mitochondrial pyruvate transport
is crucial for proper embryonic development [85] and
for the physiological function of the ovary throughout
a woman’s life [86]. As shown in our results (Fig. 8),
pyruvate was significantly downregulated in the aged
ovaries and could, therefore, also serve as a metab-
olomic-based biomarker (Fig. 11). Pyruvate plays
a critical role in oocyte metabolism and maturation,
directly influencing both physiological and aging-
related processes. The consumption and utilization
of pyruvate during oocyte development have been
well-established as essential for maintaining energy
homeostasis, cellular integrity, and proper metabolic
function [87].

Throughout oocyte development, pyruvate is
utilized alongside oxygen, and its consumption
increases significantly as the oocyte progresses from
primary to pre-ovulatory stages within the ovarian
follicle [88]. This suggests that pyruvate is a critical
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energy substrate, particularly in mitochondrial func-
tion during oocyte maturation [88]. Oocytes that rely
on pyruvate show increased energy needs. In addi-
tion, studies reveal that pyruvate’s role is not limited
to energy production. It is also involved in reducing
oxidative stress and supporting mitochondrial elec-
tron transport, a process necessary for ooplasmic
maturation. In experiments where pyruvate was used
as the primary energy source, oocytes demonstrated
better maturation and reduced oxidative damage,
especially when glucose metabolism was inhibited
[89]. This highlights pyruvate’s dual role: support-
ing bioenergetics while safeguarding cellular compo-
nents against oxidative aging. Pyruvate’s antioxidant
properties may slow this process by mitigating the
accumulation of reactive oxygen species (ROS). This
is especially important given that elevated ROS lev-
els are associated with cellular aging and decreased
oocyte quality [89]. Pyruvate consumption is tightly
linked to both the energy production needs and anti-
oxidative defense mechanisms within the ovary and
oocytes. Therefore, fluctuations in pyruvate levels
could signal the onset of mitochondrial dysfunction
or an increase in oxidative stress, both of which are
indicative of oocyte aging. Hence, monitoring serum
pyruvate levels might provide a non-invasive marker
for assessing oocyte health and predicting oocyte
aging-related fertility issues. Another metabolite,
which was significantly downregulated in aged ova-
ries, is Betaine (Fig. 8). Betaine is an osmolyte and
methyl donor, plays a multifaceted role in the aging
process through various mechanisms, including its
involvement in one-carbon metabolism, reduction of
homocysteine levels, antioxidant and anti-inflamma-
tory activities, and influence on mitochondrial func-
tion and cellular senescence [90-94]. Betaine acts
as a crucial methyl donor in one-carbon metabolism,
helping to maintain cellular S-adenosylmethionine
levels, which are vital for numerous biological reac-
tions, including DNA methylation. By reducing con-
centrations of homocysteine, a known risk factor
for cardiovascular and neurodegenerative diseases,
betaine helps to mitigate vascular, neurodegenerative,
and oxidative damage associated with aging [90, 91].
Moreover, Betaine demonstrates significant antioxi-
dant and anti-inflammatory activities, which are criti-
cal in combating the chronic low-grade inflammation,
also known as “inflammaging” and oxidative stress
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that characterize aging [90, 91]. Previous research
has provided evidence that betaine intervention can
delay age-related muscle loss by improving muscle
mass, strength, and function, partly by mitigating
the impairment in mitochondrial respiration induced
by Mss51 [92]. Recent integrated multi-omics analy-
ses suggest that betaine metabolism is enhanced by
exercise and that betaine itself may act as an “exer-
cise mimetic.” Exercise-driven betaine enrichment
can exert geroprotective effects, helping to rescue
age-related health decline in mice, partly by reducing
cellular senescence and inflammation [93]. This posi-
tions betaine as a promising candidate for promoting
healthy aging [94]. Betaine supplementation has been
shown to improve sperm motility in mouse models
with genetic defects in choline dehydrogenase, a path-
way essential for betaine synthesis, which is linked
to idiopathic male factor infertility in humans [95].
Beyond male fertility, betaine has demonstrated an
ability to improve the development of ethanol-treated
mouse embryos, suggesting a role in mitigating the
adverse effects of ethanol exposure on embryo devel-
opment in women undergoing assisted reproductive
technologies [96]. It can also enhance nucleic acid
methylation important for oocyte meiotic matura-
tion when supplemented in IVF media [97]. Animal
studies also highlight betaine’s capacity to improve
semen quality, antioxidant status, and DNA repair
under stress conditions like heat [98]. Furthermore,
high concentrations of betaine have shown detrimen-
tal effects on sperm motility in some cryopreservation
contexts [99]. The direct therapeutic application of
modulating PEA levels for infertility treatment is not
yet clearly established from current research [100].
The presented changes in PEA levels might represent
consequences of ovarian aging rather than primary
targets for intervention. The complex nature of PEA
metabolism requires a deeper understanding of how
to effectively and safely manipulate PEA pathways
for fertility benefits.

Conclusions

In conclusion, this study provides a comprehensive
multi-level characterization of the molecular and
metabolic hallmarks underlying oocyte and ovarian
aging. Our data confirm that advanced maternal age
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profoundly impairs reproductive potential, as reflected
by reduced implantation and ongoing pregnancy rates,
as well as distinct morphological alterations in oocytes
from women over 35 years of age. The concomitant
decline in AMH levels and elevation in FSH concen-
trations further reinforce the established endocrine
signatures of diminished ovarian reserve and repro-
ductive competence. At the transcriptomic level, inte-
grative gene expression analyses revealed coordinated
dysregulation of multiple biological pathways central
to oocyte functionality. Enrichment of mitochondrial,
apoptotic, and immune-related processes highlights
the multifactorial nature of age-related oocyte deterio-
ration. Hierarchical clustering and machine learning
analyses consistently identified VCAM 1, HERCS, and
TNFRSFI19 as among the most predictive biomark-
ers of maternal age, emphasizing their mechanistic
and diagnostic relevance. The ability of gene expres-
sion signatures to accurately predict biological age
underscores their potential as molecular indicators for
assessing oocyte quality and reproductive lifespan.
Complementary metabolomic profiling of ovarian
tissues revealed profound metabolic remodeling with
age, notably involving phosphoethanolamine, betaine,
pyruvate, and reduced glutathione. Both phosphoe-
thanolamine and betaine show emerging clinical rel-
evance for infertility, primarily as biomarkers and
potential therapeutic supplements, respectively. Their
roles stem from their fundamental functions in cellular
metabolism, membrane integrity, and epigenetic regu-
lation. Our multi-omic findings provide a comprehen-
sive framework that links molecular, metabolic, and
functional alterations during reproductive aging. They
holistic view on candidate biomarkers and mechanistic
pathways that may serve as targets for therapeutic or
diagnostic strategies aimed at mitigating the decline in
female reproductive health with advancing age.

Outlook

The future of managing oocyte and ovarian aging is
poised for a significant transformation, driven by the
increasing emphasis on personalized therapeutic strat-
egies through the integration of multi-omics. This
approach, which encompasses technologies such as
transcriptomics and metabolomics, is fundamental to
the advancement of precision medicine in reproduc-
tive health. It promises to move beyond conventional
standardized interventions, allowing for the tailoring

of treatments to comprehensive biological profiles
that reflect each patient’s unique pathophysiology.

By analyzing individual metabolomic profiles,
clinicians will be empowered to design precision
therapies that meticulously address both endocrine
disruptions and metabolic dysfunctions contributing
to ovarian senescence. This represents a significant
step towards optimizing reproductive outcomes for
women facing the challenges of reproductive aging.
The most immediate clinical translation for PEA lies
in its potential as a diagnostic tool. Profiling PEA and
its related lipids in follicular fluid or seminal plasma
could help identify specific metabolic dysfunctions
contributing to infertility, guiding more personalized
treatment approaches. Detailed mechanistic research
is required to elucidate how specific PEA dysregu-
lations directly impair reproductive function. This
would involve studying the effects of exogenous PEA
or specific enzyme modulators on gamete quality, fer-
tilization, and embryo development. Moreover, large-
scale prospective studies are needed to validate PEA
as a robust diagnostic biomarker across diverse infer-
tility etiologies. Intervention studies, once preclinical
mechanisms are clearer, would be crucial to assess
whether targeted modulation of PEA metabolism can
improve fertility outcomes in humans. Betaine’s role
in counteracting elevated homocysteine, improving
sperm quality, and potentially protecting embryos
suggests it could be a valuable, relatively low-risk
dietary supplement, particularly for men with specific
sperm motility issues. Further research is needed to
elucidate the precise mechanisms by which betaine
affects gamete quality and embryo development in
various animal models of infertility, thereby estab-
lishing optimal concentrations and durations of sup-
plementation. The development of non-invasive and
highly sensitive biomarkers capable of assessing
oocyte quality across a woman’s reproductive lifespan
is essential for future advancements. Artificial intelli-
gence and machine learning could play a transforma-
tive role by enabling the creation of predictive models
that combine physiological, molecular, and genetic
markers for oocyte and ovarian aging.
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