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Investigating genetic links between blood 2
metabolites and preeclampsia

Qiannan Lin', Siyu Li", Huiyan Wang'" and Wenbo Zhou”"

Abstract

Background Observational studies have revealed that metabolic disorders are closely related to the development of
preeclampsia (PE). However, there is still a research gap on the causal role of metabolites in promoting or preventing
PE. We aimed to systematically explore the causal association between circulating metabolites and PE.

Methods Single nucleotide polymorphisms (SNPs) from genome-wide association study (GWAS) of 486 blood
metabolites (7,824 participants) were extracted as instrumental variables (P< 1x 107°), GWAS summary statistics

for PE were obtained from FinnGen consortium (7,212 cases and 194,266 controls) as outcome, and a two-sample
Mendelian randomization (MR) analysis was conducted. Inverse variance weighted (IVW) was set as the primary
method, with MR-Egger and weighted median as auxiliary methods; the instrumental variable strength and
confounding factors were also assessed. Sensitivity analyses including MR-Egger, Cochran’s Q test, MR-PRESSO and
leave-one-out analysis were performed to test the robustness of the MR results. For significant associations, repeated
MR and meta-analysis were performed by another metabolite GWAS (8,299 participants). Furthermore, significantly
associated metabolites were subjected to a metabolic pathway analysis.

Results The instrumental variables for the metabolites ranged from 3 to 493. Primary analysis revealed a total of

12 known (e.g., phenol sulfate, citrulline, lactate and gamma-glutamylglutamine) and 11 unknown metabolites

were associated with PE. Heterogeneity and pleiotropy tests verified the robustness of the MR results. Validation

with another metabolite GWAS dataset revealed consistency trends in 6 of the known metabolites with preliminary
analysis, particularly the finding that genetic susceptibility to low levels of arachidonate (20:4n6) and citrulline were
risk factors for PE. The pathway analysis revealed glycolysis/gluconeogenesis and arginine biosynthesis involved in the
pathogenesis of PE.

Conclusions This study identifies a causal relationship between some circulating metabolites and PE. Our study
presented new perspectives on the pathogenesis of PE by integrating metabolomics with genomics, which opens
up avenues for more accurate understanding and management of the disease, providing new potential candidate
metabolic molecular markers for the prevention, diagnosis and treatment of PE. Considering the limitations of MR
studies, further research is needed to confirm the causality and underlying mechanisms of these findings.
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Introduction

Preeclampsia (PE), a condition characterized by new-
onset hypertension and proteinuria or other end-organ
damage after 20 weeks of gestation, is a major cause of
short- and long-term neonatal and maternal morbidity
and mortality, with a global prevalence of 3-8% [1, 2]. As
a “major obstetric syndrome’; the pathologic process of
PE activates a common pathway consisting of endothelial
cell activation, intravascular inflammation, and syncytio-
trophoblast stress etc. [3]. Because the pathogenesis of
PE has not yet been clarified and traditional methods are
not yet capable of accurately predicting and treating PE at
an early stage, clinical interventions remain passive after
the onset of symptoms, although delivery can resolve
most signs and symptoms; however, PE can persist after
delivery and, in some cases, can develop de novo in the
postpartum period [4, 5]. Thus, studies aiming to explore
the development of new targets for disease diagnosis and
treatment are important.

Compared with upstream proteomics and genomics,
metabolomics is characterized by end effects and ampli-
fication effects, and its response to the physiological
state of disease in organisms is more direct and sensitive,
which provides a useful tool for revealing the biologi-
cal mechanisms of complex diseases [6]. Metabolomics
is a discipline of systematic qualitative and quantitative
analyses of metabolite changes in perturbed organisms,
which has a wide range of applications in the early diag-
nosis of diseases, interpretation of pathology and drug
development [7]. As PE is a multifactorial disease, high-
throughput techniques that identify multiple markers
simultaneously may be an effective screening method
for biomarker discovery rather than the traditional tools
for detecting individual markers, and metabolomics
clearly seems to be the more compatible solution [8].
Understanding the pathological process of PE develop-
ment from the perspective of metabolites and discover-
ing potential molecular markers are of great significance
in all aspects of the diagnosis, evaluation, treatment and
prognosis of PE. Several metabolomics studies of PE have
been conducted, and metabolite profiling may be helpful
in the diagnosis of preeclampsia and identification of its
subtypes, with lipid metabolism and amino acid meta-
bolic pathways being the current hotspots of research
[8]. The levels of some metabolites in different pathways,
such as fatty acids, carbohydrates, and amino acids, have
been found to differ in patients with PE, such as uric acid,
2-oxoglutarate, taurine, alanine, glutamate, creatinine,
and carnitine [9]. Another review found that a large num-
ber of metabolite pathways, such as arginine biosynthe-
sis, phenylalanine metabolism, the citric acid cycle, and
sphingolipid metabolism, are strongly associated with
renal dysfunction, insulin resistance, lipid metabolism
disorders, inflammatory activation, and impaired nitric
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oxide production, which are likely to contribute to the
progression of PE [10]. For example, decanoylcarnitine,
octenoylcarnitine, 3-hydroxyisovaleric acid, and xan-
thine showed a sustained upward trend, whereas succi-
nate, formate, and taurine showed a sustained downward
trend in PE patients compared with controls [10]. These
studies have identified many metabolic biomarkers that
may be useful for PE risk prediction and clinical diagno-
sis. However, the current studies have some limitations,
such as high variability (e.g., diet, lifestyle, analytical and
experimental conditions, and data analysis methods),
which may affect the final results and lead to controversy
about the association of some metabolites with PE [7].
Furthermore, the causal association of these metabolites
with PE has not been elucidated.

Mendelian randomization (MR) is an epidemiologi-
cal research methodology that uses large genome-wide
association study (GWAS) datasets to extract genetic
tools unaffected by acquired confounders to infer causal
relationships between exposures and outcomes and can
be used to complement evidence from observational and
clinical studies; thus, MR is thought to be less subject to
measured and unmeasured confounders [11, 12]. With
the development of specific research techniques (e.g.,
genome-wide association studies (GWAS), epigenetics,
and metabolomics), MR analyses have been widely used
for inferring causality of various exposures and out-
comes [13]. GWAS can provide molecular insights into
the complex interactions between environmental and
genetic factors in disease pathogenesis; moreover, a large
number of single nucleotide polymorphisms (SNPs) have
been identified as strongly correlated with serum metab-
olites [14]. Several MR studies have explored the causal
association of metabolites with diseases [15—17]. In this
study, we aimed to systematically explore the causal asso-
ciation between circulating metabolites and PE, which
will provide a new molecular theoretical basis and a new
potential target for the diagnosis and treatment of the
development of PE.

Materials and methods

Study design

In this study, we explored the causal associations of these
genetically predicted metabolites with PE by performing
two-sample MR using publicly available GWAS summary
statistics, serum metabolite-associated SNPs as instru-
mental variables, and GWAS data from patients with PE
as outcomes. Metabolites preliminarily screened for sig-
nificant causal associations were subjected to an inverse
MR analysis and further validated using another metab-
olite GWAS dataset. Finally, a pathway analysis of these
metabolites was performed. These GWAS summary data
were derived from publicly available datasets and there-
fore did not require additional ethical approval.
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Exposure and outcome GWAS data

The GWAS for the exposures analyzed in this study as
a preliminary assessment were derived from the meta-
study reported by Shin et al., which included the plasma
or serum from 7,824 adult individuals from two Euro-
pean population studies, the TwinsUK cohort (mean 53
years) and KORA (mean 61 years), and revealed signifi-
cant associations at 145 metabolic loci. After stringent
quality controls, a subset of 486 metabolites was avail-
able for genetic analysis in both cohorts, including 309
known and 177 unknown metabolites [14]. Another
GWAS dataset of serum metabolites used for validation
was derived from the recently published study by Chen et
al. [18]. This study comprises 1,091 metabolites and 309
metabolite ratios in 8,299 individuals from the Canadian
Longitudinal Study on Aging (CLSA) cohort, identifying
associations with 690 metabolites at 248 loci. Although
individuals from other ethnic groups, such as individu-
als of African and East Asian ancestry, were also included
in the study by Chen et al, in this study, we focused on
and included only individuals of European ancestry to
be consistent with the source of the final dataset. All of
these known metabolites were divided into eight broad
metabolic groups, including amino acid, carbohydrate,
cofactors and vitamin, energy, lipid, nucleotide, peptide
and xenobiotic metabolism. GWAS data for PE as an out-
come were derived from the latest release of R9 data from
the FinnGen consortium (https://www.finngen.fi/en/
access_results), and a total of 7,212 patients and 194,266
normal control individuals were included. The individu-
als included were all of European ancestry.

Instrumental variable (IV) selection

Considering the limited number of SNPs that reach
genome-wide significance, as a method to include more
metabolites in the analysis, which reported by other pub-
lished studies [19, 20], the criteria for I'Vs associated with
genetically determined blood metabolites used in this
study are as follows: P<1x10~°; linkage disequilibrium
(LD), R?><0.1; and clump distance=500 kb. These IVs
must be reproducibly and strongly associated with the
exposure; they must not be associated with confounders
(i.e., factors that confound the relationship between the
exposure and outcome); and must only associated with
the outcome through the exposure (i.e., they are inde-
pendent of the outcome given the exposure) [21]. In the
follow-up analysis, we performed an MR analysis after
further excluding SNPs associated with potentially rel-
evant confounders of PE using the PhenomenonScaner
website (http://www.phenoscanner.medschl.cam.ac.uk/),
such as diabetes mellitus, body mass index (BMI), obe-
sity, diastolic blood pressure, systolic blood pressure, and
hypertension etc. [22]. For these IVs, we also performed F
value statistics with a value greater than 10 to effectively
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avoid weak instrumental variable bias. When harmo-
nizing the exposure and outcome data, we tried to infer
positive strand alleles using allele frequencies for palin-
dromes; if the exposed SNP did not exist in the outcome
GWAS dataset, we used a proxy SNP (R*>0.8).

MR analysis

Inverse variance weighted (IVW) was used as the main
primary screening method, with MR—Egger and weighed
median as auxiliary methods. In the IVW hypothesis,
IVs were considered to have no pleiotropy, and the com-
bined effect was assessed by calculating the Wald ratio
for each IV, with the corresponding inverse variance used
as a weight in the meta-analysis [23]. In the MR-Egger
hypothesis, the intercept is used to assess polytropy.
If this intercept is very close to 0, then the MR-Egger
regression model is very close to the IVW, but if the
intercept is very different from 0, then it suggests that
horizontal pleiotropy may exist between these IVs [24].
The median of the distribution function obtained using
weighed median is obtained by sorting all IV effect values
according to their weights, and weighed median obtains
robust estimates when at least 50% of IVs are valid [25].
In the sensitivity analysis, through the MR pleiotropy
residual sum and outlier (MR-PRESSO) global test the
IVW result was calculated for each SNP after removing
that SNP, and then the residual sum of squares of the
effect of that SNP and the IVW result was calculated. If
the P value for the global test is greater than 0.05, hori-
zontal pleiotropy exists in the IVs. We therefore removed
significant outliers using MR-PRESSO to reduce poly-
valence and obtain more accurate estimates [26]. IVW
Cochran’s Q-statistical test was used as a test for hetero-
geneity, and the MR—Egger intercept was used as a hori-
zontal multiple validity test. Finally, each IV was removed
individually using the leave-one-out method, and the MR
results for the remaining SNPs were calculated to verify
whether the MR results would be strongly perturbed
after the removal of specific IVs.

Metabolic pathway analysis

A metabolic pathway analysis of known metabolites with
potential causal associations was performed based on the
MR analysis results. The online analytics are based on
MetaboAnalyst 5.0 (https://www.metaboanalyst.ca/).

Statistical analysis

The MR analysis was implemented using the “TwoSam-
pleMR” package (version 0.5.7) based on R (ver-
sion 4.2.3). MR-PRESSO was performed using the
“MRPRESSO” package (version 1.0). Given that a total of
486 metabolites were investigated in the present study,
we accounted for multiple testing in our analyses using a
Bonferroni corrected threshold of P<1.03E~% (0.05/486)
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as significant evidence of associations [27], and a P value
between 0.05 and 1.03E™* was considered suggestive
evidence of associations. The effects of candidate blood
metabolites were further validated by selecting metabo-
lites that were causally associated with PE in the pre-
liminary analyses as exposures in another independent
metabolite GWAS dataset, and MR analyses were per-
formed as described above for further validation. The
combined effects were assessed using either a random or
a fixed-effects IVW model meta-analysis based on the R
package.

Results
Results from the MR analysis reveal metabolites causally
associated with PE
The instrumental variables (IVs) for the metabolites
ranged from 3 to 493, The F statistics of all SNPs asso-
ciated with metabolites were greater than 10, indicating
absence of weak I'Vs. The IVW method suggested that a
total of 30 metabolites with P < 0.05 were present among
the 486 metabolites. Combining MR-Egger and weighed
media methods, 26 metabolites had consistent directions,
which included 3 lipids, 1 nucleotide, 2 amino acids, 4
peptides, 3 carbohydrates, and 13 unknown metabolites,
while the other 4 metabolites with inconsistent direc-
tions were excluded. Detailed information on the genetic
IVs for these 26 metabolites is shown in Tables S1 and
S2. The known metabolites that were causally associ-
ated with PE were three lipids: arachidonate (20:4n6)
(OR=0.599, 95% CI=0.397-0.902, P=0.014), 3-dehydro-
carnitine (OR=0.576, 95% CI=0.354-0.936, P=0.026)
and 1-arachidonoylglycerophosphocholine (OR=0.596,
95% CI=0.408-0.869, P=0.007); one nucleotide: ino-
sine (OR=0.886, 95% CI=0.795-0.987, P=0.028); two
amino acids: citrulline (OR=0.429, 95% CI=0.244—
0.755, P=0.003) and phenol sulfate (OR=1.848, 95%
CI=1.335-2.559, P=2.16E™%); four peptides: gamma-
glutamyltyrosine (OR=0.476, 95% CI=0.258-0.876,
P=0.017), gamma-glutamylglutamine (OR=0.398, 95%
CI=0.223-0.709, P=0.002), leucylalanine (OR=0.752,
95% CI=0.593-0.953, P=0.018) and leucylleucine
(OR=0.613, 95% CI=0.404—0.930, P=0.021); and three
carbohydrates: lactate (OR=0.218, 95% CI=0.095-0.498,
P=3.03E™%), glucose (OR=0.434, 95% CI=0.216-0.871,
P=0.019) and 1,5-anhydroglucitol (OR=2.045, 95%
CI=1.348-3.102, P=7.61E~*%). Thirteen unknown metab-
olites were also causally associated with PE, five of which
were causal risk factors for PE, and the remaining eight
were protective factors for PE. The forest plots in Fig. 1
and Figure S1 show all known and unknown metabolites
that were causally associated with PE.

Subsequent sensitivity analyses (Table 1) revealed
potential pleiotropy for IVs of the metabolite 1,5-anhy-
droglucitol (MR-Egger intercept P=0.014), while the
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MR-PRESSO global test and the IVW Cochrane’s
Q method suggested the presence of heterogeneity
(P<0.05), implying that causal associations may not be
robust. In contrast, the IVs of the other 12 known and
13 unknown metabolites did not exhibit heterogeneity
or pleiotropy (Table S3). The leave-one-out method also
suggested that these metabolite-associated outcomes
were not driven by a single SNP (Figures S2 and S3).

Confounding factors

Confounding factors, such as diabetes mellitus, body
mass index (BMI), obesity and hypertension, have been
reported to be associated with PE [28]. Although sen-
sitivity analyses suggested no potential pleiotropy, we
screened and excluded SNPs associated with the above
confounders using the PhenomenonScaner website and
subsequently repeated the MR analysis. Nine of the 12
IVs for known metabolites had confounder-associated
SNPs (Table S4), and thus the MR analysis was performed
again after removing these SNPs. The IVW method sug-
gested that most metabolites, except for 3-dehydrocar-
nitine and leucylalanine, were still significantly causally
associated with PE, consistent with the preliminary anal-
ysis (Table S5). Sensitivity analyses of these reanalyzed
metabolite-associated IVs suggested no pleiotropy or het-
erogeneity (Table S6). In addition, among the unknown
metabolites, we found confounder-associated SNPs in
the IVs associated with metabolites X-10,510, X-11,470,
X-11,787, X-12,056 and X-13,859. After removing these
SNPs, the IVW method suggested that X-10,510 and
X-12,056 no longer had significant causal associations
with PE (Table S5). The results of sensitivity analyses sug-
gested that after removing the confounder factor-related
SNPs, the IVs of the other three metabolites did not
exhibit pleiotropy or heterogeneity (Table S6).

Analysis of a reverse causal association

We used PE from the Finnish GWAS dataset as an expo-
sure extraction instrumental variable and two-sample
reverse MR analysis with the metabolite GWAS reported
by Shin et al. as the outcome to exclude potential revers
causal associations. A total of 38 IVs (P < 5E~°) were
obtained (Table S7). The IVW method suggested that
no significant causal associations existed between PE
and any of these 12 known and 11 unknown metabolites
(Table S8), and the sensitivity analyses did not reveal the
presence of potential pleiotropy and heterogeneity (Table
S9).

Validation and meta-analysis of another independent
metabolite GWAS dataset

We applied another GWAS dataset derived from the
most recent publication by Chen et al., which contains 8
of the 12 known metabolites with significant associations
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Metabolic groups Metabolites Methods NO.of SNPs OR (95% CI) Odds Ratio P value
Lipid arachidonate (20:4n6) VW 30 0.599 (0.397 - 0.902) e} 0.014

MR Egger 30 0.432 (0.204 - 0.914) il 0.037
Weighted median 30 0.468 (0.260 - 0.841) »-—(E 0.011
3-dehydrocarnitine VW 29 0.576 (0.354 - 0.936) *'—'E 0.026
MR Egger 29 0.411 (0.109 - 1.540) — 0.198
Weighted median 29 0.557 (0.271 - 1.145) w—-—i« 0.111
1-arachidonoylglycerophosphocholine VW 24 0.596 (0.408 - 0.869) o | 0.007
MR Egger 24 0.600 (0.283 - 1.271) .-.—E-. 0.196
Weighted median 24 0.516 (0.296 - 0.897) | 0.019
Nucleotide inosine VW 13 0.886 (0.795 - 0.987) -i 0.028
MR Egger 13 0.872 (0.744 - 1.021) pt 0.118
Weighted median 13 0.868 (0.745 - 1.010) »-i 0.067
Amino acid citrulline VW 47 0.429 (0.244 - 0.755) | 0.003
MR Egger 47 0.230 (0.049 - 1.070) -— 0.067
Weighted median 47 0.305 (0.128 - 0.728) re—i | 0.007
phenol sulfate VW 17 1.848 (1.335 - 2.559) i —— 2.16E-04
MR Egger 17 1.302 (0.502 - 3.375) — 0.596
Weighted median 17 1.464 (0.904 - 2.372) u:—-—c 0.121
Peptide gamma-glutamyltyrosine VW 45 0.476 (0.258 - 0.876) -— 0.017
MR Egger 45 0.322 (0.034 - 2.047) — 0328
Weighted median 45 0.628 (0.274 - 1.438) ———i 0.271
gamma-glutamylglutamine [\ 21 0.398 (0.223 - 0.709) .-—a: 0.002
MR Egger 21 0.451 (0.161 - 1.269) ——t 0.148
Weighted median 21 0.377 (0.161 - 0.887) »-—«i 0.025
leucylalanine [\ 20 0.752 (0.593 - 0.953) ray 0.018
MR Egger 20 0.458 (0.223 - 0.943) "'_‘E 0.048
Weighted median 20 0.766 (0.544 - 1.079) o 0.128
leucylleucine VW 1 0.613 (0.404 - 0.930) .-—«i 0.021
MR Egger 11 0.185 (0.050 - 0.680) — 0.032
Weighted median 1 0.527 (0.296 - 0.940) »-—15 0.030
Carbohydrate lactate IVW 12 0.218 (0.095 - 0.498) 1 i 3.03E-04
MR Egger 12 0.116 (0.010 - 1.295) — 0.111
Weighted median 12 0.294 (0.091 - 0.953) ».—: 0.041
glucose VW 38 0.434 (0.216 - 0.871) ra—i| 0.019
MR Egger 38 0.245 (0.057 - 1.059) r— 0.068
Weighted median 38 0.224 (0.084 - 0.601) H— i 0.003
1,5-anhydroglucitol VW 37 2,045 (1.348 - 3.102) | —— 7.61E-04
MR Egger 37 5.969 (2.425 - 14.691) ! —_—a  431E-04
Weighted median 37 2.822 (1.663 - 4.791)  — 1.22E-04
1 3 5 1 &%

Fig. 1 MR estimates of known metabolites on the risk for PE

IVW: inverse variance weighted; SNP: single nucleotide polymorphism; OR: odds ratio; Cl: confidence interval; MR: Mendelian randomization; PE:

preeclampsia

mentioned above, to further validate the robustness of
the metabolites presenting causal associations with PE
explored above. We first explored the association of these
metabolites with PE using the IVW method, followed by
a meta-analysis with the results reported by Shin et al.,
which suggested that 6 of these 8 metabolites showed a
consistent trend of association with PE (Fig. 2): arachido-
nate (20:4n6), citrulline, phenol sulfate, gamma-glutamyl-
tyrosine, gamma-glutamylglutamine and lactate. Among
these metabolites, only one had a significant association:
arachidonate (20:4n6) (OR=0.944, 95% CI=0.898-0.993,
P=0.026). This finding may be result from population
heterogeneity across different GWAS datasets. The com-
bined effects of the meta-analysis also suggested that
genes predicting low levels of arachidonate (20:4n6)

(OR=0.938, 95% CI=0.892-0.986, P=0.011) and citrul-
line (OR=0.906, 95% CI=0.833-0.985, P=0.020) were
significantly associated with a higher PE risk.

Metabolite pathway analysis

Based on the 12 known significantly related metabolites,
we performed an online metabolite pathway analysis
(https://www.metaboanalyst.ca/). The results suggested
that these metabolites were enriched in a total of six
pathways, including glycolysis/gluconeogenesis, argi-
nine biosynthesis, pyruvate metabolism, biosynthesis of
unsaturated fatty acids, arachidonic acid metabolism and
purine metabolism (Table S10). Among them, glycoly-
sis/gluconeogenesis (P=0.003) and arginine biosynthesis
(P=0.044) were significant enriched.
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Table 1 Results of pleiotropy and heterogeneity test of the known metabolites on PE

Pleiotropy test Heterogeneity analyses
Metabolic groups Metabolites MR- Egger se P MR- PRESSO IVW Co- QP
Intercept global test P chrane’sQ value
Lipid arachidonate (20:4n6) 0.007 0.007 0317 0.647 25.949 0.628
3-dehydrocarnitine 0.007 0.012 0.594 0.710 23439 0.711
1-arachidonoylglycerophosphocholine -1.69E-04 0.008 0.983 0.591 21476 0.552
Nucleotide inosine 0.003 0.010 0.788 0.947 5.033 0.957
Amino acid citrulline 0.007 0.008 0397 0.584 43.805 0.565
phenol sulfate 0.015 0.019 0455 0.829 10.889 0.816
Peptide gamma-glutamyltyrosine 0.004 0011 0.724 0.163 52.792 0.171
gamma-glutamylglutamine -0.003 0.009 0.773 0447 21.567 0.364
leucylalanine 0.022 0.016 0171 0.553 17.564 0.552
leucylleucine 0.035 0.019 0.089 0487 10.034 0437
Carbohydrate lactate 0.010 0.019 0.596 0.581 9.989 0.531
glucose 0.007 0.008 0.389 0.293 41432 0.283
1,5-anhydroglucitol -0.023 0.009 0014 0.035 52.356 0.038

MR: Mendelian randomization; IVW: inverse variance weighted; MR-PRESSO: MR pleiotropy residual sum and outlier; PE: preeclampsia

A arachidonate (20:4n6)

Data source OR (95% Cl) P value
Shin et al. 0.599 (0.397-0.902) ——e————{ | 0.014
Chen etal. 0.944 (0.898 - 0.993) e—f 0026
Combined effect 0.938 (0.892 - 0.986) I—o—if 0.011
04 0’6 08 1.0
Odds Ratio
C citrulline
Data source OR (95% Cl) P value
Shin et al. 0.429 (0.244 - 0.755) —————| i 0.003
Chen etal. 0.921 (0.846 - 1.002) l—o—': 0.056
Combined effect ~ 0.906 (0.833 - 0.985) Fe— 0020
04 06 0’8 10
Odds Ratio
E gamma-glutamyltyrosine
Data source OR (95% CI) P value
Shin et al. 0.476 (0.258 - 0.876) |——————| | 0.017
Chenetal. 0.997 (0.915 - 1.086) e 0940
Combined effect ~ 0.983 (0.903 - 1.070) e 0737
04 06 08 1.0
Odds Ratio
G lactate
Data source OR (95% CI) P value
Shin et al. 0.218 (0.095 - 0.498) —e——| E 0.0003
Chen et al. 0.983 (0.891 - 1.084) e— 0.730
Combined effect  0.963 (0.874 - 1.061) e 0343
03 06 09
Odds Ratio

B inosine
Data source OR (95% CI) P value
Shin et al. 0.886 (0.795-0.987) F——— 0.028
i
Chenetal. 1.007 (0.911 - 1.113) f——-o———f 0891
Combined effect 0.949 (0.882 - 1.022) |—0—€—| 0.165
08 0.9 1.0 11
Odds Ratio
D phenol sulfate
Data source OR (95% CI) P value
Shin et al. 1.848 (1.335-2.559) . p———e— 0.0002
Chen et al. 1.000 (0.897 - 1.115) ¢ 0.997
Combined effect 1.064 (0.959 - 1.179) HH 0.241
1.0 15 20 2’5
Odds Ratio
F gamma-glutamylglutamine
Data source OR (95% ClI) P value
Shin et al. 0.398 (0.223-0.709) }———O—— | 0.002
Chenetal. 0.983 (0.915 - 1.055) e 0633
Combined effect 0.970 (0.903 - 1.041) }—Q.—|: 0.497
02 04 06 08 10
Odds Ratio
H glucose
Data source OR (95% CI) P value
Shin et al. 0434 (0.216-0.871) ———0———] ' 0.019
Chen etal. 1.037 (0.978 - 1.100) HH 0.229
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Fig. 2 Meta-analysis of the causal relationship between metabolites with different GWAS datasets and PE estimated by IVW method
OR: odds ratio; Cl: confidence interval; IVW: inverse variance weighted; GWAS: genome wide association studies; PE: preeclampsia

Discussion

In this study, we explored the causal relationship between
metabolites and PE by performing two-sample MR of a
large metabolite GWAS dataset. The causal associations
of some circulating metabolites with PE have been shown
for the first time from a genetic point of view, which
fills a gap in the field. In particular, through validation
using another metabolite GWAS dataset, genetic vari-
ants that predicted low levels of arachidonate (20:4n6)

and citrulline were found to be risk factors for PE in both
datasets. In addition, the metabolite pathway analysis
indicated that glycolysis/gluconeogenesis and arginine
biosynthesis pathways were significantly associated with
PE.

PE is a pregnancy-specific disease that can rapidly prog-
ress to severe complications, including the death of the
mother and fetus, and poses a serious risk to the health
of the mother and child [3]. Therapeutic options are
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limited at present, as the exact pathogenesis is unknown,
and delivery is the only definitive treatment [29]. To date,
the diagnosis of PE has focused on blood pressure and
urine protein levels; however, these biomarkers are still
not fully and readily available for use in clinical practice,
and some of them can only be assessed in the mid- or
late-gestational period with low specificity or sensitivity.
Therefore, studies aiming to explore new biomarkers to
improve the diagnosis and deepen our understanding of
the pathogenesis of PE are needed [10]. Metabolites are
the end products of transcription, translation, and pro-
teomics and are therefore highly relevant to the functions
and phenotypes of biological systems [30, 31]; they also
have a wide range of applications in early disease diag-
nosis, pathology interpretation, and drug development.
Metabolites provide more direct feedback on biological
activity than genes and proteins, and even small lesions
in genes, transcripts, and proteins become significant at
the metabolite level, making them easy to detect [31].
Furthermore, metabolite measurements are significantly
lower than those for genes and proteins in terms of the
number of tests performed and the difficulty of the tests
[9]. Extensive adaptive physiological changes in maternal,
fetal, and placental function occur during pregnancy, and
circulating maternal metabolites, such as triglycerides,
cholesterol, and free fatty acids, change significantly dur-
ing pregnancy to meet the energy and catabolic needs of
the fetus in utero [7]. In terms of PE studies, Kelly et al.
used liquid chromatography—tandem mass spectrometry
to identify 72 (0.9%) metabolite profiles associated with
PE, with glycerophospholipid, arachidonic acid and glyc-
erol metabolism, and fatty acid biosynthesis being the
most enriched metabolic pathways [32]. Another metab-
olomics review that included 41 studies identified a total
of 33 high-frequency metabolites (reported in >3 stud-
ies), such as creatinine, glycine, L-isoleucine, and glu-
cose [10]; several metabolic pathways associated with PE
were also identified, in particular alanine, aspartic acid,
and glutamate metabolism, and these biomarkers and
pathways are strongly associated with lipid metabolism
disorders, inflammation activation, impaired nitric oxide
production, etc., which are likely to contribute to the pro-
gression of PE [10].

Although the literature strongly suggests a relation-
ship between metabolic disorders and PE, the current
body of evidence does not clarify the causal association
of circulating metabolites with the development of PE.
Furthermore, the potential causal relationship between
serum metabolite profiles and PE has not been fully elu-
cidated. The sample sizes of relevant reported studies are
usually small, and the findings of some studies are incon-
sistent. These limitations provide an opportunity for MR,
a causal inference method that uses genetic variation in
large samples as an instrumental variable to test for the
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role of exposure in disease [11]; because alleles are ran-
domly assigned at conception, this process of randomiza-
tion typically breaks down confounding with most risk
factors and reduces the tendency for confounding to bias
outcomes [18, 21]. In the present study, we found that
arachidonate (20:4n6), 3-dehydrocarnitine and 1-ara-
chidonoylglycerophosphocholine, which are lipids, were
negatively correlated with the risk of PE and were protec-
tive factors for PE. Arachidonate, an n-6 long-chain poly-
unsaturated fatty acid, plays an important role in fetal and
infant growth and development [33]. Uterine spiral artery
remodeling requires an inflammatory environment to
repair the uterine epithelium and remove cellular debris,
and immune cells, including macrophages, natural killer
cells, and dendritic cells, penetrate the meconium and
accumulate around the trophectoderm, a self-limiting,
“physiological” inflammatory process, the absence of
which results in failure of implantation and abnormal pla-
cental development [34]. Studies have shown that arachi-
donate plays an important role in the preparation for and
during pregnancy and is strongly associated with ovula-
tion, menstruation, pregnancy and labor, and the onset
of physiological inflammatory responses [33]. No studies
have reported the association of 3-dehydrocarnitine, an
intermediate in carnitine degradation, with pregnancy or
hypertension, and this metabolite was found to signifi-
cantly reduce body weight and body mass index (BMI)
and improve insulin resistance when taken with a carni-
tine supplement in a prospective randomized controlled
trial [35]. These aforementioned factors are closely asso-
ciated with the development of PE, and thus this result is
consistent with the findings of this study that low levels
of 3-dehydrocarnitine may be a risk factor for PE. 1-Ara-
chidonoylglycerophosphocholine combines the structure
of choline glycerophosphate with the branched chain of
arachidonic acid. Glycerophosphocholine is the metabo-
lite with the greatest discrimination between PE and the
normal group in late pregnancy [36], and several studies
have confirmed the association between glycerophospho-
rylcholine and the development of PE; however, the find-
ings are controversial [37, 38]. These inconsistencies may
result from the presence of different modifications and
isoforms. Studies reporting on 1l-arachidonoylglycero-
phosphocholine and PE are lacking, and our finding that
low levels of 1-arachidonoylglycerophosphocholine are a
risk factor for PE must be validated by in-depth studies.
We found that genetically predicted high citrulline lev-
els were a protective factor for PE. The citrulline level in
pregnancies with severe PE is lower than that in pregnan-
cies without PE [39], and supplementation with citrul-
line also produced positive results in a mouse model of
PE, which may be attributable to beneficial effects on
maternal vascular health via the nitric oxide (NO) sig-
naling pathway [39]. Another study found that citrulline
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supplementation improved placental insufficiency, fetal
growth and endothelial function by downregulating the
TLR4/NF-kB inflammatory pathway [40]. This result is
consistent with our findings that citrulline is a protec-
tive factor for PE. In addition, the present study identified
high levels of phenol sulfate as a risk factor for PE, and
phenol sulfate is involved in phenylalanine and tyrosine
metabolism [41]. The most important metabolic pathway
of phenylalanine is the generation of tyrosine catalyzed
by hydroxylase, which subsequently generates dopa-
mine [42]. Some studies have confirmed that dopamine
can cause oxidative stress, abnormal expression of nitric
oxide and endothelin in vascular endothelial cells, vaso-
constriction, and elevated blood pressure, which can lead
to gestational hypertension and PE [43]. Studies confirm
increased phenylalanine levels in both PE patients and
newborns [44, 45]. This result was also consistent with
the findings of this study. In addition, the present study
also identified four amino acid dipeptide metabolites that
were causally associated with PE, including gamma-glu-
tamyltyrosine, gamma-glutamylglutamine, leucylalanine
and leucylleucine, all of which are protective factors for
PE. No studies have reported associations of these two
metabolites with PE, requiring follow up.

Another finding of this study is that genetically pre-
dicted high levels of inosine were a protective factor for
PE. Inosine is a central intermediate in the purine bio-
synthesis and degradation pathway and is present in
noncoding and exogenous RNAs, in which it plays a key
structural and functional role as an important molecular
messenger in cell signaling pathways [46]. Inosine is neu-
roprotective in rats with spinal cord injury by scavenging
free radicals [47]. Another study found that after tissue
ischemia, inosine maintains homeostasis by stimulating
the release of hepatic glucose via A3 adenosine receptors
[48]. Therefore, we hypothesized that inosine might exert
a similar protective effect under PE placental ischemic
hypoxic conditions. However, inosine metabolism also
produces uric acid, which is a risk factor for the develop-
ment of PE [9]. Therefore, the causal association between
inosine and PE still must be determined by performing
subsequent in-depth studies.

Two carbohydrate metabolites, lactate and glucose,
were causally associated with PE. Insulin resistance is a
clear risk factor for PE, and elevated insulin levels can
lead to increased sympathetic nervous system activity
and renal sodium retention, which may increase blood
pressure [49]. In addition, insulin is a hypoglycemic hor-
mone that facilitates the entry of blood glucose into cells
to be used for energy, and controversy about the blood
glucose level in patients with PE exists [10]. Insulin resis-
tance would affect the entry of blood glucose into cells,
which could explain the elevated blood glucose levels in
PE patients found in some observational studies [10]; on
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the other hand, however, a decrease amount of glucose
entering the cell would affect the energy metabolism of
the trophoblasts. Throughout pregnancy, glucose is not
only present as an energy substrate but also regulates
embryo implantation and placental development [50,
51]. Thus, this could partially explain the finding in the
present study that reduced glucose may associated with
a higher PE risk. Early in gestation, the blastocyst exhib-
its a rather specialized metabolism, converting 90% of the
glucose consumed to lactate even with a sufficient oxygen
supply for rapid proliferation and division [52]. Lactate
creates a low pH microenvironment around the embryo
that aids in the breakdown of uterine tissue and promotes
trophoblast invasion; lactate also acts as a signaling mol-
ecule that induces VEGF recruitment from uterine cells
and promotes angiogenesis [53]. This result suggests that
the high lactate/low pH region produced by blastocysts
modulates the activity of the local immune response and
contributes to the generation of immune tolerance [53].
Clinical evidence indicates that plasma lactate levels in
PE patients are lower than those in the control normal
group [54, 55]. Thus, lactate is a key metabolic mediator
necessary during pregnancy [50]. This is consistent with
the findings of this study that low lactate levels may be
associated with a higher risk of PE.

We introduced GWAS data for another metabolite to
further validate the robustness of the causal associations
of our identified metabolites with PE, and the results
showed that six metabolites exhibited a consistent trend
for the association identified in the preliminary analy-
sis; however, only one, arachidonate (20:4n6), showed a
significant association with PE. By performing a meta-
analysis, we found that both arachidonate (20:4n6) and
citrulline were protective factors for PE. Since the asso-
ciation results for the remaining metabolites in the two
datasets were not consistent, their causal association
with PE still needs to be determined by performing
subsequent studies. Based on the metabolite pathway
analysis, we found that glycolysis/gluconeogenesis and
arginine biosynthesis were closely related to PE. As men-
tioned above, glycolysis plays an important regulatory
function in placental implantation and energy supply. In
addition, other studies have confirmed the correlation
between arginine biosynthesis and PE [10]. Clinical and
experimental data suggest that the arginine biosynthe-
sis pathway contributes to improved NO availability in
the placenta and uteroplacental circulation and reduced
maternal blood pressure [56]. Therefore, this finding
coincides with the current understanding of PE patho-
physiology and provides new genetic insights for further
research.

This study has several limitations. First, the MR analy-
sis is not a substitute for randomized controlled studies,
and differences in diet, lifestyle, etc., may affect individual
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susceptibility. Second, we relaxed the metabolite instru-
mental variable significance thresholds with reference
to the common practice in the published relevant lit-
erature to include a larger number of SNPs, which may
reduce the power of IVs and cause bias in the results.
Although we removed confounder-associated SNPs,
we did not completely exclude potential levels of pleiot-
ropy. Third, only individuals of European ancestry were
included in this study, and validation in additional popu-
lations is needed. Fourth, we assessed the association of
blood metabolites with PE, and the biological functions
of different metabolites may be tissue- and cell-specific.
Finally, large-scale rigorous randomized controlled stud-
ies are necessary to verify the causal association of these
metabolites with PE and to explore and clarify the molec-
ular mechanisms involved in the development of PE.

Conclusions

In conclusion, in the present MR study, we provide some
preliminary evidence for a causal relationship between
circulating metabolites and PE through integrating
genomic and metabolomic data, which contributes to our
understanding of the complex role of metabolites in PE
development. Particularly, a genetic susceptibility to low
levels of arachidonate (20:4n6) and citrulline is a risk fac-
tor for PE. Our study provides new candidate molecules
for PE screening, prevention and mechanistic explora-
tions in clinical practice. However, comprehensive and
in-depth clinical and mechanistic studies are needed for
validation.

Abbreviations

PE preeclampsia

MR Mendelian randomization

GWAS genome-wide association studies
SNP single nucleotide polymorphisms
VW inverse variance weighted

CLSA Canadian longitudinal study on aging
\% instrumental variables

LD linkage disequilibrium

MR-PRESSO  Mendelian randomization pleiotropy RESidual sum and outlier
OR Odds ratio

BMI body mass index

NO nitric oxide

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/512905-024-03000-7.

Supplementary Material 1

Supplementary Material 2

Author contributions

QL and WZ contributed to the conception of the study; SL and HW
contributed significantly to analysis and manuscript preparation; WZ and QL
performed the data analyses and wrote the manuscript.

Page 9 of 11

Funding

This work was supported by General Projects of Changzhou Medical Center
(CMCB202216); General Project of Jiangsu Provincial Health Commission
(M2021079).

Data availability

The summary statistics of blood circulating metabolites GWAS data were
obtained from GWAS Catalog (https://www.ebi.ac.uk/gwas/); The summary
statistics of PE GWAS data was obtained from FinnGen consortium (https://
www.finngen.fi/en/access_results).

Declarations

Ethics approval and consent to participate
The GWAS summary data were derived from publicly available datasets and
therefore did not require additional ethical approval.

Consent for publication
Not applicable.

Competing interests
The authors declared they have no potential conflicts.

Received: 22 October 2023 / Accepted: 26 February 2024
Published online: 05 April 2024

References

1. YangV,LeRay |, Zhu J, Zhang J, Hua J, Reilly M, Preeclampsia, Prevalence. Risk
factors, and pregnancy outcomes in Sweden and China. JAMA Netw Open.
2021;4(5):218401. https://doi.org/10.1001/jamanetworkopen.2021.8401.

2. Maayeh M, Costantine MM. Prevention of preeclampsia. Semin Fetal Neona-
tal Med. 2020;25(5):101123. https://doi.org/10.1016/j.5iny.2020.101123.

3. JungE,RomeroR, Yeo L, Gomez-Lopez N, Chaemsaithong P, Jaovisidha
A, Gotsch F, Erez O. The etiology of preeclampsia. Am J Obstet Gynecol.
2022;226(25):844-5866. https://doi.org/10.1016/j.2jog.2021.11.1356.

4. Hypertension in pregnancy. Report of the American College of Obstetricians
and gynecologists'Task Force on hypertension in pregnancy. Obstet Gynecol.
2013;122(5):1122-31. https://doi.org/10.1097/01.209.0000437382.03963.88.

5. Ranas, Lemoine E, Granger JP, Karumanchi SA, Preeclampsia. Pathophysiol-
ogy, challenges, and perspectives. Circ Res. 2019;124(7):1094-112. https://doi.
org/10.1161/circresaha.118.313276.

6. vander Spek A, Stewart ID, Kiihnel B, Pietzner M, Alshehri T, Gauf F, Hysi PG,
MahmoudianDehkordi S, Heinken A, Luik Al, et al. Circulating metabolites
modulated by diet are associated with depression. Mol Psychiatry. 2023.
https://doi.org/10.1038/541380-023-02180-2.

7. Monni G, Atzori L, Corda V, Dessolis F, luculano A, Hurt KJ, Murgia F. Metabo-
lomics in prenatal medicine: a review. Front Med (Lausanne). 2021,8:645118.
https://doi.org/10.3389/fmed.2021.645118.

8. Nobakht MGBF. Application of metabolomics to preeclampsia diagnosis. Syst
Biol Reprod Med. 2018;64(5):324-39. https://doi.org/10.1080/19396368.2018.
1482968.

9. Souza RT, Mayrink J, Leite DF, Costa ML, Calderon IM, Rocha Filho EA, Vet-
torazzi J, Feitosa FE, Cecatti JG. Metabolomics applied to maternal and
perinatal health: a review of new frontiers with a translation potential. Clin
(Sao Paulo). 2019;74:e894. https://doi.org/10.6061/clinics/2019/e894.

10.  Yao M, Xiao Y, Yang Z, Ge W, Liang F, Teng H, Gu Y, Yin J. Identification of
biomarkers for Preeclampsia based on Metabolomics. Clin Epidemiol.
2022;14:337-60. https://doi.org/10.2147/clep.s353019.

11. Yuan S, Merino J, Larsson SC. Causal factors underlying diabetes risk
informed by mendelian randomisation analysis: evidence, opportunities
and challenges. Diabetologia. 2023;66(5):800-12. https://doi.org/10.1007/
s00125-023-05879-7.

12. Smith GD, Ebrahim S. Mendelian randomization: prospects, potentials, and
limitations. Int J Epidemiol. 2004;33(1):30-42. https://doi.org/10.1093/ije/
dyh132.

13. LiJ, LiC, HuangY, Guan P, Huang D, Yu H, Yang X, Liu L. Mendelian randomiza-
tion analyses in ocular disease: a powerful approach to causal inference with
human genetic data. J Transl Med. 2022,20(1):621. https://doi.org/10.1186/
$12967-022-03822-9.


https://doi.org/10.1186/s12905-024-03000-7
https://doi.org/10.1186/s12905-024-03000-7
https://www.ebi.ac.uk/gwas/
https://www.finngen.fi/en/access_results
https://www.finngen.fi/en/access_results
https://doi.org/10.1001/jamanetworkopen.2021.8401
https://doi.org/10.1016/j.siny.2020.101123
https://doi.org/10.1016/j.ajog.2021.11.1356
https://doi.org/10.1097/01.aog.0000437382.03963.88
https://doi.org/10.1161/circresaha.118.313276
https://doi.org/10.1161/circresaha.118.313276
https://doi.org/10.1038/s41380-023-02180-2
https://doi.org/10.3389/fmed.2021.645118
https://doi.org/10.1080/19396368.2018.1482968
https://doi.org/10.1080/19396368.2018.1482968
https://doi.org/10.6061/clinics/2019/e894
https://doi.org/10.2147/clep.s353019
https://doi.org/10.1007/s00125-023-05879-7
https://doi.org/10.1007/s00125-023-05879-7
https://doi.org/10.1093/ije/dyh132
https://doi.org/10.1093/ije/dyh132
https://doi.org/10.1186/s12967-022-03822-9
https://doi.org/10.1186/s12967-022-03822-9

Lin et al. BMC Women's Health

20.

22.

23.

24.

25.

26.

27.

28.

29.

30.

32.

(2024) 24:223

Shin SY, Fauman EB, Petersen AK, Krumsiek J, Santos R, Huang J, Arnold M,
Erte |, Forgetta V, Yang TP, et al. An atlas of genetic influences on human
blood metabolites. Nat Genet. 2014;46(6):543-50. https://doi.org/10.1038/
ng.2982.

Jil,WangY, LuT,Yang J, Luo C, Qiu B. Identification of blood metabolites
linked to the risk of intervertebral disc diseases: a comprehensive mendelian
randomization study. Postgrad Med J. 2023. https://doi.org/10.1093/postmj/
qgad052.

Qiu G, LinY, Ouyang Y, You M, Zhao X, Wang H, Niu R, LiW, Xu X, Yan Q,

et al. Nontargeted Metabolomics Revealed Novel Association between
Serum Metabolites and Incident Acute Coronary Syndrome: a mendelian
randomization study. J Am Heart Assoc. 2023;12(13):e028540. https://doi.
0rg/10.1161/jaha.122.028540.

Yao Z, Jiang F, Luo H, Zhou J, ShiW, Xu S, Zhang Y, Dai F, Li X, Liu Z, et al.
Causal effects of blood lipid traits on inflammatory Bowel diseases: a men-
delian randomization study. Metabolites. 2023;13(6). https://doi.org/10.3390/
metabo13060730.

ChenY, LuT, Pettersson-Kymmer U, Stewart ID, Butler-Laporte G, Nakanishi T,
Cerani A, Liang KYH, Yoshiji S, Willett JDS, et al. Genomic atlas of the plasma
metabolome prioritizes metabolites implicated in human diseases. Nat
Genet. 2023;55(1):44-53. https://doi.org/10.1038/541588-022-01270-1.

Yun Z,Guo Z, Li X, Shen'Y,Nan M, Dong Q, Hou L. Genetically predicted

486 blood metabolites in relation to risk of colorectal cancer: a mendelian
randomization study. Cancer Med. 2023;12(12):13784-99. https://doi.
0rg/10.1002/cam4.6022.

Choi KW, Chen CY, Stein MB, Klimentidis YC, Wang MJ, Koenen KC, Smoller
JW. Assessment of Bidirectional relationships between physical activ-

ity and depression among adults: a 2-Sample mendelian randomization
study. JAMA Psychiatry. 2019;76(4):399-408. https://doi.org/10.1001/
jamapsychiatry.2018.4175.

Sekula P, Del Greco MF, Pattaro C, Kéttgen A. Mendelian randomization as an
Approach to assess causality using Observational Data. J Am Soc Nephrol.
2016;27(11):3253-65. https://doi.org/10.1681/asn.2016010098.

Ardissino M, Slob EAW, Millar O, Reddy RK, Lazzari L, Patel KHK, Ryan D, John-
son MR, Gill D, Ng FS. Maternal hypertension increases risk of Preeclampsia
and low fetal birthweight: genetic evidence from a mendelian random-
ization study. Hypertension. 2022,79(3):588-98. https://doi.org/10.1161/
hypertensionaha.121.18617.

Burgess S, Butterworth A, Thompson SG. Mendelian randomization analysis
with multiple genetic variants using summarized data. Genet Epidemiol.
2013;37(7):658-65. https://doi.org/10.1002/gepi.21758.

Burgess S, Davey Smith G, Davies NM, Dudbridge F, Gill D, Glymour MM,
Hartwig FP, Holmes MV, Minelli C, Relton CL, et al. Guidelines for performing
mendelian randomization investigations. Wellcome Open Res. 2019;4:186.
https://doi.org/10.12688/wellcomeopenres.15555.2.

Zheng J, Baird D, Borges MC, Bowden J, Hemani G, Haycock P, Evans DM,
Smith GD. Recent developments in mendelian randomization studies. Curr

Epidemiol Rep. 2017;4(4):330-45. https://doi.org/10.1007/540471-017-0128-6.

Verbanck M, Chen CY, Neale B, Do R. Detection of widespread horizontal
pleiotropy in causal relationships inferred from mendelian randomization
between complex traits and diseases. Nat Genet. 2018;50(5):693-8. https://
doi.org/10.1038/541588-018-0099-7.

Curtin F, Schulz P. Multiple correlations and Bonferroni's correction. Biol
Psychiatry. 1998;44(8):775-7. https://doi.org/10.1016/50006-3223(98)00043-2.
Burton GJ, Redman CW, Roberts JM, Moffett A. Pre-eclampsia: pathophysiol-
ogy and clinical implications. BMJ. 2019;366:12381. https://doi.org/10.1136/
bmj.12381.

Ives CW, Sinkey R, Rajapreyar |, Tita ATN, Oparil S. Preeclampsia-Pathophys-
iology and Clinical presentations: JACC State-of-the-art review. J Am Coll
Cardiol. 2020;76(14):1690-702. https://doi.org/10.1016/}jacc.2020.08.014.
Kawasaki K, Kondoh E, Chigusa Y, Kawamura Y, Mogami H, Takeda S, Horie

A, Baba T, Matsumura N, Mandai M, et al. Metabolomic profiles of Placenta
in Preeclampsia. Hypertension. 2019;73(3):671-9. https://doi.org/10.1161/
hypertensionaha.118.12389.

Patti GJ, Yanes O, Siuzdak G, Innovation. Metabolomics: the apogee of

the omics trilogy. Nat Rev Mol Cell Biol. 2012;13(4):263-9. https://doi.
0rg/10.1038/nrm3314.

Kelly RS, Croteau-Chonka DC, Dahlin A, Mirzakhani H, Wu AC, Wan ES,
McGeachie MJ, Qiu W, Sordillo JE, Al-Garawi A, et al. Integration of metabo-
lomic and transcriptomic networks in pregnant women reveals biological
pathways and predictive signatures associated with preeclampsia. Metabolo-
mics. 2017;13(1). https://doi.org/10.1007/511306-016-1149-8.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45.

46.

47.

48.

49.

50.

5T

52.

Page 10 of 11

Kikut J, Komorniak N, Zietek M, Palma J, Szczuko M. Inflammation with the
participation of arachidonic (AA) and linoleic acid (LA) derivatives (HETEs
and HODEs) is necessary in the course of a normal reproductive cycle and
pregnancy. J Reprod Immunol. 2020;141:103177. https://doi.org/10.1016/j.
jri.2020.103177.

Mor G, Cardenas |. The immune system in pregnancy: a unique

complexity. Am J Reprod Immunol. 2010;63(6):425-33. https://doi.
0rg/10.1111/j.1600-0897.2010.00836 .

Samimi M, Jamilian M, Ebrahimi FA, Rahimi M, Tajbakhsh B, Asemi Z. Oral
carnitine supplementation reduces body weight and insulin resistance

in women with polycystic ovary syndrome: a randomized, double-blind,
placebo-controlled trial. Clin Endocrinol (Oxf). 2016;84(6):851-7. https://doi.
0rg/10.1111/cen.13003.

Zou H, ZouW, Li Q, Chen Z, ShiY, Li C. Changes of gut mycobiota in the third
trimester of pregnant women with preeclampsia. J Matern Fetal Neonatal
Med. 2023;36(2):2228964. https://doi.org/10.1080/14767058.2023.2228964.
He B, Liu Y, Maurya MR, Benny P, Lassiter C, Li H, Subramaniam S, Garmire

LX. The maternal blood lipidome is indicative of the pathogenesis of

severe preeclampsia. J Lipid Res. 2021;62:100118. https://doi.org/10.1016/].
jlr2021.100118.

Anand S, Young S, Esplin MS, Peaden B, Tolley HD, Porter TF, Varner MW,
D'Alton ME, Jackson BJ, Graves SW. Detection and confirmation of serum lipid
biomarkers for preeclampsia using direct infusion mass spectrometry. J Lipid
Res. 2016;57(4):687-96. https://doi.org/10.1194/jIrP064451.

Gemmel M, Sutton EF, Brands J, Burnette L, Gallaher MJ, Powers RW. |-Citrul-
line supplementation during pregnancy improves perinatal and postpartum
maternal vascular function in a mouse model of preeclampsia. Am J Physiol
Regul Integr Comp Physiol. 2021;321(3):R364-r376. https://doi.org/10.1152/
ajpregu.00115.2020.

Man AWC, Zhou Y, Lam UDP, Reifenberg G, Werner A, Habermeier A, Closs El,
Daiber A, Miinzel T, Xia N, et al. I-Citrulline ameliorates pathophysiology in a
rat model of superimposed preeclampsia. Br J Pharmacol. 2022;179(12):3007-
23. httpsy//doi.org/10.1111/bph.15783.

Fernandes ALF, Borges NA, Black AP, Anjos JD, Silva GSD, Nakao LS, Mafra D.
Dietary intake of tyrosine and phenylalanine, and p-cresyl sulfate plasma
levels in non-dialyzed patients with chronic kidney disease. J Bras Nefrol.
2020;42(3):307-14. https.//doi.org/10.1590/2175-8239-jbn-2018-0214.

Lou HC. Dopamine precursors and brain function in phenylalanine
hydroxylase deficiency. Acta Paediatr Suppl. 1994;407:86-8. https://doi.
org/10.1111/j.1651-2227.1994.tb 13461 x.

Phoswa WN. Dopamine in the pathophysiology of Preeclampsia and
Gestational Hypertension: Monoamine Oxidase (MAO) and Catechol-O-
methyl Transferase (COMT) as possible mechanisms. Oxid Med Cell Longev.
2019;2019:3546294. https://doi.org/10.1155/2019/3546294.

Guo F, Yuan P, Long W, Yang Y, Yu B, Xue P. Alterations in the metabolic status
of amino acids in newborns of pre-eclampsia women. Pregnancy Hypertens.
2022;27:170-2. https://doi.org/10.1016/j.preghy.2022.01.003.

Prameswari N, Irwinda R, Wibowo N, Saroyo YB. Maternal amino acid status
in severe preeclampsia: a cross-sectional study. Nutrients. 2022;14(5). https://
doi.org/10.3390/nu14051019.

Srinivasan S, Torres AG, Ribas de Pouplana L. Inosine in Biology and Disease.
Genes (Basel). 2021;12(4). https://doi.org/10.3390/genes12040600.

Liu F, You SW, Yao LP, Liu HL, Jiao XY, Shi M, Zhao QB, Ju G. Secondary
degeneration reduced by inosine after spinal cord injury in rats. Spinal Cord.
2006;44(7):421-6. https://doi.org/10.1038/sj.5¢.3101878.

Guinzberg R, Cortés D, Diaz-Cruz A, Riveros-Rosas H, Villalobos-Molina R, Pifa
E. Inosine released after hypoxia activates hepatic glucose liberation through
A3 adenosine receptors. Am J Physiol Endocrinol Metab. 2006;290(5):E940-
51. https://doi.org/10.1152/ajpendo.00173.2005.

da Silva AA, do Carmo JM, Li X, Wang Z, Mouton AJ, Hall JE. Role of Hyper-
insulinemia and Insulin Resistance in hypertension: metabolic syndrome
revisited. Can J Cardiol. 2020;36(5):671-82. https://doi.org/10.1016/].
¢jca.2020.02.066.

Hu M, Li J, Baker PN, Tong C. Revisiting preeclampsia: a metabolic disorder of
the placenta. Febs j. 2022;289(2):336-54. https://doi.org/10.1111/febs.15745.
Gude NM, Roberts CT, Kalionis B, King RG. Growth and function of the
normal human placenta. Thromb Res. 2004;114(5-6):397-407. https://doi.
0rg/10.1016/j.thromres.2004.06.038.

Gott AL, Hardy K, Winston RM, Leese HJ. Non-invasive measurement of
pyruvate and glucose uptake and lactate production by single human preim-
plantation embryos. Hum Reprod. 1990;5(1):104-8. https://doi.org/10.1093/
oxfordjournals.humrep.a137028.


https://doi.org/10.1038/ng.2982
https://doi.org/10.1038/ng.2982
https://doi.org/10.1093/postmj/qgad052
https://doi.org/10.1093/postmj/qgad052
https://doi.org/10.1161/jaha.122.028540
https://doi.org/10.1161/jaha.122.028540
https://doi.org/10.3390/metabo13060730
https://doi.org/10.3390/metabo13060730
https://doi.org/10.1038/s41588-022-01270-1
https://doi.org/10.1002/cam4.6022
https://doi.org/10.1002/cam4.6022
https://doi.org/10.1001/jamapsychiatry.2018.4175
https://doi.org/10.1001/jamapsychiatry.2018.4175
https://doi.org/10.1681/asn.2016010098
https://doi.org/10.1161/hypertensionaha.121.18617
https://doi.org/10.1161/hypertensionaha.121.18617
https://doi.org/10.1002/gepi.21758
https://doi.org/10.12688/wellcomeopenres.15555.2
https://doi.org/10.1007/s40471-017-0128-6
https://doi.org/10.1038/s41588-018-0099-7
https://doi.org/10.1038/s41588-018-0099-7
https://doi.org/10.1016/s0006-3223(98)00043-2
https://doi.org/10.1136/bmj.l2381
https://doi.org/10.1136/bmj.l2381
https://doi.org/10.1016/j.jacc.2020.08.014
https://doi.org/10.1161/hypertensionaha.118.12389
https://doi.org/10.1161/hypertensionaha.118.12389
https://doi.org/10.1038/nrm3314
https://doi.org/10.1038/nrm3314
https://doi.org/10.1007/s11306-016-1149-8
https://doi.org/10.1016/j.jri.2020.103177
https://doi.org/10.1016/j.jri.2020.103177
https://doi.org/10.1111/j.1600-0897.2010.00836.x
https://doi.org/10.1111/j.1600-0897.2010.00836.x
https://doi.org/10.1111/cen.13003
https://doi.org/10.1111/cen.13003
https://doi.org/10.1080/14767058.2023.2228964
https://doi.org/10.1016/j.jlr.2021.100118
https://doi.org/10.1016/j.jlr.2021.100118
https://doi.org/10.1194/jlr.P064451
https://doi.org/10.1152/ajpregu.00115.2020
https://doi.org/10.1152/ajpregu.00115.2020
https://doi.org/10.1111/bph.15783
https://doi.org/10.1590/2175-8239-jbn-2018-0214
https://doi.org/10.1111/j.1651-2227.1994.tb13461.x
https://doi.org/10.1111/j.1651-2227.1994.tb13461.x
https://doi.org/10.1155/2019/3546294
https://doi.org/10.1016/j.preghy.2022.01.003
https://doi.org/10.3390/nu14051019
https://doi.org/10.3390/nu14051019
https://doi.org/10.3390/genes12040600
https://doi.org/10.1038/sj.sc.3101878
https://doi.org/10.1152/ajpendo.00173.2005
https://doi.org/10.1016/j.cjca.2020.02.066
https://doi.org/10.1016/j.cjca.2020.02.066
https://doi.org/10.1111/febs.15745
https://doi.org/10.1016/j.thromres.2004.06.038
https://doi.org/10.1016/j.thromres.2004.06.038
https://doi.org/10.1093/oxfordjournals.humrep.a137028
https://doi.org/10.1093/oxfordjournals.humrep.a137028

Lin et al. BMC Women's Health

53.

54.

55.

(2024) 24:223

Gardner DK. Lactate production by the mammalian blastocyst: manipulat-
ing the microenvironment for uterine implantation and invasion? BioEssays.
2015;37(4):364-71. https;//doi.org/10.1002/bies.201400155.

Turner E, Brewster JA, Simpson NA, Walker JJ, Fisher J. Plasma from women
with preeclampsia has a low lipid and ketone body content-a nuclear mag-
netic resonance study. Hypertens Pregnancy. 2007;26(3):329-42. https://doi.
0rg/10.1080/10641950701436073.

Austdal M, Tangeras LH, Skrastad RB, Salvesen K, Austgulen R, Iversen AC,
Bathen TF. First Trimester urine and serum metabolomics for prediction of
Preeclampsia and Gestational Hypertension: a prospective screening study.
Int J Mol Sci. 2015;16(9):21520-38. https://doi.org/10.3390/ijms160921520.

56.

Page 11 of 11

Rashid J, Kumar SS, Job KM, Liu X, Fike CD, Sherwin CMT. Therapeutic
potential of Citrulline as an arginine supplement: a clinical Pharmacol-
ogy Review. Paediatr Drugs. 2020,22(3):279-93. https://doi.org/10.1007/
s40272-020-00384-5.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://doi.org/10.1002/bies.201400155
https://doi.org/10.1080/10641950701436073
https://doi.org/10.1080/10641950701436073
https://doi.org/10.3390/ijms160921520
https://doi.org/10.1007/s40272-020-00384-5
https://doi.org/10.1007/s40272-020-00384-5

	﻿Investigating genetic links between blood metabolites and preeclampsia
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿Study design
	﻿Exposure and outcome GWAS data
	﻿Instrumental variable (IV) selection
	﻿MR analysis
	﻿Metabolic pathway analysis
	﻿Statistical analysis

	﻿Results
	﻿Results from the MR analysis reveal metabolites causally associated with PE
	﻿Confounding factors
	﻿Analysis of a reverse causal association
	﻿Validation and meta-analysis of another independent metabolite GWAS dataset
	﻿Metabolite pathway analysis

	﻿Discussion
	﻿Conclusions
	﻿References


