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Abstract

Background Preeclampsia is a pregnancy-specific disease leading to maternal and perinatal morbidity. Hypertension
and inflammation are the main characteristics of preeclampsia. Many factors can lead to hypertension and
inflammation, including gut microbiota which plays an important role in hypertension and inflammation in humans.
However, alterations to the gut microbiome and fecal metabolome, and their relationships in severe preeclampsia are
not well known. This study aims to identify biomarkers significantly associated with severe preeclampsia and provide
a knowledge base for treatments regulating the gut microbiome.

Methods In this study, fecal samples were collected from individuals with severe preeclampsia and healthy controls
for shotgun metagenomic sequencing to evaluate changes in gut microbiota composition. Quantitative polymerase
chain reaction analysis was used to validate the reliability of our shotgun metagenomic sequencing results.
Additionally, untargeted metabolomics analysis was performed to measure fecal metabolome concentrations.

Results We identified several Lactobacillaceae that were significantly enriched in the gut of healthy controls,
including Limosilactobacillus fermentum, the key biomarker distinguishing severe preeclampsia from healthy controls.
Limosilactobacillus fermentum was significantly associated with shifts in KEGG Orthology (KO) genes and KEGG
pathways of the gut microbiome in severe preeclampsia, such as flagellar assembly. Untargeted fecal metabolome
analysis found that severe preeclampsia had higher concentrations of Phenylpropanoate and Agmatine. Increased
concentrations of Phenylpropanoate and Agmatine were associated with the abundance of Limosilactobacillus
fermentum. Furthermore, all metabolites with higher abundances in healthy controls were enriched in the arginine
and proline metabolism pathway.

Conclusion Our research indicates that changes in metabolites, possibly due to the gut microbe Limosilactobacillus
fermentum, can contribute to the development of severe preeclampsia. This study provides insights into the
interaction between gut microbiome and fecal metabolites and offers a basis for improving severe preeclampsia by
modulating the gut microbiome.
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Background

Preeclampsia is a gestational multisystem disease charac-
terized by hypertension and significant proteinuria after
20 weeks of pregnancy [1, 2]. Globally, the incidence of
preeclampsia among pregnant women is approximately
2-5%, resulting in more than 500,000 infant deaths and
76,000 maternal deaths annually [3]. This condition has
substantial adverse effects on both the mother and the
fetus. For the mother, preeclampsia can induce coagula-
tion and hepatorenal impairment [4, 5]. In the case of the
fetus, it leads to growth restriction and placental abrup-
tion, increasing the risk of premature birth or stillbirth
[6]. Numerous theories have been proposed to explain
the pathogenesis of preeclampsia in pregnant women,
encompassing factors such as hypertension, inflamma-
tion, and dysfunction [7, 8]. These theories collectively
suggest the involvement of dysbiosis in the gut microbi-
ota in the development of preeclampsia.

In recent years, numerous studies have unveiled con-
nections between the composition of gut microbiota and
human diseases. The available evidence suggests that
interference with the balance of “normal” gut microbiota,
also known as enteric dysbiosis might contribute to the
development of various health conditions, such as hyper-
tension and preeclampsia. The gut microbiota of hyper-
tensive patients is significantly abnormal, and addressing
gut microbiota dysbiosis can effectively reduce blood
pressure [9, 10]. This conclusion had also been observed
in high-salt-induced hypertensive mice. Wilck et al. dis-
covered that Lactobacillus murinus inhibits the differ-
entiation of T lymphocytes into Th17 cells by producing
indole compounds, thereby reducing blood pressure and
inflammation [11]. Yan et al. demonstrated that Bacteroi-
des fragile could lower blood pressure by antagonizing
the production of intestinal corticosterone [12]. Several
studies have shown that the gut microbiota of preeclamp-
tic patients is markedly abnormal [13-15]. Brantsaeter
et al. found that a high intake of probiotics containing
lactobacilli can mitigate the risk of preeclampsia [16].
Furthermore, preeclampsia is linked to dysbiosis in the
intestinal microbiota and the presence of short-chain
fatty acids derived from the intestine. In a study by Jin et
al,, it was shown that Akkermansia muciniphila and pro-
pionate/butyrate exhibit significant potential for treating
preeclampsia [17]. However, the relationship between
dysbiosis in gut microbiota and the pathogenesis of pre-
eclampsia remains unclear.

In this study, fecal samples were collected from preg-
nant women exhibiting severe preeclampsia and from
healthy individuals in the same trimester. We first per-
formed shotgun metagenomic sequencing analyses on

fecal samples to identity gut bacterial taxa and function
capacities associated with severe preeclampsia. We then
measured the concentrations of fecal metabolites by
untargeted metabolome methods to identify the metabo-
lites associated with severe preeclampsia and analyze its
correlations with the shifts of gut microbiome. The objec-
tive of this research is to identify biomarkers significantly
associated with severe preeclampsia, ultimately contrib-
uting to our understanding of this condition and offering
insights into potential interventions for its improvement
through the regulation of the gut microbiome.

Materials and methods

Sample collection

This single-center retrospective study included 198
severe preeclampsia patients, admitted to the Jiangxi
Maternal and Child Health Hospital between 1 Janu-
ary 2021 and 31 December 2023. Pregnant women with
severe preeclampsia were classified according to the
International Society for the Study of Hypertension in
Pregnancy (ISSHP). Diagnosis of severe preeclampsia
was based on increased systolic or diastolic blood pres-
sure, accompanied by proteinuria and one or more of
the conditions at =20 weeks of gestation as described in
previous studies [18, 19]. For example: (1) systolic blood
pressure (SBP)>160 mmHg and/or diastolic blood pres-
sure (DBP)>110 mmHg on two separate measurements
at least 4 h apart during bed rest; (2) serum alanine ami-
notransferase (ALT) or aspartate aminotransferase (AST)
levels more than 2 times the upper limit of the normal
range. In addition, 400 controls were also recruited in
the same period. No hypertension/preeclampsia/severe
preeclampsia was found in these controls until delivery.
Exclusion criteria for both groups included: (1) Congeni-
tal anomalies of kidneys and kidney vessels, chronic kid-
ney diseases, asymptomatic bacteriuria or pyelonephritis,
and ischemic heart disease; (2) pregnancy complications
such as diabetes mellitus, chronic hypertension, intrahe-
patic cholestasis of pregnancy, autoimmune conditions
(e.g., thyroid dysfunction, systemic lupus erythematosus,
and anticardiolipin syndrome). Furthermore, to investi-
gate the differences in the gut bacterial and fecal meta-
bolic profiles between severe preeclampsia and healthy
controls, 18 individuals of similar gestational weeks
and age were selected from the two groups within two
months. Fresh feces from 18 individuals were collected
from their anus through anal examination after the cesar-
ean section. An overview flow chart of this study is shown
in Fig. S1 (Additional file 1). The primary endpoints of
this study were the identification of bacterial species
and metabolites associated with severe preeclampsia,
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and relationships among bacterial species, metabolites
and clinal data. Secondary endpoints were to identify
and confirm the biomarkers associated with severe pre-
eclampsia to improve or predict severe preeclampsia.

Metagenome DNA extraction and shotgun sequencing
The genomic DNA samples from the microbial commu-
nity were extracted utilizing the OMEGA Mag-Bind Soil
DNA Kit (M5635-02) (Omega Bio-Tek, Norcross, GA,
USA) in accordance with the manufacturer’s guidelines.
Subsequently, these samples were stored at -20 °C for
subsequent analysis. The quantification and assessment
of DNA quality were performed using agarose gel electro-
phoresis and a Qubit™ 4 Fluorometer (Invitrogen, USA),
respectively. To construct metagenome shotgun sequenc-
ing libraries, the extracted microbial DNA underwent
processing, with insert sizes targeted at 400 bp, utilizing
the Illumina TruSeq Nano DNA LT Library Preparation
Kit. Each resulting library was sequenced on the Illumina
NovaSeq platform (Illumina, USA) employing the PE150
strategy.

Metagenomics analysis

The raw sequencing reads underwent processing to
acquire quality-filtered reads for subsequent analysis.
Initially, sequencing adapters were eliminated from the
reads using Cutadapt (v1.2.1) [20]. Subsequently, a slid-
ing-window algorithm in fastp was employed to trim
low-quality reads [21]. Next, the reads were aligned to
the human reference genome (Homo sapiens GRCh38.
p12) using BMTagger to eliminate host contamination
[22]. Following the acquisition of quality-filtered reads,
taxonomical classifications of metagenomic sequencing
reads from each sample were conducted using Kraken2
[23] against a RefSeq-derived database, encompassing
bacterial genomes. Megahit (v1.1.2) [24] was utilized to
assemble each sample with the meta-large preset param-
eters. The contigs (length exceeding 300 bp) were pooled
and clustered using mmseqs2 [25] with “easy-linclust”.
MetaGeneMark [26] was used to predict the genes in
the contigs. CDS sequences of all samples were clustered
by mmseqs2 [25] with “easy-cluster” mode, setting the
protein sequence identity threshold to 0.90 and cover-
ing residues of the shorter contig to 90%. To evaluate the
abundance of these genes, high-quality reads from each
sample were mapped onto the predicted gene sequences
using salmon [27]. The copy per kilobase per million
mapped reads was employed to normalize abundance
values in metagenomes. The functionality of the non-
redundant genes was determined by annotation using
mmseqs2 [25] with the “search” mode against the protein
databases of KEGG.
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Determination of metabolomic profiles of fecal samples

A total of 18 fecal samples were utilized for untargeted
metabolomic analysis through LC-MS/MS. The methods
for executing LC-MS/MS are described in previous stud-
ies [28, 29]. Briefly, an appropriate amount of each sam-
ple was accurately weighed into a 2 mL centrifuge tube.
Subsequently, 600 pL of MeOH (containing 2-Amino-
3-(2-chloro-phenyl)-propionic acid at 4 ppm) was added,
followed by vortexing for 30 s. The tissue grinder was
then loaded with steel balls and operated at 50 Hz for
120 s, after which ultrasound was applied for 10 min at
room temperature. The resulting mixture underwent
centrifugation for 10 min at 12,000 rpm and 4 C. The
supernatant was using a 0.22 um membrane and trans-
ferred into the detection bottle for LC-MS detection.
The LC analysis was performed on a Vanquish UHPLC
System (Thermo Fisher Scientific, USA). Mass spectro-
metric detection of metabolites was performed on Q
Exactive Focus (Thermo Fisher Scientific, USA) with an
ESI ion source. Simultaneous MS1 and MS/MS (Full MS-
ddMS2 mode, data-dependent MS/MS) acquisition was
used. We used a mzXML format by utilizing MSConvert
in the ProteoWizard software package (v3.0.8789) [30] to
convert the raw data and XCMS [31] to process for fea-
ture detection, retention time correction and alignment,
respectively. After normalization, only ion peaks with
relative standard deviations (RSDs) less than 30% in QC
were kept to ensure proper metabolite identification.

Quantitative polymerase chain reaction (qPCR) assay

The abundance of Limosilactobacillus fermentum was
further confirmed through the quantification of 16S gene
copies in 12 fecal DNA samples using qPCR following
a random selection from the metagenomic sequencing
samples. The qPCR reactions were carried out with the
primer set 16S-F (5- CGTAGGTGGCAAGCGTTAT
C-3)/16S-R (5-CATTCCACCGCTACACATGG-3). A
20 pL reaction volume included 10 pL of 2x SYBR real-
time PCR premixture (Vazyme, China), 2 uL of template
and 0.4 pL each of forward and reverse primers (10 um
each), plated in 384-well plates. The qPCR was executed
on a LightCycler480Il real-time System (Roche, Swit-
zerland) with the following thermal conditions: 5 min at
95°C, followed by 40 cycles of 15 s at 95 ‘C and 30 s at
60 C. To generate a standard curve eight 10-fold diluted
plasmids carrying the 16 S gene were employed (Addi-
tional file 2: Fig. S2). Each qPCR sample underwent trip-
licate analysis, ensuring that three replicates were utilized
for each assessment.

Statistical analysis

To identify differences in abundances between the two
groups, a linear discriminant analysis (LDA) effect size
(LEfSe) analysis was conducted with a significance
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threshold of a=0.05 and an LDA score of at least 2.0 [32].
The FDR correction, using Story’s method, was applied
to account for multiple tests. Additionally, Partial Least
Squares-Discriminant Analysis (PLS-DA) was employed
to assess fecal metabolite profiles within the untar-
geted metabolome, comparing severe preeclampsia with
healthy controls [33].

Results

Clinical characteristics of the pregnant women

The study involved the phenotyping of 598 pregnant
women, encompassing 14 clinical characteristics. Among
these, 198 pregnant women exhibited severe preeclamp-
sia, while the remaining 400 were healthy controls within
the same trimesters. A comprehensive overview of the
statistical outcomes pertaining to the 14 clinical char-
acteristics is provided in Table 1. The results revealed
significant differences in the majority of the tested clini-
cal characteristics, as indicated by the t-test with a sig-
nificance level of P<0.05. Specifically, in comparison
to women with severe preeclampsia, healthy pregnant
women exhibited significantly higher birth weight (t-test,
P<0.001) and Apgar score (t-test, P<0.001) at the time of
sampling (Table 1). Contrastingly, the age of participants
did not exhibit a significant difference between those
with severe preeclampsia and those with normal preg-
nancies (t-test, P>0.05) (Table 1).

Identification of bacterial species associated with severe
preeclampsia

To further identify bacterial species and assess the func-
tional capacity of the gut microbiome associated with

Table 1 The statistical outcomes pertaining to the 14 clinical
characteristics

Traits Normal Group' Severe preeclampsia Group' P-value
(n=400) (n=198)
Age 30.14£4.51 30.48+£4.66 0.34
Body 68.15+8.12 7144£891 217E-04
weight
BMI 2694+3.10 28.30£3.28 1.88E-06
SP 119.77+£10.46 14891+17.81 144E-93
DP 7245+8.02 93.95+£14.01 1.02E-86
Birth 3.17+032 231+0.89 1.53E-51
weight
Apgar 9.71+£0.60 892+141 5.60E-19
score
PLT 213.24+5547 202.05+72.74 3.09E-02
ALT 10.71£5.31 17.74£19.56 287E-11
AST 18.90+4.91 28.01+21.40 253E-15
TP 62.66+5.14 58.23+6.84 202E-17
ALB 34.22+3.51 30.94+4.29 4.70E-21
CREA 45.88+8.92 64.82+24.40 193E-36
Cys-C 0.97+0.16 1.25+£049 5.00E-19

"Mean + Standard deviation
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severe preeclampsia, we randomly selected and con-
ducted shotgun metagenomic sequencing on 18 fecal
samples. These samples comprised ten patients with
severe preeclampsia and eight healthy controls from the
same trimester. The sequence assembly of the 18 samples
yielded a total of 2,618,386 sequences, with an average
length of 1,949 bp and an average N50 length of 6,461 bp
(Additional file 2: Table S1). The phylogenetic composi-
tion of the fecal microbiota was determined by blasting
the contigs against the NCBI nucleotide (NR) database.
The two most abundant genera of gut microbiota were
Bacteroides and Faecalibacterium. At the species level,
we detected a total of 3,141 bacterial species in the 18
samples. Gemmiger qucibialis was found to be the most
abundant bacterial species among the tested samples.

We conducted a comparative analysis of the gut micro-
biome bacterial composition between individuals with
severe preeclampsia and healthy controls to identify spe-
cific bacterial species associated with severe preeclamp-
sia. Initially, the bacterial a-diversity analysis revealed
no significant differences in the Chao, Shannon, and
Invsimpson indexes between individuals with severe
preeclampsia and healthy controls (Fig. 1A-C). Subse-
quently, we investigated whether there were differences
in the overall bacterial species between the two groups.
PLS-DA demonstrated a distinct shift in bacterial species
distribution (Fig. 1D). Moreover, our analysis identified
12 bacterial species with varying abundances between
the severe preeclampsia and healthy control groups
(Fig. 2A). Among these, five species were significantly
enriched in severe preeclampsia, while seven species
exhibited higher abundance in healthy pregnant women.
Notably, the bacteria enriched in the gut of healthy preg-
nant women predominantly belonged to the Lactobacil-
laceae (3 out of 7 species). Subsequently, a random forest
analysis was conducted to identify bacterial biomarkers
that could discriminate severe preeclampsia from healthy
pregnant women based on metagenomic sequencing data
at the species level (Fig. 2B). Interestingly, consistent with
the findings in the LEfSe analysis, Limosilactobacillus fer-
mentum emerged as the sole bacterial species that exhib-
ited significant differences between severe preeclampsia
and healthy controls. Notably, Limosilactobacillus fer-
mentum demonstrated robust and high diagnostic accu-
racy, with an area under the curve (AUC) of 90.00%
(Fig. 2C).

To further validate the results of the metagenomic
sequencing, the abundance of Limosilactobacillus fer-
mentum was quantified using qPCR. Twelve samples
(six from each group), randomly selected from those
subjected to metagenomic sequencing, were utilized
for qPCR analysis. The results indicated that, in com-
parison to the healthy pregnant women group, indi-
viduals of Limosilactobacillus fermentum in the severe



Liu et al. Journal of Translational Medicine (2024) 22:360
A Alpha diversity B
I 0.87 | .
1600 -
4.5-
X
x [0}
% 1400 - o
£ =
- &
§ < 4.2-
o P
w
1200 -
3.9-
1000 - \ \
Control SPE
C Alpha diversity D
0.69
| |
50-
)
S
X 40- ~
© N—
£
: =
:
(z 30- o
E Q
£
o
(&)
20-
Cor;trol SIsE

N
o

N
o

-40-

Page 5 of 12

Alpha diversity

0.81
[ 1
Corl1trol SFI’E
Bacteria, comp 1&2
Group
| : | e Control
! ¢ SPE

10 0 10 20
component1 (6%)

20

Fig. 1 Gut microbiome characteristics in severe preeclampsia versus healthy controls. A-C There were no significant bacterial a diversity differences
between the two groups. D PLS-DA plot of fecal bacterial species, which indicates the substantial differentiation in gut bacterial species between the two

groups. SPE: severe preeclampsia; Control: healthy controls

preeclampsia group exhibited significantly lower abun-
dance (P<0.05, FDR), thereby affirming the high repro-
ducibility of the metagenomic sequencing results
(Fig. 2D).

Identification of microbial function capacity associated
with severe preeclampsia

We then compared the potential functional capacities of
the gut microbiome between severe preeclampsia and
healthy controls by aligning and classifying the microbial
genes to the KEGG databases. Three KEGG Orthology

(KO) genes (Fig. 3A) and four KEGG pathways (Fig. 3B)
with distinct enrichments were identified between
severe preeclampsia and healthy controls, respectively.
The three different KO genes K07491 (REP-associated
tyrosine transposase), K02406 (flagellin), and K03406
(methyl-accepting chemotaxis protein) were enriched
in healthy pregnant women. Similarly, the four different
KEGG pathways bacterial chemotaxis, MAPK signal-
ing pathway, flagellar assembly, and PI3K-Akt signaling
pathway also exhibited higher abundances in healthy
pregnant women. Notably, K02406 (flagellin) and K03406
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(methyl-accepting chemotaxis protein) were related to
the KEGG pathways flagellar assembly and bacterial che-
motaxis, respectively. We further assessed the correla-
tion between shifts in bacterial species and changes in
KO genes and KEGG pathways using Spearman correla-
tion analysis. The results indicated that Limosilactobacil-
lus fermentum was positively and significantly correlated
with K02406 (flagellin), K07491 (REP-associated tyrosine
transposase) and flagellar assembly (Fig. 3C). These find-
ings suggest that changes in bacterial species contribute
to shifts in KO genes and KEGG pathways.

Differential fecal metabolite profiles between severe
preeclampsia and healthy controls

To systematically evaluate the shifts of fecal metabo-
lome between severe preeclampsia and healthy controls,
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untargeted fecal metabolomic profiles were determined
using LC-MS/MS. A total of 686 fecal metabolites were
obtained after normalization. An obvious shift in the
fecal metabolome was observed between severe pre-
eclampsia and healthy controls (Fig. 4A). Specifically, we
identified a total of 31 metabolite features showing dis-
tinct enrichment patterns between severe preeclampsia
and healthy controls (Wilcoxon, P<0.05; Additional file
3: Table S2). Then, a random forest analysis and LASSO
regression analysis were performed to identify fecal bio-
markers for discriminating severe preeclampsia from
healthy pregnant women based on fecal metabolomic
profiles. A total of 21 (Fig. 4B) and 17 (Additional file 4:
Table S3) metabolite features were identified as differen-
tial metabolites between severe preeclampsia and healthy
controls, respectively. Interestingly, six differential
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Fig. 4 The changes in fecal metabolome between severe preeclampsia and healthy controls, and functional enrichment of differential fecal metabolite
features. A PLS-DA plot of fecal metabolite profiles indicates the significant differentiation of fecal metabolite profiles between severe preeclampsia and
healthy controls. B Significantly different abundances of fecal metabolites by Random Forest model. C-D KEGG pathways enriched by the metabolite
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altered metabolite features, and the Y-axis shows the P-value obtained for each pathway in the enrichment analysis. The size and color of the dots indicate
the overall pathway impact. SPE: severe preeclampsia; Control: healthy controls
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metabolite features were identified in all three analyses.
These enriched metabolites included two metabolite
features that were significantly enriched in healthy preg-
nant women, and four metabolite features that were sig-
nificantly enriched in severe preeclampsia. For example,
Guanidoacetic acid and L-Valine, 5-Deoxy-D-glucuro-
nate, Phenylpropanoate, Agmatine, and N-Acetylputres-
cine were enriched in healthy pregnant women and
severe preeclampsia, respectively. The differential
metabolite features identified in severe preeclampsia and
healthy controls were separately annotated and classified
using KEGG pathways. We found that the metabolites
having higher abundances in healthy controls were sig-
nificantly enriched in the KEGG pathway of arginine and
proline metabolism and glycine, serine and threonine
metabolism (Fig. 4C). In comparison, the pathway of ino-
sitol phosphate metabolism and pentose and glucuronate
interconversions were enriched by the metabolites hav-
ing higher abundances in severe preeclampsia (Fig. 4D).
A Spearman correlation analysis was performed to fur-
ther evaluate the correlations between differential bacte-
rial species and metabolite features. The results indicate
that Limosilactobacillus fermentum was negatively and
significantly correlated with Phenylpropanoate (P<0.001)
and Agmatine (P<0.05), respectively (Fig. 5A). Further-
more, Phenylpropanoate could be used to distinguish
severe preeclampsia and healthy pregnant women with

A B

Color Key
=

-0.5 0.5

Correlation °°'ﬁ°iel’ﬂ_’_':l_|

M

|: =~ L-Valine
* Guanidoacetic acid
Axk wk * * = Phenylpropanoate
* wx wh 5-Deoxy-D-glucuronate
* ok N-Acetylputrescine
Agmatine
ESgL2 2 8wL EQ VY E
Z23ESEAN BRI 2
EESS oS ® gOa- 8
QoEEOITRN I QLS
£ 0 £ c8 Y 0 wKN £
= a nw 8 OMm 8N O O g
&)E< 33222 90 9 9o £
] S 0VRIL ETL2R aQ
23 S IS B SR~ M=% a a a ©
20x 8 g2o 2000
EEEEE RS EE DR
a » g gm.gg o = 9
g = E=ECE3ZT
8 o< =85 gp 4
= a <35 O [}
g S g g
€ © o @
£

Sensitivity (%)

Page 8 of 12

robust and high diagnostic accuracy of the area under the
curve (AUC) 98.57% (Fig. 5B).

Co-occurrence analysis between the gut bacteria and fecal
metabolites

We further explored the potential correlations between
differential bacterial species and fecal metabolites by
co-occurrence network analysis. Strong and broad co-
occurring relationships were observed between each
other (Fig. 6). The differential bacterial species and fecal
metabolites were mainly aggregated into six clusters in
this network. The bacterial species belonging to cluster
1 were enriched in healthy pregnant women. The bacte-
rial species enriched in severe preeclampsia were mainly
included in cluster 3. The metabolites having higher
abundances in healthy controls were primarily included
in clusters 1, 5 and 6, while clusters 2, 3, and 4 comprised
the metabolites having higher abundances in severe pre-
eclampsia. Interesting, Limosilactobacillus fermentum
was significantly and positively correlated with the bacte-
rial species in cluster 1.

Multiple markers associated with the phenotypes of severe
preeclampsia

We also analyzed the relationship between discriminative
bacterial species and phenotypes and discriminative fecal
metabolites and phenotypes using the Spearman corre-
lation analysis. The results indicated that seven markers

100

80
|

60
|

40

20

AUC=98.57 %
95% ClI: 94.61 %- 100 %

o_

I
100 80 60 40 20 0
Specificity (%)

Fig. 5 The relationships of altered fecal metabolite features with differential bacterial species, and Receiver operating curve (ROC). A Relationships. The
X-axis represents differential fecal metabolite features. The Y-axis represents the differential bacterial species. * P<0.05, ** P<0.01,and *** P<0.001. BROC.

The AUC was 98.57% with a 95% Cl of 94.61-100%
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Fig. 6 A co-occurrence network constructed with bacterial species and fecal metabolites showing different abundances between severe preeclampsia
and healthy controls. Purple and blue dots indicate the severe preeclampsia and healthy control groups, respectively. Edges between nodes indicate

Spearman’s negative (light gray) or positive (light red) correlation

were identified to be significantly associated with several
phenotypes (Fig. 7). For example, Limosilactobacillus fer-
mentum was negatively and significantly correlated with
SP (r = -0.64, P=3.86E-03), CREA (r = -0.50, P=3.41E-
02), and Cys-C (r = -0.64, P=3.86E-03). Phenylpropano-
ate was positively and significantly correlated with SP
(r=0.71, P=9.70E-04), DP (r=0.59, P=1.08E-02), AST
(r=0.57, P=1.29E-02), CREA (r=0.67, P=2.22E-03), and
Cys-C (r=0.50, P=4.20E-02), while ALB was negatively
and significantly correlated with phenylpropanoate (r =
-0.68, P=1.93E-03).

Discussion

In this study, we compared the bacterial composition
of the gut microbiome between severe preeclampsia
and healthy controls by metagenomic sequencing and
identified bacterial species associated with severe pre-
eclampsia. We identified and independently validated
Limosilactobacillus fermentum which could distinguish
severe preeclampsia from healthy controls with high
accuracy. Moreover, we outlined interaction networks
of differential bacterial species and differential fecal
metabolites. We found that the changes in gut microbi-
ome were correlated with the shifts of fecal metabolome
and should result in severe preeclampsia. Our findings
lay the foundation for understanding the relationships
between the composition and functional capacity of the
gut microbiome with severe preeclampsia.

The bacterial a-diversity analysis revealed no signifi-
cant differences in the Chao, Shannon, and Invsimpson
indexes between individuals with severe preeclampsia
and healthy controls. Lin et al. also found that species
richness in the vaginal microbiota did not differ sig-
nificantly between cases with severe preeclampsia and
controls [34]. However, both Shannon (P=0.001) and
Gini-Simpson (P<0.001) indices were higher in cases
with severe preeclampsia through 16 S ribosomal RNA
gene sequencing of the V3-V4 region [34]. They also
found that Prevotella bivia in vaginal microbiota, which
is tightly regulated by BMI, may be involved in the patho-
genesis of severe preeclampsia [34]. The present study
also illustrates that the gut microbiota from the healthy
controls was substantially different from that of severe
preeclampsia, particularly about the higher proportion
of Lactobacillaceae detected in fecal microbiota through
metagenomic sequencing. Lactobacillaceae can be found
in various parts of the human body, including the gas-
trointestinal tract, reproductive, and urinary systems
[35]. A significant proportion of Lactobacillaceae can
protect healthy women’s urogenital tract from patho-
genic infections [36, 37]. Furthermore, Limosilactoba-
cillus fermentum was the only bacterial species showing
different abundances between severe preeclampsia and
healthy controls through random forest and LEfSe analy-
ses. Our results suggest that the Limosilactobacillus fer-
mentum was a key bacterial biomarker related to severe
preeclampsia. Limosilactobacillus fermentum ferments
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Fig. 7 The relationships of altered bacterial species and fecal metabolite
features with the 14 phenotypes of severe preeclampsia. The X-axis rep-
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carbohydrates to produce lactic acid, ethanol/acetic acid,
and carbon dioxide as by-products [38]. Several studies
have indicated that the effectiveness of administering
Limosilactobacillus fermentum helps in positively altering
the host antioxidant system, which leads to the improve-
ment of various systemic disease phenotypes. This has
been observed in both in vitro and experimental studies,
as well as in some clinical trials [39, 40]. In the male off-
spring of female mice fed with a high-fat high-cholesterol
diet, the application of fermented Limosilactobacillus
fermentum reduced systolic and diastolic blood pressure,
and mean blood pressure levels, as well as alleviated renal
function damage and oxidative stress along the intestinal
renal axis [41]. Furthermore, functional capacity analy-
sis revealed that Limosilactobacillus fermentum was sig-
nificantly and positively associated with KEGG pathways
related to flagellar assembly. Flagella are a class of impor-
tant organelles that protrude from the surface of eukary-
otic cells and play important roles in cell movement,
embryonic development, and signal transduction [42].

Page 10 of 12

Fecal metabolome analysis found that the concen-
tration of Guanidoacetic acid and L-Valine, 5-Deoxy-
D-glucuronate, Phenylpropanoate, Agmatine, and
N-Acetylputrescine were enriched in healthy pregnant
women and severe preeclampsia, respectively. Gua-
nidoacetic acid is an amino acid-like compound that,
although known for a long time, is a relatively unexplored
human metabolite [43]. Guanidoacetic acid deficiency
has been found in many pathologies, ranging from very
rare creatine deficiency syndrome and urea cycle defects
to more common diseases, including trauma, neurologi-
cal disorders, and chronic kidney disease [43]. Exogenous
Guanidoacetic acid can stimulate hormonal release and
neural regulation, alter the metabolic utilization of amino
acids (e.g., arginine), and act as an oxidant-antioxidant
tuner [44]. Agmatine, an endogenous polyamine derived
from L-arginine, elicits tremendous multimodal neuro-
modulant properties [45]. L-arginine supplementation
can enhance anti-infectious, anti-oxidative responses,
and immunity; ameliorate metabolic syndromes (includ-
ing hypertension, obesity, and dyslipidemia); and treat
individuals with preeclampsia, muscular dystrophy, and
sickle cell disease [46]. Of note, Phenylpropanoate was
negatively and significantly correlated with Limosilac-
tobacillus fermentum (P<0.001) and could be used to
distinguish severe preeclampsia from healthy pregnant
women with robust and high diagnostic accuracy of the
area under the curve (AUC) 98.57%. Furthermore, the
differential metabolites were significantly enriched in
the KEGG pathways of arginine and proline metabo-
lism. Arginine and proline are related to immune sys-
tem regulation and intracellular redox levels [47]. Many
studies have found that arginine and proline metabolism
contribute to increased inflammatory reactions, uremic
toxins, and oxidative stress [48—50]. Especially, Wang et
al. revealed that gut dysbiosis in chronic kidney disease
was closely related to disordered arginine and proline
metabolism [51]. In this study, we also found that Limosi-
lactobacillus fermentum was significantly correlated with
the metabolites related to arginine and proline metabo-
lism. This suggests that Limosilactobacillus fermentum
may improve severe preeclampsia through arginine and
proline metabolism. Therefore, from the clinical point
of view, Limosilactobacillus fermentum can be used as a
diagnostic biomarker of severe preeclampsia and can be
developed as a probiotic that could potentially provide a
treatment strategy for severe preeclampsia.

This study has several limitations. The number of
samples was relatively small, the results were estab-
lished based on association studies, and the causality and
underlying mechanisms have not been elucidated. These
gaps should be addressed in future studies.



Liu et al. Journal of Translational Medicine (2024) 22:360

Conclusions

In summary, we found that the composition and func-
tional capacity of fecal microbiome, and fecal metabolites
were significantly changed between severe preeclampsia
and healthy controls. Limosilactobacillus fermentum was
identified as a key bacterial species associated with severe
preeclampsia; it was significantly correlated with the
changes in the functional capacity of flagellar assembly in
the gut microbiome. Untargeted fecal metabolome analy-
sis identified that the concentration of Phenylpropanoate
and Agmatine were associated with severe preeclampsia
and correlated with the abundance of Limosilactoba-
cillus fermentum in the gut. Our findings suggest that
changes in metabolites, possibly due to gut microbes
such as Limosilactobacillus fermentum, can contribute to
the development of severe preeclampsia. This study pro-
vides important insights into the interaction between the
gut microbiome and metabolites and offers a theoretical
basis for improving severe preeclampsia by modulating
the gut microbiome.
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