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Abstract
Purpose  Although the gut microbiota (GM) are associated with various diseases, their role in gestational diabetes mellitus 
(GDM) remains uncharacterized. Further study is urgently needed to expose the real relationship between GM and GDM.
Methods  We performed a prospective study in 33 pregnant Chinese individuals [15, GDM; 18, normal glucose tolerance 
(NGT)] to observe the fecal microbiota by 16S rRNA gene amplicon sequencing at 24–28 weeks of gestational age after a 
standard 75 g oral glucose tolerance test. Linear regression analysis was employed to assess the relationships between the 
GM and GDM clinical parameters.
Results  Sequencing showed no difference in the microbiota alpha diversity but a significant difference in the beta diversity 
between the GDM and NGT groups, with the relative abundances of Ruminococcus bromii, Clostridium colinum, and Strep-
tococcus infantis being higher in the GDM group (P < 0.05). The quantitative PCR results validated the putative bacterial 
markers of R. bromii and S. infantis. Moreover, a strong positive correlation was found between S. infantis and blood glucose 
levels after adjusting for body mass index (P < 0.05).
Conclusion  Three abnormally expressed intestinal bacteria (R. bromii, C. colinum, and S. infantis) were identified in GDM 
patients. S. infantis may confer an increased risk of GDM. Hence, the GM may serve as a potential therapeutic target for 
GDM.
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Introduction

The prevalence of metabolic diseases during pregnancy 
has increased globally [1–3], including gestational diabe-
tes mellitus (GDM), which is diagnosed during pregnancy 
in women with normal glucose metabolism or potentially 
diminished glucose tolerance before pregnancy [4]. GDM 
is associated with many adverse maternal and neonatal 
outcomes [5], such as preeclampsia, cesarean delivery, 
fetal macrosomia, shoulder dystocia, and neonatal hypo-
glycemia [6]. In addition, increasing evidence has indi-
cated that GDM is associated with a higher risk of type 2 
diabetes mellitus (T2DM) after pregnancy [7]. Although 
GDM is a transient condition and glucose metabolism 
often normalizes shortly after delivery, women with GDM 
have a 40% higher risk of developing T2DM within a 
15-year period [8]. Due to its short- and long-term adverse 
outcomes, GDM is a public health concern [9], and new 
treatment methods are urgently required [10].

GDM is a disease characterized by abnormal glucose 
metabolism with a very similar pathogenesis to T2DM 
[11]. In recent years, the relationship between T2DM 
pathogenesis and changes in GM has attracted increasing 
attention, with studies reporting that GM can participate in 
glucose and fat metabolism and inflammatory and immune 
responses [12–14] and promote insulin resistance by alter-
ing fat absorption and metabolism [15].

Studies have shown that GM can promote GDM devel-
opment [16]. During normal pregnancy, GM composition 
has been reported to remain relatively stable [17] or to 
change dramatically, with a decline in butyrate-producing 
bacteria, a reduction in alpha diversity, and an increase in 
beta diversity [18]. Kuang et al. found that the abundance 
of GM is similar at the phylum and class levels between 
GDM and control patients [19]. Crusell et al. found that 
the abundance of GM in GDM patients is aberrant at mul-
tiple levels, including phylum and genus levels, compared 
with the healthy controls [20]. GDM pathogenesis may 
be due to an increase in placental insulin antagonist hor-
mones (human placental lactogen, estrogen, progesterone, 
and tumor necrosis factor [21]) during pregnancy, which 
causes inappropriate insulin secretion by the pancreas 
[22]. Koren et al. found that the third trimester micro-
biota induced greater adiposity and insulin insensitivity 
compared to the first trimesters when different trimester 
stool was transferred to germ-free mice [18]. The reduced 
insulin sensitivity of late pregnancy is beneficial for fetal 
growth and nutrient absorption [18]. Subsequent increases 
in insulin levels may then cause a compensatory increase 
in insulin resistance in peripheral tissues [22]. Moreover, 
women with GDM have a greater reduction in insulin 
sensitivity and an increase in insulin resistance, and their 

insulin secretion is not sufficient to maintain euglyce-
mia, which leads to glucose intolerance and GDM [23]. 
Although GM is thought to be associated with metabolic-
related diseases [24–27], its role in GDM remains unclear.

To obtain a comprehensive understanding of the relation-
ship between GM and GDM, we explored the GM com-
position and abundance in 33 samples [15 from women 
diagnosed with GDM and 18 from pregnant women with 
normal glucose tolerance (NGT)] by 16S rRNA gene ampli-
con sequencing using an Illumina HiSeq (PE 250) platform. 
Putative bacterial markers were verified by qPCR, and cor-
relations between dominant intestinal bacteria and clinical 
parameters were identified by linear regression analysis.

Materials and methods

Study population and characteristics

A total of 46 sets of fecal samples, blood samples, and medi-
cal records were collected from 19 pregnant women with 
GDM and 27 pregnant women with NGT (control group) 
from February 2018 to May 2019 at the obstetrics and 
endocrinology departments of the Affiliated Changzhou 
No.2 People’s Hospital of Nanjing Medical University. All 
pregnant women underwent a 75 g oral glucose tolerance 
test (OGTT) at 24–28 weeks of gestation according to the 
International Association of Diabetes and Pregnancy Study 
Group (IADPSG)/World Health Organization (WHO) 2013 
criteria (fasting venous plasma glucose level ≥ 5.1 mmol/L 
and/or 1 h glucose level ≥ 10.0 mmol/L and/or 2 h glucose 
level ≥ 8.5 mmol/L) [28, 29]. Nine NGT pregnant women 
were excluded from this study due to an insufficient stool 
sample weight. Four pregnant women with GDM were also 
excluded from our study: one who used drugs in vaginal 
suppositories, one who was obese, one who had hypothy-
roidism, and one who was positive for hepatitis B surface 
antigen. Ultimately, 33 stool samples were included in this 
study (15 from GDM and 18 from NGT pregnant women).

Patients were included in this study according to the 
following criteria: pregnant women with GDM and NGT 
aged 20–40 years of age; BMI ≤ 28 kg/m2 at first prena-
tal inspection; had not received any antibiotic treatments 
1 month before sample collection; had not taken any probi-
otic medications 2 weeks before sample collection. Patients 
were excluded from the study according to the following 
criteria: history of diabetes, impaired glucose tolerance, 
hypertension, high cholesterol, thyroid disorders, asthma, 
fatty liver disease, inflammatory gastroenteritis, irritable 
bowel syndrome, cardiac, liver, or kidney diseases, psychi-
atric disorders, alcohol abuse, smoking, HIV, malignancy, 
illicit drug use (self-reported by the participant), or autoim-
mune or endocrine diseases prior to pregnancy. The study 
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protocol was approved by the Ethics Committee of The 
Affiliated Changzhou No. 2. People’s Hospital of Nanjing 
Medical University (2018: KY304-01), and all patients pro-
vided written informed consent. This study was performed 
in accordance with the Declaration of Helsinki and Good 
Clinical Practice.

Sample collection

To avoid surface and urine contamination, fresh stool sam-
ples (3–5 g) were collected in the morning with clean ster-
ile spoons and placed in sterile and airtight tubes by the 
study participants. Each sample was suspended in sterile 
phosphate buffered saline (PBS; ~ 1 g/mL) and centrifuged 
at 2000 rpm for 5 min, and the residue was removed. Sam-
ples were centrifuged again at 3000 rpm for 8 min, and the 
supernatant was discarded before PBS and glycerin (1:1) 
were added to preserve the bacteria. All samples were stored 
at − 80 ℃ until transport. Stool collection was completed 
within 48 h of diagnosis.

Bacterial DNA extraction from stool samples

Microbial community DNA was extracted using a MagPure 
Stool DNA KF kit B (Magen, Guangzhou, China) accord-
ing to the manufacturer’s instructions. DNA was quantified 
using a Qubit Fluorometer with a Qubit® dsDNA BR assay 
kit (Invitrogen, Waltham, Massachusetts, USA), and the 
quality was checked by running an aliquot on a 1% agarose 
gel.

16S rRNA gene amplicon sequencing

The PCR system was configured using 30 ng genomic DNA 
samples of known quality and the corresponding fusion 
primers to set the PCR parameters for amplification. The 
V4 region of the bacterial 16S rRNA gene was amplified 
using the following degenerate PCR primers: 515F (5′-GTG 
CCA GCM GCC GCG GTA A-3′) and 806R (5′-GGA CTA 
CHV GGG TWT CTA AT-3′). The forward and reverse 
primers were tagged with Illumina adapter, pad, and linker 
sequences. PCR enrichment was performed in a 50 μL 

reaction volume containing 30 ng of template, fusion PCR 
primers, and PCR master mix. The cycling conditions were 
as follows: 95 °C for 3 min, 30 cycles of 95 °C for 45 s, 
56 °C for 45 s, and 72 °C for 45 s, and a final extension at 
72 °C for 10 min. PCR products were purified using Agen-
court AMPure XP (Indianapolis, Indiana, USA) beads and 
eluted using an elution buffer (Omega Bio-tek, Norcross). 
Libraries were validated using an Agilent Technologies 2100 
bioanalyzer (Agilent, Santa Clara, CA, USA) before being 
sequenced on an Illumina HiSeq 2500 platform (Illumina, 
San Diego, CA, USA) according to standard Illumina pipe-
lines to generate 2 × 250 bp paired-end reads. Data were 
filtered by removing low-quality reads in each 25 bp win-
dow. Briefly, the entire sequence was removed if the final 
base was truncated from the window with an average qual-
ity of < 20 and if the read length after truncation was 75% 
lower than the original read length. Joint contamination 
reads, N-containing reads, and low complexity reads were 
also removed to obtain high-quality clean data. All bacte-
rial 16S rRNA gene amplification, cloning, and sequencing 
of the PCR products were performed at BGI (Huada Gene 
Institute) Genomics (Shenzhen, China).

QPCR verification of putative bacterial markers

To verify three potential bacterial markers (R. bromii, C. col-
inum, and S. infantis), we used qPCR with a common primer 
pair that can amplify most bacterial 16S rRNAs to normalize 
the levels of individual bacterial rRNA in each control and 
GDM sample to determine their detection sensitivity and 
specificity with primers selected from the primer database 
(GenBank genome and nucleotide). Generic primer pairs 
(Table 1) were used to normalize individual bacterial rDNA 
levels in the GDM and control samples. The qPCR results 
were further validated in the original subjects (n = 33).

Assessment of the biochemical specimens

Fasting venous blood samples (5 mL) were collected in a dry 
tube and centrifuged at 3000 rpm for 4 min, and the superna-
tant was collected. Biochemical indices were detected using 

Table 1   Primer sequences Name Taxonomy Sequences (5ʹ–3ʹ)

Ruminococcus bromii Genus Forward: TTC​AAG​GAC​ACC​CAC​GAA​GCA​
Reverse: AGT​CGG​CAC​AAT​AAA​CAA​GAC​CAG​T

Clostridium colinum Genus Forward: GAC​CTA​ACC​GCA​AGG​AGG​AG
Reverse: CAC​CTT​CCG​ATA​CGG​CTA​CC

Streptococcus infantis Genus Forward: GTC​TGT​GAT​GAA​GAA​GCG​GAATG​
Reverse: CTG​GAG​CCA​AAC​TTG​CGA​CTG​

Common All bacteria Forward: AGA​GCT​ACG​AGC​TGC​CTG​AC
Reverse: AGC​ACT​GTG​TTG​GCG​TAC​AG
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a Cobas 8000 c702 automatic biochemical analyzer (Roche 
Diagnostics, Basel, Switzerland).

Bioinformatics and statistical analysis

Raw reads were filtered to remove adaptors and low-quality 
and ambiguous bases before paired-end reads were added 
to tags using the Fast Length Adjustment of Short reads 
program (FLASH, v1.2.11) [30]. Tags were clustered 
into operational taxonomic units (OTUs) with a 97% cut-
off value using UPARSE software (v7.0.1090) [31], and 
chimera sequences were compared with the Gold data-
base using UCHIME (v4.2.40) [32]. Representative OTU 
sequences were taxonomically classified using Ribosomal 
Database Project Classifier (v2.2) with a minimum confi-
dence threshold of 0.6 and were trained on the Greengenes 
database (v2.01305) in QIIME (v1.8.0) [33]. USEARCH_
global [34] was used to compare all tags to OTUs to obtain 
OTU abundance statistics for each sample.

The number of tags for each taxonomic rank (species) 
or OTU in the samples was summarized using a profiling 
table or histogram in R (v3.1.1). Nonparametric statistics 
(Wilcoxon rank-sum test) were used to compare OTU abun-
dance, bacterial communities, and alpha and beta diversity 
between the groups in Usearch. OTU alpha and beta diver-
sity were estimated using MOTHUR (v1.31.2) [35] and 

QIIME (v1.8.0), respectively. Samples were clustered in 
QIIME (v1.8.0) using the unweighted pair group method 
with arithmetic mean (UPGMA).

Venn plots of OTUs or taxa were plotted using the “Venn 
diagram” package in R (v3.1.1). Partial least-squares dis-
crimination analysis (PLS-DA) was performed using the 
mixOmics package in R (v3.2.1). Alpha diversity was ana-
lyzed using the Wilcox test in R (v3.2.1). LEfSe software 
(https://​hutte​nhower.​sph.​harva​rd.​edu/​galaxy/) was used 
to determine markers with a linear discriminant analysis 
(LDA) of 2. Sequencing and PCR data were analyzed using 
unpaired t tests and Mann–Whitney rank-sum tests in Graph-
Pad Prism. Categorical variables were analyzed using Chi-
square and Wilcox tests in SPSS (v17.0). P values of < 0.05 
were considered statistically significant. Linear regression 
analysis was used to assess the relationships between GM 
and GDM clinical parameters.

Results

Clinical characteristics of the participants

The clinical characteristics of the study participants are 
shown in Table  2. Statistically significant differences 
between the GDM and NGT groups were observed for 

Table 2   Clinical characteristics 
of the participants

Data presented as the mean ± SD
BMI body mass index, OGTT​ oral glucose tolerance test, SBP systolic blood pressure, DBP diastolic blood 
pressure, FBG fasting blood glucose. Weight gain indicates weight gain from early pregnancy until the 
OGTT visit. The 1 and 2 h OGTT indicate the 1 and 2 h blood glucose levels during the OGTT​
a Data represented as the median value (minimum value, maximum value)

Clinical parameters GDM patients NGT controls P value

Number 15 18 –
Age, year 30.1 ± 3.5 26.1 ± 3.6 0.003
Height, cma 160.0 (150, 172) 160.0 (157, 172) 0.334
Weight (early pregnancy), kg 63.9 ± 12.4 55.6 ± 6.6 0.031
BMI (early pregnancy), kg/m2 24.7 ± 4.1 21.1 ± 2.3 0.007
Weight (at OGTT), kg 70.4 ± 12.6 65.1 ± 7.5 0.156
BMI (at OGTT), kg/m2 27.2 ± 4.1 24.7 ± 2.6 0.043
Weight gain, kga 6.0 (4.0, 9.5) 9.75 (2.5, 24.0) 0.014
SBP, mmHg 115.3 ± 9.3 115.7 ± 10.2 0.908
DBP, mmHg 68.1 ± 8.9 66.3 ± 7.3 0.515
FBG, mmol/La 4.5 (4.1, 6.1) 4.4 (4.0, 5.1) 0.206
1 h OGTT glucose, mmol/L 10.1 ± 1.5 7.1 ± 1.2  < 0.001
2 h OGTT glucose, mmol/L 9.0 ± 1.5 6.3 ± 0.9  < 0.001
Triglycerides, mmol/L 2.9 ± 1.0 2.6 ± 0.9 0.476
Total cholesterol, mmol/L 6.2 ± 1.1 5.9 ± 1.1 0.396
Gestational weeks 26.4 ± 1.3 25.9 ± 1.7 0.364
Graviditya 2 (1, 4) 1 (1, 3) 0.069
Paritya 0 (0, 1) 0 (0, 1) 0.058

https://huttenhower.sph.harvard.edu/galaxy/


283Journal of Endocrinological Investigation (2022) 45:279–289	

1 3

the 1 h and 2 h OGTT glucose levels, which were signifi-
cantly higher in the GDM group than in the NGT group 
(P < 0.001). Median weight during early pregnancy, BMI 
at the time of the OGTT visit, and weight gain from early 
pregnancy until the OGTT visit were also different between 
the two groups. The participants in the GDM group were 
slightly older than those in the NGT group. No differences 
were observed in median weight at the time of the OGTT 
visit, systolic blood pressure (SBP), diastolic blood pres-
sure (DBP), fasting blood glucose (FBG), triglycerides, total 
cholesterol, gestational weeks, gravidity, or parity. Taken 
together, these results indicate that the significantly different 
clinical parameter between the GDM and NGT groups was 
primarily the OGTT blood glucose level.

Identification of OTU and GM composition 
in the GDM and NGT groups

In total, 2,536,388 usable raw reads were obtained for all 33 
samples, with an average of 76,860 reads per sample, and 
the read utilization ratio was 97.86%. All sequences were 
divided into 665 OTUs based on a 97% similarity level. The 

maximum identification of OTUs was 340, and the minimum 
was 121, with an average of 222. Up to 14 species were 
unique to each sample (Fig. 1a). Venn diagrams based on the 
OTU number distribution of samples from the two groups 
were created. Samples displayed high similarity between the 
two groups, with 523 shared OTUs; however, 69 OTUs were 
unique to the GDM group, and 73 were only found in the 
control group, indicating differences in species distribution 
(Fig. 1b).

Furthermore, the histogram visually displays the abun-
dance of composition and the proportion of each sample 
species. At the phylum level, in total, 10 dominant phyla 
were identified across all the samples, with Firmicutes, Bac-
teroidetes, and Proteobacteria accounting for the majority 
of the total sequencing in both the GDM and NGT groups 
(Fig. 1c). At the class level, GM was mainly composed of 
Bacteroidia, Clostridia, and Actinoteobacteria. At the order 
level, GM was mainly composed of Bacteroidales, Clostridi-
ales, and Bifidobacteriales. At the family level, GM was 
mainly composed of Bacteroidaceae, Lachnospiraceae, and 
Ruminococcaceae. At the genus level, GM was mainly com-
posed of Bacteroides, Prevotella, and Ruminococcus in both 

a

b

c

d

Fig. 1    Identification of OTUs and GM composition in the GDM and 
NGT groups. a Identification of operational taxonomic units (OTUs). 
The yellow bar represents gestational diabetes mellitus (GDM) sam-
ples. The green bar represents control samples. b Venn diagram of 
OTU. Different colors represent different groups. The areas with 
overlapping circles of different colors represent the set of OTUs com-

monly present in the counterpart groups, and the single-layer zone 
represents the number of OTUs uniquely found in each group. c His-
togram of GM composition at the phylum and d family levels in each 
sample between the GDM and NGT groups. Species whose abun-
dance was less than 0.5% in all samples were merged into others. (G: 
gestational diabetes mellitus; N: normal glucose tolerance)
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the GDM and NGT groups (Fig. 1d). The GraPhlAn species 
composition showed the same results as the histograms (Fig. 
S1). In brief, these findings indicate that the quality of OTUs 
was good and that GM composition at multiple levels was 
relatively stable in the GDM and control groups.

Identification of specific different species 
between the GDM and NGT groups

To determine whether there was a significant difference in 
alpha diversity and beta diversity in GM between the GDM 
and NGT groups, we used six indices (observed species, 
Chao, ACE, Shannon’s diversity, Simpson’s diversity, and 
Good’s coverage) to indicate alpha diversity and partial 
least-squares discrimination analysis (PLS-DA) to indicate 
beta diversity. There was no significant difference in alpha 
diversity (Fig. 2a). However, the PLS-DA of the OTUs in 
each group indicated good aggregation and significant dif-
ferentiation of GM structures between the GDM and the 
control groups (Fig. 2b).

LEfSe analysis discovered a significant difference 
between the GDM and NGT groups through biometric and 
statistically significant differences. Linear discriminant anal-
ysis (LDA) can obtain reliable results through dimensional-
ity reduction technology. Comparing stool samples of the 
GDM group with the control group, LEfSe analysis (Fig. 3a) 
and the LDA score (Fig. 3b) both revealed that Clostridi-
ales, Clostridia, and Firmicutes were significantly associated 
with the GDM samples, while Bacteroidetes, Bacteroidia, 
and Bacteroidales (Lachnobacterium specific in the LDA 

score) were related to the control samples. Moreover, based 
on PLS-DA analysis and the diff_wilcoxon-test of sequenc-
ing, at the species level, a great difference in R. bromii, C. 
colinum, and S. infantis was found between the GDM and 
NGT groups (P < 0.05; Fig. 3c; Table S1).

In short, beta diversity identified the specific differences 
in the species of R. bromii, C. colinum, and S. infantis 
between the GDM and NGT groups.

qPCR validation of putative bacterial biomarkers

To verify the sequencing analysis findings at the species 
level, we quantified the levels of the identified species in the 
same subjects with GDM and NGT by qPCR. The results 
show that samples from the GDM group contained a higher 
abundance of R. bromii (P < 0.05) and S. infantis (P < 0.1) 
compared to the NGT group, consistent with the sequencing 
results (Fig. 3d). Therefore, these qPCR data validated that 
R. bromii and S. infantis as differential biomarkers between 
the GDM and NGT groups was highly credible.

Correlation between the identified species 
and the clinical characteristics

From the heatmap that showed the correlation between 
the identified species and the clinical parameters (Fig. 4a; 
Table S2), blood glucose and body weight both appeared to 
be closely related to the identified species. After adjusting 
for body weight (BMI1 and BMI2), S. infantis still showed a 
significant correlation with the GDM clinical characteristics 

Fig. 2    Alpha diversity and beta diversity between the GDM and con-
trol groups. a Alpha diversity analysis between gestational diabetes 
mellitus (GDM) and normal glucose tolerance (NGT) groups. The 
five lines from the bottom to the top are the minimum, first quartile, 

median, third quartile, and maximum, respectively. b OTU-based par-
tial least-squares discrimination analysis (PLS-DA). The large ovals 
indicate good aggregation and significant differentiation between the 
GM structures of the GDM and NGT groups (G: GDM; N: NGT)
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(P < 0.05; Table S3). After adjusting for age, S. infantis did 
not show a significant correlation with the GDM clinical 
characteristics (P > 0.05; Table S3). This may be due to an 

insufficient sample size or an insufficient effect size of S. 
infantis. This study found S. infantis had a strong positive 
correlation with FBG (P < 0.05) and the 1 h and 2 h OGTT 

Fig. 3    Identification of specific different species between the GDM 
and control groups. a Cladogram (LEfSe DA clustering tree); b lin-
ear discriminant analysis (LDA) scores from LEfSe (LDA effect size) 
were used on the genus-level OTU tables to determine the taxa that 
best characterized each biological class. Red: gestational diabetes 
mellitus (GDM); green: normal glucose tolerance (NGT); c relative 
abundance at the species level in sequencing between the GDM and 

the control groups: R. bromii, C. colinum, and S. infantis were signifi-
cantly increased in the GDM data; d relative abundance at the species 
level in qPCR between the GDM and the control groups: R. bromii 
and S. infantis were significantly increased in the GDM data. P val-
ues are indicated on each graph; P values of S. infantis = 0.018 after 
adjusting for BMI1 + BMI2 (linear regression)

a b

Fig. 4    Correlation between the identified species and the clini-
cal characteristics. a Heatmap represents the correlation coeffi-
cients between the identified species and the clinical characteristics 
of gestational diabetes (GDM). In the box or bar, # indicates a P 

value < 0.001, * indicates when 0.001 < P value < 0.01 and + indicates 
when 0.01 < P value < 0.05; b histogram representing the correla-
tion coefficients between S. infantis and the clinical characteristics of 
GDM. Red represents a positive correlation (P < 0.001)
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glucose levels (P < 0.01 and < 0.001, respectively) (Fig. 4b). 
In conclusion, S. infantis has a close relationship with blood 
glucose, which is a risk factor for GDM.

Discussion

The human microecological system contains a large number 
of microorganisms referred to as the gut microbiota (GM), 
which generate more than 35% of the enzymes required for 
human metabolism. In addition, the GM plays key roles in 
many of the main systems of the human body, including 
the immune, nervous, endocrine, digestive, respiratory, and 
circulatory systems [36]. Microbial dysbiosis in the human 
GM may be an important environmental risk factor for 
abnormal host metabolism [24]. During normal pregnancy, 
a low grade of inflammation develops [37]. The stools of 
the third trimester showed the strongest signs of inflamma-
tion and energy loss [18]. GDM is a pro-inflammatory state 
[37]. An imbalance in pro- and anti-inflammatory bacterial 
species has been proposed to trigger low-grade inflamma-
tion and insulin resistance in humans [27]. Ferrocino et al. 
found a strong inverse relationship between Faecalibacte-
rium abundance and fasting glucose values [38], support-
ing the well-known association between inflammation and 
dysmetabolism [27].

In our study, LEfSe analysis and the LDA score both 
revealed that Clostridiales, Clostridia, and Firmicutes were 
significantly associated with GDM samples, while Bacteroi-
detes, Bacteroidia, and Bacteroidales were related to control 
samples, which is generally consistent with the results of 
previous studies [18, 38, 39]. Although there was no dif-
ference in the alpha diversity of GM, the beta diversity was 
significantly different at the species level (R. bromii, C. coli-
num, and S. infantis) between the GDM and NGT groups, 
consistent with the qPCR results, which indicated higher 
levels of R. bromii and S. infantis in the GDM group. These 
findings suggest that GM is different between the GDM and 
NGT groups and plays an important role in GDM devel-
opment; however, the specific mechanisms require further 
investigation.

R. bromii belongs to the phylum Firmicutes and the genus 
Ruminococcus, and previous studies have shown that low 
Proteobacteria and high Ruminococcus abundance are asso-
ciated with a healthy GM [40], which is important for a sym-
biotic relationship with the host. Firmicutes have also been 
shown to correlate negatively with resting energy expendi-
ture and positively with fat mass percentage [41]. Indeed, 
a crossover clinical trial observed that a 20% increase in 
Firmicutes abundance is associated with an energy harvest 
increase of 150 kcal [42]. R. bromii has also been shown to 
be an important taxon involved in the degradation of resist-
ant starch into butyric acid in diabetes treatments; however, 

no studies have yet reported the relationship between R. 
bromii and GDM. In this study, statistical analysis of the 
relationship between the identified species and the clinical 
parameters revealed that R. bromii had a strong positive 
correlation with gravidity, indicating that R. bromii may 
be related to placental hormones such as progesterone and 
estrogen or to insulin secretion. In addition, we found that 
R. bromii had a close positive relationship with the glucose 
level of the OGTT and body weight. Since previous stud-
ies [43] have suggested that R. bromii may play a role in 
promoting weight gain and blood glucose levels in women 
with GDM, our sequencing and qPCR results indicate that 
R. bromii is a mark of GDM and obesity.

C. colinum is a close relative of C. piliforme, which causes 
ulcerative enteritis in young game birds, chickens, turkeys, 
and occasionally other avian species. Very little is known 
about the pathogenesis of this infection, since the C. coli-
num genome has not yet been characterized; the basis of its 
remarkable virulence is unknown, and no reports of C. coli-
num infection in nonavian species have been published [44]. 
In this study, we found a significant relationship between 
C. colinum and weight, weight gain, and BMI during preg-
nancy; we also found a strong association between C. coli-
num and BMI when adjusted for age, FGB, and 1 h and 2 h 
OGTT levels (P < 0.05; Table S3). Thus, C. colinum may be 
a mark of obesity. These findings are consistent with previ-
ous studies that have reported positive associations between 
Clostridium and obesity [31, 45–48]. C. colinum belongs 
to the phylum Firmicutes, which contains many butyrate-
producing species that may increase energy harvest in obese 
individuals along with increased acetate synthesis [49, 50]. 
The mechanisms by which the microbiome and particular 
species affect obesity remain unclear; therefore, future stud-
ies should investigate C. colinum further.

S. infantis belongs to the genus Streptococcus, which 
includes more than 50 species. Few previous studies have 
reported the characteristics of S. infantis, likely due to their 
very low abundance in GM, with glutamate dehydrogenase 
PCR failing to amplify S. infantis sequences [51]. Increased 
age and weight are known to be associated with GDM [18, 
52], but in our study, we did not observe a significant asso-
ciation between age and the identified species. There was 
no obvious association between S. infantis and GDM clini-
cal parameters when linear regression analysis was used to 
adjust for age. This may be due to an insufficient sample 
size or an insufficient effect size of S. infantis. Conversely, 
body weight may have been a highly important risk factor 
closely related to GDM in our study. Therefore, we used 
linear regression analysis to adjust the factor of body weight 
and found that S. infantis still plays an important role in 
pregnant women with GDM.

Recently, Kilian et  al. demonstrated that S. infantis 
strains are an important constituent of the oral commensal 



287Journal of Endocrinological Investigation (2022) 45:279–289	

1 3

microbiota. S. infantis forms distinct bacterial populations 
that are less coherent than traditionally expected for bacte-
rial species. The proportion of oral S. infantis is negatively 
correlated with the elimination of bacteria [53]. S. infan-
tis can affect transmembrane barrier transport by changing 
the expression of capsular polysaccharides or the expres-
sion of related genes, thereby affecting the body’s energy 
metabolism, especially the carbohydrate transport system 
[53]. It has been reported that S. infantis is associated with 
periodontitis through submucosal biofilms [54] and Behcet’s 
disease through T-cell aberration by GM metabolite altera-
tion [55]. As an abundant colonizer in the upper respiratory 
tract and oral cavity, S. infantis was also demonstrated in a 
recent study in which fecal samples with a signature of high 
SARS-CoV-2 infectivity had a higher abundance of S. infan-
tis and a higher functional capacity for nucleotide de novo 
biosynthesis, amino acid biosynthesis, and glycolysis [56].

The GM is associated with metabolic impairment and 
inflammation [18]. The GM affects maternal insulin function 
and induces GDM through several mechanisms: (i) the GM 
affects the maternal nervous system through the gut–brain 
axis, reduces insulin receptor sensitivity, increases insulin 
resistance, and induces GDM [57]; (ii) the GM activates 
the Nod/Rip2 signaling pathway in β-cells, affects intestinal 
epithelial cells to release Nod ligands, and leads to insuffi-
cient β-cell function and GDM [58]; (iii) the GM connects 
receptors of GPR-41 and GRP-43 on enteroendocrine L cells 
through various mediators (such as short-chain fatty acids 
and intestinal hormones) that act on target organs, stimulate 
the release of GLP-1 and PYY, regulate energy intake, cause 
energy metabolism disorders, and induce GDM [59]; (iv) the 
GM affects the immune system of pregnant women. When 
the butyrate produced by the GM decreases, the intestinal 
mucosa is damaged, permeability increases or immunity is 
imbalanced, immune cells infiltrate, and pro-inflammatory 
cytokines (INF-a, IL-6) increase, activating the inflamma-
tory signaling pathway and leading to insulin resistance and 
GDM [60–63].

Our study revealed a clearly significant difference in S. 
infantis between the GDM and NGT groups and identified a 
strong positive relationship between S. infantis and OGTT 
blood glucose levels (particularly the OGTT 2 h glucose 
level, P < 0.0001). Taken together, we are not confident 
whether we can hypothesize that S. infantis is involved in the 
mechanism of inflammation and metabolic imbalance, caus-
ing local inflammation in the GM and activating systemic 
inflammation, leading many inflammatory cytokines to be 
released into target organs where insulin acts, inhibiting the 
activity of proteins related to the insulin signaling pathway, 
causing β-cell damage or necrosis, and ultimately induc-
ing insulin resistance and GDM disease. In other words, S. 
infantis may serve as a mark for GDM, and its role in the 

causality and biological relevance must be further verified 
in animal model studies.

The notable strength of this study is the first report that 
S. infantis has a very strong positive association with blood 
glucose levels, thus providing a new research avenue for 
future studies. However, this study also has several limita-
tions. First, the sample sizes used for sequencing analysis 
were not large enough to allow for strong conclusions to 
be drawn. Additional studies with larger sample sizes are 
therefore warranted in the future to validate the findings of 
the current study. Second, body weight, which acts as a con-
founding factor, was not completely excluded from our study. 
Although one patient in the GDM group had a BMI > 30, 
the inclusion of this patient did not affect our results, with 
similar results observed when the subject was excluded from 
analysis or after adjusting for BMI. More standard subjects 
will be required in future studies to obtain more accurate and 
stronger proof. Finally, gold standard tests for measuring 
insulin resistance and secretion were not performed in this 
study, and no information was obtained regarding pancreatic 
β-cell function in the patients with GDM during pregnancy. 
Therefore, to provide a more comprehensive overview of 
each patient to draw more definitive conclusions, it will be 
important to include these tests in future studies.

Conclusion

This study identified three abnormally expressed intestinal 
bacteria (R. bromii, C. colinum, and S. infantis) in women 
with GDM. Further correlation analysis revealed that S. 
infantis has a strong relationship with blood glucose levels 
and may serve as a disease risk factor for GDM. Thus, if 
these findings are confirmed by further studies in a larger 
sample, the development of strategies to modulate the GM 
might provide a new avenue for treating GDM.
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