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Abstract

Background Evidence on the effect of gut microbiota on the number of metabolic syndrome (MetS) risk factors
among children is scarce. We aimed to examine the alterations of gut microbiota with different numbers of MetS risk
factors among children.

Methods Data were collected from a nested case—control study at the baseline of the Huantai Childhood Cardiovas-
cular Health Cohort Study in Zibo, China. We compared the differences in gut microbiota based on 16S rRNA gene
sequencing among 72 children with different numbers of MetS risk factors matched by age and sex (i.e, none, one,
and two-or-more MetS risk factors; 24 children for each group).

Results The community richness (i.e, the total number of species in the community) and diversity (i.e., the richness
and evenness of species in the community) of gut microbiota decreased with an increased number of MetS risk fac-
tors in children (P for trend < 0.05). Among genera with a relative abundance greater than 0.01%, the relative abun-
dance of Lachnoclostridium (Pzpp=0.009) increased in the MetS risk groups, whereas Alistipes (Prp, <0.001) and Lach-
nospiraceae_NK4A136_group (Pgpr=0.043) decreased in the MetS risk groups compared to the non-risk group. The
genus Christensenellaceae_R-7_group excelled at distinguishing one and two-or-more risk groups from the non-risk
group (area under the ROC curve [AUC]: 0.84 — 0.92), while the genera Family_Xill_AD3011_group (AUC: 0.73 —0.91)
and Lachnoclostridium (AUC: 0.77 — 0.80) performed moderate abilities in identifying none, one, and two-or-more
MetS risk factors in children.

Conclusions Based on the nested case—control study and the 16S rRNA gene sequencing technology, we found that
dysbiosis of gut microbiota, particularly for the genera Christensenellaceae_R-7_group, Family_XIll_AD3011_group, and
Lachnoclostridium may contribute to the early detection and the accumulation of MetS risk factors in childhood.
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Background

Metabolic syndrome (MetS) has attracted widespread
attention due to its association with cardiovascular dis-
ease (CVD), which is a major contributor to the burden
of disability and the leading cause of death worldwide
[1-3]. MetS is a complex disorder with several risk fac-
tors including abdominal obesity, dyslipidemia (increased
triglyceride [TG] and decreased high-density lipoprotein
cholesterol [HDL-C]), elevated blood pressure (BP), and
hyperglycemia [4]. It has been reported that the preva-
lence of individual and clustering of MetS risk factors
among children and adolescents has been alarmingly
increasing in recent years [5, 6]. In addition, the num-
ber of MetS risk factors was associated with gradually
increasing odds of short-term and long-term cardio-
vascular damage (7, 8]. Therefore, early detection of the
accumulation of MetS risk factors is important for the
prevention of CVD and related morbidity later in life.

Recently, microbiome-based interventions have been
gaining popularity to treat and prevent metabolic disor-
ders. Previous studies based on mice models and adults
showed the association of alteration of gut microbiota
with MetS and its risk factors [9-12]. However, limited
studies have paid attention to the association in chil-
dren. The gut microbiota of children has been shown to
be more susceptible to environmental factors than that
of adults, and thus the gut microbiota associated with
adult MetS cannot be generalized to children [13]. Sev-
eral studies have investigated the effect of the change in
gut microbiota on individual MetS risk factor (e.g., obe-
sity, elevated BP, hyperglycemia) among children [14—18].
However, to the best of our knowledge, little is known
about the gut microbiota in identifying the number of
MetS risk factors among children. Clarifying this associa-
tion may open avenues for convenient prevention, diag-
nosis, and treatment of the clustering of MetS risk factors
in childhood and thus reduce the huge burden of CVD in
adulthood.

Therefore, in this study, we aimed to identify the differ-
ential gut microbiota among children aged 10— 11 years
with none, one, and two or more numbers of MetS risk
factors.

Methods

Participants and sample collection

This was a nested case—control study from the base-
line of the “Huantai Childhood Cardiovascular Health
Cohort Study” including 1515 children aged 6 — 11 years
old, among whom we identified 24 children with two or
more MetS risk factors. To control for confounding fac-
tors such as age and sex, we conducted a 1:1:1 propensity
score matching to select 24 children without MetS risk
factors and 24 children with one MetS risk factor (none
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MetS risk factor: 10.83+0.35 years old; one MetS risk
factor: 10.73 £ 0.32 years old; two-or-more MetS risk fac-
tors: 10.72+0.33 years old; male: female=15:9 in each
group). Thus, a total of 72 children aged 10—11 years
without the use of antibiotics and probiotics in the past
three months were included in this study (24 children
without MetS risk factors, 24 with one risk, and 24 with
two or more risks). All included children were without
a history of gastrointestinal disorders or diarrhea and
were not taking medications at the time of the study. The
informed consent was written by all participants and
their guardians. This study was approved by the Ethics
Committee of Shandong University.

Clinical data collection

Anthropometrics (e.g., weight, height, BP, and waist cir-
cumference [WC]), demographic characteristics (e.g., age
and sex), and blood biochemistry indexes (e.g., fasting
plasma glucose [FPG], TG, HDL-C, and low-density lipo-
protein cholesterol [LDL-C]) were collected in this study.
Specifically, height and weight were measured twice in
light clothes without shoes using an ultrasonic height
and weight scale (Shengyuan Co. Ltd, HGM-300, Henan,
China). The mean values of two height and weight meas-
urements were used for data analyses with an accuracy of
0.1 cm and 0.1 kg for height and weight, respectively [19].
Body mass index (BMI) was calculated by weight (kg)
divided by height (m) squared. WC was measured twice
using a non-elastic measuring tape at 1 cm above the
navel around a week horizontally, and the mean values of
two WC measurements were used for data analyses with
an accuracy of 0.1 cm [19]. BP was measured three times
continuously with the deviation of any two BP values
controlled within 4 mmHg (OMRON-HEM 7012, Osaka,
Japan), and the mean values of three BP measurements
were used for data analyses [20]. FPG, TG, HDL-C, and
LDL-C were measured using a Beckman Coulter AU480
automatic analyzer (Mishima, Shizuoka, Japan) [20].

Definition

Children received one point for each MetS risk fac-
tor if they met the criteria outlined as follows: (1)
elevated BP: systolic BP (SBP) and/or diastolic BP
(DBP) >the age- and sex-specific 90" percentile
[21]; (2) hyperglycemia: FPG>5.6 mmol/L [22]; (3)
dyslipidemia: TG>1.47 mmol/L; (4) dyslipidemia:
HDL-C<1.03 mmol/L [23]; (5) abdominal obesity:
WC > the age- and sex-specific 90" percentile [24]. Thus,
based on the number of MetS risk factors, children were
classified into three groups (non-risk, one-risk, and two-
or-more-risks). In this study, alterations of gut microbi-
ota refer to the difference in the composition and relative
abundance of dominant species, community richness
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(i.e., the total number of species in the community) and
diversity (i.e., the richness and evenness of species in the
community), and differential species among groups with
an increasing number of MetS risk factors compared
with the group without MetS risk factors.

Basic characteristics

The frequency of fruit and vegetable intake each day, the
frequency of soft drink intake every week, and physical
activity were classified into<3 times/day vs.>3 times/
day,<3 times/week vs.>3 times/week, and<1 h/day
vs.> 1 h/day, respectively. Parental education was divided
into lower than high school and high school or higher
(i.e., one of parents with high school or higher). Both
paternal smoking and drinking were classified as yes and
no.

Fecal samples collection and processing

Fresh fecal samples from children who had not received
antibiotics within the past three months were collected in
sterile fecal tubes and then frozen in — 80 °C refrigerators.
Microbial genomic DNA (gDNA) was extracted from the
fecal samples and detected by 1% agarose gel electropho-
resis [25]. 16S rRNA gene was selected as bacterial spe-
cific fragment using 338F (5-ACTCCTACGGGAGGC
AGCAG-3) and 806R (5-GGACTACHVGGGTWT
CTAAT-3’) primers [26]. Amplifications were performed
using TransGen AP221-02: TransStart Fastpfu DNA
Polymerase [27]. A two-stage PCR was performed in the
ABI GeneAmp® 9700 (Applied Biosystems Inc. USA) in
triplicate [28]. Then, the PCR products of the same sam-
ple were mixed and detected using 2% agarose gel elec-
trophoresis, followed by recovering with AxyPrepDNA
Gel Recovery Kit (Axygen; Corning, Inc., Corning, NY,
USA) and eluting with Tris—HCI [29].

According to the preliminary quantitative results of
electrophoresis, the PCR products were detected and
quantified with the QuantiFluor "-ST Blue Fluorescence
Quantitative System (Promega Corp., Madison, WI,
USA) [30]. The purified amplicons were pooled in equi-
molar amounts and sequenced on an Illumina Hiseq3000
platform (Illumina, SanDiego, CA, USA) according to the
standard protocols.

Sequence processing and analysis

Quality control of the raw sequencing reads was per-
formed using the FastQC tool (https://www.bioinforma
tics.babraham.ac.uk/projects/fastqc/) [31] to filter the
bad reads, the low-quality bases, adapters, and N-bases
[32]. According to the overlap relation between Pair-end
(PE) reads, we merged pairs of reads into a sequence with
a minimum length of overlap of 10 bp [33]. After detect-
ing and filtering the chimera sequence, the data were
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analyzed with the Quantitative Insights Into Microbial
Ecology (QIIME 1.9.1; http://qiime.org/install/index.
html) toolkit to obtain the optimization sequence [34].
The raw sequencing reads have been submitted to the
Sequence Read Archive (SRA) of the National Center for
Biotechnology Information (NCBI) database (BioProject
ID: PRJNA775883; https://www.ncbi.nlm.nih.gov/biopr
oject/PRINA775883), and this deposited data is available
in the NCBI database.

According to a 97% similarity cut-off, the Operational
Taxonomic Units (OTU) clustering was performed for
non-repeating sequences (excluding single sequences)
using Uparse software (version 7.0.1090; http://drive5.
com/uparse/). At the same time, chimeric sequences
were identified and removed to obtain representative
sequences of OTUs [29]. According to the Silva data-
base (Release 138; http://www.arb-silva.de), taxonomic
annotation was performed on the OTUs representative
sequences of each sample based on the RDP classifier
Bayesian algorithm Classifier (version 2.11; http://sourc
eforge.net/projects/rdp-classifier/) with a 0.7 confidence
threshold [29].

Statistical analyses

The continuous variables were presented as mean and
standard deviation (SD), and the categorical variables
were presented as n (%). The Analysis of Variance was
performed to compare the differences in age, WC, BMI,
SBP, DBP, FPG, TG, LDL-C, and HDL-C among the three
groups, and the Chi-square test was performed to com-
pare the differences in sex, the frequency of fruit and veg-
etable intake each day, the frequency of soft drink intake
every week, physical activity, parental education, paternal
smoking, paternal drinking, parental BMI, parental his-
tory of hypertension, heart disease, stroke, and diabe-
tes among the three groups. SPSS 25.0 software (IBM,
Armonk, NY, USA) and R language (version 3.3.1) were
used for analysis. Two-sided P values < 0.05 indicate a sig-
nificant difference.

The rarefaction curve was used to explore the sequenc-
ing depth as well as the abundance of sample species with
different sequencing quantities based on the Sobs index
(community richness) and Shannon index (community
diversity). The Venn diagram analysis was performed to
count the number of common and unique OTUs among
the three groups. Among genera with a relative abun-
dance greater than 0.01%, the bar plot and the non-par-
ametric Kruskal-Wallis H test were used to compare the
changes in composition and relative abundance of genera
among the three groups with the adjustment of the false
discovery rate (FDR).

The a-diversity indexes including the Ace, Chao
1, Shannon, and Inverse Simpson were calculated to


https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
http://qiime.org/install/index.html
http://qiime.org/install/index.html
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA775883
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA775883
http://drive5.com/uparse/
http://drive5.com/uparse/
http://www.arb-silva.de
http://sourceforge.net/projects/rdp-classifier/
http://sourceforge.net/projects/rdp-classifier/

Sun et al. BMC Pediatrics (2023) 23:191

evaluate the community diversity and richness of gut
microbiota at the OTU level using the Mothur software
platform (version 1.30.2; https://www.mothur.org/wiki/
Download_mothur) [35]. A trend test was used to esti-
mate trends in P values for the a-diversity indexes of gut
microbiota and the number of MetS risk factors. The dif-
ference in 5-diversity among the three groups was calcu-
lated according to the Bray—Curtis distance matrix using
permutational ANOSIM in the Principal Coordinate
Analysis (PCoA) and Non-metric multidimensional scal-
ing analysis (NMDS) [36].

At the genus level, the Linear Discriminant Analysis
Effect Size (LEfSe) and the linear discriminant analy-
ses (LDA) were performed to evaluate the extent of the
contribution of differential gut microbiota to the differ-
ent numbers of MetS risk factors. The random forest
model analysis was conducted to screen out the top ten
genera biomarkers to distinguish the groups with at least
one MetS risk group from the non-risk group based on
the randomForest package of the R language. We further
evaluate the differences in the relative abundance of these
top ten genera biomarkers among the three groups based
on the non-parametric Kruskal-Wallis H test with the
EDR. Finally, the significant genera in the LEfSe analy-
sis, the random forest analyses, and the non-parametric
Kruskal-Wallis H test were selected as potential diag-
nostic biomarkers for the different numbers of MetS risk
factors in children. The receiver operating characteristic
curve (ROC) was performed to evaluate the ability of
these selected genera in identifying the number of MetS
risk factors (i.e., area under the ROC curve [AUC]) based
on the pROC package of the R language.

Phylogenetic Investigation of Communities by Recon-
struction of Unobserved States 2 (PICRUSt2) software
was performed to predict the Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways of gut microbiota
based on the Greengene database [37]. The non-paramet-
ric Kruskal-Wallis H test was performed to compare the
differences in KEGG level 3 pathways among the three
groups. Then, the Post-hoc test with Tukey Kramer was
used for further pairwise comparisons on the differential
pathways based on the STAMP software [38] (Additional
file 1).

Results

Study population

A total of 72 children aged 10.8 0.3 years were included
in this study and were categorized into three groups,
including the non-risk group (n =24), the one-risk group
(n=24), and the two-or-more-risk group (n=24). The
number of children with different MetS risk factors in
each group is presented in Table S1. As shown in Table 1,
no significant differences were observed in age, sex, FPG,
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LDL-C, the frequency of fruit and vegetable intake each
day, the frequency of soft drink intake every week, paren-
tal education, paternal smoking, paternal drinking, and
physical activity among these three groups. Compared
with the non-risk group, the other two groups with at
least one MetS risk factor reported a significantly higher
WC (P<0.001), BMI (P<0.001), SBP (P<0.001), DBP
(P<0.001), and TG (P<0.001), and a marginally lower
HDL-C (P=0.052). Moreover, there were no significant
differences in parental BMI, parental history of hyperten-
sion, heart disease, stroke, and diabetes across the three
groups (Table S2).

OTU analysis among the three groups

A total of 1,026 OTUs were obtained. In the Venn dia-
gram, 590 OTUs were shared by three groups, and 144,
47, and 30 unique OTUs were observed in the non-risk,
one-risk, and two-or-more-risk groups, respectively (Fig.
Sla). The rarefaction curves of the Shannon and Sobs
index revealed that the sequencing data met the require-
ments (i.e., the sample size of participants and sampling
depth were reasonable) of the analysis (Fig. S1b, c).

Differences in community diversity and richness of gut
microbiota

The results of a-diversity analyses showed that the com-
munity richness indexes including Ace index (one vs.
none: P=0.001; two-or-more vs. none: P<0.001; and
two-or-more vs. one: P=0.019, Fig. 1a) and Chao 1 index
(one vs. none: P=0.001; two-or-more vs. none: P<0.001;
and two-or-more vs. one: P=0.035, Fig. 1b) were highest
in the non-risk group, followed by the one-risk and two-
or-more risk groups. The community diversity indexes,
including the Shannon index (one vs. none: P=0.019;
two-or-more vs. none: P<0.001, Fig. 1c) and the Inverse
Simpson index (one vs. none: P=0.024; two-or-more Vvs.
none: P=0.005, Fig. 1d), were only statistically differ-
ent between the non-risk group and the one-risk group
or two-or-more-risk group. The trend analyses showed
that all the Ace index, Chao 1 index, Shannon index,
and Inverse Simpson index decreased with the increased
number of MetS risk factors (all P for trends <0.01).

B-diversity analysis of gut microbiota among the three
groups

The PCoA analysis indicated that the gut microbiota
across the three MetS risk factor groups could be statisti-
cally separated (P=0.006; Fig. S2a). Additionally, NMDS
analysis showed that the composition of gut microbiota
was statistically separated among three MetS risk factor
groups (P=0.006; Fig. S2b).
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Table 1 Characteristics of children among three groups
Parameters and clinical data Non-risk One-risk Two-or-more-risks Fix? P-value
(n=24) (n=24) (n=24)
Age (years; mean = sd) 10.83+£0.35 10.73£0.32 10.72+£0.33 0.72° 0.492
Sex (male, n %) 15 (62.5%) 15 (62.5%) 15 (62.5%) 0.00° 1.000
WC (cm; mean =% sd) 60.71£3.34 7209+ 11.31 82354940 37.09° <0.001
BMI (kg/m? mean = sd) 16.28+£1.44 21.30£4.00 2541+£3.70 47.39° <0.001
SBP (mmHg; mean =+ sd) 104.06 £6.00 111.77+£748 117.54+6.94 2351° <0.001
DBP (mmHg; mean =+ sd) 60.98+4.19 64.48+5.66 68.02+6.73 941° <0.001
FPG (mmol/L; mean +£ sd) 461£1.08 443+1.77 4814+1.24 0.46° 0.636
TG (mmol/L; mean =% sd) 0.754+0.29 0974047 1261046 9.14° <0.001
HDL-C (mmol/L; mean % sd) 1.70+£0.54 141+£071 1.31+£041 3.09° 0.052
LDL-C (mmol/L; mean = sd) 216+0.79 2.084+1.00 2.524+0.85 1.68° 0.194
Fruit-vegetables (n %) 0.79° 0.673
<3 times/day 12 (50.0%) 15 (62.5%) 14 (58.3%)
> 3 times/day 12 (50.0%) 9 (37.5%) 10 (41.7%)
Soft drink (n %) 2.69° 0351
<3 times/week 23 (95.8%) 23 (95.8%) 20 (83.3%)
> 3 times/week 1(4.2%) 1 (4.2%) 4(16.7%)
Parental education (n %) 1.52¢ 0469
Lower than high school 4(16.7%) 7 (29.2%) 4(16.7%)
High school or higher 20 (83.3%) 17 (70. 8%) 20 (83.3%)
Paternal smoking (n %) 0.84° 0.656
No 10 (41.7%) 7(29.2%) 9 (37.5%)
Yes 14 (58.3%) 17 (70.8%) 15 (62.5%)
Paternal drinking (n %) 0.00¢ 1.000
No 2 (8.3%) 2 (8.3%) 2 (8.3%)
Yes 22 (91.7%) 22 (91.7%) 32 (91.7%)
Physical activity (n %) 137° 0504
<1 h/day 12 (50.0%) 16 (66.7%) 14 (58.3%)
>1 h/day 12 (50.0%) 8(33.3%) 10 (41.7%)

Note: ®Analysis of Variance; °chi-square test; Fisher’s exact test; sd standard deviation, WC waist circumference, BMI body mass index, sd standard deviation, SBP
systolic blood pressure, DBP diastolic blood pressure, FPG fasting plasma glucose, TG triglyceride, HDL-C high-density lipoprotein cholesterol, LDL-C low-density

lipoprotein cholesterol

Differences in the composition and relative abundance

of gut microbiota among the three groups

Among genera with a relative abundance greater than
0.01%, the relative abundance of Faecalibacterium, Bifi-
dobacterium, Bacteroides, and Subdoligranulum ranked
the top four in the non-risk group, while Bacteroides,
Faecalibacterium, Bifidobacterium, and Agathobac-
ter ranked the top four in both the one-risk group and
two-or-more-risk group. In addition, the relative abun-
dance of Lachnoclostridium (Prpp=0.001) significantly
increased in the one-risk group and two-or-more-
risk group, while the relative abundance of Alistipes
(Pppr<0.001) and Lachnospiraceae NK4A136_group
(Prppr=0.017) decreased in the one-risk group and two-
or-more-risk group compared with the non-risk group
(Fig. 2).

Screening out biomarkers associated with the number

of MetS risk factors

Under the LDA threshold of 2.0, LEfSe and LDA analyses
showed that a total of 33, 4, and 4 genera were enriched in
the non-risk group, one-risk group, and two-or-more-risk
group, respectively (Fig. S3a and Table S3). The random
forest analysis found that Christensenellaceae_R-7_group,
Family_XIII_AD3011_group, Ruminiclostridium_6,
Tyzzerella_4, Ruminococcaceae_ UCG-002, Lachnoclo-
stridium, unclassified_o__Bacteroidales, Lachnospira,
Parasutterella, and Ruminococcaceae_UCG-005 were the
top ten biomarkers associated with the different numbers
of MetS risk factors at the genus level (Fig. S3b and Table
S4), and these ten genera were also significant in the
LEfSe and LDA analyses. Furthermore, we found Lach-
noclostridium (Pppr=0.009) was significantly enriched
in the one-risk group and two-or-more-risk group,
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whereas  Ruminococcaceae UCG-002  (Pppp=0.002),

Christensenellaceae R-7 group  (Pppr<0.001), Rumi-
nococcaceae_UCG-005  (Pppp=0.009), Tyzzerella 4
(Prpr=0.020), Family XIII_ AD3011_group
(Prpr<0.001), Ruminiclostridium_6 (Pgpp=0.002), and
unclassified_o__Bacteroidales (Prpr<0.001) were signifi-
cantly enriched in the non-risk group based on the non-
parametric Kruskal-Wallis H test (Fig. S3c and Table 2).

Exploring the diagnostic efficacy of potential biomarkers

We used ROC analyses to explore the diagnos-
tic efficacy of these eight genera and found that
Christensenellaceae_R-7 group had a higher ability in
distinguishing the one-risk group (AUC=0.84, 95%
CI: 0.73—-0.95, P<0.001) and two-or-more-risk group
(AUC=0.92, 95% CI: 0.83—1.00, P<0.001) from the
non-risk group, while this genus had a weak ability to
distinguish two-or-more-risk group from one-risk group
(AUC=0.61, 95% CI: 0.44—0.77, P>0.050; Fig. 3a).
Besides, Family XIII_AD3011_group similarly had a
powerful capacity to differentiate the two-or-more-risk

group (AUC=0.91, 95% CI: 0.83 —1.00, P<0.001) from
the non-risk group, and a moderate capacity to dif-
ferentiate the one-risk group from the non-risk group
(AUC=0.78, 95% CIL: 0.65—0.91, P<0.050), as well as
the two-or-more-risk group from the one-risk group
(AUC=0.73, 95% CI: 0.59—0.87, P<0.050; Fig. 3b). In
addition, Lachnoclostridium had a moderate ability to
differentiate these three groups (AUC>0.77, P<0.05)
(Fig. 3¢, the ROC for two-or-more vs. none risk and two-
or-more vs. one risk are overlapped). The ROC results of
the other five genera are presented in Fig. S1d-h.

Differences in KEGG pathways among the three groups

The KEGG pathway analyses showed that D-Glutamine
and D-glutamate metabolism, cysteine and methionine
metabolism, polyketide sugar unit biosynthesis, cationic
antimicrobial peptide (CAMP) resistance, and acarbose
and validamycin biosynthesis were the differential path-
ways among the three groups (all P<0.001). Except for
the cationic antimicrobial peptide (CAMP) resistance



Sun et al. BMC Pediatrics (2023) 23:191

Community barplot analysis

W Faecalivacterium

[WBactercides

i Bifidobacterium
Agathobacter

W Subdoligranulum
Blautia

[l Megamonas
Fusicatenibacter

W Dialister

[ Streptococcus

M Ruminococeus_2
Roseburia

MiDorea
W Prevotelia_9

Alistipes
i Lactobacillus
Romboutsia
W Megasphaera
Wl Anzerostipes
Parasutterella

[l Collinsella
W Parabacteroides
Mothers

Percent of community abundance on Genus level

Non_risk Two_or_more_risk

One_risk

Samples

I Evbacterium)_halii_group

M Lachnoclostridium

Page 7 of 12

M Evbacterium]_coprostanoligenes._group
I Escherichia-Shigella
i Lachnospiraceae_NK4A136_group

Genus Non-risk One-risk mrl;\:::g;s Pror
Faecalibacterium 16.6% 145% 13.5% 0.609
Bacteroides 12.4% 17.0% 14.9% 0.393
Bifidobacterium 13.1% 89% 11.5% 0411
Agathobacter 42% 7.5% 7.4% 0.344
Subdoligranulum 83% 4.7% 54% 0.155
Blautia 5.9% 4.8% 5.0% 0935
Megamonas 0.1% 2.7% 5.6% 0.107
Fusicatenibacter 1.8% 2.5% 2.7% 0.574
Dialister 2.9% 23% 0.6% 0.155
Streptococcus 1.1% 2.5% 2.0% 0.670
Ruminococcus_2 2.0% 2.0% 13% 0.452
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Fig. 2 Differences in the composition and relative abundance of gut microbiota at the genus level among the three groups based on the

non-parametric Kruskal-Wallis H test

Table2 The mean relative abundance of gut microbiota
biomarkers based on the non-parametric Kruskal-Wallis H test

Feature Non-risk One-risk Two-or- Py
(n=24) (n=24) more-

risks

(n=24)
Christensenellaceae_R-7_ 0.83 017 0.10 <0.001
group
Family_XIll_AD3011_group  0.06 0.02 0.01 <0.001
Ruminiclostridium_6 0.04 0.003 0.002 0.002
Tyzzerella_4 0.07 0.04 0.01 0.020
Ruminococcaceae_UCG- 0.67 0.36 0.13 0.002
002
Lachnoclostridium 0.60 143 2.03 0.009
Unclassified_o__Bacteroi- 0.02 0.003 0.004 <0.001
dales
Ruminococcaceae_UCG- 0.24 0.08 0.02 0.009

005

pathway enriched in the MetS risk groups, the other four
pathways were all enriched in the non-risk group (Fig.
S4).

Discussion

To the best of our knowledge, we initially found that
the dysbiosis of gut microbiota was associated with the
different numbers of MetS risk factors among chil-
dren. There was a downward trend in the community

diversity and richness of gut microbiota with the
increased number of MetS risk factors. Among genera
with a relative abundance greater than 0.01%, the genus
Lachnoclostridium increased in the MetS risk groups,
whereas the genera Alistipes and Lachnospiraceae_
NK4A136_group decreased in the MetS risk groups com-
pared with the non-risk group. In addition, the genera
Christensenellaceae_R-7_group, Family XIII AD3011_
group, and Lachnoclostridium performed moderately
well in identifying the number of MetS risk factors. Our
KEGG pathway analyses showed that D-Glutamine and
D-glutamate metabolism and cysteine and methionine
metabolism pathways might participate in cardiovascu-
lar homeostasis through the regulation of gut microbiota.
These findings confirmed that gut microbiota played a
pivotal part in identifying the number of MetS risk fac-
tors among Chinese children.

It has been shown that specific MetS risk factors are
inversely associated with the community richness and
diversity of gut microbiota among adults [39]. For exam-
ple, individuals with obesity, dyslipidemia, or hyper-
tension were more likely to obtain a lower community
richness of gut microbiota compared with normal con-
trols [40-42]. In addition, previous studies found that
increased BMI and blood lipid levels (e.g., TG) were
associated with reduced bacterial diversity among adults
[42, 43]. Alterations in the composition of gut microbiota
have also been reported to be linked to atherosclerosis,
hypertension, obesity, and type 2 diabetes mellitus [39].
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Fig. 3 Evaluating the diagnostic efficacy of gut microbiota biomarkers associated with MetS risk factors among children. (a)
Christensenellaceae_R-7_group, (b) Family_XIll_AD3011_group, and (c) Lachnoclostridium (The red curve is the same as the blue curve)

However, these previous findings only focused on one
MetS risk factor or were limited to adults, ignoring the
association between the clustering of MetS risk factors
and the imbalance of gut microbiota. In this study, we not
only found that the richness estimators of gut microbiota
decreased among children with one MetS risk factor, but
also further found that there was a decreasing trend of
community diversity and richness with the accumulation
of MetS risk factors among children.

There were complex interactive effects of genetic back-
ground, gut microbiota, and diet on the development of
obesity and MetS features [44]. In this study, we found
that there are no differences in diet across these three
groups, suggesting that the differential gut microbiota
across groups might be due to genetic influences. How-
ever, the diet information we collected was self-reported,
which might bias the true results. Besides, we addition-
ally performed analyses on the difference in parental
BMI, and parental history of hypertension, heart dis-
ease, stroke, and diabetes across three groups and found
that there were no differences across three groups. Our
findings suggest that other unmeasured variables might
affect the association between gut microbiota and the
number of MetS risk factors. Future studies with larger
sample sizes, more accurate dietary information, and
detailed lifestyle information were called for verifying our
findings.

Consistent with our findings in the association of
Lachnoclostridium, Alistipes, and Lachnospiraceae_
NK4A136_group with the different number of MetS risk
factors, previous animal studies showed that the relative
abundance of Lachnoclostridium was positively related
to TG and negatively related to HDL-C in rats [45].
However, the relative abundance of Lachnospiraceae_
NK4A136_group was negatively associated with weight

gain and serum lipid levels in mice [46—48]. Addition-
ally, the relative abundance of Alistipes was reduced in
obese adults with metabolic diseases from China [49],
obese adults from the Netherlands [50], and obese indi-
viduals with type 2 diabetes mellitus from Germany [51].
These findings suggest that the higher abundance of the
genus Lachnoclostridium and the lower abundance of the
genera Alistipes and Lachnospiraceae_ NK4A136_group
might contribute to the accumulation of MetS risk fac-
tors among children.

In this study, we also found that the genera
Christensenellaceae_R-7_group and Family XIII_
AD3011_group performed a high ability in differenti-
ating the two-or-more MetS risk factor group from the
non-risk group. Christensenellaceae_R-7_group was
found to be negatively related to body weight, visceral
fat percentage, and FPG levels in animal experiment
studies [52-54]. Moreover, it has been reported that the
Family XIII AD3011_group was inversely related to gly-
cated hemoglobin, 2 h glucose level and insulin, BMI, and
secretion index in patients with type 2 diabetes mellitus,
suggesting that it could be a novel predictive microbial
biomarker for type 2 diabetes mellitus [55, 56]. These
findings imply that the Christensenellaceae R-7 group
and Family XIII AD3011_group may provide a non-
invasive, practical, and clinical diagnosis of the accumu-
lation of MetS risk factors in children.

Previous studies supported our findings that the
D-Glutamine and D-glutamate metabolism, as well as
cysteine and methionine metabolism, play an important
role in the accumulation of MetS risk factors [57-64]. It
has been reported that the glutamate concentration was
positively related to TG, glucose, BMI, and the increased
risks of type 2 diabetes mellitus, whereas the ratio of glu-
tamine/glutamate was negatively related to TG, glucose,



Sun et al. BMC Pediatrics (2023) 23:191

BM]I, and the increased risks of type 2 diabetes mellitus
in Mediterranean and Spanish populations [57-59]. Fur-
thermore, plasma total cysteine and methionine were
strongly associated with MetS risk factors such as higher
total cholesterol concentration, elevated BP, obesity, and
type 2 diabetes mellitus [60—64]. These findings suggest
that gut microbiota may be associated with the number
of MetS risk factors through D-Glutamine and D-glu-
tamate metabolism, as well as cysteine and methionine
metabolism pathways.

This study has some limitations. First, the sample size
in this study is smaller compared to studies in adults, so
further validation with a larger sample size is warranted.
However, the small sample size could still provide sta-
tistical confidence for our results because of the meas-
urement of substantial changes in gut microbiota [65].
Second, due to the case—control study, a causal asso-
ciation between gut microbiota and the number of MetS
risk factors cannot be concluded. Third, limited informa-
tion on CRP or other cytokines and parental risk factors
for MetS prohibited us from performing the effects of
these clinical indicators on the association between alter-
ation of gut microbiota and the number of MetS risk fac-
tors. Fourth, the differential gut microbiota in this study
should be carefully extrapolated to children of other
ethnicities, and future studies with children from other
regions or countries are needed to validate our find-
ings based on qPCR experiments. Fifth, 16S rRNA gene
sequencing technology provides limited information on
bacterial genes and their functions, and further research
is needed to explicate the pathogenesis and mechanism
of gut microbiota in children with an accumulation of
MetS risk factors. Sixth, because we focused on MetS risk
factors, LDL cholesterol as an important cardiovascular
risk factor was not included in this study. However, we
compared LDL cholesterol across the three groups and
found no significant difference, partly suggesting the
effect of LDL cholesterol on associations between gut
microbiota and the number of MetS risk factors might be
attenuated.

Conclusions

In conclusion, we found that the community richness (i.e.,
the total number of species in the community) and diver-
sity (i.e., the richness and evenness of species in the com-
munity) of gut microbiota decreased with the increased
number of MetS risk factors among children. Specific gut
microbiota, such as the genera Christensenellaceae R-7_
group, Family XIII AD3011_group, and Lachnoclostrid-
ium, may aid in the identification of the number of MetS
risk factors among children. The disturbance of D-Glu-
tamine and D-glutamate metabolism and cysteine and
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methionine metabolism pathways might contribute to
the accumulation of MetS risk factors in children.

Abbreviations

MetS Metabolic syndrome

CvD Cardiovascular diseases

BP Blood pressure

WC Waist circumference

FPG Fasting plasma glucose

TG Triglyceride

HDL-C High-density lipoprotein cholesterol

BMI Body mass index

gDNA Microbial genomic DNA

PE Pair-end

SRA Sequence Read Archive

NCBI The National Center for Biotechnology Information
OTuU Operational Taxonomic Units

SD Standard deviation

ROC Receiver operating characteristic curve

AUC Area under the ROC curve

FDR False discovery rate

PCoA The Principal Coordinate Analysis

NMDS Non-metric multidimensional scaling analysis
LEfSe The Linear Discriminant Analysis Effect Size

LDA The linear discriminant analysis
KEGG The Kyoto Encyclopedia of Genes and Genomes
CAMP Cationic antimicrobial peptide

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512887-023-04017-x.

Additional file 1. The methods and related software used in this study.

Additional file 2: Fig. S1. Differences in essential features of gut micro-
biota among the three groups. (a) Venn diagram. (b) The rarefaction curve
of Shannon index. (c) The rarefaction curve of Sobs index. The ROC analy-
ses for (d) Ruminiclostridium_6, (e) Tyzzerella_4, (f) Ruminococcaceae_UCG-
002, (g) unclassified_o__Bacteroidales, and (h) Ruminococcaceae_UCG-005.

Additional file 3: Fig. S2. Differences in S-diversity of gut microbiota
among the three groups. (a) PCoA plot based on Bray-Curtis distance
matrix; (b) NMDS analysis.

Additional file 4: Fig. S3. Screening out differential gut microbiota
biomarkers associated with numbers of MetS risk factors. (a) the LEfSe
and LDA analyses, (b) the Random forest analysis, (c) the non-parametric
Kruskal-Wallis H test.

Additional file 5: Fig. S4. Differential KEGG pathways among the three
groups; Red bar, non-risk; Blue bar, one-risk; and Green bar, two-or-more
risk.

Additional file 6: Table S1. The number of children with different MetS
risk factors among the three groups. Table S2. Parental BMI and history

of cardiovascular disease among the three groups. Table S3. Specific gut
microbiota associated with MetS risk factors in children identified by LEfSe
and LDA analyses. Table S4. The top 10 gut microbiota at the genus level
screened by the random forest analysis.

Acknowledgements

We are thankful to the National Natural Science Foundation of China, Post-
doctoral Science Foundation of China, and Youth Project of Natural Science
Foundation of Shandong Province for the funding support.

Authors’ contributions

XB contributed to conceptualization, study design, and review & editing.

SJH contributed to study design, analysis, and review & editing. MXY was
responsible for writing—original draft, writing-review and editing. YL, JXL, and


https://doi.org/10.1186/s12887-023-04017-x
https://doi.org/10.1186/s12887-023-04017-x

Sun et al. BMC Pediatrics (2023) 23:191

ZM completed the material preparation, data collection, and analysis. SSH was
responsible for review & editing. All authors contributed to manuscript revi-
sion and approved the submitted version.

Funding

This work was supported by the National Natural Science Foundation of
China (81722039, 81673195; 82204066); Postdoctoral Science Foundation of
China (2021M701978); and Youth Project of Natural Science Foundation of
Shandong Province (ZR2021QH272).

Availability of data and materials

The datasets supporting the conclusions of this article are available in the SRA
repository of the NCBI database (BioProject ID: PRINA775883; https://www.
ncbi.nim.nih.gov/bioproject/PRINA775883).

Declarations

Ethics approval and consent to participate

This study was approved by the Ethics Committee of Shandong University.
Written informed consent has been obtained from the participants and their
guardians.

Consent for publication
Written informed consent for publication was obtained from all participants.

Competing interests
The authors declare that they have no competing interests.

Author details

'Department of Epidemiology, School of Public Health, Cheeloo College

of Medicine, Shandong University, 44 Wen Hua Xi Road, Jinan 250012, China.
2Department of Nutrition and Food Hygiene, School of Public Health, Cheeloo
College of Medicine, Shandong University, Jinan, Shandong, China. *Taub
Institute for Research in Alzheimer s disease and the Aging Brain, Columbia
University, New York, NY, USA.

Received: 16 June 2022 Accepted: 14 April 2023
Published online: 21 April 2023

References

1. Roth GA, Mensah GA, Johnson CO, Addolorato G, Ammirati E, Baddour
LM, et al. Global burden of cardiovascular diseases and risk factors,
1990-2019: update from the GBD 2019 Study. J Am Coll Cardiol.
2020;76(25):2982-3021. https://doi.org/10.1016/jjacc.2020.11.010.

2. Carrizales-Sanchez AK, Garcia-Cayuela T, Hernandez-Brenes C, Senés-
Guerrero C. Gut microbiota associations with metabolic syndrome
and relevance of its study in pediatric subjects. Gut microbes.
2021;13(1):1960135. https://doi.org/10.1080/19490976.2021.1960135.

3. KassiE, Pervanidou P, Kaltsas G, Chrousos G. Metabolic syndrome: defini-
tions and controversies. BMC Med. 2011;9:48. https://doi.org/10.1186/
1741-7015-9-48.

4. Cook S, Weitzman M, Auinger P, Nguyen M, Dietz WH. Prevalence of a
metabolic syndrome phenotype in adolescents: findings from the third
National Health and Nutrition Examination Survey, 1988-1994. Arch
Pediatr Adolesc Med. 2003;157(8):821-7. https://doi.org/10.1001/archp
edi.157.8.821.

5. Saklayen MG. The global epidemic of the metabolic syndrome. Curr

Hypertens Rep. 2018;20(2):12. https://doi.org/10.1007/511906-018-0812-z.

6. ZhuY,Zheng H, Zou Z, Jing J, MaY, Wang H, et al. Metabolic syndrome
and related factors in chinese children and adolescents: analysis from a
Chinese national study. J Atheroscler Thromb. 2020;27(6):534-44. https://
doi.org/10.5551/jat.50591.

7. Heiskanen JS, Ruohonen S, Rovio SP, Pahkala K, Kytd V, Kdhonen M, et al.
Cardiovascular risk factors in childhood and left ventricular diastolic func-
tion in adulthood. Pediatrics. 2021;147(3). https://doi.org/10.1542/peds.
2020-016691.

8. Zhao M, Caserta CA, Medeiros CCM, Lopez-Bermejo A, Kollias A, Zhang
Q, et al. Metabolic syndrome, clustering of cardiovascular risk factors and

20.

21

22

23.

24.

25.

Page 10 of 12

high carotid intima-media thickness in children and adolescents. J Hyper-
tens. 2020;38(4):618-24. https://doi.org/10.1097/hjh.0000000000002318.
Vijay-Kumar M, Aitken JD, Carvalho FA, Cullender TC, Mwangi S, Srinivasan
S, et al. Metabolic syndrome and altered gut microbiota in mice lacking
Toll-like receptor 5. Science (New York, NY). 2010;328(5975):228-31.
https://doi.org/10.1126/science.1179721.

. XuY, Zhang M, Zhang J, Sun Z,Ran L, Ban Y, et al. Differential intes-

tinal and oral microbiota features associated with gestational dia-
betes and maternal inflammation. Am J Physiol Endocrinol Metab.
2020;319(2):E247-e253. https://doi.org/10.1152/ajpendo.00266.2019.

. Wang S, Zhang L, Wang D, Huang M, Zhao J, Malik V, et al. Gut microbiota

composition is associated with responses to peanut intervention in
multiple parameters among adults with metabolic syndrome risk. Mol
Nutr Food Res. 2021;65(18):e2001051. https://doi.org/10.1002/mnfr.20200
1051.

. Guevara-Cruz M, Flores-Lopez AG, Aguilar-Lopez M, Sanchez-Tapia M,

Medina-Vera |, Diaz D, et al. Improvement of lipoprotein profile and
metabolic endotoxemia by a lifestyle intervention that modifies the gut
microbiota in subjects with metabolic syndrome. J American Heart Assoc.
2019;8(17):2012401. https://doi.org/10.1161/jaha.119.012401.

. Derrien M, Alvarez AS, de Vos WM. The gut microbiota in the first decade

of life. Trends Microbiol. 2019;27(12):997-1010. https://doi.org/10.1016/j.
tim.2019.08.001.

. Riva A, Borgo F, Lassandro C, Verduci E, Morace G, Borghi E, et al. Pediatric

obesity is associated with an altered gut microbiota and discordant shifts
in Firmicutes populations. Environ Microbiol. 2017;19(1):95-105. https://
doi.org/10.1111/1462-2920.13463.

. Yuan X, Chen R, McCormick KL, Zhang Y, Lin X, Yang X. The role of the gut

microbiota on the metabolic status of obese children. Microb Cell Fact.
2021;20(1):53. https://doi.org/10.1186/512934-021-01548-9.

. Lakshmanan AP, Shatat IF, Zaidan S, Jacob S, Bangarusamy DK, Al-Abdul-

jabbar S, et al. Bifidobacterium reduction is associated with high blood
pressure in children with type 1 diabetes mellitus. Biomed Pharmacother.
2021;140:111736. https://doi.org/10.1016/j.biopha.2021.111736.

. Del Chierico F, Manco M, Gardini S, Guarrasi V, Russo A, Bianchi M, et al.

Fecal microbiota signatures of insulin resistance, inflammation, and
metabolic syndrome in youth with obesity: a pilot study. Acta Diabetol.
2021;58(8):1009-22. https://doi.org/10.1007/500592-020-01669-4.

. Moran-Ramos S, Lopez-Contreras BE, Villarruel-Vazquez R, Ocampo-

Medina E, Macias-Kauffer L, Martinez-Medina JN, et al. Environmental
and intrinsic factors shaping gut microbiota composition and diversity
and its relation to metabolic health in children and early adolescents: A
population-based study. Gut microbes. 2020;11(4):900-17. https://doi.
0rg/10.1080/19490976.2020.1712985.

. Yang LL, Zhang Q, Zhang YQ, Sun JH, Zhao M, Xi B. Design of huantai

childhood cardiovascular health cohort study. Zhonghua yu fang yi xue
za zhi [Chinese journal of preventive medicine]. 2020;54(12):1461-4.
https://doi.org/10.3760/cma.j.cn112150-20200610-00857.

Zhao M, Lépez-Bermejo A, Caserta CA, Medeiros CCM, Kollias A, Bassols
J, et al. Metabolically Healthy Obesity and High Carotid Intima-Media
Thickness in Children and Adolescents: International Childhood Vascular
Structure Evaluation Consortium. Diabetes Care. 2019;42(1):119-25.
https://doi.org/10.2337/dc18-1536.

Fan H, Yan Y, Mi J. Updating blood pressure references for Chinese chil-
dren aged 3-17 years. Chin J Hypertens. 2017;25(5):428-35.

American Diabetes Association. Diagnosis and classification of diabetes
mellitus. Diabetes care. 2013;36 Suppl 1(Suppl 1):567-74. https://doi.org/
10.2337/dc13-S067.

Expert Panel on Integrated Guidelines for Cardiovascular Health and Risk
Reduction in Children and Adolescents NH, Lung, and Blood Institute.
Expert panel on integrated guidelines for cardiovascular health and

risk reduction in children and adolescents: summary report. Pediatrics.
2011;128 Suppl 5(Suppl 5):5213-256. https://doi.org/10.1542/peds.
2009-2107C.

Ma GS, Ji CY, Ma J, Mi J, Sung R, Xiong F, et al. Waist circumference refer-
ence values for screening cardiovascular risk factors in Chinese children
and adolescents aged 7-18 years. Zhonghua Liu Xing Bing Xue Za Zhi.
2010;31(6):609-15.

JiaW, Zhen J, Liu A, Yuan J, Wu X, Zhao P, et al. Long-Term Vegan Medita-
tion Improved Human Gut Microbiota. Evid-based Complement Altern
Med: eCAM. 2020;2020:9517897. https://doi.org/10.1155/2020/9517897.


https://www.ncbi.nlm.nih.gov/bioproject/PRJNA775883
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA775883
https://doi.org/10.1016/j.jacc.2020.11.010
https://doi.org/10.1080/19490976.2021.1960135
https://doi.org/10.1186/1741-7015-9-48
https://doi.org/10.1186/1741-7015-9-48
https://doi.org/10.1001/archpedi.157.8.821
https://doi.org/10.1001/archpedi.157.8.821
https://doi.org/10.1007/s11906-018-0812-z
https://doi.org/10.5551/jat.50591
https://doi.org/10.5551/jat.50591
https://doi.org/10.1542/peds.2020-016691
https://doi.org/10.1542/peds.2020-016691
https://doi.org/10.1097/hjh.0000000000002318
https://doi.org/10.1126/science.1179721
https://doi.org/10.1152/ajpendo.00266.2019
https://doi.org/10.1002/mnfr.202001051
https://doi.org/10.1002/mnfr.202001051
https://doi.org/10.1161/jaha.119.012401
https://doi.org/10.1016/j.tim.2019.08.001
https://doi.org/10.1016/j.tim.2019.08.001
https://doi.org/10.1111/1462-2920.13463
https://doi.org/10.1111/1462-2920.13463
https://doi.org/10.1186/s12934-021-01548-9
https://doi.org/10.1016/j.biopha.2021.111736
https://doi.org/10.1007/s00592-020-01669-4
https://doi.org/10.1080/19490976.2020.1712985
https://doi.org/10.1080/19490976.2020.1712985
https://doi.org/10.3760/cma.j.cn112150-20200610-00857
https://doi.org/10.2337/dc18-1536
https://doi.org/10.2337/dc13-S067
https://doi.org/10.2337/dc13-S067
https://doi.org/10.1542/peds.2009-2107C
https://doi.org/10.1542/peds.2009-2107C
https://doi.org/10.1155/2020/9517897

Sun et al. BMC Pediatrics

26.

27.

28.

29.

30.

31

32.

33.

34

35.

36.

37.

38.

39.

40.

41

42.

43.

44

(2023) 23:191

Zhang G, Guo X, Zhu'Y, Liu X, Han Z, Sun K, et al. The effects of different
biochars on microbial quantity, microbial community shift, enzyme
activity, and biodegradation of polycyclic aromatic hydrocarbons in soil.
Geoderma. 2018;328:100-8. https://doi.org/10.1016/j.geoderma.2018.05.
009.

Li Z, HuY, Liu C, Shen J, Wu J, Li H, et al. Performance and microbial com-
munity of an expanded granular sludge bed reactor in the treatment of
cephalosporin wastewater. Bioresour Technol. 2019,275:94-100. https://
doi.org/10.1016/j.biortech.2018.12.003.

Sun J,HuY, LiW, Zhang Y, Chen J, Deng F. Sequential decolorization

of azo dye and mineralization of decolorization liquid coupled with
bioelectricity generation using a pH self-neutralized photobioelec-
trochemical system operated with polarity reversion. J Hazard Mater.
2015;289:108-17.

LiJ, Dong T, Keerthisinghe TP, Chen H, Li M, Chu W, et al. Long-term
oxytetracycline exposure potentially alters brain thyroid hormone and
serotonin homeostasis in zebrafish. J Hazard Mater. 2020,399:123061.
https://doi.org/10.1016/jjhazmat.2020.123061.

Zhang F, Zhang T, Ma 'Y, Huang Z, He Y, Pan H, et al. Alteration of vaginal
microbiota in patients with unexplained recurrent miscarriage. Exp Ther
Med. 2019;17(5):3307-16. https://doi.org/10.3892/etm.2019.7337.

Brown J, Pirrung M, McCue LA. FQC Dashboard: integrates FastQC results
into a web-based, interactive, and extensible FASTQ quality control tool.
Bioinformatics (Oxford, England). 2017,33(19):3137-9. https://doi.org/10.
1093/bioinformatics/btx373.

Chen S, Zhou Y, Chen Y, Gu J. fastp: an ultra-fast all-in-one FASTQ preproc-
essor. Bioinformatics (Oxford, England). 2018;34(17):i884-90. https://doi.
org/10.1093/bioinformatics/bty560.

Magoc T, Salzberg SL. FLASH: fast length adjustment of short reads

to improve genome assemblies. Bioinformatics (Oxford, England).
2011;27(21):2957-63. https://doi.org/10.1093/bioinformatics/btr507.
Kuczynski J, Stombaugh J, Walters WA, Gonzélez A, Caporaso JG, Knight
R. Using QIIME to analyze 16S rRNA gene sequences from microbial com-
munities. Curr Protoc Bioinform. 2011;,Chapter10:Unit 10.7. https://doi.
0rg/10.1002/0471250953.bi1007536.

Schloss PD, Westcott SL, Ryabin T, Hall JR, Hartmann M, Hollister EB, et al.
Introducing mothur: open-source, platform-independent, community-
supported software for describing and comparing microbial communi-
ties. Appl Environ Microbiol. 2009;75(23):7537-41. https://doi.org/10.
1128/aem.01541-09.

Murugesan S, Ulloa-Martinez M, Martinez-Rojano H, Galvan-Rodriguez
FM, Miranda-Brito C, Romano MC, et al. Study of the diversity and
short-chain fatty acids production by the bacterial community in
overweight and obese Mexican children. Eur J Clin Microbiol Infect Dis.
2015;34(7):1337-46. https://doi.org/10.1007/510096-015-2355-4.
Douglas GM, Maffei VJ, Zaneveld JR, Yurgel SN, Brown JR, Taylor CM,

et al. PICRUSt2 for prediction of metagenome functions. Nat Biotechnol.
2020;38(6):685-8. https://doi.org/10.1038/541587-020-0548-6.

Parks DH, Tyson GW, Hugenholtz P, Beiko RG. STAMP: statistical analysis
of taxonomic and functional profiles. Bioinformatics (Oxford, England).
2014;30(21):3123-4. https://doi.org/10.1093/bioinformatics/btu494.
Tang WH, Kitai T, Hazen SL. Gut microbiota in cardiovascular health and
disease. Circ Res. 2017;120(7):1183-96. https://doi.org/10.1161/circresaha.
117.309715.

Le Chatelier E, Nielsen T, Qin J, Prifti E, Hildebrand F, Falony G, et al.
Richness of human gut microbiome correlates with metabolic markers.
Nature. 2013;500(7464):541-6. https://doi.org/10.1038/nature12506.
Yang T, Santisteban MM, Rodriguez V, Li E, Ahmari N, Carvajal JM, et al.
Gut dysbiosis is linked to hypertension. Hypertension (Dallas, Tex: 1979).
2015,65(6):1331-40. https://doi.org/10.1161/hypertensionaha.115.05315.
Fu J, Bonder MJ, Cenit MC, Tigchelaar EF, Maatman A, Dekens JA, et al. The
Gut Microbiome Contributes to a Substantial Proportion of the Variation
in Blood Lipids. Circ Res. 2015;117(9):817-24. https://doi.org/10.1161/circr
esaha.115.306807.

Turnbaugh PJ, Hamady M, Yatsunenko T, Cantarel BL, Duncan A, Ley

RE, et al. A core gut microbiome in obese and lean twins. Nature.
2009;457(7228):480-4. https://doi.org/10.1038/nature07540.
Cuevas-Sierra A, Ramos-Lopez O, Riezu-Boj JI, Milagro FI, Martinez

JA. Diet, gut microbiota, and obesity: links with host genetics and
epigenetics and potential applications. Adv Nutr (Bethesda, Md).
2019;10(suppl_1):S17-s30. https://doi.org/10.1093/advances/nmy078.

45.

46

47.

48.

49.

50

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Page 11 of 12

Tang W, Yao X, Xia F, Yang M, Chen Z, Zhou B, et al. Modulation of the
gut microbiota in rats by Hugan Qingzhi tablets during the treatment
of high-fat-diet-induced nonalcoholic fatty liver disease. Oxid Med Cell
Longev. 2018;2018:7261619. https://doi.org/10.1155/2018/7261619.
Wang P, Li D, Ke W, Liang D, Hu X, Chen F. Resveratrol-induced gut
microbiota reduces obesity in high-fat diet-fed mice. Int J Obes (2005).
2020;44(1):213-25. https://doi.org/10.1038/541366-019-0332-1.

Zhao Q, Hou D, Fu Y, Xue Y, Guan X, Shen Q. Adzuki bean alleviates obe-
sity and insulin resistance induced by a high-fat diet and modulates
gut microbiota in mice. Nutrients. 2021;13(9). https://doi.org/10.3390/
nu13093240.

Ma L, Ni'Y,Wang Z, TuW, Ni L, Zhuge F, et al. Spermidine improves gut
barrier integrity and gut microbiota function in diet-induced obese
mice. Gut microbes. 2020;12(1):1-19. https://doi.org/10.1080/19490
976.2020.1832857.

Zeng Q, Li D, HeY, LiY,Yang Z, Zhao X, et al. Discrepant gut micro-
biota markers for the classification of obesity-related metabolic
abnormalities. Sci Rep. 2019;9(1):13424. https://doi.org/10.1038/
$41598-019-49462-w.

Aguirre M, Bussolo de Souza C, Venema K. The gut microbiota from
lean and obese subjects contribute differently to the fermentation of
arabinogalactan and inulin. PloS one. 2016;11(7):e0159236. https://doi.
org/10.1371/journal.pone.0159236.

. Thingholm LB, Rihlemann MC, Koch M, Fuqua B, Laucke G, Boehm

R, et al. Obese individuals with and without type 2 diabetes show
different gut microbial functional capacity and composition. Cell Host
Microbe. 2019;26(2):252-264.e10. https://doi.org/10.1016/j.chom.2019.
07.004.

Wang X, Zhu L, Li X, Wang X, Hao R, Li J. Effects of high fructose corn
syrup on intestinal microbiota structure and obesity in mice. NPJ science
of food. 2022;6(1):17. https://doi.org/10.1038/541538-022-00133-7.

Li ZR, Jia RB, Luo D, Lin L, Zheng Q, Zhao M. The positive effects and
underlying mechanisms of Undaria pinnatifida polysaccharides on type 2
diabetes mellitus in rats. Food Funct. 2021;12(23):11898-912. https://doi.
0rg/10.1039/d1fo01838h.

Hu R, Zeng F, Wu L, Wan X, Chen Y, Zhang J, et al. Fermented carrot juice
attenuates type 2 diabetes by mediating gut microbiota in rats. Food
Funct. 2019;10(5):2935-46. https://doi.org/10.1039/c9f000475k.

LaIl K, Arffman RK, Sola-Leyva A, Molina NM, Aasmets O, Herzig KH, et al.
The gut microbiome in polycystic ovary syndrome and its association
with metabolic traits. J Clin Endocrinol Metab. 2021;106(3):858-71.
https://doi.org/10.1210/clinem/dgaa848.

Aasmets O, LUl K, Lang JM, Pan C, Kuusisto J, Fischer K, et al. Machine
learning reveals time-varying microbial predictors with complex effects
on glucose regulation. mSystems. 2021;6(1). https://doi.org/10.1128/
mSystems.01191-20.

Papandreou C, Herndndez-Alonso P, Bullé M, Ruiz-Canela M, Li J, Guasch-
Ferré M, et al. High plasma glutamate and a low glutamine-to-glutamate
ratio are associated with increased risk of heart failure but not atrial
fibrillation in the Prevencion con Dieta Mediterrdnea (PREDIMED) Study. J
Nutr. 2020;150(11):2882-9. https://doi.org/10.1093/jn/nxaa273.

Liu X, Zheng Y, Guasch-Ferré M, Ruiz-Canela M, Toledo E, Clish C, et al.
High plasma glutamate and low glutamine-to-glutamate ratio are associ-
ated with type 2 diabetes: Case-cohort study within the PREDIMED trial.
Nutr Metab Cardiovasc Dis. 2019;29(10):1040-9. https://doi.org/10.1016/j.
numecd.2019.06.005.

Zheng Y, Hu FB, Ruiz-Canela M, Clish CB, Dennis C, Salas-Salvado J, et al.
Metabolites of glutamate metabolism are associated with incident car-
diovascular events in the PREDIMED PREvencién con Dleta MEDiterrénea
(PREDIMED) trial. J Am Heart Assoc. 2016;5(9). https://doi.org/10.1161/
jaha.116.003755.

El-Khairy L, Ueland PM, Nygard O, Refsum H, Vollset SE. Lifestyle and cardi-
ovascular disease risk factors as determinants of total cysteine in plasma:
the Hordaland Homocysteine Study. Am J Clin Nutr. 1999;70(6):1016-24.
https://doi.org/10.1093/ajcn/70.6.1016.

El-Khairy L, Vollset SE, Refsum H, Ueland PM. Predictors of change in
plasma total cysteine: longitudinal findings from the Hordaland homo-
cysteine study. Clin Chem. 2003;49(1):113-20. https://doi.org/10.1373/
49.1.113.

Elshorbagy AK, Nurk E, Gjesdal CG, Tell GS, Ueland PM, Nygard O, et al.
Homocysteine, cysteine, and body composition in the Hordaland


https://doi.org/10.1016/j.geoderma.2018.05.009
https://doi.org/10.1016/j.geoderma.2018.05.009
https://doi.org/10.1016/j.biortech.2018.12.003
https://doi.org/10.1016/j.biortech.2018.12.003
https://doi.org/10.1016/j.jhazmat.2020.123061
https://doi.org/10.3892/etm.2019.7337
https://doi.org/10.1093/bioinformatics/btx373
https://doi.org/10.1093/bioinformatics/btx373
https://doi.org/10.1093/bioinformatics/bty560
https://doi.org/10.1093/bioinformatics/bty560
https://doi.org/10.1093/bioinformatics/btr507
https://doi.org/10.1002/0471250953.bi1007s36
https://doi.org/10.1002/0471250953.bi1007s36
https://doi.org/10.1128/aem.01541-09
https://doi.org/10.1128/aem.01541-09
https://doi.org/10.1007/s10096-015-2355-4
https://doi.org/10.1038/s41587-020-0548-6
https://doi.org/10.1093/bioinformatics/btu494
https://doi.org/10.1161/circresaha.117.309715
https://doi.org/10.1161/circresaha.117.309715
https://doi.org/10.1038/nature12506
https://doi.org/10.1161/hypertensionaha.115.05315
https://doi.org/10.1161/circresaha.115.306807
https://doi.org/10.1161/circresaha.115.306807
https://doi.org/10.1038/nature07540
https://doi.org/10.1093/advances/nmy078
https://doi.org/10.1155/2018/7261619
https://doi.org/10.1038/s41366-019-0332-1
https://doi.org/10.3390/nu13093240
https://doi.org/10.3390/nu13093240
https://doi.org/10.1080/19490976.2020.1832857
https://doi.org/10.1080/19490976.2020.1832857
https://doi.org/10.1038/s41598-019-49462-w
https://doi.org/10.1038/s41598-019-49462-w
https://doi.org/10.1371/journal.pone.0159236
https://doi.org/10.1371/journal.pone.0159236
https://doi.org/10.1016/j.chom.2019.07.004
https://doi.org/10.1016/j.chom.2019.07.004
https://doi.org/10.1038/s41538-022-00133-7
https://doi.org/10.1039/d1fo01838h
https://doi.org/10.1039/d1fo01838h
https://doi.org/10.1039/c9fo00475k
https://doi.org/10.1210/clinem/dgaa848
https://doi.org/10.1128/mSystems.01191-20
https://doi.org/10.1128/mSystems.01191-20
https://doi.org/10.1093/jn/nxaa273
https://doi.org/10.1016/j.numecd.2019.06.005
https://doi.org/10.1016/j.numecd.2019.06.005
https://doi.org/10.1161/jaha.116.003755
https://doi.org/10.1161/jaha.116.003755
https://doi.org/10.1093/ajcn/70.6.1016
https://doi.org/10.1373/49.1.113
https://doi.org/10.1373/49.1.113

Sun et al. BMC Pediatrics

63.

64.

65.

(2023) 23:191

Homocysteine Study: does cysteine link amino acid and lipid metabo-
lism? Am J Clin Nutr. 2008;88(3):738-46. https://doi.org/10.1093/ajcn/
88.3.738.

Adams SH. Emerging perspectives on essential amino acid metabo-

lism in obesity and the insulin-resistant state. Adv Nutr (Bethesda, Md).
2011;2(6):445-56. https://doi.org/10.3945/an.111.000737.

Gall WE, Beebe K, Lawton KA, Adam KP, Mitchell MW, Nakhle PJ, et al.
alpha-hydroxybutyrate is an early biomarker of insulin resistance and glu-
cose intolerance in a nondiabetic population. PloS one. 2010;5(5):10883.
https://doi.org/10.1371/journal.pone.0010883.

Dunn WB, Broadhurst D, Begley P, Zelena E, Francis-Mclntyre S, Anderson
N, et al. Procedures for large-scale metabolic profiling of serum and
plasma using gas chromatography and liquid chromatography coupled
to mass spectrometry. Nat Protoc. 2011;6(7):1060-83. https://doi.org/10.
1038/nprot.2011.335.

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

Page 12 of 12

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://doi.org/10.1093/ajcn/88.3.738
https://doi.org/10.1093/ajcn/88.3.738
https://doi.org/10.3945/an.111.000737
https://doi.org/10.1371/journal.pone.0010883
https://doi.org/10.1038/nprot.2011.335
https://doi.org/10.1038/nprot.2011.335

	The number of metabolic syndrome risk factors predicts alterations in gut microbiota in Chinese children from the Huantai study
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Participants and sample collection
	Clinical data collection
	Definition
	Basic characteristics
	Fecal samples collection and processing
	Sequence processing and analysis
	Statistical analyses

	Results
	Study population
	OTU analysis among the three groups
	Differences in community diversity and richness of gut microbiota
	β-diversity analysis of gut microbiota among the three groups
	Differences in the composition and relative abundance of gut microbiota among the three groups
	Screening out biomarkers associated with the number of MetS risk factors
	Exploring the diagnostic efficacy of potential biomarkers
	Differences in KEGG pathways among the three groups

	Discussion
	Conclusions
	Anchor 27
	Acknowledgements
	References


