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Abstract

Background Premature ovarian failure (POF) is a clinical condition characterized by the cessation of ovarian function,
leading to infertility. The underlying molecular mechanisms remain unclear, and no predictable biomarkers have
been identified. This study aimed to investigate the protein and metabolite contents of serum extracellular vesicles to
investigate underlying molecular mechanisms and explore potential biomarkers.

Methods This study was conducted on a cohort consisting of 14 POF patients and 16 healthy controls. The
extracellular vesicles extracted from the serum of each group were subjected to label-free proteomic and unbiased
metabolomic analysis. Differentially expressed proteins and metabolites were annotated. Pathway network clustering
was conducted with further correlation analysis. The biomarkers were confirmed by ROC analysis and random forest
machine learning.

Results The proteomic and metabolomic profiles of POF patients and healthy controls were compared. Two
subgroups of POF patients, Pre-POF and Pro-POF, were identified based on the proteomic profile, while all patients
displayed a distinguishable metabolomic profile. Proteomic analysis suggested that inflammation serves as an

early factor contributing to the infertility of POF patients. For the metabolomic analysis, despite the dysfunction of
metabolism, oxidative stress and hormone imbalance were other key factors appearing in POF patients. Signaling
pathway clustering of proteomic and metabolomic profiles revealed the progression of dysfunctional energy
metabolism during the development of POF. Moreover, correlation analysis identified that differentially expressed
proteins and metabolites were highly associated, with six of them being selected as potential biomarkers. ROC curve
analysis, together with random forest machine learning, suggested that AFM combined with 2-oxoarginine was the
best diagnostic biomarker for POF.
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Conclusions Omics analysis revealed that inflammation, oxidative stress, and hormone imbalance are factors that
damage ovarian tissue, but the progressive dysfunction of energy metabolism might be the critical pathogenic
pathway contributing to the development of POF. AFM combined with 2-oxoarginine serves as a precise biomarker

for clinical POF diagnosis.
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Background

Premature ovarian failure (POF) is a disease affecting
approximately 1% of females before they reach 40 years of
age, resulting in the cessation of the menstrual cycle and
infertility [1]. The underlying mechanisms causing POF
are not comprehensively understood, although hormonal
imbalances, genetic mutations, environmental factors,
and autoimmune diseases have been shown to contrib-
ute to POF development [2-5]. Presently, the diagnosis
of POF relies on measuring the serum levels of follicle-
stimulating hormone (FSH) and estradiol [6], as well as
clinical manifestations. However, the progression of POF
is gradual, and reliable biomarkers for early diagnosis and
prognostication during the initial stages of the disease are
currently lacking. There is a need for more specific and
sensitive biomarkers to enable early-stage diagnosis of
POE.

In recent vyears, technological advancements have
enabled the identification of proteins and metabolites in
biological fluids, furnishing novel insights into disease
etiology and diagnostics. Proteomic analysis involves
the identification of the total protein component of the
biological sample, including both soluble and mem-
brane-bound proteins. This method facilitates the iden-
tification and quantification of alterations in protein
expression levels, post-translational modifications, and
protein interactions [7]. Conversely, metabolomic analy-
sis characterizes the metabolomic profile of the biologi-
cal sample, including small molecule metabolites such
as amino acids, lipids, and nucleotides. This approach
enables the identification of changes in metabolic path-
ways associated with a particular disease or condition [8].
Proteomic and metabolomic analyses both serve as pow-
erful tools for identifying biomarkers in various diseases,
including neurological disorders, cardiovascular disease,
and cancer [9-12]. These methods also hold promise for
understanding the underlying mechanisms of POF and
identifying novel biomarkers for its diagnosis and treat-
ment. Previous studies have utilized the serum compo-
nent as a biomarker for POF due to its conventionality
[13, 14], but the complexity of serum constituents limits
its specificity [15].

Extracellular vesicles are believed to play a critical
role in intercellular communication, and the analysis of
their proteomic content has been utilized to investigate
the underlying physiological and pathological processes,
including cancer, inflammation, and immune responses

[16]. In recent years, several studies have explored exo-
somal content to develop therapies or diagnostic bio-
markers for female reproductive diseases. A recent study
identified the miRNA profile in plasma extracellular
vesicles, suggesting several signaling pathways contribut-
ing to the development of polycystic ovarian syndrome
(PCOS), and proposed their potential utility as biomark-
ers to distinguish patients from controls [17]. Another
study identified the miRNA profile in endometriosis and
suggested that miR-22-3p and miR-320a could serve as
noninvasive diagnostic biomarkers [18]. To date, there
are no existing data illustrating the exosomal content in
serum from POF patients, but the use of serum extracel-
lular vesicles is promising for understanding the under-
lying molecular mechanisms of POEF, and its use as a
noninvasive diagnostic biomarker. To date, there are cur-
rently no studies that reveal the differences in the cargo
of serum extracellular vesicles between patients with
POF and healthy individuals. As a result, there is a lack
of understanding of the pathogenesis of POF from the
perspective cell communication regulated by extracellu-
lar vesicles, and it is also impossible to use blood to more
accurately diagnose the occurrence of POF. This study
aims to address this issue by analyzing the protein and
metabolites content in the extracellular vesicles isolated
from serum.

In this study, we constructed exosomal proteomic and
metabolomic profiles derived from the serum of POF
patients. The quantification of proteins and metabolites,
including their downstream regulatory signals, associ-
ated environmental factors, and interactions, provides
clues for diagnosing and treating POF. Furthermore, omic
analysis revealed interplay between proteins and metabo-
lites, with key nodes in the network being discovered.
We also applied receiver operating characteristic (ROC)
analysis and machine learning to identify potential diag-
nostic biomarkers. We offer openly accessible proteomic
and metabolomic datasets that are readily available for
researchers who lack access to clinical serum samples.

Methods

Study samples

In this study, a total of 16 healthy control individuals
and 14 POF patients were recruited from the Repro-
ductive Medicine Center of The Third Affiliated Hos-
pital of Shenzhen University, China. Prior to analysis,
serum samples were collected from all participants in
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accordance with hospital standard operating procedures
(SOPs). The inclusion of women with POF requires the
presence of oligo/amenorrhea for at least 4 months in
women below the age of 40, and with an increased fol-
licle-stimulating hormone (FSH) serum concentration of
>40 IU/L detected on at least two separate occasions>4
weeks apart. The exclude of healthy population is diag-
nosis of gynecological diseases with include criteria of
normal menstrual period. For the cycle when the blood
was drawn from patients, the POF patients’ blood sam-
ple were collected three days after menstrual period if
a POF patient has menstruation, and blood sample can
be collected on any day if the POF patient has not men-
struation, The patients were not under any medication.
The blood hormone levels of luteinizing hormone (LH),
follicle-stimulating hormone (FSH), and anti-Mullerian
hormone (AMH) were subsequently tested using stan-
dardized assays. The POF patients were identified on
the basis of their distinct blood hormone levels relative
to those of the healthy control group. Serum was iso-
lated from the collected blood samples by centrifugation
at 3,000 rpm for 10 min and used for further extracellu-
lar vesicle extraction. These procedures were conducted
to ensure the integrity and quality of the serum samples
and to minimize any potential sources of experimental

variability.

Extracellular vesicle extraction from serum

Standard inclusion and exclusion criteria were performed
on the samples of the participants with a total of 10 ml
of serum collected from healthy control and POF patient
groups. The collected serum was transferred to a 15 ml
centrifuge tube and centrifuged at 3,000 g for 15 min to
remove cells and debris. The collected supernatant was
transferred to a fresh 15 ml centrifuge tube and centri-
fuged at 10,000 g for 15 min to remove apoptotic bod-
ies, RNA and proteins. Finally, the supernatant was
transferred to an ultracentrifuge tube and centrifuged at
100,000 g for 2 h. The supernatant was discarded, and the
extracellular vesicle pellet was resuspended in 100-500 pl
of PBS. The extracted extracellular vesicles were frozen at
-80 °C for further inspection.

Nanopore tracking analysis (NTA)

The extracellular vesicles suspended in PBS were gradient
diluted and analyzed using a NanoFCM N30E nanopar-
ticle tracking flow cytometer (NanoFCM, UK). Standard
samples were tested before analyzing the extracellular
vesicles. The nanoparticle size distribution and concen-
tration were obtained from the machine and further ana-
lyzed using Origin 2018 (OriginLab Corporation, USA).
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Transmission electron microscopy (TEM)

The morphology and dimensions of the extracellular
vesicles were identified using an HT7700 transmission
electron microscope (Hitachi, Japan). For sample prepa-
ration, 10 ul of the extracellular vesicle solution sus-
pended in PBS was loaded on a copper mesh and allowed
to precipitate for 1 min. Subsequently, the excess liquid
was removed using filter paper. Next, 10 ul of phospho-
tungstic acid was deposited onto the copper mesh and
allowed to precipitate for 1 min, after which the excess
liquid was again removed using filter paper. The sample
was air-dried at room temperature for 5 min and imaged
at a voltage of 100 kV.

Western blotting

The extracellular vesicle suspension underwent lysis by
adding 50% volume of RIPA lysis buffer (). The extracel-
lular vesicles were lysis on ice for 30 min. The protein
concentration was determined using the bicinchoninic
acid (BCA) method. Equal amounts of total protein were
mixed with loading buffer and boiled for 10 min to ensure
protein denaturation. The 12% Bis-Tris Western blot gels
prepared using gel making kit (Servicebio, China) were
run at 80 V, with the voltage increased to 120 V upon
observation of protein samples entering the separation
gel. Protein transfer to a polyvinylidene fluoride (PVDEF)
membrane was carried out at 30 mA for an appropri-
ate duration. The membrane was then blocked using a
5% BSA solution at room temperature on a shaker for
2 h. Primary antibodies, including those against TSG101
(Proteintech, 1:500), CD81 (Proteintech, 1:500), CD63
(Proteintech, 1:500), CD9 (Proteintech, 1:250), and Alix
(Proteintech, 1:1000), were prepared accordingly. The
blot was incubated overnight on a shaker at 4 °C. The fol-
lowing day, the membrane was washed four times for five
minutes each with TBST on a shaker. The corresponding
secondary antibody, diluted to 1:10,000, was applied and
incubated at room temperature on a shaker for 1 h. The
PVDF membrane was washed four times for five minutes
each with TBST. Chemiluminescence was detected using
Pierce ECL (Yeasen).

Proteomics

For the identification of serum-extracted exosomal pro-
teins, the samples were thawed, washed, and homog-
enized with a lysate solution. The mixture underwent
low-temperature ultrasound for 30 min (2 cycles) and
was then stored at -20 °C for 1 h. Protein extraction was
performed by denaturing the lysate, determining the pro-
tein concentration using Bradford method, and filtering
the supernatant through ultrafiltration. A 100 pg pro-
tein solution was incubated with 10 mM dithiothreitol
(DTT) at 37 °C for 1.5-2 h to reduce the proteins. Then,
25 mM iodoacetamide (IAA) was added and incubated
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in darkness for 45 min to 1 h for alkylation. The protein
solution was digested with trypsin at a 50:1 protein-
to-trypsin ratio at 37 °C overnight. Each reaction was
quenched by adjusting the pH to below 3 with 10% tri-
fluoroacetic acid (TFA), desalted using an MCX C18 col-
umn, and the peptides were dried in a centrifugal vacuum
evaporator following the manufacturer’s instructions.

LC-MS/MS analysis

Peptides were separated using an easylc-1000 high-per-
formance liquid chromatograph coupled to an Orbitrap
Q Exactive mass spectrometer and analyzed using the
Xcalibur software platform. A reversed-phase analytical
column was used for chromatographic separation, with
peptides eluted using a gradient of 6-90% solvent B over
a span of 240 min at a flow rate of 250 nL/min. The elec-
trospray voltage was set at 2.3 kV, and a scan range of 300
to 1500 m/z was used for the Orbitrap mass analyzer at a
resolution of R=70,000.

Proteomic data analysis

The MS/MS data files were searched using Proteome
Discoverer and screened for spectrograms, isotopic label
purity correction, and quantitative data integration using
the Proteomics Tool Suite. QC was done by illustrat-
ing parent ion mass tolerance distribution, an indicator
of mass spectrometer performance and quality assess-
ment. A minimum of 1 peptide was required for pro-
tein identification (Supplementary Table S4). Peptide
and protein error rates were maintained below 1%. Dif-
ferentially expressed proteins were considered signifi-
cant if they exhibited fold changes>1.5 (or <0.67) and
a P value<0.05. Functional enrichment analyses were
conducted using Gene Ontology (GO) and the DAVID
6.7 databases, with the differentially expressed proteins
categorized into biological process, cellular component,
and molecular function. Related pathways were identified
using the KEGG database.

Metabolomic sample preparation

To prepare samples for metabolomics analysis, 200 pL
of ddH20 was added, and the samples were vortexed
for 60 s. Subsequently, 800 pL of a methanol/acetonitrile
mixture (1:1, v/v) was added, and the mixture was vor-
texed for another 60 s. After centrifugation at 14,000 g/
min for 20 min at 4 °C, the resulting supernatant was
freeze-dried and stored at -80 °C. For LC/MS analysis,
lyophilized samples were dissolved in a 100 pL solvent
mixture of water/acetonitrile (1:1, v/v), vortexed for 60 s,
and then centrifuged at 14,000 x g for 10 min at 4 °C. The
resulting supernatants were collected for further analysis.
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LC/MS analysis

LC analysis was conducted using a Vanquish UHPLC Sys-
tem (Thermo Fisher Scientific, USA). Chromatography
was performed on an ACQUITY UPLC® HSS T3 column
(150%2.1 mm, 1.8 um particle size) (Waters, Milford,
MA, USA), with the column temperature maintained at
40 °C. The flow rate and injection volume were set at 0.25
mL/min and 2 pL, respectively. For LC-ESI (+)-MS anal-
ysis, the mobile phases consisted of 0.1% formic acid in
acetonitrile (v/v) (C) and 0.1% formic acid in water (v/v)
(D). Separation was achieved using the following gradi-
ent: 0~1 min, 2% C; 1~9 min, 2%~50% C; 9~ 12 min,
50%~98% C; 12 ~ 13.5 min, 98% C; 13.5 ~ 14 min, 98%~2%
C; and 14 ~20 min, 2% C. For LC-ESI-MS analysis, the
analytes were analyzed with (A) acetonitrile and (B)
ammonium formate (5 mM). Separation was conducted
under the following gradient: 0~ 1 min, 2% A; 1 ~9 min,
2%~50% A; 9 ~ 12 min, 50%~98% A; 12 ~13.5 min, 98% A;
13.5~ 14 min, 98%~2% A; and 14 ~ 17 min, 2% A.

Mass spectrometric detection of metabolites was con-
ducted using an Orbitrap Exploris 120 mass spectrom-
eter (Thermo Fisher Scientific, USA) equipped with an
electrospray ionization (ESI) source. QC runs were com-
pared with sample results. To identify biomarkers, the
relative standard deviation (RSD) of potential character-
istic peaks in QC samples must not exceed 30%. Features
not meeting this criterion were eliminated. Simultaneous
MS1 and MS/MS (full MS-ddMS2 mode, data-depen-
dent MS/MS) acquisition was employed. The operational
parameters were set as follows: sheath gas pressure, 30
arb; auxiliary gas flow, 10 arb; spray voltage, 3.50 kV and
—2.50 kV for ESI(+) and ESI(-), respectively; capillary
temperature, 325 C; MSI1 range, m/z 100-1000; MS1
resolving power, 60,000 FWHM; number of data-depen-
dent scans per cycle, 4; MS/MS resolving power, 15,000
FWHM; normalized collision energy, 30%; and dynamic
exclusion time, automatic.

Combined metabolomics and proteomics analysis

To integrate insights from metabolomics and proteomics,
differentially expressed proteins and metabolites were
mapped to pathways using the KEGG database. Enrich-
ment analysis was conducted using R to combine KEGG
annotation and enrichment results, providing a compre-
hensive understanding of affected biological processes,
cellular components, and molecular functions.

Random forest machine learning

The random forest algorithm, which employs ensemble
learning, integrates multiple decision trees. In this study,
proteomic data were utilized in a random forest classifier.
The model was trained using the ‘RandomForest’ R pack-
age with specified parameters, except for ‘n_trees’ (set to
500) and ‘max_depth’ (set to 10). After stratified 10-fold
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Fig. 1 Schematic summary (A) Schematic graph illustrating the sample collection, proteome and metabolome platforms and downstream analysis. (B)
Age distribution of POF patients and healthy controls. (C) Blood LH distribution in POF patients and healthy controls. P-value <0.001. (D) Blood FSH distri-
bution in POF patients and healthy controls. P-value <0.001. (E) Blood AMH distribution in POF patients and healthy controls. P-value < 0.001

Table 1 Characterization of study population

Characteristics Healthy Control POF patient  P-value
Mean (SD) age, year 29.38+3.519 28.71+7.097 0.7556
Menstruate cycle state  Regular Irregular

bFSH (IU/L) 6.51+£1.253 7748+35973  <0.0001
bLH (IU/L) 452+2013 3343+£13543 <0.0001
bAMH (ng/ml) 271+0617 0.06+0.036 <0.0001

LH: luteinizing hormone, FSH: follicle-stimulating hormone, AMH: anti-
Mullerian hormone

cross-validation, the importance ranking was illustrated
based on importance values.

Statistical analyses

Statistical analyses were performed using GraphPad
Prism version 8.3.0. Clinical data are presented as the
meantstandard deviation. Proteomic and metabolomic
data were log2-transformed and median normalized.
One-way ANOVA and unpaired t tests with Welch’s cor-
rection were employed to evaluate statistical significance.
A Pvalue<0.05 was considered significant.

Results

Characterization of patient population and extracted
extracellular vesicles

The current investigation enrolled a cohort of 30 par-
ticipants, comprising 16 healthy controls and 14 patients
diagnosed with POEF, sourced from the Reproductive
Medicine Center of the Third Affiliated Hospital of Shen-
zhen University, China (Fig. 1A). The clinical character-
istics of the subjects are concisely presented in Table 1.
The age distributions within both the patient and control
groups were similar (Fig. 1B). Nevertheless, compara-
tive analysis revealed irregular menstrual cycles among
POF patients in contrast to healthy controls. Moreover,
discernible elevations in the levels of luteinizing hor-
mone (LH) and follicle-stimulating hormone (FSH)
were observed in the peripheral blood of POF patients
(Fig. 1C & D), accompanied by a notable reduction in
anti-Miillerian hormone (AMH) levels (Fig. 1E), indicat-
ing decreased ovarian function in POF patients relative
to healthy controls.
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The extracellular vesicles derived from both cohorts
exhibited similar characteristics. Particle size analysis
was conducted to determine the average diameter of the
extracellular vesicles, revealing a diameter of 90.02 nm
(Figure S1A). Subsequent examination of the morpho-
logical features of the extracellular vesicles via trans-
mission electron microscopy revealed the presence of
double-membrane pitted vesicles with a saucer-like con-
figuration, consistent with previously documented exo-
somal structures (Figure S1B). Additionally, to validate
the extraction of extracellular vesicles, Western blotting
analysis was performed to identify extracellular vesicle-
specific protein markers, including CD9, CD63, CD81,
Alix, and TSG101 (Figure S1C).
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Proteomic profiles identifying pre- and Pro-POF patient
subgroups

In this investigation, a quantitative proteomic analysis
of serum-extracted extracellular vesicles was conducted
utilizing label-free mass spectrometry to construct the
proteomic profile of POF patients. Initially, principal
component analysis (PCA) was employed to categorize
the patients and healthy volunteers. The results revealed
that the patient group could be subdivided into two dis-
tinct subgroups: Pre and Pro (Fig. 2A). The subgroup
designated Pre exhibited similarities with the healthy
controls, whereas the subgroup designated Pro clearly
distinguished itself from the healthy controls.

The differentially expressed proteins within the patient
subgroups compared to the healthy cohort are illustrated
using volcano plots, highlighting proteins with a fold
change>2 and a P value<0.05, with the top ten proteins
highlighted (Fig. 2B & C). Approximately 58 differentially
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Fig. 2 Exosomal proteomic analysis of differentially expressed proteins among POF patients and healthy controls. (A) PCA plot of proteomic data from
POF patients and healthy controls. Subgroups of POF patients were selected and named Pre and Pro. (B) Volcano plot of Pre-POF and healthy control
proteins. The top 10 differentially expressed proteins are annotated in the graph. (C) Volcano plot of Pro-POF and healthy control proteins. The top 10
differentially expressed proteins are annotated in the graph. (D) Z score graph of differentially expressed proteins in the Pre-POF, Pro-POF, and healthy
control groups. (E) Multigroup heatmap cluster of differentially expressed proteins in the Pre-POF, Pro-POF, and healthy control groups
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expressed proteins were detected between Pre-POFs and
healthy controls (Fig. 2B). However, 105 differentially
expressed proteins were identified between the Pro-POF
group and the healthy control group, consistent with our
PCA findings indicating that the Pro-POF group was
more distinctly separated from the healthy control group
(Fig. 2C). Among the top DEPs in Pre-POF patients
compared to healthy controls, ORM2 was the most
significantly decreased (FC=0.389, P=1.336x10"°),
and the SERPIN family members SERPINAI1
(FC=0.587, P=1.057x10"%) and SERPINF1 (FC=0.492,
P=1.806x10"3) were also significantly decreased (Sup-
plementary table S1). Among the top DEPs in the Pro-
POF group compared to the healthy control group,
the most significantly decreased were the SERPINA1
(FC=0.044, P=7.077x10""7), SERPINA3 (FC=0.035,
P=1.569x10"'°), SERPINF2 (FC=0.014, P=6.27x10" "),
and SERPIND1 (FC=0.030, P=1.623x10"") families
(Supplementary table S2).

To further elucidate the differences among the three
groups, a Z score graph was generated to represent
protein expression in each sample, revealing the 19
proteins differentially expressed between Pre and Pro
POF (Fig. 2D). Additionally, proteomic data analysis of
the entire cohort of POF patients and healthy controls
revealed 69 differentially expressed proteins (Figure
S2A). However, heatmap clustering indicated that these
identified differentially expressed proteins could not
effectively discriminate between the three groups (Figure
S2B). Nevertheless, heatmap clustering revealed that the
19 proteins could distinguish healthy controls from both
POF subgroups (Fig. 2E).

Metabolomic profiling distinguishes patient and healthy
cohorts

We subsequently conducted a metabolomic analysis
employing LC/MS to discern the disparities in metabo-
lite profiles between the patients and healthy controls.
Principal component analysis (PCA) revealed similarities
between the two groups (Fig. 3A). Due to the intricate
nature of the metabolomic dataset, partial least squares
discriminant analysis (PLS-DA) was employed to segre-
gate samples from the two groups, revealing clear differ-
entiation without identifiable subgroups (Fig. 3B).

The differentially expressed metabolites were identified
and are illustrated by a volcano plot, which highlights
the top 10 disparities (Fig. 3C). Among the 31 DEMs,
norselegiline (FC=0.54, P=1.06x10"7) appeared to be
the most significantly decreased metabolite (Supple-
mentary table S3). Z score analysis of the differentially
expressed metabolites revealed high variability within
the healthy controls (Fig. 3D). Most identified metabo-
lites exhibited lower expression levels in the patient
group, with only L-phenylalanine, 3-hydroxyanthranilate,
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2-doxystreptamine, uracil 5-carboxylate, and phospho-
enolpyruvic acid showing upregulation. Furthermore, we
utilized the differentially expressed metabolites to gener-
ate a heatmap, which clearly distinguished between the
two groups (Fig. 3E).

Pathway network clustering reveals progressive metabolic
dysfunction in POF patients

To elucidate the molecular mechanisms underlying the
pathogenesis of POF, we initially conducted a KEGG
analysis of proteomic and metabolomic data. Proteomic
results revealed significant upregulation of the Rapl1 sig-
naling pathway and the peroxisome proliferator-activated
receptor (PPAR) signaling pathway in POF patients (Fig-
ure S3A). Concurrently, metabolomic analysis indicated
a significant alteration in tyrosine synthesis and metab-
olism (Figure S3B). To further discover the signaling
pathways contributing to the development of POF, we
integrated the KEGG datasets and revealed 5 pathways
shared between the Pre-POF group and the healthy con-
trol group (Fig. 4A). In contrast, 14 common pathways
were identified between the Pro-POF group and the
healthy control group, with only the mineral absorption
and metabolic pathways being shared between them
(Fig. 4B). The Pro-POF group exhibited significant down-
regulation of glycolysis, pyruvate metabolism, and the
glucagon signaling pathway compared to the Pre-POF
group, indicating a progressive dysfunction of energy
metabolism.

Norselegiline and transthyretin (TTR) were identified
as pivotal nodes in the two primary clusters of proteomic
and metabolomic pathway network clustering between
Pre-POF patients and healthy controls (Fig. 4C). Norsele-
giline exhibited a positive correlation with the serpin
family, while TTR displayed a positive association with
L-phenylalanine, which is responsible for tyrosine syn-
thesis. Furthermore, comparison of Pro-POF to Pre-POF
revealed a greater degree of association between proteins
and metabolites, with norselegiline remaining a central
node in the network, along with gentisic acid, vanillyl-
mandelic acid, cellobiose, dimethylglycine, (+)-cis-isopu-
legone, and 2-oxoarginine, all of which are suggested to
play essential roles in the network (Fig. 4D).

DEPs were found to be strongly associated with DEMs

POF patients were divided into two distinct subgroups
according to the progression of dysfunctional metabolic
signaling pathways. The subsequent objective was to
discover potential biomarkers of this disease that could
predict the onset of POF. Correlation heatmap cluster-
ing revealed that the DEPs and DEMs were either sig-
nificantly positively or negatively correlated (Fig. 5A). To
investigate whether consistent proteins or metabolites
exist that could distinguish POF patients from healthy
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controls, we constructed a Sankey diagram highlight-
ing the most correlated proteins and metabolites among
the groups. The results indicated that three clusters of
metabolites were positively regulated by six protein clus-
ters but negatively regulated by CFH, FGG, and SER-
PINF1 (Fig. 5B). In contrast to the Pre-POF group, the
Pro-POF group exhibited only two clusters of metabolites
that were positively regulated by nine protein clusters
but negatively regulated by PFN1, ACTN1, and IGHV3-
64D (Fig. 5C). This indicates that there exist protein and
metabolite correlation during the progression of POF.
The remaining correlation during the progression of the
disease must be consistent and holds the potential to be

applied as biomarkers.Two proteins and four metabolites
appeared in both analyses and were selected as the initial
pool to identify potential biomarkers.

Identification of POF biomarkers

The fold changes of the previously identified proteins
and metabolites were initially computed. The relative
expression levels of these molecules in the two groups are
shown, all of which exhibited significantly low expression
levels in POF patients (Fig. 6A). Notably, quinolinic acid
and L-phenylalanine displayed high variation among POF
patients, suggesting their potential inadequacy as pre-
dictive biomarkers. Subsequent ROC analysis involving
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quinolinic acid and L-phenylalanine yielded lower AUC
values, consistent with their expression patterns in the
two groups (Fig. 6B).

We subsequently employed random forest machine
learning to assess the significance of each selected fac-
tor in distinguishing POF patients from healthy controls.
The results indicated that AFM was the most crucial fac-
tor, while quinolinic acid and L-phenylalanine were the
least significant factors (Fig. 6C). However, decision tree
model testing revealed that although the AFM was sug-
gested to be the most important parameter for predict-
ing the occurrence of POF, it alone could not accurately
discriminate between the two groups, as illustrated by an
accuracy rate of 10 out of 21 in the decision tree structure

(Fig. 6D). Among the remaining metabolites, gentisic
acid were generally considered as exogenous metabolite
to be excluded (Supplementary table S5). In combination
with 2-oxoarginine, the accuracy rate was the highest
and reaching 95.2%, suggesting that AFM in conjunction
with 2-oxoarginine could serve as a biomarker for precise
diagnosis of POF.

Discussion

In our omic analysis of the protein and metabolite con-
tents within serum-extracted extracellular vesicles, we
identified key disease pathways contributing to the devel-
opment of POF and identified potential biomarkers for
predicting its occurrence. Overall pathway analysis of the
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Fig. 5 Correlation analysis of the proteome and metabolome (A) Correlation heatmap of differentially expressed proteins and metabolites in POF pa-
tients. Red represents a positive correlation. Blue represents a negative correlation. (B) Sankey diagram of differentially expressed proteins and metabo-
lites in Pre-POF patients and healthy controls. The top three genes in each cluster were annotated. In the middle, red represents a positive correlation, and
blue represents a negative correlation. (C) Sankey diagram of differentially expressed proteins and metabolites in Pro-POF patients and healthy controls.
The top three genes in each cluster were annotated. In the middle, red represents a positive correlation, and blue represents a negative correlation

protein profile suggested abnormalities in the Rapl and
PPAR signaling pathways in POF patients. Rapl, a close
relative of the GTPase Ras, is activated by extracellular
signals and contributes to various biological processes,
including cell growth, differentiation, adhesion, and mor-
phogenesis [19]. Mesenchymal stem cells (MSCs) have
shown significant therapeutic effects on ovarian func-
tion recovery and are suggested as a potential treatment

for POF [20]. The therapeutic function of MSCs may
result from their paracrine function, which is regulated
by the Rap1/NF«kB signaling pathway [21]. Furthermore,
recent studies have indicated that treatment with ZSYTP
improves ovarian function in a POI model, and RNA-
seq results revealed that the Rapl signaling pathway is
a potential treatment mechanism [22]. These findings
suggest that negative regulation of Rapl might lead to
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Fig. 6 Identification of diagnostic biomarkers (A) Expression of selected proteins and metabolites. P values were calculated and are presented as (* <
0.05, ¥***<0.0001). (B) ROC curve of selected proteins and metabolites. The area under the curve (AUC) was calculated and is illustrated in the graph. (C)
Importance ranking of selected proteins and metabolites. The importance score was calculated by random forest machine learning. (D) Decision tree
model constructed by applying AFM and 2-oxoarginine as POF diagnostic biomarkers. Twenty-one samples were chosen for diagnosis. The accuracy of

the decision model is 95.2% (20/21)

inflammation, thereby contributing to the development
of POF. Additionally, recent studies have suggested that
CXCI10 is a diagnostic biomarker of POF, with enrich-
ment analysis indicating activation of the PPAR signaling
pathway in POF patients [23]. Metformin has been found
to alleviate chemotherapy-induced POF by protecting

granulosa cells [24]. Database analysis and Western blot
verification suggested that metformin alleviates M1 mac-
rophage-induced GC injury through the downregulation
of PPARYy, implicating the PPAR signaling pathway in
inflammation and the development of POF.
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Moreover, PCA of the proteomic profile suggested the
existence of subgroups within the POF patient cohort. In
pre-POF patients, FETUB encodes the fetuin B protein,
which is necessary for maintaining zona pellucida (ZP)
permeability [25]. Deficiency in pre-POF patients sug-
gests difficulties in fertility. Among the Pre- and Pro-POF
subgroups, the SERPIN superfamily was among the most
downregulated proteins. Although the commonly iden-
tified SERPINA1 gene has not been previously reported
in POF patients, its encoded protein, alpha-1-antitrypsin
(AAT), functions to protect tissues during inflammation
[26]. Thus, the proteomic profile suggested that early sig-
naling affects fertility in POF patients, with inflammation
potentially damaging ovarian tissues.

Metabolomic profiling revealed the downregulation
of most metabolites in POF patients, with norselegi-
line being the most significant. Norselegiline, a specific
metabolite of selegiline, is involved in the rapid metab-
olism of selegiline, a monoamine oxidase inhibitor used
in Parkinson’s disease treatment [27]. Despite its thera-
peutic effects, selegiline has been suggested to attenuate
oxidative stress and apoptosis in a cardiac disease rabbit
model by downregulating Bcl-2 and Bax expression [28].
Signaling pathway analysis suggested alterations in ABC
transporters, protein digestion and absorption, and cen-
tral carbon metabolism, consistent with previous metab-
olomic findings [28]. Additionally, downregulation of the
estrogen signaling pathway and endocrine reabsorption
reflects hormone imbalances commonly observed in POF
patients.

Correlation pathway analysis revealed alterations in
mineral absorption and metabolic pathways in two sub-
groups of POF patients. Mineral absorption is strongly
associated with previously identified ABC transporters,
which play a role in translocating metal ions [29]. Gly-
colysis, pyruvate metabolism, and the glucagon signal-
ing pathway were significantly affected in the pro-POF
subgroup, suggesting progressive dysfunction of energy
metabolism during disease development. Node network
clustering identified key proteins and metabolites con-
tributing to changes in signaling pathways. Norselegi-
line remained the most important node in both groups,
while FETUB was severely downregulated in the pre-
POF group, suggesting positive regulation by mannitol.
Transthyretin (TTR) has been identified as a metabolite
that functions as a transporter of thyroid hormone into
the brain, with highly activated thyroid hormone being
associated with poor ovarian function reserve [30-32]. In
the pro-POF subgroup, gentisic acid, cellobiose, dimeth-
ylglycine, and (+)-cis-isopulegone were important nodes.
Gentisic acid reportedly alleviates type 2 diabetes by
modulating inflammatory pathways in macrophages [33,
34]. Cellobiose plays a role in energy metabolism [35],
dimethylglycine is an amino acid used to improve energy
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and boost the immune system [36—-38], and (+)-cis-isop-
ulegone reflects energy metabolism [39]. This evidence
agrees with previous findings that dysfunction of energy
metabolism occurs in POF patients, while other factors,
such as inflammation and hormone imbalance, contrib-
ute to the development of this disease.

Furthermore, our research narrowed the population
of DEPs and DEMs through regulatory clustering, sug-
gesting that AFM, A1BG, 2-oxoarginine, gentisic acid,
quinolinic acid, and L-phenylalanine are consistent bio-
markers for POF patients. Random forest machine learn-
ing revealed that AFM combined with gentisic acid can
accurately predict the occurrence of POF. AFM encodes
the Afamin protein, which facilitates vitamin E transport
across the blood-brain barrier and has been reported
to be a promising biomarker for POI diagnosis [40—42].
However, studies have reported it is a potential biomarker
for several diseases, making it insufficient as a POF bio-
marker [43, 44]. 2-Oxoarginine has been detected in
metabolome profiles of disease models of cerebral isch-
emia/reperfusion mice and rheumatoid arthritis rats [45,
46]. However, no evidence suggests its relationship with
ovarian functions. 2-Oxoarginine was known for its role
in the urea cycle as a metabolite of arginine catabolism.
Study has found that impaired arginine metabolism
is associated with poor ovarian function in Polycystic
Ovary Syndrome. The lower expression of 2-oxoargi-
nine in my study could signal ovarian dysfunction of POF
patients [47]. Therefore, the abnormal expression of both
AFM and 2-oxoarginine together serves as a diagnostic
biomarker for POF.

However, this study was limited by the low number
of samples analyzed. Due to individual complexities, a
smaller clinical sample might not be sufficient to com-
prehensively reveal the commonalities identified in each
group. Consequently, the results may be biased, necessi-
tating further research with an expanded clinical sample
to verify the findings.

This study is the first to apply omic analysis of pro-
teomic and metabolomic profiles to clinical serum-
extracted extracellular vesicles from POF patients
compared to those from healthy controls. The proteomic
profile indicates the division of POF patients into two
subgroups based on exosomal protein content, with both
subgroups sharing pathological pathways contributing to
inflammation activation, and causing ovarian function
damage. Metabolomic analysis revealed enhanced oxi-
dative stress, apoptosis, and hormone imbalance in POF
patients. Our study provides novel findings for identify-
ing the progression of energy metabolism dysfunction
during POF development through omic pathway network
analysis. We reported the novel identification of AFM
combined with 2-oxoarginine as a diagnostic biomarker
for POF patients through further machine learning
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analysis. In addition to providing an exosomal proteomic
and metabolomic database, our pathway analysis and
biomarker identification have novel diagnostic and thera-
peutic implications.
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