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Background: Small molecule metabolites are potential biomarkers for ovarian
cancer. However, the causal relationship between small molecule metabolites
and ovarian cancer remains unclear.

Methods: Single nucleotide polymorphisms (SNPs) correlated with 53 distinct
small molecule metabolites were identified as instrumental variables (IVs) from
comprehensive genome-wide association studies. Aggregate data
encompassing 25,509 cases of ovarian cancer and 40,941 controls of
European descent were procured from the Ovarian Cancer Association
Consortium. To evaluate causative associations, four Mendelian randomization
techniques—including inverse-variance weighted, weighted median, maximum
likelihood, and MR-Egger regression—were employed.

Results: In total, 242 SNPs were delineated as IVs for the small molecule
metabolites under consideration. A significant association with the overarching
risk of ovarian cancer was observed for six distinct metabolites.
Hexadecenoylcarnitine and methioninesulfoxide were associated with a 32%
and 31% reduced risk, respectively. Fifteen metabolites were linked to subtype
ovarian cancers. For instance, both methionine sulfoxide and tetradecanoyl
carnitine exhibited an inverse association with the risk of clear cell and high-
grade serous ovarian cancers. Conversely, tryptophan demonstrated a 1.72-fold
elevated risk for endometrioid ovarian cancer.

Conclusion: This study identified several metabolites with putative causal effects
on ovarian cancer risk using Mendelian randomization analysis. The findings
provide insight into the etiological role of small molecule metabolites and
highlight potential early detection biomarkers for ovarian cancer. Subsequent
investigations are imperative to corroborate these findings and elucidate the
underlying pathophysiological mechanisms.
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1 Introduction

Cancer remains one of the most formidable adversaries in the
realm of global health, contributing significantly to the burden of
disease and mortality, with its impact felt acutely in developing
countries. Within this broader context, ovarian cancer (OC)
emerges as a predominant gynecological malignancy. Recent
statistics from 2020 have underscored this reality, revealing an
estimated 310,000 new cases of OC and a deeply concerning figure
of 210,000 deaths associated with the condition. The trajectory of
OC is particularly alarming, with projections suggesting that by the
year 2040, we may witness the global incidence of this cancer soar to
approximately 434,184 cases (1-4). The high mortality rate is
largely attributed to the asymptomatic nature and late diagnosis
of OC (5). In diseases with a significant burden, such as OC, the
underlying etiology and pathogenesis remain largely elusive.
Established risk factors for OC encompass age at menarche, age
at natural menopause, and age at diagnosis of endometriosis (6).
Elevated dietary consumption of fiber and soy has demonstrated
potential prophylactic benefits against OC (7, 8). Furthermore, a
deficiency in vitamin D levels has been associated with an
augmented risk of OC (9). Identification of novel biomarkers that
can detect OC at an early stage or predict susceptibility is urgently
needed to reduce disease burden.

Emerging evidence suggests that metabolic reprogramming is
implicated in ovarian tumorigenesis and progression (10).
Metabolomics profiling has revealed aberrant levels of various
small molecule metabolites, such as amino acids, biogenic amines,
acylcarnitines, and carbohydrates, in OC (10-13). These small
molecules are involved in multiple oncogenic signaling pathways
and may serve as diagnostic biomarkers or therapeutic targets.
Recent comprehensive genome-wide association studies (GWAS)
have delineated single nucleotide polymorphisms (SNPs) correlated
with metabolic phenotypes. These SNPs can be judiciously
employed as instrumental variables to infer putative causal
associations between specific metabolites and disease outcomes
(14-16). Conversely, a limited number of studies have delved into
the relationship between OC and the small molecular derivatives
of metabolism.

Mendelian randomization (MR) analysis employs genetic
variants as instrumental variables (IVs), enhancing the robustness
of causal inference and mitigating biases stemming from reverse
causation and confounding (17). This methodology has been
extensively employed to assess the putative causal role of alterable
exposures in carcinogenesis (18). However, to date, no investigation
has probed the potential causal implications of small molecular
metabolites on OC via Mendelian randomization. In this study, we
performed a two-sample MR analysis to evaluate putative causal

Abbreviations: OC, ovarian cancer; HGSOC, high-grade serous ovarian cancer;
LMPOC, low malignant potential ovarian cancer; IMOC, invasive mucinous
ovarian cancer; CCOC, clear cell ovarian cancer; EndoOC, endometrioid ovarian
cancer; GWAS, genome-wide association studies; SNPs, single nucleotide
polymorphisms; MR, Mendelian randomization; IVs, instrumental variables;
IVW, inverse-variance weighted; LD, linkage disequilibrium; CPT-1, carnitine

palmitoyltransferase-1.
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associations of genetically predicted small molecule metabolites
with OC risk. Findings from this study could uncover novel
etiological mechanisms and guide future development of
metabotype-based biomarkers for OC.

2 Materials and methods
2.1 Study design

In our study, we utilized SNPs identified through GWAS as
genetic instrumental variables (IVs), aiming to investigate the
plausible causal connection between small molecule metabolic
products and ovarian cancer. As presented in Figure 1, our two-
sample MR study was built upon three principal assumptions (19).
1) Relevance assumption: The IVs had a strong connection to the
exposure (19). 2) Independence assumption: There was no
correlation between the IVs and any variables that affected both
exposure and outcome (19). 3) Exclusion Restriction Assumption:
The IVs exclusively influenced the exposure, without introducing
any additional causal pathways that could impact the outcome (19).
All the summary data utilized in our study were openly accessible to
the general public (IEU OpenGWAS project). Additional data can
be found in the Supplementary Material (Supplementary Table 1).
As our research relied on publicly available GWAS data, no
additional ethical approval was necessary.

2.2 Data source and study samples of
ovarian cancer

This study considered a total of six frequently observed clinical
phenotypes of ovarian cancer, specifically: OC, high-grade serous
ovarian cancer (HGSOC), low malignant potential ovarian cancer
(LMPOC), invasive mucinous ovarian cancer (IMOC), clear cell
ovarian cancer (CCOC), and endometrioid ovarian cancer
(EndoOC). The findings presented in this study are based on a
genome-wide association studies conducted within the Ovarian
Cancer Association Consortium (OCAC) (20). This thorough
analysis was conducted using a dataset that encompassed 25,509
cases of ovarian cancer and 40,941 controls of European ancestry,
enabling an exploration of the associations between genetic factors
and ovarian cancer (21). The dataset encompasses 63 distinct
genotyping project/case-control sets (21). Genomic information
was acquired through direct genotyping utilizing an Illumina
Custom Infinium array, known as OncoArray, featuring around
530,000 SNPs (21). To enhance the dataset’s comprehensiveness,
imputation was executed utilizing the 1000 Genomes Project Phase
3 dataset as a reference (21). The cases encompassed the subsequent
invasive epithelial ovarian cancer types: HGSOC (n = 13,037),
LMPOC (n = 3,103), MOC (n = 1,417), CCOC (n = 1,366) and
EndoOC (n = 2,810) (21). The majority of individuals were
recruited from cancer genetics clinics, which also included some
related individuals (21). More specific information regarding the
cohorts, genotyping, quality control, and imputation can be viewed
in previous studies (21).
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FIGURE 1

Flow chart of MR analysis and three assumptions in this study. GWAS, Genome-wide association study; MR, Mendelian randomization; SNP, single

nucleotide polymorphism.

2.3 Genetic instruments selection

The genetic components involving small molecule metabolic
products, which encompass Acylcarnitines, Amino acids, Biogenic
amines, and Hexose, were derived from a GWAS. This study
involved a collective cohort of 86,507 adults with European heritage
drawn from the Fenland cohort, with synergies established between the
EPIC-Norfolk and INTERVAL studies (14). We first selected IVs for
each small molecule products based on a strict cutoff of P <5x10°®,
Independent SNPs (r2 < 0.01, distance = 250 kb) were preserved after
calculating the linkage disequilibrium (LD) of related SNPs.
Furthermore, the robustness of the genetic instruments was
evaluated through F-statistics to mitigate potential biases from weak
instruments. The F-statistics were computed using the formula: F-
statistics = (Beta/Se) *, with the mean serving as the comprehensive
measure and an F-statistic > 10 signified substantial statistical potency
(22, 23). Finally, a total of 242 SNPs associated with 53 small molecule
products of metabolism were remained as the instrument variables
(IVs). Detailed information of the IVs form small molecule products of
metabolism were summarized in Supplementary Table 2, respectively.

2.4 Statistical analyses

Four methods including the inverse-variance-weighting (IVW),
weighted median, maximum likelihood-based methods, and MR-
Egger regression. maximum likelihood-based methods were
performed to assess the causal association between small molecule
products of metabolism and OC. The IVW method operates under
the assumption of the validity of all instrumental variables,
amalgamating their effects to produce an overall weighted
outcome (24). Given the potential heterogeneity, the random
effect and fixed effect IVW were both calculated and regarded as
the main analyses (24). The weighted median estimator can
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generate resilient causal estimates, maintaining robustness even
when up to 50% of instrumental variables may be invalid (25).
Besides, under an assumption of a linear relationship between
exposure and outcome, the maximum likelihood-based method
offered normal bivariate distribution for the estimated causal
association (26). Finally, the MR Egger method introduces an
intercept term in the regression model to assess the directional
pleiotropy (27). A substantially non-zero intercept term in
statistical analysis signals the existence of pleiotropy and a breach
in the fundamental Mendelian randomization assumption (27).
We employed the Cochran’s Q test to evaluate the heterogeneity
among IVs (28). In case of notable heterogeneity being detected (P <
0.05), the random-effects model was employed; conversely, if
heterogeneity was not significant (P > 0.05), the fixed-effects
model was utilized (28). A leave-one-out analysis was conducted
to pinpoint influential SNPs in the causal estimations. A threshold
of statistical significance was set at P < 0.05 (two-sided). When the
quantity of SNPs is fewer than four, the analysis is confined to using
the IVW method. All analyses were performed using
“TwoSampleMR”, and “gg-plot2” packages in R software (version
3.6.3, R Foundation for Statistical Computing, Vienna, Austria).

3 Results

3.1 Causal estimates of genetically
predicted small molecule metabolic
products on overall ovarian cancer

As shown in Table 1 and Figure 2, we totally found six small
molecule metabolic products were associated with overall OC. In
brief, genetically predicted hexadecenoylcarnitine as well as
methioninesulfoxide dropped a 32% (OR, 0.68; 95% CI =0.51-
0.91, P = 0.010) and 31% (OR=0.69, 95% CI =0.48-1.00, P =
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TABLE 1 The main result of small molecule metabolites and ovarian cancer risk.

10.3389/fonc.2023.1291033

P for .
Outcome  Exposure . P for pleiotropy
heterogeneity
Overall
ovarian Hexadecenoylcarnitine Wald ratio 0.68 | 0.51 0.91 0.010 / /
cancer
Wald ratio 0.69 0.48 1.00 0.048 / /
Inverse
Overall X
. . . variance
ovarian Octadecandienylcarnitine . 0.88  0.80 0.97 0.011 0.426
cancer weighted
(fixed effects)
Maximum 088 | 079 097 | 0011
likelihood ’ ’ ' '
Simple
L 0.88 0.76 1.01 0.075
median
Weighted
X 0.86 0.77 0.96 0.007
median
MR Egger 0.84 0.64 1.11 0.341 0.766
Inverse
Overall ;
N . variance
ovarian Octadecenoylcarnitine . 083 073 0.95 0.008 0.478 /
cancer weighted
(fixed effects)
Maximum
. .72 . .01
likelihood 0.83 0.7 0.96 0.010
Inverse
Overall X
. . variance
ovarian Phenylalanine . 1.29 1.03 1.62 0.028 0.894
cancer weighted
(fixed effects)
Maximum 120 103 163 0029
likelihood ’ ’ ' '
Simple
. 1.32 1.00 1.74 0.050
median
Weighted
elghte 132 102 | 171 | 0038
median
MR Egger 1.21 0.44 3.32 0.748 0.907
I
Overall nv.erse
. . variance
ovarian Tetradecanoylcarnitine . 0.80  0.66 0.97 0.020 0.168 /
cancer weighted
(fixed effects)
Maximum
. . . .022
likelihood 0.80 0.66 0.97 0.0
I
1 i e
vari
serous ovarian | Tetradecanoylcarnitine . 0.81 0.66 0.99 0.041 0.696
cancer weighted
(fixed effects)
Maximum 081 066 099 0042
likelihood ’ ’ ' '
Simple
L 0.80 0.62 1.03 0.089
median
Weighted
X 0.79 0.63 0.99 0.039
median
MR Egger 0.48 0.13 1.79 0.471 0.574
Low . Inverse
. Arginine X 0.63 0.42 0.95 0.028 0.871
malignant variance
(Continued)
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TABLE 1 Continued

10.3389/fonc.2023.1291033

P for .
Outcome  Exposure Method . P for pleiotropy
heterogeneity
potential weighted
ovarian (fixed effects)
cancer
Maximum 063 | 042 095 | 0029
likelihood ’ ’ ' ’
Simpls
Hmpre 069 | 039 | 122 0201
median
Weighted
- 0.57 0.34 0.93 0.025
median
MR Egger 0.53 0.27 1.04 0.124 0.537
Low
malignant
potential Dodecanoylcarnitine Wald ratio 0.12 | 0.02 0.74 0.022 / /
ovarian
cancer
Low
. Inverse
malignant X
. i variance
potential Leucine . 4.25 1.22 14.83 0.023 0.064
ovarian weighted
(fixed effects)
cancer
Maximum 445 123 1608 0.023
likelihood . : ’ ’
Simple
R 4.84 091 25.83 0.065
median
Weighted
cighte 435 082 2306  0.084
median
MR Egger 0.19 0.00 99.92 0.659 0.416
Low
) Inverse
malignant X
. . variance
potential Octadecenoylcarnitine . 0.61 0.37 1.00 0.049 0.124 /
ovarian weighted
(fixed effects)
cancer
Maximum 060 036 100 | 0.050
likelihood : i ’ ’
Low
. Inverse
malignant variance
potential Threonine . 042 023 0.77 0.005 0.352
ovarian weighted
(fixed effects)
cancer
Maximum
0.41 0.22 0.77 0.005
likelihood
impl
Simple 066 026 170 | 0390
median
Weighted
, 0.44 0.22 0.86 0.017
median
MR Egger 0.07 0.00 1.01 0.301 0.406
Invasive Inverse
muetnous alpha-Aminoadipic acid L anee 209 102 428 | 0045 0.811 /
ovarian weighted
cancer (fixed effects)
(Continued)
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TABLE 1 Continued

10.3389/fonc.2023.1291033

P for .
Outcome  Exposure Method . P for pleiotropy
heterogeneity
Maximum
2 2. 1. 4. .04
likelihood 09 00 3 0049
Invasive Inverse
mucinous . variance
. Creatinine . 12 0.45 0.24 0.84 0.012 0.666
ovarian weighted
cancer (fixed effects)
Maximum 12 045 024 084 0013
likelihood ’ ’ ' '
Simple
R 12 0.41 0.18 0.95 0.038
median
Weighted
cigte 12 043 | 019 099 | 0046
median
MR Egger 12 0.05 0.00 1.00 0.079 0.175
Invasive
mucnous Hexose Wald ratio 1 251 105 602 | 0039 / /
ovarian
cancer
Invasive
mucinous Methionine Wald ratio 1 023 006 089 0033 / /
ovarian
cancer
Invasive Inverse
mucinous . variance
A Tetradecenoylcarnitine K 2 0.39 0.17 0.93 0.034 0.502
ovarian weighted
cancer (fixed effects)
Maximum 2 039 016 095 0038
likelihood . . ’ ’
Inverse
Clear cell X
. - variance
ovarian Butyrylcarnitine . 2 0.62 0.40 0.95 0.029 0.116 /
cancer weighted
(fixed effects)
Maximum 2 062 | 040 095 0030
likelihood ’ ’ ' '
Clear cell
ovarian Methioninesulfoxide Wald ratio 1 0.28 0.09 0.85 0.025 / /
cancer
L Inverse
Endometrioid X
. I variance
ovarian Citrulline ) 4 1.65 1.17 2.34 0.005 0.259
cancer weighted
(fixed effects)
Maximum 4 166 117 | 238 0005
likelihood ’ ’ ' '
Simple
i 4 1.64 1.08 249 0.021
median
igh
Weighted 4 180 116 | 280  0.008
median
MR Egger 4 0.44 0.03 6.32 0.606 0.428
= Inverse
Endometrioid .
ovarian Tryptophan variance 2 172 112 264 0013 0.698 /
cancer e weighted ‘ A . . ‘
(fixed effects)
Maximum 2 172 111 266 0015
likelihood : : ’ ’
Frontiers in Oncology 06 frontiersin.org
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FIGURE 2

The volcano plot for inverse-variance-weighted method in the association between molecule metabolic products and ovarian cancer.

0.048) risk of overall OC by the Wald ratio method, respectively.
This decreased risk was also observed in the association between
octadecandienylcarnitine and overall OC, replicated by the
Maximum likelihood method (OR = 0.88, 95% CI = 0.79-0.97, P
=0.011 and weighted median approach (OR=0.86, 95% CI=0.77-
0.96, P=0.007). Estimates in size were similar for the association of
octadecenoylcarnitine and tetradecanoylcarnitine with overall OC
(Supplementary Table 3). The heterogeneity test and pleiotropy test
indicated that there no influence for the casual effect of
octadecandienyl carnitine on overall ovarian cancer (P>0.05).

3.2 Causal estimates of genetically
predicted small molecule metabolic
products on subtype ovarian cancers

The results of all small molecule metabolic products on subtype
ovarian cancers were presented in the Supplementary Tables 4-8.
Figure 2 presented the estimate from the MR analysis and suggested
that a total of 15 small molecule metabolic products were related to
the subtype ovarian cancers. Methionine sulfoxide was observed
that associated clear cell ovarian cancer with dramatically reduced
risk (OR=0.28, 95% CI=0.09-0.85, P=0.024). The similar causal
association between tetradecanoylcarnitine and high grade serous
ovarian cancer was detected. For endometrioid ovarian cancer,
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IVW method suggested genetically predicted Tryptophan would
climb its 1.72-fold risk (95% CI=1.12-2.64, P =0.013). Five small
molecule metabolic products were found that related to low
malignant potential ovarian cancer and invasive mucinous
ovarian cancer, respectively. For example, genetically predicted
creatinine reduced the risk of invasive mucinous ovarian cancer,
with estimates of IVW at 0.45 (95% CI=0.24-0.84, P =0.012;
Figure 3). This causal relationship also was verified by Maximum
likelihood approach and simple median method, while it did not
attach a statistical significance in weighted median. Besides,
arginine had a negative effect (OR=0.63, 95% CI=0.42-0.95, P
=0.028; Figure 4) on low malignant potential ovarian cancer as
well as threonine (OR=0.42, 95% CI=0.23-0.77, P =0.004; Figure 5).
The pleiotropy test of Egger intercept suggested that there was no
pleiotropy (P>0.05).

4 Discussion

OC remains one of the foremost gynecological malignancies
with a significant global impact (5). Despite significant
advancements in elucidating its etiology, the insidious onset of
OC frequently results in advanced-stage diagnoses, underscoring
the paramount importance of early detection biomarkers (5). This
current study addresses this pressing clinical gap, harnessing the
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FIGURE 3
The negative effect of creatinine on the invasive mucinous ovarian cancer risk in the IVW analysis and it verified by Maximum likelihood approach
and simple median method (all P<0.05).
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FIGURE 4
The inverse causal estimate between molecule metabolic products and the low malignant potential ovarian cancer (Increased arginine level may
decrease the 46.7% risk of low malignant potential ovarian cancer. P =0.004).
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FIGURE 5

The inverse causal estimate between molecule metabolic products and the low malignant potential ovarian cancer. Threonine has a negative impact
on the low malignant potential ovarian cancer (OR=0.42, 95% Cl=0.23-0.77, P =0.004).

capabilities of Mendelian randomization to discern putative causal
associations between small molecular metabolites and OC
susceptibility. Significantly, this represents the inaugural effort of
its nature to apply this methodology on comprehensive genetic
datasets to assess these correlations. Overall, our findings provide
novel insights into the complex metabolic underpinnings of OC.

In recent studies, several small-molecule metabolites have
emerged as potential biomarkers for the early detection, risk
stratification, and targeted prevention of OC (29).

In our comprehensive metabolic analysis, we identified a total of six
metabolites significantly associated with the incidence of overall OC.
Decreased risks were observed in association with the following
metabolites: octadecandienylcarnitine, octadecenoylcarnitine,
hexadecenoylcarnitine, tetradecanoylcarnitine, and methionine
sulfoxide. Conversely, an elevated phenylalanine level was
significantly associated with an augmented risk of overall OC. For
HGSOC, tetradecanoylcarnitine was indicative of a reduced risk. In the
context of LMPOC, the metabolites arginine, octadecenoylcarnitine,
and threonine were inversely correlated with risk, while an increase in
leucine levels showed a heightened risk. Regarding IMOC, a
diminished risk was noted in conjunction with creatinine,
decenoylcarnitine, methionine, and tetradecenoylcarnitine.
Conversely, the levels of alpha-Aminoadipic acid and hexose were
positively correlated with increased risk. For CCOC, butyrylcarnitine
was a marker of reduced risk, whereas increased methioninesulfoxide
levels were linked to heightened risk. In EndoOC, citrulline and
tryptophan were indicative of a reduced risk. However, elevated
glycine levels were observed to increase the risk.

Frontiers in Oncology

Notably, an increase in genetically predicted levels of methionine
sulfoxide correlated with a 31% reduction in the risk of overall OC.
Methioninesulfoxide is generated via oxidation of methionine
residues in proteins and serves as a biomarker of oxidative damage
(30, 31). Accumulating evidence suggests that methioninesulfoxide
reductases act as antioxidant repair enzymes to revert oxidized
methionines and defend against oxidative stress (32). Our results
indicate that methioninesulfoxide may confer protection against OC
through antioxidant effects. Genetically elevated tryptophan levels
were associated with a 1.72-fold increased risk of endometrioid OC in
our analysis. Tryptophan is an essential amino acid and precursor for
bioactive molecules like serotonin and melatonin (33). Previous
studies have found that changes in tryptophan metabolism in
tumors are often accompanied by abnormal expression of
tryptophan-related enzyme genes. Among the observed alterations,
variations in the expression of genes associated with indoleamine 2,3-
dioxygenase and tryptophan 2,3-dioxygenase emerge as the most
prevalent (34). In the human body, tryptophan has three metabolic
pathways. Catabolism of tryptophan through the kynurenine
pathway produces immunosuppressive metabolites and has been
implicated in facilitating tumor immune evasion (35). We also
found that higher predicted arginine and threonine were associated
with 37% and 58% decreased risks of low malignant potential ovarian
cancer, respectively. Threonine serves several functions. One of its
primary roles is in the synthesis of mucin, a substance crucial for
maintaining intestinal integrity and function (36). Additionally,
threonine plays a significant part in immune function, contributing

to the body’s defense mechanisms (36). It is also involved in the
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phosphorylation and glycosylation of proteins, processes that are
essential for protein function and stability (36). Lastly, threonine in
the synthesis of glycine, an amino acid that has numerous roles in the
body (36). Arginine is a semi-essential amino acid and substrate for
nitric oxide synthesis (37). Nitric oxide is a ubiquitous messenger
molecule with dichotomous pro- and anti-tumorigenic actions (38).
Further research should clarify the role of arginine metabolism in OC.
We found that higher genetically predicted levels of several
acylcarnitine species (tetradecanoylcarnitine, hexadecenoylcarnitine,
octadecenoylcarnitine, octadecadienyl carnitine) were associated with
decreased risks of OC. Acylcarnitines are generated via esterification
of fatty acids and shuttle lipids into the mitochondrial matrix for -
oxidation (39). Reduced acylcarnitine levels imply impaired fatty acid
oxidation and mitochondrial dysfunction, which are implicated in
OC (40, 41). Additionally, an association was observed between
tetradecanoylcarnitine and a diminished risk of HGSOC. Carnitine
palmitoyltransferase-1 (CPT-1), positioned on the outer membrane
of mitochondria, principally catalyzes the conversion of long-chain
fatty acyl-CoA and carnitine to fatty acyl carnitine. This conversion
represents the preliminary rate-limiting phase in the mitochondrial
oxidation of fatty acids (42). CPT-1 downregulation induces a
glycolytic shift in cancer cells (43, 44). Targeting CPT-1 may thus
restrain HGSOC growth by blocking fatty acid oxidation.
Regarding IMOC, a diminished risk was noted in conjunction
with higher genetically predicted levels of creatinine,
decenoylcarnitine, methionine, and tetradecenoylcarnitine. This
suggests impairments in pathways related to these metabolites, such
as fatty acid oxidation, antioxidant defenses, and nitrogen
metabolism, may contribute to the development of this ovarian
cancer subtype (45). Creatinine is a breakdown product of creatine
phosphate in muscle and is usually produced at a fairly constant rate
by the body (46). The lower creatinine levels associated with higher
ovarian cancer risk may indicate impaired muscle metabolism or
greater catabolism in this patient population. This is also consistent
with previous studies (47). Decenoylcarnitine is a medium-chain fatty
acid derivative involved in transporting fatty acids into the
mitochondria for beta-oxidation. The reduced cancer risk with
higher decenoylcarnitine hints at a possible role of improved fatty
acid metabolism in protecting against ovarian carcinogenesis.
Methionine is an essential amino acid that serves as a precursor for
protein synthesis and other important biomolecules like cysteine and
taurine (48). The inverse association between methionine and IMOC
risk is consistent with its known functions in maintaining genomic
stability and redox homeostasis through DNA methylation and
antioxidant systems (49). Higher methionine levels may suppress
ovarian tumorigenesis through these mechanisms. In contrast,
elevated levels of alpha-aminoadipic acid and hexose were
associated with increased IMOC risk. Alpha-aminoadipic acid is an
intermediate in lysine degradation, while hexoses are simple sugars.
The positive correlations indicate dysregulated lysine catabolism and
carbohydrate metabolism could play pathogenic roles. Alpha-
aminoadipic acid is an intermediate in lysine metabolism and a
marker of oxidative stress that may accumulate with possible lysine
deficiency or dysfunction in this pathway (50). Hexose represents the
combined pool of six-carbon sugars including glucose and fructose
(51). The increased ovarian cancer risk with higher hexose levels may
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stem from greater availability of glycolytic intermediates to fuel rapid
tumor growth (52). This fits with existing evidence on the key role of
glycolytic metabolism in ovarian cancer progression (53).

For CCOC, elevated levels of butyrylcarnitine were associated
with a reduced risk. Butyrylcarnitine is involved in fatty acid
metabolism, and previous studies have found fatty acid oxidation
pathways to be downregulated in CCOC (42). The reduced
butyrylcarnitine levels observed here likely reflect impairments in
this metabolic pathway that may promote CCOC pathogenesis.

For EndoOC, lower citrulline and tryptophan levels were
indicative of a reduced risk. Citrulline is a key intermediate in the
urea cycle, while tryptophan is an essential amino acid. Past work
indicates both these metabolites are involved in maintaining immune
homeostasis (54). The decreased levels seen here imply EndoOC risk
may rise when immune regulation is disrupted. Meanwhile, elevated
glycine was tied to heightened EndoOC risk. Glycine serves as a
precursor for glutathione, a key antioxidant. The increased glycine
levels likely reflect a compensatory response to mitigate oxidative
damage that otherwise enables EndoOC pathogenesis (55).

This study has several strengths. We employed mendelian
randomization-a powerful genetic epidemiological tool. It utilizes
SNPs closely tied to the exposure, serving as IVs to uncover
potential causal links between the exposure and the outcome.
Genotypes are believed to be randomly distributed during
gametogenesis. Thus, using the IVs model addresses many
confounding challenges in observational research, especially when
biases arise from unmeasured confounders. Thanks to the inherent
randomness of genotypic distribution, MR helps counter potential
confounding and reverse causality. We drew from the most
extensive GWAS dataset on OC, enhancing our statistical validity.

This study presents several limitations. Primarily, the cohort was
confined to individuals of European descent, which minimizes potential
bias from population stratification but may not adequately capture the
diversity of SNP redundancy, particularly given the unavailability of the
original dataset. Moreover, while our results suggest a potential causal
linkage between small molecular metabolites and OC, the clarity of data
presentation regarding the relationships between different metabolites
could be improved for the reader’s comprehension and comparative
analysis. Recognizing these issues, we assert the necessity for subsequent
investigations, including experimental validation in a broader array of
populations and in-depth exploration of the underlying biological
mechanisms. Such research will not only corroborate our findings
but also illuminate the complex metabolic interactions associated with
OC, offering substantial contributions to the oncological community’s
understanding of this disease.

5 Conclusion

In this MR analysis, we observed putatively causal associations
between certain small molecule metabolites and the risk of OC. Our
observations underscore the potential for metabolic profiling in risk
stratification, early diagnosis, and individualized preventive
strategies for OC. These findings not only enhance our etiological
understanding but also pave the way for subsequent investigations
into targeting anomalous metabolic pathways in OC.

frontiersin.org


https://doi.org/10.3389/fonc.2023.1291033
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Chang et al.

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material. Further inquiries can be
directed to the corresponding author.

Author contributions

XC: Conceptualization, Investigation, Methodology, Writing —
original draft. SL: Formal analysis, Project administration,
Validation, Visualization, Writing - original draft. LH: Formal
analysis, Methodology, Project administration, Validation,
Writing - original draft, Writing - review & editing.

Funding

The author(s) declare that no financial support was received for
the research, authorship, and/or publication of this article.

Acknowledgments

The author expresses profound gratitude to the researchers and
participants of the initial genome-wide association studies for their

References

1. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al. Global
cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36
cancers in 185 countries. CA: A Cancer J Clin (2021) 71:209-49. doi: 10.3322/caac.21660

2. Yang Y, Li X, Qian H, Di G, Zhou R, Dong Y, et al. C-reactive protein as a
prognostic biomarker for gynecologic cancers: A meta-analysis. Comput Intell Neurosci
(2022) 2022:6833078. doi: 10.1155/2022/6833078

3. Zara R, Rasul A, Sultana T, Jabeen F, Selamoglu Z. Identification of macrolepiota
procera extract as a novel G6PD inhibitor for the treatment of lung cancer. Saudi ] Biol
Sci (2022) 29:3372-9. doi: 10.1016/j.5jbs.2022.02.018

4. Salehi B, Selamoglu Z S, Mileski K, Pezzani R, Redaelli M, WC C, et al. Liposomal
cytarabine as cancer therapy: From chemistry to medicine. Biomolecules (2019) 9:773.
doi: 10.3390/biom9120773

5. Torre LA, Trabert B, DeSantis CE, Miller KD, Samimi G, Runowicz CD, et al.
Ovarian cancer statistics, 2018. CA: A Cancer ] Clin (2018) 68:284-96. doi: 10.3322/
caac.21456

6. Mallen AR, Townsend MK, Tworoger SS. Risk factors for ovarian carcinoma.
Hematol Oncol Clin North Am (2018) 32:891-902. doi: 10.1016/j.hoc.2018.07.002

7. Lheureux S, Braunstein M, Oza AM. Epithelial ovarian cancer: Evolution of
management in the era of precision medicine. CA Cancer J Clin (2019) 69:280-304.
doi: 10.3322/caac.21559

8. Huang X, Wang X, Shang J, Lin Y, Yang Y, Song Y, et al. Association between
dietary fiber intake and risk of ovarian cancer: a meta-analysis of observational studies.
J Int Med Res (2018) 46:3995-4005. doi: 10.1177/0300060518792801

9. Guo H, Guo J, Xie W, Yuan L, Sheng X. The role of vitamin d in ovarian cancer:
epidemiology, molecular mechanism and prevention. J Ovarian Res (2018) 11:71.
doi: 10.1186/s13048-018-0443-7

10. Sun L, Suo C, Li S-T, Zhang H, Gao P. Metabolic reprogramming for cancer cells
and their microenvironment: Beyond the warburg effect. Biochim Biophys Acta Rev
Cancer (2018) 1870:51-66. doi: 10.1016/j.bbcan.2018.06.005

11. FangF, He X, Deng H, Chen Q, Lu J, Spraul M, et al. Discrimination of metabolic
profiles of pancreatic cancer from chronic pancreatitis by high-resolution magic angle
spinning 1H nuclear magnetic resonance and principal components analysis. Cancer
Sci (2007) 98:1678-82. doi: 10.1111/j.1349-7006.2007.00589.x

Frontiers in Oncology

11

10.3389/fonc.2023.1291033

meticulous collection and stewardship of extensive data sets.
Additionally, appreciation is extended to all individuals who
played an active role in the present investigation.

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.

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.2023.1291033/
full#supplementary-material

12. Feng Y, Tang Y, Mao Y, Liu Y, Yao D, Yang L, et al. PAX2 promotes epithelial
ovarian cancer progression involving fatty acid metabolic reprogramming. Int | Oncol
(2020) 56:697-708. doi: 10.3892/ij0.2020.4958

13. LiN, LiN, Wen S, Li B, Zhang Y, Liu Q, et al. HSP60 regulates lipid metabolism
in human ovarian cancer. Oxid Med Cell Longev (2021) 2021:6610529. doi: 10.1155/
2021/6610529

14. Lotta LA, Pietzner M, Stewart ID, Wittemans LBL, Li C, Bonelli R, et al. A cross-
platform approach identifies genetic regulators of human metabolism and health. Nat
Genet (2021) 53:54-64. doi: 10.1038/s41588-020-00751-5

15. Long T, Hicks M, Yu H-C, Biggs WH, Kirkness EF, Menni C, et al. Whole-
genome sequencing identifies common-to-rare variants associated with human blood
metabolites. Nat Genet (2017) 49:568-78. doi: 10.1038/ng.3809

16. Visscher PM, Brown MA, McCarthy MI, Yang J. Five years of GWAS discovery.
Am ] Hum Genet (2012) 90:7-24. doi: 10.1016/j.ajhg.2011.11.029

17. Davey Smith G, Ebrahim S. What can mendelian randomisation tell us about
modifiable behavioural and environmental exposures? BMJ (2005) 330:1076-9.
doi: 10.1136/bmj.330.7499.1076

18. Morris TT, Heron J, Sanderson ECM, Davey Smith G, Didelez V, Tilling K.
Interpretation of mendelian randomization using a single measure of an exposure that
varies over time. Int J Epidemiol (2022) 51:1899-909. doi: 10.1093/ije/dyac136

19. Sanderson E, Glymour MM, Holmes MV, Kang H, Morrison J, Munafd MR,
et al. Mendelian randomization. Nat Rev Methods Primers (2022) 2:6. doi: 10.1038/
543586-021-00092-5

20. Pearce CL, Near AM, Van Den Berg D], Ramus SJ, Gentry—Maharaj A, Menon U,
et al. Validating genetic risk associations for ovarian cancer through the international
ovarian cancer association consortium. Brit ] Cancer (2009) 100:412-20. doi: 10.1038/
5j.bjc.6604820

21. Phelan CM, Kuchenbaecker KB, Tyrer JP, Kar SP, Lawrenson K, Winham S]J,
et al. Identification of 12 new susceptibility loci for different histotypes of epithelial
ovarian cancer. Nat Genet (2017) 49:680-91. doi: 10.1038/ng.3826

22. Georgakis MK, Gill D, Rannikmie K, Traylor M, Anderson CD, Lee J-M, et al.
Genetically determined levels of circulating cytokines and risk of stroke. Circulation
(2019) 139:256-68. doi: 10.1161/CIRCULATIONAHA.118.035905

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2023.1291033/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2023.1291033/full#supplementary-material
https://doi.org/10.3322/caac.21660
https://doi.org/10.1155/2022/6833078
https://doi.org/10.1016/j.sjbs.2022.02.018
https://doi.org/10.3390/biom9120773
https://doi.org/10.3322/caac.21456
https://doi.org/10.3322/caac.21456
https://doi.org/10.1016/j.hoc.2018.07.002
https://doi.org/10.3322/caac.21559
https://doi.org/10.1177/0300060518792801
https://doi.org/10.1186/s13048-018-0443-7
https://doi.org/10.1016/j.bbcan.2018.06.005
https://doi.org/10.1111/j.1349-7006.2007.00589.x
https://doi.org/10.3892/ijo.2020.4958
https://doi.org/10.1155/2021/6610529
https://doi.org/10.1155/2021/6610529
https://doi.org/10.1038/s41588-020-00751-5
https://doi.org/10.1038/ng.3809
https://doi.org/10.1016/j.ajhg.2011.11.029
https://doi.org/10.1136/bmj.330.7499.1076
https://doi.org/10.1093/ije/dyac136
https://doi.org/10.1038/s43586-021-00092-5
https://doi.org/10.1038/s43586-021-00092-5
https://doi.org/10.1038/sj.bjc.6604820
https://doi.org/10.1038/sj.bjc.6604820
https://doi.org/10.1038/ng.3826
https://doi.org/10.1161/CIRCULATIONAHA.118.035905
https://doi.org/10.3389/fonc.2023.1291033
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Chang et al.

23. ChenL, YangH, Li H, He C, Yang L, Lv G. Insights into modifiable risk factors of
cholelithiasis: A mendelian randomization study. Hepatol (Baltimore Md) (2022)
75:785-96. doi: 10.1002/hep.32183

24. Brion M-JA, Shakhbazov K, Visscher PM. Calculating statistical power in
mendelian randomization studies. Int J Epidemiol (2013) 42:1497-501. doi: 10.1093/
ije/dyt179

25. Bowden J, Davey Smith G, Haycock PC, Burgess S. Consistent estimation in

mendelian randomization with some invalid instruments using a weighted median
estimator. Genet Epidemiol (2016) 40:304-14. doi: 10.1002/gepi.21965

26. Xue H, Shen X, Pan W. Constrained maximum likelihood-based mendelian
randomization robust to both correlated and uncorrelated pleiotropic effects. Am |
Hum Genet (2021) 108:1251-69. doi: 10.1016/j.ajhg.2021.05.014

27. Bowden J, Davey Smith G, Burgess S. Mendelian randomization with invalid
instruments: effect estimation and bias detection through egger regression. Int |
Epidemiol (2015) 44:512-25. doi: 10.1093/ije/dyv080

28. Greco M FD, Minelli C, Sheehan NA, Thompson JR. Detecting pleiotropy in
mendelian randomisation studies with summary data and a continuous outcome. Stat
Med (2015) 34:2926-40. doi: 10.1002/sim.6522

29. Kuk C, Kulasingam V, Gunawardana CG, Smith CR, Batruch I, Diamandis EP.
Mining the ovarian cancer ascites proteome for potential ovarian cancer biomarkers.
Mol Cell Proteomics (2009) 8:661-9. doi: 10.1074/mcp.M800313-MCP200

30. Stadtman ER, Moskovitz ], Levine RL. Oxidation of methionine residues of
proteins: biological consequences. Antioxid Redox Sign (2003) 5:577-82. doi: 10.1089/
152308603770310239

31. Levine RL, Mosoni L, Berlett BS, Stadtman ER. Methionine residues as
endogenous antioxidants in proteins. Proc Natl Acad Sci U.S.A. (1996) 93:15036-40.
doi: 10.1073/pnas.93.26.15036

32. Kim H-Y. The methionine sulfoxide reduction system: selenium utilization and
methionine sulfoxide reductase enzymes and their functions. Antioxid Redox Sign
(2013) 19:958-69. doi: 10.1089/ars.2012.5081

33. Araos P, Vidal R, O’Shea E, Pedraz M, Garcia-Marchena N, Serrano A, et al. Serotonin
is the main tryptophan metabolite associated with psychiatric comorbidity in abstinent
cocaine-addicted patients. Sci Rep-uk (2019) 9:16842. doi: 10.1038/s41598-019-53312-0

34. Duarte D, Amaro F, Silva I, Silva D, Fresco P, Oliveira JC, et al. Carbidopa alters
tryptophan metabolism in breast cancer and melanoma cells leading to the formation
of indole-3-Acetonitrile, a pro-proliferative metabolite. Biomolecules (2019) 9:409.
doi: 10.3390/biom9090409

35. Opitz CA, Litzenburger UM, Sahm F, Ott M, Tritschler I, Trump S, et al. An
endogenous tumour-promoting ligand of the human aryl hydrocarbon receptor.
Nature (2011) 478:197-203. doi: 10.1038/nature10491

36. Silva MDFG, Dionisio AP, Abreu FAPD, Brito ES, Wurlitzer NJ, Silva LMAE,
et al. Evaluation of nutritional and chemical composition of yacon syrup using 1H
NMR and UPLC-ESI-Q-TOF-MSE. Food Chem (2018) 245:1239-47. doi: 10.1016/
j.foodchem.2017.11.092

37. Wu G, Morris SM. Arginine metabolism: nitric oxide and beyond. Biochem |
(1998) 336( Pt 1):1-17. doi: 10.1042/bj3360001

38. Fukumura D, Kashiwagi S, Jain RK. The role of nitric oxide in tumour
progression. Nat Rev Cancer (2006) 6:521-34. doi: 10.1038/nrc1910

39. AnZ, Zheng D, Wei D, Jiang D, Xing X, Liu C. Correlation between acylcarnitine
and peripheral neuropathy in type 2 diabetes mellitus. J Diabetes Res (2022)
2022:8115173. doi: 10.1155/2022/8115173

Frontiers in Oncology

12

10.3389/fonc.2023.1291033

40. Huang Y, DuY, Zheng Y, Wen C, Zou H, Huang J, et al. Ct-OATP1B3 promotes
high-grade serous ovarian cancer metastasis by regulation of fatty acid beta-oxidation
and oxidative phosphorylation. Cell Death Dis (2022) 13:556. doi: 10.1038/s41419-022-
05014-1

41. Heiserman JP, Nallanthighal S, Gifford CC, Graham K, Samarakoon R, Gao C,
et al. Heat shock protein 27, a novel downstream target of collagen type XI alpha 1,
synergizes with fatty acid oxidation to confer cisplatin resistance in ovarian cancer cells.
Cancers (2021) 13:4855. doi: 10.3390/cancers13194855

42. Chen L-Y, Yang B, Zhou L, Ren F, Duan Z-P, Ma Y-J. Promotion of
mitochondrial energy metabolism during hepatocyte apoptosis in a rat model of
acute liver failure. Mol Med Rep (2015) 12:5035-41. doi: 10.3892/mmr.2015.4029

43. Zaugg K, Yao Y, Reilly PT, Kannan K, Kiarash R, Mason J, et al. Carnitine
palmitoyltransferase 1C promotes cell survival and tumor growth under conditions of
metabolic stress. Gene Dev (2011) 25:1041-51. doi: 10.1101/gad.1987211

44. Sidorkiewicz M. Hepatitis ¢ virus uses host lipids to its own advantage.
Metabolites (2021) 11:273. doi: 10.3390/metabo11050273

45. Liu X, Liu G, Chen L, Liu F, Zhang X, Liu D, et al. Untargeted metabolomic
characterization of ovarian tumors. Cancers (2020) 12:3642. doi: 10.3390/
cancers12123642

46. Baxmann AC, Ahmed MS, Marques NC, Menon VB, Pereira AB, Kirsztajn GM,
et al. Influence of muscle mass and physical activity on serum and urinary creatinine
and serum cystatin c. Clin ] Am Soc Nephrology: CJASN (2008) 3:348-54. doi: 10.2215/
CJN.02870707

47. Palviainen M, Laukkanen K, Tavukcuoglu Z, Velagapudi V, Kirkkidinen O,
Hanhineva K, et al. Cancer alters the metabolic fingerprint of extracellular vesicles.
Cancers (Basel) (2020) 12:3292. doi: 10.3390/cancers12113292

48. Kalhan SC, Marczewski SE. Methionine, homocysteine, one carbon metabolism
and fetal growth. Rev Endocr Metab Dis (2012) 13:109-19. doi: 10.1007/s11154-012-
9215-7

49. Cavuoto P, Fenech MF. A review of methionine dependency and the role of
methionine restriction in cancer growth control and life-span extension. Cancer Treat
Rev (2012) 38:726-36. doi: 10.1016/j.ctrv.2012.01.004

50. Narvik J, Vanaveski T, Innos J, Philips M-A, Ottas A, Haring L, et al.
Metabolic profile associated with distinct behavioral coping strategies of 129Sv
and Bl6 mice in repeated motility test. Sci Rep (2018) 8:3405. doi: 10.1038/s41598-
018-21752-9

51. Armitage EG, Barbas C. Metabolomics in cancer biomarker discovery: current
trends and future perspectives. ] Pharm BioMed Anal (2014) 87:1-11. doi: 10.1016/
j.jpba.2013.08.041

52. Zhao Y, Butler EB, Tan M. Targeting cellular metabolism to improve cancer
therapeutics. Cell Death Dis (2013) 4:¢532. doi: 10.1038/cddis.2013.60

53. Li ], Condello S, Thomes-Pepin J, Ma X, Xia Y, Hurley TD, et al. Lipid
desaturation is a metabolic marker and therapeutic target of ovarian cancer stem
cells. Cell Stem Cell (2017) 20:303-314.e5. doi: 10.1016/j.stem.2016.11.004

54. ZhouY, PengJ, Li P, DuH, Li Y, Li Y, et al. Discovery of novel indoleamine 2,3-
dioxygenase 1 (IDO1) inhibitors by virtual screening. Comput Biol Chem (2019)
78:306-16. doi: 10.1016/j.compbiolchem.2018.11.024

55. Sekhar RV. GlyNAC (Glycine and n-acetylcysteine) supplementation improves
impaired mitochondrial fuel oxidation and lowers insulin resistance in patients with
type 2 diabetes: Results of a pilot study. Antioxidants (Basel Switzerland) (2022) 11:154.
doi: 10.3390/antiox11010154

frontiersin.org


https://doi.org/10.1002/hep.32183
https://doi.org/10.1093/ije/dyt179
https://doi.org/10.1093/ije/dyt179
https://doi.org/10.1002/gepi.21965
https://doi.org/10.1016/j.ajhg.2021.05.014
https://doi.org/10.1093/ije/dyv080
https://doi.org/10.1002/sim.6522
https://doi.org/10.1074/mcp.M800313-MCP200
https://doi.org/10.1089/152308603770310239
https://doi.org/10.1089/152308603770310239
https://doi.org/10.1073/pnas.93.26.15036
https://doi.org/10.1089/ars.2012.5081
https://doi.org/10.1038/s41598-019-53312-0
https://doi.org/10.3390/biom9090409
https://doi.org/10.1038/nature10491
https://doi.org/10.1016/j.foodchem.2017.11.092
https://doi.org/10.1016/j.foodchem.2017.11.092
https://doi.org/10.1042/bj3360001
https://doi.org/10.1038/nrc1910
https://doi.org/10.1155/2022/8115173
https://doi.org/10.1038/s41419-022-05014-1
https://doi.org/10.1038/s41419-022-05014-1
https://doi.org/10.3390/cancers13194855
https://doi.org/10.3892/mmr.2015.4029
https://doi.org/10.1101/gad.1987211
https://doi.org/10.3390/metabo11050273
https://doi.org/10.3390/cancers12123642
https://doi.org/10.3390/cancers12123642
https://doi.org/10.2215/CJN.02870707
https://doi.org/10.2215/CJN.02870707
https://doi.org/10.3390/cancers12113292
https://doi.org/10.1007/s11154-012-9215-7
https://doi.org/10.1007/s11154-012-9215-7
https://doi.org/10.1016/j.ctrv.2012.01.004
https://doi.org/10.1038/s41598-018-21752-9
https://doi.org/10.1038/s41598-018-21752-9
https://doi.org/10.1016/j.jpba.2013.08.041
https://doi.org/10.1016/j.jpba.2013.08.041
https://doi.org/10.1038/cddis.2013.60
https://doi.org/10.1016/j.stem.2016.11.004
https://doi.org/10.1016/j.compbiolchem.2018.11.024
https://doi.org/10.3390/antiox11010154
https://doi.org/10.3389/fonc.2023.1291033
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Mendelian randomization analysis to elucidate the causal relationship between small molecule metabolites and ovarian cancer risk
	1 Introduction
	2 Materials and methods
	2.1 Study design
	2.2 Data source and study samples of ovarian cancer
	2.3 Genetic instruments selection
	2.4 Statistical analyses

	3 Results
	3.1 Causal estimates of genetically predicted small molecule metabolic products on overall ovarian cancer
	3.2 Causal estimates of genetically predicted small molecule metabolic products on subtype ovarian cancers

	4 Discussion
	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Supplementary material
	References


