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Introduction: Aberrant fatty acid (FA) metabolism is increasingly recognized as a
significant factor in ovarian cancer (OC) progression, although the
comprehensive metabolic alterations across different body tissues
remain unclear.

Methods: In this study, sixteen OC patients and twenty-nine non-cancer (NC)
patients were recruited for metabolic profiling using a global and targeted
metabolomic strategy based on a gas chromatography-hydrogen flame
ionization detector (GC-FID). The patient survival was followed up to 3 years,
and PFS was calculated.

Results: Our findings revealed distinct metabolite profiles that differentiate OC
from NC groups across all sample types. We found seven, nine, and thirteen
significant metabolites in subcutaneous fat, plasma, and ovarian tissue
respectively. In particular, docosahexaenoic acid (DHA) and arachidonic acid
(AA) levels were notably elevated in all sample types of OC patients. Furthermore,
receiver operating characteristic (ROC) analysis highlight that three plasma FA
showed the best specificity and sensitivity in differentiating the OC group from
the NC group (Area Under The Curve, AUC > 0.89), including caprylic acid,
myristoleic acid, and tetracosaenoic acid. Most of the significant FA in
subcutaneous fat and ovarian tissue showed a high risk of OC. However,
caprylic acid and tetracosanoic acid were identified as protective factors in the
plasma sample. We also found that high levels of linoelaidic acid in subcutaneous
fat and palmitelaidic acid in ovarian tissue were associated with poor prognosis.
Pathway analysis indicated upregulation of fatty acid synthesis, inflammatory
signaling, and ferroptosis pathways in OC patients.

Discussion: This study reveals a coordinated reprogramming of FA metabolism
across multiple biospecimens in OC patients. Our results suggest that specific
fatty acids may contribute to OC progression through dysregulation of fatty acid
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synthesis, inflammatory signaling, and ferroptosis. These findings offer
mechanistic insights into OC progression and highlighting potential biomarkers
and targeted therapeutic interventions.

ovarian cancer, fatty acid reprogramming, ovarian tissue, subcutaneous fat tissue,
plasma, tumor progression

1 Introduction

Ovarian cancer (OC) remains a persistent public health concern
globally, with significant impacts on morbidity and mortality (1).
OC ranks as the seventh most commonly diagnosed cancer among
women worldwide and the eighth leading cause of cancer-related
deaths in 2023 (2, 3). In china, OC has emerged as the second
leading cause of death among gynecological cancer (4). In 2019,
there were approximately 196,000 cases of OC in China, with 45,000
new cases and 29,000 deaths attributed to this cancer (5). The age-
standardized rates (ASRs) of OC prevalence, incidence and
mortality have increased by 105.98%, 79.19%, and 58.93%,
respectively, from 1990 to 2021 (6). 70% of OC patients were
diagnosed at an advanced stage, with a 5-year survival rate of
merely 47.4% (3). Future estimations suggest a continued escalation
in the burden of OC in China over the next decade, exceeding global
trends (6). This high prevalence highlights the pressing need to
comprehend the underlying mechanisms of cancer progression.
Furthermore, aberrant lipid metabolism has emerged as a
significant risk factor for OC development (7). Unveiling the
intricate relationship between lipid metabolism and OC, offering
novel insights into its metabolic dysregulation.

Fatty acid reprogramming of cancer cells is crucial for cancer
initiation, proliferation and progression (8-10). Lipids, in
particular, serve multiple roles: they act as energy reserves for the
energetically demanding malignant cells and help alleviate cellular
stress during the metastatic process (11, 12). Recent research has
shed light on the complex relationship between adipose tissue and
the development of OC (1). Adipose tissue is not merely a fat
storage depot but also an active endocrine organ secreting various
adipokine and inflammatory (13, 14). These cytokines can induce a
state of chronic low-grade inflammation and influence cancer
metabolism (15), thus establishing a favorable environment for
tumorigenesis. Specifically, increased concentrations of circulating
free fatty acids have been linked to facilitate cancer cell proliferation
(16). Recent studies have identified distinct lipidomic profiles in the
blood of ovarian cancer patients compared to healthy individuals,
including elevated concentrations of certain fatty acids,
phospholipids, and triglycerides (17). These metabolic rewirings
are essential for cancer cell membrane formation and signaling
pathways and may serve as potential biomarkers for early OC
detection and monitoring (18). Consequently, the metabolic
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cross-talk between adipose and OC tissues through the
bloodstream profoundly affects OC progression.

Nevertheless, the majority of metabolomic profiling studies in
OC have focused on plasma samples, with limited exploration of
OC tissue and no investigation into adipose tissues (19). Lower
levels of polyunsaturated fatty acids (PUFAs) like docosahexaenoic
acid (DHA) and elevated levels of saturated fatty acids (SFAs) in
plasma have been associated with poor prognoses in ovarian cancer
patients (20). Specific fatty acids such as DHA and myristoleic acid
have been found in higher concentrations in the plasma of OC
patients, potentially facilitating cancer growth (21). In ovarian
tissues, increased levels of fatty acids such as eicosapentaenoic
acid (EPA) and linoleic acid also suggest their roles in cancer cell
signaling pathways including inflammation, cellular proliferation,
and metastasis, which contributing to tumorigenesis and disease
progression (22). Regardless of the progress of research on lipid
metabolism in OC, there remains a significant gap in understanding
the specific fatty acid profiles across different tissue types within the
same individual.

Therefore, Our study aims to bridge this gap by
comprehensively analyzing fatty acid profiling in ovarian tissue,
subcutaneous fat tissue, and blood between OC and NC patients. By
comparing these distinct yet interconnected lipidomic landscapes,
we could identify common significant fatty acid level fluctuation in
the OC group, offering novel insights into their roles in OC
progression, elucidating the metabolic reprogramming of fatty
acids and potentially unveiling new biomarkers for early detection
and therapeutic targets to improve patient outcomes.

2 Materials and methods

2.1 Participants and clinical information
collection

Participants meeting specific inclusion and exclusion criteria
were enrolled as follows: The control group (n=29) including
uterine fibroids or endometrioma without any ovarian lesion,
while the OC group (n=16) comprised patients diagnosed
preoperatively based on serum markers carbohydrate antigen 125
(CA125 > 35 U/mL) and human epididymis 4 protein (HE4 > 70
pmol/L) in pre-menopausal patients, or HE4 >140 pmol/L in post-
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menopausal patients, along with sonographic evaluation of an
adnexal mass. Final diagnoses were confirmed via postoperative
pathological examination. Moreover, individuals with severe
chronic diseases such as hypertension, diabetes, infectious
diseases, or metabolic disorders, as well as those diagnosed with
malignancies other than ovarian cancer, were excluded to mitigate
recruitment bias. No therapeutic interventions, including
chemotherapy, radiotherapy, or surgery, were administered to any
of the OC patients. Clinical characteristics, including demographic
factors (age and BMI), obstetrical and gynecological history
(gravidity and parity), and pathological information (FIGO
staging, pathology type, CA125, HE4), were collected at
enrollment. The study was ethically approved by the Research
Ethics Committee of the Second Affiliated Hospital of Chongging
Medical University, China (202164), and works in accordance with
the Declaration of Helsinki. All participants were recruited from the
Second Affiliated Hospital of Chongqing Medical University and
signed the informed consent before enrolment from July 2020 to
June 2021. The patient survival was followed up to 3 years, and
Progression-free survival (PFS) was measured. PFS was calculated
using the Kaplan-Meier product-limit method from the date of the
first day of treatment until the progression of the disease for any
cause or for disease.

2.2 Specimen collection

Ovarian cancer tissue and subcutaneous fat tissue samples were
obtained during surgical procedures. Plasma and mid-stream
morning urine samples were collected on the same day prior to
surgery. Whole blood was drawn into ethylenediaminetetraacetic
acid (EDTA)-coated tubes by trained nurse, followed by
centrifugation at 2300 g (10 min, 4°C) with subsequent aliquoting
of supernatants into 1.5 ml cryovials. Immediately following
collection, all samples were promptly frozen in liquid nitrogen
within thirty minutes and subsequently stored long-term at -80°C
prior to mass spectrometry analysis. Each sample was assigned a
unique laboratory identification number, ensuring sequential
processing and preventing laboratory personnel from identifying
sample origins.

2.3 Sample preparation and fatty acid
analysis using gas chromatography-
hydrogen flame ionization detector (GC-
FID)

2.3.1 Reagents and calibration standard solutions

Fifty-two fatty acid standards were purchased from Nu-CHek
PREP, INC. Methanol (HPLC, 99.9%), n-hexane (HPLC, 99.0%),
acetyl chloride (99.0%), and potassium carbonate were obtained
from Adamas Reagent (Aladdin, China). The internal standard
working solution was a 20 mg/L d27-myristic acid mixture solution
(Agilent Technologies, USA).
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2.3.2 Sample preparation

Tissue samples were weighing 10.00 + 0.20 mg were dissected
into new tubes. Internal standards (5 mL, d27-myristic acid mixture
solution) and 400 mL cold methanolic acetyl chloride (10% in
methanol) were added. The TissueLyser adapter was pre-cooled at
4°C for 6 hours before tissue homogenization. Subsequently, the
tissues were homogenized for two cylcles of 30 second using the
TissueLyser IT (QIAGEN, USA). Subsequently, all homogenized
samples were transferred into a sealed 10 ml glass test tubes. 1600 ul
of methanolic acetyl chloride and 300 uL of n-hexane were added,
followed by incubation at 95 °C for 1 h. After cooling, 2 ml of 6%
potassium carbonate solution was added to enhance separation.
After vortexing and centrifugation at 3000 rpm for 10 min, 100 uL
of the upper organic phase was collected for the GC-FID analysis.

2.3.3 GC-FID analysis

The GC-FID analysis was conducted using an Agilent 7890B gas
chromatograph (Agilent Technologies, USA). A 1 uL aliquot of the
upper organ phase (fatty acid methyl ester) was injected into the GC
inlet in a 1:2 split mode. Nitrogen served as the carrier gas,
maintaining a constant flow rate of 1 mL/min to facilitate the
separation of fatty acids. The separation was performed using the
DB-fast FAME capillary column (30 mx0.25 mmx0.25 um, Agilent
Technologies, USA), with the following an oven temperature
program: (1) 80°C hold for 0.5 minutes; (2) ramped to 165°C at
40°C/min; (3) increased to 230°C at 4°C/min; and (4) hold at 230°C
for 4 minutes. The FID temperature remained constant at 260°C,
with air and hydrogen flow rates set at 400 mL/min and 40 mL/min,
respectively. Additionally, nitrogen was utilized as the make-up gas
at a constant flow rate of 25 mL/min.

2.4 Quality control (QC)

QC samples were prepared by combining 1.00 + 0.10 mg of each
respective sample into a new tube, following the methodology
outlined in section 3.2. The acquisition of a QC spectrum was
conducted at intervals for every 15 samples.

2.5 Fatty acid identification, extraction,
normalization and quantification

Fatty acids were identified based on their predetermined
retention times, employing 52 fatty acid chemical standards
within the same batch. The relative concentrations of fatty acids
were assessed by measuring chromatographic peak areas
corresponding to the identified fatty acids. Background
contamination and carryover effects were mitigated by subtracting
the values obtained from blank samples. To ensure quantitative
accuracy, the relative concentrations of identified fatty acids were
initially normalized using the internal standard (d27-myristic acid).
Biomass correction was achieved by the weight of the samples.
Individual fatty acid concentrations were quantified using
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calibration curves derived from corresponding chemical standards,
ranging from 0 to 273.12 pg/ml.

2.6 RT-qPCR

Ovarian tissues were homogenized by mechanical
fragmentation followed by sonication. Total RNA was isolated
using Trizol reagent (Invitrogen/Thermo Fisher Scientific)
according to the manufacturer’s instructions. The extracted RNA
was transcribed into cDNA and underwent RT-qPCR (TaKaRa).
Each sample was assayed in technical triplicates to ensure
reproducibility. Specific primer sequences for each gene were
shown in the following: Fatty Acid Synthase (FASN, forward:
TAC CTG AGC ATA GTG TGG AAGAC; reverse: GGT ACA
CCT TCC CAC TCA CTAC), elongation of very long chain fatty
acids protein 1 (ELOVLI, forward: GTC TAC AAC TTC TCA CTG
GTG GC; reverse: AAG TGC CTC AGG GCT GTT GGAA),
elongation of very long chain fatty acids protein 2 (ELOVL2,
forward: TCC ACT TGG GAA GGA GGC TACA; reverse: CCA
GGA ACT CTA CTG ATT TGG AG), elongation of very long chain
fatty acids protein 5 (ELOVLS, forward: ACG TCT ACC ACC ATG
CCT CGAT; reverse: TGG AAG GGA CTG ACG ACA AACCQ),
elongation of very long chain fatty acids protein 6 (ELOVLS,
forward: CCA TCC AAT GGA TGC AGG AAA AG; reverse:
CCA GAG CAC TAA TGG CTT CCTC), elongation of very long
chain fatty acids protein 7 (ELOVL?7, forward: CCT ACT ATG GAC
TTT CTG CAT TGG; reverse: GAA CTG GCT TAT GTG GAT
GGCQ), Fatty acid desaturase 1 (FADSI, forward: CTG TCG GTC
TTC AGC ACC TCAA; reverse: CTG GGT CTT TGC GGA AGC
AGTT), Fatty acid desaturase 2 (FADS2, forward: CTG GTT CAG
TGG ACA CCT TAA CT; reverse: AGT AGC GGC TTC TCC TGG
TAT TC), and GAPDH (forward: GCT CTC TGC TCC TCC TGT
TC; reverse: CGA CCA AAT CCG TTG ACT CC). GAPDH was
used to normalize the expression level. The expression values were
log2 transformed, and the relative gene expression levels were
calculated using the comparative AACT method.

2.7 Statistical analysis

Statistical analyses were conducted using R programming
language. Student’s t-test and non-parametric Mann-Whitney U
test were employed to compare clinical characteristics between the
NC and OC groups. Chi-square test was utilized for pairwise
comparisons of categorical variables such as gravidity and parity.
Partial least squares discriminant analysis (PLS-DA) was performed
using R to visualize the discrimination between groups. To account
for confounding factors, particularly differences in patient BMI,
binary logistic regression was employed to confirm differences in
fatty acid concentration between the NC and OC groups. False
discovery rates (FDR) were calculated for metabolites using the q-
value R package (23), P-value< 0.05 and corresponding FDR< 0.2
was considered statistically significant. UpSet diagram and heatmap
were completed by UpSetR and ggplot2 R packages respectively (24,
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25). Advanced volcano plots were created using the OmicStudio
tools at https://www.omicstudio.cn/tool. To assess the diagnostic
ability, receiver operating characteristic (ROC) curve analysis was
conducted and the, Area Under The Curve (AUC) was calculated.
Logistic regression analysis was used to assess the impact of the
significant fatty acids on the response rate, and the results were
reported as an odds ratio (OR) with 95% CI. Metabolic pathways
were predicted using the KEGG database, and chord plots
connecting metabolites and their participating pathways were
reconstructed using the GOplot R package. All statistical analyses
were performed using the R program v4.0.3 (26).

3 Results

3.1 Clinical characteristics of study
participants

In this study, we conducted a meticulous analysis of the clinical
characteristics of 45 participants, comprising 29 individuals in the
control group and 16 diagnosed with ovarian cancer (Table 1). The
FIGO criteria, the proportions across stages I, II, III, and IV were
31.25%, 12.50%, 50.00%, and 6.25%, respectively. The ovarian
cancer-specific biomarkers, namely CA125 and HE4, exhibited
substantially higher levels in the ovarian cancer group compared
to the control group (p<0.0001). No statistically significant
disparities were observed in age, gravidity, and parity between the
control and ovarian cancer groups, except for BMI (p=0.042), which
will be adjusted through logistic regression.

3.2 The specific metabolomic profiles of
subcutaneous fat tissue, plasma and
ovarian tissue between OC and NC groups

A PLS-DA was established using all identified metabolites from
samples of subcutaneous fat tissue, plasma and ovarian tissue
samples. The PLS-DA of subcutaneous fat tissue and plasma
samples showed a greater overlap in the confidence interval areas
(Figures 1A, B), while ovarian tissue samples showed a distinct
difference between cancer and control groups, with evident
separation (Figure 1C). The PLS-DA model validation metrics for
tumor tissue, subcutaneous fat, and blood samples are shown in
Supplementary Figure 1. While the tumor tissue model demonstrated
optimal predictive performance (Q* > 0.5, permutation test p < 0.05),
the subcutaneous fat and plasma models exhibited inferior validation
results, with low Q? values (plasma: Q* < 0.4; subcutaneous fat: Q* <
0, indicating no predictive utility).

Opvarian tissue had a higher number of significant metabolites
(n=13), whereas subcutaneous fat tissue (n=7) and plasma (n=9)
detected fewer significant metabolites respectively. A heatmap
revealed significant alternations in twenty-two metabolites
between OC and NC groups in the subcutaneous fat tissue,
plasma and ovarian tissue samples (Figure 1D) (p<0.05, q<0.2).
The majority of different metabolites were PUFAs. Most fatty acids
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TABLE 1 Clinical characteristics of study participants.

Characteristics Control (n=29)

10.3389/fonc.2025.1530487

Ovarian cancer (n=16)

Age, a(b), years 50.00 (36.00, 54.00) 49.50 (46.25, 57.00) 0.456
BMLI, a(b), kg/m2 23.56 (21.27, 26.04) 20.42 (19.98, 24.56) 0.042
Gravidity, a(b) 2 (1.5, 3.0) 3 (2.0, 4.0) 0.714
Parity, a(b) 1(1,1) 1(1,1) 0.758
FIGO staging

I n (%) n/a 5 (31.25%)

1L, n (%) n/a 2 (12.50%)

111, n (%) n/a 8 (50.00%)

IV, n (%) n/a 1 (6.25%)

Pathology type

high-grade serous ovarian cancer, n (%) | n/a 11 (68.75%)

Mucinous, n (%) n/a 1 (6.25%)

Endometrioid, n (%) n/a 1 (6.25%)

Yolk Sac Tumor, n (%) n/a 1 (6.25%)

Papillary serous carcinoma, n (%) n/a 1 (6.25%)

Low-grade serous carcinoma, n (%) n/a 1 (6.25%)

CA125, a(b), U/ml 21.35 (12.60, 44.88) 641.00 (144.50, 1000.00) 0.0001
HE4, a(b), pmol/l 37.00 (34.60, 45.40) 169.00 (52.40, 659.50) 0.0001

a, median; b, confidence interval (25th percentile, 75th percentile; n, numbers; n/a, not applicable; CA125, cancer antigen 125; HE4, human epididymis protein.

exhibited relatively higher concentrations in the OC group
compared to the NC group.

3.3 Comparative analysis of fatty acid
profiles among subcutaneous fat tissue,
plasma and ovarian tissue.

To eliminate the potential confounding effects of BMI, logistic
regressions were performed to compare metabolite changes between
NC and OC patients. The Venn diagram indicates distinct patterns of
metabolite convergence and divergence across various tissue types.
Specifically, seven, eight, and two unique metabolites were identified
in plasma, ovarian tumor tissue, and subcutaneous fat respectively.
Furthermore, three metabolites were shared between subcutaneous
fat and tumor tissue, while only two metabolites were common
among subcutaneous fat, plasma, and ovarian tissues (Figure 2A).
These commonly shared metabolites may serve as robust biomarkers
for ovarian cancer detection and monitoring. Detailed comparisons
of fatty acid concentrations (Figures 2B-F) revealed significant
variations across different sample types in NC and OC groups. AA
and DHA were significantly different between NC and OC across all
three sample types and found at higher plasma concentrations than
the other sample types, while both PUFAs displayed similar
concentrations between subcutaneous and tumor tissues
(Figures 2B, C). Three PUFAs, including 11,14-eicosadienoic acid,
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nervonic acid and gamma-homolinolenic acid (GHLA), were only
significantly different between OC and NC groups in subcutaneous
fat and tumor tissue, with the highest concentration found in the
plasma samples (Figures 2D-F). The common significant changes in
fatty acid concentration observed across different specimen types
further highlight the importance of fatty acid metabolism in
OC pathogenesis.

3.4 Biomarker discovery and risk factors

ROC curves were employed to evaluate metabolites as potential
biomarkers for OC. In plasma sample (Figures 3A-C), three
metabolites with an area under the ROC curve exceeding 0.73
were identified, whereas no promising AUC result was observed in
subcutaneous fat or ovarian tissue. Figure 3A showed caprylic acid
exhibited the highest sensitivity and specificity, with an AUC of
0.84. Figures 3B, C displayed that myristoleic acid and
tetracosaenoic acid also demonstrated good sensitivity and
specificity, with AUC values over 0.70. Combining all three
shortlisted fatty acids in the ROC analysis illustrated higher
sensitivity and specificity, achieving an AUC of 0.89 (Figure 3D).

Furthermore, the odds ratio (OR) was employed to evaluate the
association between OC risk and identified metabolites. Eight and
nine metabolites with OR greater than one were found in
subcutaneous fat and ovarian tissues respectively, while two
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metabolites had an OR less than one. Specifically, eicosapentaenoic
acid, docosadienoic acid, nervonic acid, AA, GHLA,
docosatetraenoic acid (DTA), docosapentaenoic acid (DPA), and
DHA were associated with higher OC risk in the subcutaneous fat
group (Figure 3E). In the ovarian tissue, palmitic acid,
heneicosanoic acid, stearic acid, arachidonic acid, palmitoleic

10.3389/fonc.2025.1530487

acid, petroselinic acid, eicosapentaenoic acid, cis-vaccenic acid
and linoleic acid showed higher OC risk (Figure 3G). Meanwhile,
tetracosaenoic acid and caprylic acid were related to lower OC risk
in the blood sample (Figure 3F). Thus, these highlighted metabolites
could potentially serve as biomarkers and indicate the presence of
risk factors associated with the development of OC.
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FIGURE 1

Fatty acid profiles. Partial least squares discriminant analysis (PLS-DA) of metabolites in (A) subcutaneous fat tissue, (B) plasma, and (C) ovarian tissue.
(D) The heatmap displays the ratio of metabolite levels detected in each group. Red and blue colors denote higher and lower metabolite
concentrations in cancer groups compared to normal groups respectively (*p< 0.05 and **p<0.01).
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FIGURE 2

(A) Venn diagram of differential (p < 0.05) metabolites. The individual or connected dots represent the unique or shared intersections of metabolites
across subcutaneous fat, plasma, and ovarian tissue samples. Scatter plots depicting the concentrations of specific fatty acids, including

(B) arachidonic acid, (C) docosahexaenoic acid, (D) 11,14-eicosadienoic acid, (E) nervonic acid, and (F) gamma-homolinolenic acid, across
subcutaneous fat, plasma, and tumor tissues in normal control (NC) and ovarian cancer (OC) groups. Statistical significance is indicated by asterisks:

ns, not significant, *** (p < 0.001), and **** (p < 0.0001).

3.5 Association of unsaturated fatty acid
reprograming with BMI, FIGO stage,
recurrence, and prognosis in OC patients

Our study investigated the correlation between fatty acid levels,
BMI, FIGO stage and recurrence (recurrence/non-recurrence)
across tumor tissue, subcutaneous fat, and plasma samples
(Figure 4). In tumor tissues samples, petroselaidic acid exhibited a
positive and statistically significant correlation with the Recurrence
(Figure 4A), with higher levels of this fatty acid are associated with a
poorer prognosis (Figure 4B). Additionally, lauric acid and
tetracosanoic acid were positively correlated with BMI in tumor
tissue, while palmitic acid, 7-Nonadecenoic acid, and docosadienoic
acid were positively correlated with FIGO stage in tumor tissue
(Figure 4A). In the subcutaneous fat tissue, caprylic acid and
linoelaidic acid were positively correlated with the Recurrence,
while BMI showed a positive correlation with docosapentaenoic
and docosatetraenoic acids, there was no significant correlation
between FIGO stage and subcutaneous fat tissue (Figure 4C).
Furthermore, Lower levels of 10-trans-pentadecenoic acid
(Figure 4D) and palmitelaidic acid (Figure 4E) were also
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associated with poorer prognosis. Higher levels of linoelaidic acid
were associated with a worse prognosis (Figure 4F). In plasma
(Figure 4G), DPA and tricosanoic acid levels were positively
correlated with the Recurrence, Oleic acid shows positively
correlated with the BMI, while no significant correlations were
found between FIGO stage and any fatty acids, nor were significant
survival correlations observed. These findings suggest that fatty acid
levels may influence prognosis differently across tissue types.

3.6 Metabolic pathways enrichment
analysis of ovarian cancer

To elucidate the underyling metabolic reprogramming in response
to OC, the top 25 enriched pathways are displayed in Figure 5A, with
significant metabolites annotated in each KEGG pathway presented in
Figure 5B. Most of the metabolites in ovarian tissue, subcutaneous fat
tissue and plasma were involved in the highest enrichment pathways
such as omega-3/omega-6 fatty acid synthesis, alpha-linolenic acid
metabolism, which highlight the importance fatty acid dysregulation
in tumor growth and progression.
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3.7 Expressions of enzymatic genes related
to fatty acid synthesis, elongation and
desaturation

To validate our enrichment pathway related to fatty acid
dysregulation in tumors, we performed RT-qPCR to quantify the
expression of key genes involved in fatty acid synthesis (FASN),
elongation (ELOVLI, ELOVL2, ELOVL5, ELOVL6 and ELOVL?),
and desaturation (FADSI and FADS2). Figure 5C shows that all
these genes had expressed a higher level of ovarian tissue mRNA in
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the cancer group compared to the control group. These results
further supported that shortlisted fatty acid metabolic pathways
were likely more active in ovarian cancer patients.

4 Discussion

Fatty acid reprogramming is reported to reflect the metabolic
demands related to ovarian cancer progression. This study explored
the fatty acid profilings of plasma, tumor and subcutaneous fat
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tissues from a cohort of sixteen OC patients and twenty-nine NC
patients to investigate the underlying modulations in fatty acid
composition. Our findings indicated that distinct metabolite
profiles distinguish OC from NC groups across all three sample
types. Specifically, DHA and AA exhibited elevated levels in OC
patients across subcutaneous fat, plasma and ovarian tissue
samples. Notably, subcutaneous fat displayed an elevated
concentration of AA and tetracosanoic acid, which are crucial in
regulating cell death and inflammatory mediator responses. Plasma
samples, in particular, exhibited the highest concentrations of
caprylic acid among different tissues, with an AUC of 0.85,
suggesting its potential as a biomarker for ovarian cancer.
Furthermore, four fatty acids (petroselaidic acid, 10-trans-
pentadecenoic acid, palmitelaidic acid, and linoelaidic acid) were
found to be associated with progression-free survival. By unraveling
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the intricate metabolic mechanisms underlying these fatty acid
modulations in OC patients, this study offers valuable insights
that could contribute to our understanding of ovarian

cancer progression.

4.1 Fatty acid reprogramming in OC

This study is the first to delineate distinct fatty acid metabolism
across subcutaneous fat, plasma, and ovarian tissue in OC patients.
Our findings suggest that OC potentially induces systemic metabolic
reprogramming, altering adipocyte function to support tumor growth.
Notably, significant alterations in fatty acid composition were
observed in subcutaneous fat from OC patients. All significant
PUFAs (Figure 1D), including AA, GHLA, DTA, DPA, and DHA,
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were elevated in the OC group. This was accompanied by the
upregulation of key enzymes involved in synthesis (FASN),
elongation (ELOVLI,2,5,6,and 7), and desaturation (FADSI and
FADS2) in ovarian tissue compared to NC groups (Figure 5C),
implicating these pathways in cancer progression (27). These
findings align with previous studies, as AA, GHLA, and DPA have
been shown to elevate cancer risk in subcutaneous fat (28, 29).
Furthermore, Frankhouser et al. indicated that DHA and EPA
might promote cancer progression through inflammatory cascades
(30) despite DHA also being thought to have antitumorigenic
beneficial effects for OC treatment and prevention (31). Some
researchers suggest that DHA and EPA may have dual effects on
health, depending on their levels and the condition of the patient (32).
We also found that a high level of linoelaidic acid was associated with
poorer progression-free survival in subcutaneous fat (Figure 4). This is
consistent with findings by Helene et al, who reported a positive and
independent association between adipose tissue and recurrence-free
survival (20). Moreover, Previous research suggests that linoelaidic

10.3389/fonc.2025.1530487

acid can further exacerbate cancer progression by increasing oxidative
stress and inflammation in subcutaneous fat, and it is also relative to
the modulation of ferroptosis, a mechanism that cancer cells exploit to
evade cell death (33, 34). Moreover, PUFAs, as a distinct functional
lipid class, are dynamically regulated during cell-state transitions and
influence OC susceptibility to ferroptosis (35). In addition, our study
provides compelling evidence linking alterations in the biosynthesis of
n-6 fatty acids to the development of OC, with particular emphasis on
AA and PA. Through meticulous analysis of metabolomic profiles in
ovarian tissue, we observed significantly elevated levels of LA, AA and
PA in OC patients compared to NC patients. Interestingly, the role of
LA in tumor progression remains controversial. Several studies have
reported anti-cancer effects of LA, including the induction of cell cycle
arrest and modulation of key signaling pathways (36). However, other
evidence suggests a pro-tumorigenic role in specific contexts (37, 38).
For instance, a recent study published in Science demonstrated that
LA promotes the growth of triple-negative breast cancer by activating
the FABP5-mTORCI signaling axis (39). These findings support the
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concept that dysregulated fatty acid metabolism contributes to OC
progression. Other studies have also reported various fatty acids or
metabolic pathways in OC development. For instance, some research
suggests that n3 fatty acids may have protective effects against OC
(40). Thus, such divergent findings underscore the complexity of lipid
metabolism in ovarian cancer biology.

Therefore, the upregulation of fatty acid metabolism may
contribute to thermogenesis in OC patients, invariably associated
with lipid catabolism and mobilization, a hallmark of cancer-
associated cachexia (41, 42). Increased lipolysis enhances lipid
mobilization of WAT, significantly reducing adipose depots (43).
Fatty acids released from lipolysis enter the circulation and undergo
alterations in availability and composition, becoming a crucial
source of energy and building blocks for the tumor. These fatty
acids and those synthesized de novo by the cancer cells constitute a
fatty acid pool that serves as a centralized resource. This pool
supplies essential components for membrane synthesis, signaling,
and B-oxidation for energy production, thereby sustaining tumor
growth and progression. This metabolic reprogramming highlights
how changes in fatty acid profile within subcutaneous adipose tissue
are intricately linked to the metabolic needs of the tumor,
illustrating a network (Figure 6) through subcutaneous fat,
plasma, and ovarian tissue that supports cancer cell growth,
survival, and progression.

4.2 Biomarker implication

Recent research has highlighted the importance of plasma fatty
acids as potential biomarkers for cancer diagnosis due to their
discriminatory properties (44). Specifically, saturated fatty acids
(SFAs) have been associated with reduced cancer risk (35, 44). In
our study, two SFAs (caprylic acid and tetracosanoic acid) were
identified as contributing to this protective effect. We specifically
identified plasma short-chain fatty acids (SCFAs), such as caprylic
acid and tetracosanoic acid, as promising biomarkers for OC due to
their notable discriminatory power, as demonstrated in Figure 3A.
This is consistent with previous findings that highlight caprylic
acid’s inhibitory effects on various cancer cells (45). Similarly,
tetracosanoic acid, despite its rare association with OC, has been
reported to protect against cancer progression, necessitating further
investigation (46). These findings underscore the potential of
plasma fatty acid profiling as a predictive tool for cancer
biomarker discovery.

5 Limitations

While our study provides valuable insights into the role of fatty
acid metabolism in OC, several limitations warrant consideration.
The sample size is relatively small, which may affect the
generalizability of the findings. Future studies with larger cohorts
are needed to validate the identified biomarkers and elucidate the
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mechanisms underlying lipid metabolism dysregulation in OC.
Furthermore, whole-genome sequencing of OC should be
conducted to identify specific mutation statuses and delineate
distinct fatty acid reprogramming patterns across genetic subtypes.

6 Conclusion

In conclusion, our study reveals significant differences in fatty
acid profiles among OC and NC patients across plasma, tumor and
subcutaneous fat tissues. Our findings proposed that plasma capric
acid, tetracosanoic acid, and myristoleic acid may serve as potential
biomarkers for OC diagnosis. This comprehensive analysis
highlights how reprogramming in fatty acid metabolism occurs
across plasma, tumor and subcutaneous fat tissues, suggesting
interconnected metabolic alterations that contribute to OC
progression. Further research is needed to validate these findings
and elucidate the mechanistic underpinnings of lipid metabolism
dysregulation in OC, thereby facilitating the development of novel
therapeutic strategies to improve patient outcomes.

Data availability statement

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

Ethics statement

The studies involving humans were approved by the Ethical
Committee of the Second Affiliated Hospital of Chongqing Medical
University. The studies were conducted in accordance with the local
legislation and institutional requirements. The participants
provided their written informed consent to participate in this study.

Author contributions

XZ: Funding acquisition, Supervision, Writing - review &
editing, Data curation, Formal Analysis, Methodology, Project
administration, Software, Writing - original draft. MB:
Methodology, Writing - original draft, Writing - review &
editing. YZ: Methodology, Writing - original draft, Resources,
Visualization. XY: Methodology, Writing - original draft,
Software. ZQ: Methodology, Writing - original draft, Resources.
QL: Methodology, Resources, Writing - original draft. YY:
Methodology, Writing - original draft. T-LH:
Conceptualization, Funding acquisition, Investigation,
Supervision, Validation, Visualization, Writing - review &
editing. ML: Conceptualization, Funding acquisition,
Investigation, Project administration, Supervision, Validation,
Visualization, Writing - review & editing.

frontiersin.org


https://doi.org/10.3389/fonc.2025.1530487
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Zhong et al.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. This work was supported by
the Chongging Postdoctoral Science Foundation (CSTB2023NSCQ-
BHX0124), Foundation of State Key Laboratory of Ultrasound in
Medicine and Engineering (2023KFKTOO?2), Chongging Science &
Technology Commission (cstc2021jcyj-msxmX0213, cstb2022nscq-
msx0115), Chongging Municipal Education Commission (KJZD-
K202100407), and Senior Medical Talents Program of Chongqing
for Young and Middle-aged [2022] 15, CQMU Program for Youth
Innovation in Future Medicine (W 0174).

Acknowledgments

We are grateful to the patients and clinical staff (Qianqian
Wang, Xingwei Jiang) from the department of obstetrics and
gynecology department (The Second Affiliated Hospital of
Chongqing Medical University, Chongqing, China) for their
generous contributions to this study.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

References

1. Avgerinos KI, Spyrou N, Mantzoros CS, Dalamaga M. Obesity and cancer risk:
Emerging biological mechanisms and perspectives. Metabolism. (2019) 92:121-35.
doi: 10.1016/j.metabol.2018.11.001

2. Stewart C, Ralyea C, Lockwood S. Ovarian cancer: an integrated review. Semin
Oncol Nurs. (2019) 35:151-6. doi: 10.1016/j.soncn.2019.02.001

3. Harrison R, Zighelboim I, Cloven NG, Marcus JZ, Coleman RL, Karam A.
Secondary cytoreductive surgery for recurrent ovarian cancer: An SGO clinical
practice statement. Gynecol. Oncol. (2021) 163:448-52. doi: 10.1016/
j.ygyno.2021.10.008

4. Wang Z, Guo E, Yang B, Xiao R, Lu F, You L, et al. Trends and age-period-cohort
effects on mortality of the three major gynecologic cancers in China from 1990 to 2019:
Cervical, ovarian and uterine cancer. Gynecol. Oncol. (2021) 163:358-63. doi: 10.1016/
j.ygyn0.2021.08.029

5. Zhang S, Cheng C, Lin Z, Xiao L, Su X, Zheng L, et al. The global burden and
associated factors of ovarian cancer in 1990-2019: findings from the Global Burden of
Disease Study 2019. BMC Public Health. (2022) 22:1455. doi: 10.1186/s12889-022-
13861-y

6. Sun P, Yu C, Yin L, Chen Y, Sun Z, Zhang T, et al. Global, regional, and national
burden of female cancers in women of child-bearing age 1990-2021: analysis of data
from the global burden of disease study 2021. eClinicalMedicine. (2024) 74:102713.
doi: 10.1016/j.eclinm.2024.102713

7. Nieman KM, Kenny HA, Penicka CV, Ladanyi A, Buell-Gutbrod R, Zillhardt MR,
et al. Adipocytes promote ovarian cancer metastasis and provide energy for rapid
tumor growth. Nat Med. (2011) 17:1498-503. doi: 10.1038/nm.2492

8. Hanahan D, Weinberg RA. Hallmarks of cancer: the next generation. Cell. (2011)
144:646-74. doi: 10.1016/j.cell.2011.02.013

9. Wishart DS. Metabolomics for investigating physiological and pathophysiological
processes. Physiol Rev. (2019) 99:1819-75. doi: 10.1152/physrev.00035.2018

10. Martinez-Reyes I, Chandel NS. Cancer metabolism: looking forward. Nat Rev
Cancer. (2021) 21:669-80. doi: 10.1038/s41568-021-00378-6

Frontiers in Oncology

13

10.3389/fonc.2025.1530487

Generative Al statement

The author(s) declare that no Generative Al was used in the
creation of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2025.1530487/
full#supplementary-material.

SUPPLEMENTARY FIGURE 1

Model validation metrics for PLS-DA analysis. Histogram of R? (variance
explained) and Q2 (predictive ability) values for tumor tissue (A), plasma (B),
and subcutaneous fat (C). Dashed blue, red, and light blue histograms indicate
the observed Accuracy, R? and Q2 respectively. A red asterisk marks the
number of significant components. Distribution of permuted Q2 values (blue
bars) from 1000 random label shuffles with a deviation from the null
distribution for tumor tissue (D), plasma (E), and subcutaneous fat (F).

11. Corn KC, Windham MA, Rafat M. Lipids in the tumor microenvironment: From
cancer progression to treatment. Prog Lipid Res. (2020) 80:101055. doi: 10.1016/
j.plipres.2020.101055

12. Calder PC. Functional roles of fatty acids and their effects on human health. J
Parenter. Enter. Nutr. (2015) 39:185-32S. doi: 10.1177/0148607115595980

13. Iyengar NM, Hudis CA, Dannenberg AJ. Obesity and cancer: local and systemic
mechanisms. Annu Rev Med. (2015) 66:297-309. doi: 10.1146/annurev-med-050913-
022228

14. Brown KA, Scherer PE. Update on adipose tissue and cancer. Endocr. Rev. (2023)
44:961-74. doi: 10.1210/endrev/bnad015

15. Vona-Davis L, Rose DP. The obesity-inflammation-eicosanoid axis in breast
cancer. ] Mammary Gland Biol Neoplasia. (2013) 18:291-307. doi: 10.1007/s10911-013-
9299-z

16. Kolb H. Obese visceral fat tissue inflammation: from protective to detrimental?
BMC Med. (2022) 20:494. doi: 10.1186/s12916-022-02672-y

17. Sah S, Bifarin OO, Moore SG, Gaul DA, Chung H, Kwon SY, et al. Serum
lipidome profiling reveals a distinct signature of ovarian cancer in korean women.
Cancer Epidemiol. Biomarkers Prev. (2024) 33:681-93. doi: 10.1158/1055-9965.EPI-23-
1293

18. Li Y, Shang C, Liang H, Zhang K, Wu Y, Guo H. Associations of novel serum
lipid index with epithelial ovarian cancer chemoresistance and prognosis. Front Oncol.
(2023) 13:1052760. doi: 10.3389/fonc.2023.1052760

19. Turkoglu O, Zeb A, Graham S, Szyperski T, Szender JB, Odunsi K, et al.
Metabolomics of biomarker discovery in ovarian cancer: a systematic review of
the current literature. Metabolomics. (2016) 12:60. doi: 10.1007/s11306-016-
0990-0

20. Salaun H, Poisson M, Dolly A, Arbion F, Servais S, Dumas JF, et al. Total
polyunsaturated fatty acid level in abdominal adipose tissue as an independent
predictor of recurrence-free survival in women with ovarian cancer. Int J Mol Sci.
(2023) 24:1768. doi: 10.3390/ijms24021768

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2025.1530487/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2025.1530487/full#supplementary-material
https://doi.org/10.1016/j.metabol.2018.11.001
https://doi.org/10.1016/j.soncn.2019.02.001
https://doi.org/10.1016/j.ygyno.2021.10.008
https://doi.org/10.1016/j.ygyno.2021.10.008
https://doi.org/10.1016/j.ygyno.2021.08.029
https://doi.org/10.1016/j.ygyno.2021.08.029
https://doi.org/10.1186/s12889-022-13861-y
https://doi.org/10.1186/s12889-022-13861-y
https://doi.org/10.1016/j.eclinm.2024.102713
https://doi.org/10.1038/nm.2492
https://doi.org/10.1016/j.cell.2011.02.013
https://doi.org/10.1152/physrev.00035.2018
https://doi.org/10.1038/s41568-021-00378-6
https://doi.org/10.1016/j.plipres.2020.101055
https://doi.org/10.1016/j.plipres.2020.101055
https://doi.org/10.1177/0148607115595980
https://doi.org/10.1146/annurev-med-050913-022228
https://doi.org/10.1146/annurev-med-050913-022228
https://doi.org/10.1210/endrev/bnad015
https://doi.org/10.1007/s10911-013-9299-z
https://doi.org/10.1007/s10911-013-9299-z
https://doi.org/10.1186/s12916-022-02672-y
https://doi.org/10.1158/1055-9965.EPI-23-1293
https://doi.org/10.1158/1055-9965.EPI-23-1293
https://doi.org/10.3389/fonc.2023.1052760
https://doi.org/10.1007/s11306-016-0990-0
https://doi.org/10.1007/s11306-016-0990-0
https://doi.org/10.3390/ijms24021768
https://doi.org/10.3389/fonc.2025.1530487
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Zhong et al.

21. WangF, Tessier A-J, Liang L, Wittenbecher C, Haslam DE, Fernandez-Duval G,
et al. Plasma metabolomic profiles associated with mortality and longevity in a
prospective analysis of 13,512 individuals. Nat Commun. (2023) 14:5744.
doi: 10.1038/541467-023-41515-z

22. Duarte Mendes A, Freitas AR, Vicente R, Vitorino M, Vaz Batista M, Silva M,
et al. Adipocyte microenvironment in ovarian cancer: A critical contributor? Int ] Mol
Sci. (2023) 24:16589. doi: 10.3390/ijms242316589

23. Storey JD, Tibshirani R. Statistical significance for genomewide studies. Proc Natl
Acad Sci. (2003) 100:9440-5. doi: 10.1073/pnas.1530509100

24. Conway JR, Lex A, Gehlenborg N. UpSetR: an R package for the visualization of
intersecting sets and their properties. Bioinformatics. (2017) 33:2938-40. doi: 10.1093/
bioinformatics/btx364

25. Gomez-Rubio V. ggplot2 - elegant graphics for data analysis (2nd edition). ] Stat
Software. (2017) 77:1-3. doi: 10.18637/jss.v077.b02

26. Walter W, Sanchez-Cabo F, Ricote M. GOplot: an R package for visually
combining expression data with functional analysis. Bioinformatics. (2015) 31:2912-
4. doi: 10.1093/bioinformatics/btv300

27. Hoang T, Myung S-K, Pham TT. Gynecological cancer and omega-3 fatty acid
intakes: Meta-analysis. Asia Pac. ] Clin Nutr. (2021) 30:153-62. doi: 10.6133/
apjcn.202103_30(1).0018

28. Fan Y-Y, Callaway E, M Monk J, S Goldsby J, Yang P, Vincent L, et al. A new
model to study the role of arachidonic acid in colon cancer pathophysiology. Cancer
Prev Res Phila. Pa. (2016) 9:750-7. doi: 10.1158/1940-6207.CAPR-16-0060

29. Parada H, Wu T, Hoh E, Rock CL, Martinez ME. Red blood cell polyunsaturated
fatty acids and mortality following breast cancer. Cancer Epidemiol. Biomarkers Prev.
(2024) 33:944-52. doi: 10.1158/1055-9965.EPI-24-0074

30. Frankhouser DE, Steck S, Sovic MG, Belury MA, Wang Q, Clinton SK, et al.
Dietary omega-3 fatty acid intake impacts peripheral blood DNA methylation -anti-
inflammatory effects and individual variability in a pilot study. J Nutr Biochem. (2022)
99:108839. doi: 10.1016/j.jnutbio.2021.108839

31. West L, Pierce SR, Yin Y, Fang Z, Zhou C, Bae-Jump VL. Docosahexaenoic acid
(DHA), an omega-3 fatty acid, inhibits ovarian cancer growth and adhesion. Gynecol.
Oncol. (2018) 149:63. doi: 10.1016/j.ygyno.2018.04.142

32. Sherratt SCR, Mason RP, Libby P, Steg PG, Bhatt DL. Do patients benefit from
omega-3 fatty acids? Cardiovasc Res. (2024) 18:2884-901. doi: 10.1093/cvr/cvad188

33. Lu X, Yu H, Ma Q, Shen S, Das UN. Linoleic acid suppresses colorectal cancer
cell growth by inducing oxidant stress and mitochondrial dysfunction. Lipids Health
Dis. (2010) 9:106. doi: 10.1186/1476-511X-9-106

34. Feng S, Tang D, Wang Y, Li X, Bao H, Tang C, et al. The mechanism of ferroptosis
and its related diseases. Mol Biomed. (2023) 4:33. doi: 10.1186/s43556-023-00142-2

Frontiers in Oncology

14

10.3389/fonc.2025.1530487

35. Zou Y, Henry WS, Ricq EL, Graham ET, Phadnis VV, Maretich P, et al. Plasticity
of ether lipids promotes ferroptosis susceptibility and evasion. Nature. (2020) 585:603—
8. doi: 10.1038/s41586-020-2732-8

36. Basak S, Duttaroy AK. Conjugated Linoleic Acid and Its Beneficial Effects in
Obesity, Cardiovascular Disease, and Cancer. Nutrients. (2020) 12:1913. doi: 10.3390/
nul2071913

37. Yeh CS, Wang JY, Cheng TL, Juan CH, Wu CH, Lin SR. Fatty acid metabolism
pathway play an important role in carcinogenesis of human colorectal cancers by
Microarray-Bioinformatics analysis. Cancer Lett. (2006) 233:297-308. doi: 10.1016/
j.canlet.2005.03.050

38. Vangaveti VN, Jansen H, Kennedy RL, Malabu UH. Hydroxyoctadecadienoic
acids: Oxidised derivatives of linoleic acid and their role in inflammation associated
with metabolic syndrome and cancer. Eur ] Pharmacol. (2016) 785:70-76. doi: 10.1016/
j-ejphar.2015.03.096

39. Koundouros N, Nagiec MJ, Bullen N, Noch EK, Burgos-Barragan G, Li Z, et al.
Direct sensing of dietary ®-6 linoleic acid through FABP5-mTORCI signaling. Science.
(2025) 387:eadm9805. doi: 10.1126/science.adm9805

40. Zanoaga O, Jurj A, Raduly L, Cojocneanu-Petric R, Fuentes—Mattei E, Wu
O, et al. Implications of dietary ®—-3 and ®w-6 polyunsaturated fatty acids in
breast cancer (Review). Exp Ther Med. (2017) 2:1167-76. doi: 10.3892/
etm.2017.5515

41. Argiles JM, Busquets S, Stemmler B, Lopez-Soriano FJ. Cancer cachexia:
understanding the molecular basis. Nat Rev Cancer. (2014) 14:754-62. doi: 10.1038/nrc3829

42. Argilées JM, Stemmler B, Lopez-Soriano FJ, Busquets S. Inter-tissue
communication in cancer cachexia. Nat Rev Endocrinol. (2019) 15:9-20.
doi: 10.1038/541574-018-0123-0

43. Duncan RE, Ahmadian M, Jaworski K, Sarkadi-Nagy E, Sul HS. Regulation of
lipolysis in adipocytes. Annu Rev Nutr. (2007) 27:79-101. doi: 10.1146/
annurev.nutr.27.061406.093734

44. Ghamarzad Shishavan N, Mohamadkhani A, Ghajarieh Sepanlou S, Masoudi S,
Sharafkhah M, Poustchi H, et al. Circulating plasma fatty acids and risk of pancreatic
cancer: Results from the Golestan Cohort Study. Clin Nutr. (2021) 40:1897-904.
doi: 10.1016/j.cInu.2020.09.002

45. Karimian E, Marandi A, Kardanpour R, Rafiei S, Amirghofran Z,
Tangestaninejad S, et al. The enzymatic synthesis of lactose caprate using Candida
rugosa lipase immobilized into ZIF-8 and investigation of its anticancer applications
against K562 leukemia and HeLa cancer cells. RSC Adv. (2023) 13:35639-47.
doi: 10.1039/D3RA04632]

46. Xu X, Ping P, Zhang Z, Zou L. Plasma free fatty acid levels in cervical cancer:
concurrent chemoradiotherapy improves abnormal profile. Front Pharmacol. (2024)
15:1352101. doi: 10.3389/fphar.2024.1352101

frontiersin.org


https://doi.org/10.1038/s41467-023-41515-z
https://doi.org/10.3390/ijms242316589
https://doi.org/10.1073/pnas.1530509100
https://doi.org/10.1093/bioinformatics/btx364
https://doi.org/10.1093/bioinformatics/btx364
https://doi.org/10.18637/jss.v077.b02
https://doi.org/10.1093/bioinformatics/btv300
https://doi.org/10.6133/apjcn.202103_30(1).0018
https://doi.org/10.6133/apjcn.202103_30(1).0018
https://doi.org/10.1158/1940-6207.CAPR-16-0060
https://doi.org/10.1158/1055-9965.EPI-24-0074
https://doi.org/10.1016/j.jnutbio.2021.108839
https://doi.org/10.1016/j.ygyno.2018.04.142
https://doi.org/10.1093/cvr/cvad188
https://doi.org/10.1186/1476-511X-9-106
https://doi.org/10.1186/s43556-023-00142-2
https://doi.org/10.1038/s41586-020-2732-8
https://doi.org/10.3390/nu12071913
https://doi.org/10.3390/nu12071913
https://doi.org/10.1016/j.canlet.2005.03.050
https://doi.org/10.1016/j.canlet.2005.03.050
https://doi.org/10.1016/j.ejphar.2015.03.096
https://doi.org/10.1016/j.ejphar.2015.03.096
https://doi.org/10.1126/science.adm9805
https://doi.org/10.3892/etm.2017.5515
https://doi.org/10.3892/etm.2017.5515
https://doi.org/10.1038/nrc3829
https://doi.org/10.1038/s41574-018-0123-0
https://doi.org/10.1146/annurev.nutr.27.061406.093734
https://doi.org/10.1146/annurev.nutr.27.061406.093734
https://doi.org/10.1016/j.clnu.2020.09.002
https://doi.org/10.1039/D3RA04632J
https://doi.org/10.3389/fphar.2024.1352101
https://doi.org/10.3389/fonc.2025.1530487
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Elucidating the role of fatty acid reprogramming in ovarian cancer: insights cross-talk between blood, subcutaneous fat, and ovarian cancer tissues
	1 Introduction
	2 Materials and methods
	2.1 Participants and clinical information collection
	2.2 Specimen collection
	2.3 Sample preparation and fatty acid analysis using gas chromatography-hydrogen flame ionization detector (GC-FID)
	2.3.1 Reagents and calibration standard solutions
	2.3.2 Sample preparation
	2.3.3 GC-FID analysis

	2.4 Quality control (QC)
	2.5 Fatty acid identification, extraction, normalization and quantification
	2.6 RT-qPCR
	2.7 Statistical analysis

	3 Results
	3.1 Clinical characteristics of study participants
	3.2 The specific metabolomic profiles of subcutaneous fat tissue, plasma and ovarian tissue between OC and NC groups
	3.3 Comparative analysis of fatty acid profiles among subcutaneous fat tissue, plasma and ovarian tissue.
	3.4 Biomarker discovery and risk factors
	3.5 Association of unsaturated fatty acid reprograming with BMI, FIGO stage, recurrence, and prognosis in OC patients
	3.6 Metabolic pathways enrichment analysis of ovarian cancer
	3.7 Expressions of enzymatic genes related to fatty acid synthesis, elongation and desaturation

	4 Discussion
	4.1 Fatty acid reprogramming in OC
	4.2 Biomarker implication

	5 Limitations
	6 Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References


