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The Candidate Phyla Radiation (CPR), as a newly discovered and difficult-to-culture bacterium, accounts for the majority of the
bacterial domain, which may be related to various oral diseases, including dental caries. Restricted by laboratory culture
conditions, there is limited knowledge about oral CPR. Advances in metagenomics provide a new way to study CPR through
molecular biology. Here, we used metagenomic assembly and binning to reconstruct more and higher quality metagenome-
assembled genomes (MAGs) of CPR from oral dental plaque. These MAGs represent novel CPR species, which differed from all
known CPR organisms. Relative abundance of different CPR MAGs in the caries and caries-free group was estimated by mapping
metagenomic reads to newly constructed MAGs. The relative abundance of two CPR MAGs was significantly increased in the
caries group, indicating that there might be a relationship with caries activity. The detection of a large number of unclassified CPR
MAG:s in the dataset implies that the phylogenetic diversity of CPR is enormous. The results provide a reference value for

exploring the ecological distribution and function of uncultured or difficult-to-culture microorganisms.

1. Introduction

The human oral cavity, as one of five major microecological
systems in the human body, has been used as the main model
system for microbial community research to understand
microbial ecology and function [1]. The data from the
Human Microbiome Project [2] show that the oral cavity can
contain up to 700 types of microorganisms, 30% of which are
uncultured. Oral microorganisms include bacteria, fungi,
viruses, and bacteriophages. Oral bacteria, which are rela-
tively abundant and easy to be detected and cultured, have
always been a hot topic in the study of oral microorganisms.
In recent years, although we have made great progress in
understanding the complex microbial communities in the
oral cavity, the research on some microorganisms is still not
deep enough, for example, a new bacterial group called
“Candidate Phyla Radiation” (CPR) has not been fully
studied. With regard to such microorganisms, studies have
shown that they may be associated with a variety of oral

diseases. For example, the Saccharibacteria bacterium (once
known as TM7), belonging to CPR organisms, is widespread
in the human oral microbiota, and there is increasing evi-
dence that they are associated with a variety of mucosal
diseases, including periodontitis, halitosis, and inflamma-
tory bowel disease [3-6]. TM7 may have a certain effect on
the microecology of oral flora, playing a vital but little-
known role in the occurrence and development of oral
diseases.

Caries is the most common and frequently occurring
chronic oral infectious disease, which is characterized by
progressive destruction of hard tissues of teeth. The aetio-
logical mechanism of caries has always been a hot research
topic and the basis for caries treatment and prevention. The
four-factor theory of caries considers that cariogenic bac-
teria, susceptible host, appropriate substrate, and time are
necessary conditions for caries [7], and cariogenic bacteria is
the most important link. Now, most scholars tend to agree
with the “ecological plaque hypothesis” [8], believing that
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the bacteria with the so-called “cariogenic” are by no means
limited to one or some bacteria, and the bacterial com-
munity is considered as a whole. These bacteria are originally
the resident flora existing in the oral cavity, and numerous
microorganisms maintain close contact with each other,
thus maintaining the demineralization and remineralization
on the tooth surface as a whole through complex interaction.
When the microenvironment changes, one or more mi-
croflora in dental plaque obtains a competitive advantage
and breaks the ecological balance between microorganisms,
between dental plaque and tooth surface, and between the
oral environment, thus leading to the occurrence of dental
caries [9]. As a kind of difficult-to-cultivate and poorly
understood bacteria, whether the CPR organisms acting as
the aetiological factor of caries, or the type of the CPR
organisms changed from health to disease states is still
unknown.

Unlike fungi and viruses, CPR is a recently discovered
species of bacterial organisms that has greatly influenced our
perception of the diversity of life on Earth [10]. This previously
unknown bacterium may contain a total of more than 70 phyla,
accounting for more than 25% of the bacterial domain [11].
CPR organism is found in a variety of niches and has similar
characteristics, such as containing self-splicing introns of 16S
subunit ribosomal RNA (16S rRNA) genes and archaeal-
specific RuBisCO genes [12], lacking genes that can be used to
encode the CRISPR/Cas phage defence system [13], etc. Due to
the reduction of the genome, their biosynthetic and metabolic
capacities are limited, and they have no electron transfer
chains, tricarboxylic acid cycles, amino acid and membrane
biosynthetic pathway, and various ribosome subunits [14-19].
High-resolution frozen transmission electron microscopy
shows that the CPR cell size is 0.009 +0.002 mm>, which is
consistent with the size of their small genome [18]. To sum up,
these shared properties indicate that members of the CPR may
show a symbiotic lifestyle and rely on essential metabolites of
partner cells, while potentially providing unstable fermentation
(e.g., acetate) in return [15, 20-22]. This codependent lifestyle
may explain their resistance to culture in vitro [23]. However, it
is unclear whether environmental conditions change from
health status to caries will affect the composition of CPR
organisms.

The challenges of cultivating CPR limit research on their
phylogeny and functional diversity. With the development
of bioinformatics analyses and high-throughput sequencing,
more and more metagenome sequencing data have been
obtained from diverse ecological niches and multiple parts of
the human body including the oral cavity. Metagenomics is a
DNA sequencing methodology based on shotgun se-
quencing, which sequences the DNA directly separated from
the environment and then, assigns the reconstructed ge-
nome segments to the genome sketches [24]. This poly-
merase chain reaction (PCR)-independent genomic (rather
than gene)-based approach is valuable for researchers to
overcome the obstacles described above and provide in-
formation about the metabolic potential of uncultured or-
ganisms. In addition, there are various phylogenetically
informative sequences that can be used to classify CPR
organisms.

Here, we used metagenome shotgun sequencing data
obtained from the study [25] for metagenomic analysis.
Limited to the memory of the server, only 25% raw data were
assembled and analysed downstream in the original study.
However, we used all the raw data to characterize the dis-
tribution, abundance, and functional differences of CPR
organisms in supragingival biofilm swabs of twin pairs,
including caries and healthy children using shotgun meta-
genomic sequencing, de novo assembly, and binning tech-
niques. Previous metagenomic data analysis was incomplete,
and data mining was insufficient. Our work utilizes re-
sources of public databases to conduct in-depth meta-
genomic analysis to obtain more valuable microbial
information is significant for metagenomic research.

2. Materials and Methods

2.1. Metagenomic Datasets. The individual reads of 88
subjects were downloaded from the NCBI SRA database,
with accession numbers SRR6865436 to SRR6865523. In the
original study [25], International Caries Detection and
Assessment System (ICDAS II) criteria were used for caries
assessment. Subjects with either enamel caries or dentinal
caries are referred to as diseased, while subjects without
enamel or dentinal caries are referred to as healthy, unless
otherwise stated. Dental plaque samples were collected, and
DNA was extracted according to a previously published
method [26]. The metagenomic libraries were constructed
using the NEBNext Illumina DNA library preparation kit
(New England Biolabs, Ipswich, MA) and then were se-
quenced for 300 cycles using the Illumina NextSeq 500 High-
Output kit according to standard manufacturer’s specifi-
cations (Illumina Inc., La Jolla, CA).

2.2. Data Quality Control. Sequence data quality was
assessed using FastQC v0.11.7 (https://www.bioinformatics.
babraham.ac.uk/projects/fastqc/). The raw reads from each
sample were subjected to adapter trimming and low-quality
filtering using Trimmomatic v0.36 [27] with parameters of
“LEADING:3 TRAILING:3 SLIDINGWINDOW:4:15
MINLEN:36.” Each sample’s reads were then aligned to
human genome build hg38 using Bowtie2 (v2.3.5.1) [28] to
filter any genes that were of host origin and avoid host
contamination. FastQC was performed again to evaluate the
quality of the remaining reads.

2.3. De Novo Assembly and Binning. Total cleaned reads
were first assembled on a per sample basis using the met-
aSPAdes v3.14.0 [29] with option--meta and default pa-
rameters [30]. The required coverage depth for the binning
was inferred by mapping the raw cleaned reads back to their
assemblies using Bowtie2 (v2.3.5.1) and then, calculating the
corresponding read depths of each individual contig using
SAMtools v1.9 [31] (“samtools view-Sbu” followed by
“samtools sort”) together with the jgi_summar-
ize_bam_contig_depths function from MetaBAT 2 (v2.12.1)
[32]. The MetaBAT 2 program was then called using a
minimum contig length threshold of 1,500bp (option--
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minContig 1500) and default parameters (minCV 1.0,
minCVSum 1.0, maxP 95%, minS 60, and maxEdges 200),
leading to the generation of 424 bins covering 3,408,272,494
bases.

2.4. Taxonomic Analyses and Phylogenetic Analysis. We used
Kraken2 v2.0.8 [33] to classify the contigs with default
parameters according to the Kraken2 database, and each
genome bin was assigned the lowest taxonomic label that
was assigned to at least 70% of the contigs in the genome bin.
Twenty-nine CPR genome bins were recovered and the
completeness and contamination of each bin were estimated
with CheckM v1.1.2 [34] using the lineage_wf workflow.
Thirteen low-quality (<50% completeness) genome bins
were removed, and the remaining sixteen CPR genome bins
were used for downstream analysis as metagenome-as-
sembled genomes (MAGs). 16S SSU rRNA genes reads were
extracted from bins using the command-ssu_finder of
CheckM v1.1.2 with default parameters. 16S SSU rRNA
genes reads of 22 representative CPR genomes (including
sixteen TM7; three Gracilibacteria; and three Abscondita-
bacteria) were downloaded from the expanded Human Oral
Microbiome Database (eHOMD) (https://www.homd.org).
The alignment of total 16S SSU rRNA was conducted using
the ClustalW method. The misaligned ends and regions with
>95% gaps were trimmed, and the final alignment was used
to generate a 16S rRNA phylogenetic tree by using the
maximum-likelihood method through the MEGA7 software
[35], with a bootstrap test of 1000 replicates. Firstly, a JTT
model was used to estimate a matrix of pairwise distances,
then to which applied Neighbor-Join and BioN] algorithms,
obtaining the initial tree for the heuristic search automat-
ically. Secondly, a tree with the highest log-likelihood was
constructed by choosing the topology with the highest log-
likelihood value. At last, the branch lengths were adjusted
with the number of substitutions per site.

2.5. Comparative Analysis of MAGs. Five MAGs for CPR
were downloaded from the original literature, including three
TM7 MAGs and two GN02 MAGs. Quast v5.0.2 [36] was used
to determine the quality of the sixteen newly assembled ge-
nomes and five original literature’s genomes for further
comparison. Then, pairwise average nucleotide identity (ANI)
values of newly assembled genomes and the original literature’s
genomes were calculated by using JSpecies (https://imedea.uib-
csic.es/jspecies/) [37]. Whole-genome comparisons were
conducted by aligning sequenced genomes with Progressive
MAUVE v2.4.0 [38], using the MAUVE Multiple Genome
Alignment software (https://asap.ahabs.wisc.edu/mauve/).

As reference genome, each individual assembled MAG
was indexed using Bowtie2 v2.3.5.1 with the command
“bowtie2-build.” Clean reads of the caries group and the
caries-free group were aligned to the reference genomes,
respectively, with Bowtie2 v2.3.5.1. The resulting count ta-
bles were converted to include length, coverage, and relative
abundance in the measurements by adjusting the transcript
per million (TPM) [39] calculation for the contigs, a fun-
damental standardization of metagenomic assembly, as the

contigs length has an inherently wide distribution. The
relative abundance for each CPR MAG in the caries and
caries-free group was calculated, and the differences in
relative abundance were analysed using Fisher’s exact test
with Benjamini-Hochberg False Discovery Rate (FDR)
correction using STAMP v2.1.3 [40]. A p value <0.01 was
taken to denote statistical significance.

2.6. Metagenomic ~ Annotation and  Functional
Characterization. The significantly increased MAGs in the
caries group were selected. The genes from these MAGs were
predicted using Prodigal v2.6.3 [41]. Predicted protein se-
quences were annotated against KEGG with GhostKOALA
(genus_prokaryotes + family_eukaryotes) (https://www.kegg.
jp/ghostkoala/) [42]. Marker genes for central metabolic
pathways and key environmental element transformations
were identified based on K number assignments. The met-
abolic capacity of MAG is determined by the similarity of
gene content with the KEGG genome with known functions
and the presence of key genes and pathways in MAG. KEGG
ids extracted from the MGENE group associated with each
KEGG genome (a total of 5647 comparisons) were added to
the matrix of all MAG KEGG ids, respectively. The functional
ability of MAG was evaluated by using the functional ability
of up to four nearest KEGG genomes.

3. Results and Discussion

3.1. Data Overview. In the original literature, the shotgun
sequencing of metagenome was conducted on 88 dental
plaque samples from 44 twin pairs including 50 from caries
patients, and 38 from healthy persons (the information for
the samples is shown in Table S1). We downloaded the SRA
files with serial accession numbers from SRR6865436 to
SRR6865523 (BioProject accession number PRINA383868)
and converted them to FASTQ files using SRA Toolkit 2.9.6
(https://www.ncbinlm.nih.gov/sra). A total of 96Gb of
paired-end sequence data were generated, and each sample
had an average of 5.52 million reads (1.1 Gb). After filtering
low-quality and human reads, about 47.8% of the sequence
reads remained. The remaining, quality-filtered reads were
assembled with metaSPAdes produced contigs that could
undergo genomic binning by MetaBAT 2, generating a total
of 424 bins covering 3,408,272,494 bases.

3.2. More Discoveries of Uncultured CPR Organisms.
Having identified 424 bins in the dental plaque, we sought to
determine their taxonomic classification and evaluated their
quality. By complementing the phylogenetic inference
method of CheckM with exact alignment based on k-mers
using Kraken2 against the Kraken2 database, we attempted
to assign the most likely taxonomic lineage to each bin. We
screened 29 CPR bins, but 13 of them were of poor quality
(<50% completeness) and were removed. The remaining 16
CPR genome bins were used for downstream analysis as
MAG:s including thirteen genomes for the TM7 lineage and
three genomes for the Gracilibacteria (GN02) lineage (see
Table 1). Of these MAGs, eight were high-quality genomes
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TABLE 1: Basic information about CPR bins.

Identifier Family Genus Species Completeness Contamination No. .Of
contigs

bin.138

(MAGI.A) 91.67 132.01 135

bin.366

(MAGL)) 91.67 50.00 28

bin.158

(MAGI.C) 91.67 88.02 44

bin.339

(MAGLH) 91.67 66.67 58

bin.404

(MAGIM) 91.67 66.67 32

bin.335

(MAGI.G) 91.67 72.19 19

bin.344 Unclassified Candidatus Candidatus saccharibacteria 91.67 0.85 -

(MAGLI) Saccharibacteria saccharimonas oral taxon TM7 ’ ’

bin.149

(MAGLB) 89.47 61.46 162

bin.374

(MAGI.L) 81.03 76.88 75

bin.321

(MAGLF) 66.67 30.95 104

bin.229

(MAGI.D) 65.95 59.65 144

bin.247

(MAGLE) 65.53 43.90 13

bin.367

(MAGLK) 62.92 22.81 29

bin.376

(MAGII.C) 94.64 7.27 15

bin.181 Un;lgsmﬁed Unc'ljas51ﬁed. Candidatus grqczlzbacterza 93.10 80.22 963

(MAGIILA) Gracilibacteria Gracilibacteria bacterium

bin.354

(MAGILB) 62.07 6.90 34

(>90% completeness), and eight were medium-quality ge-
nomes (<90% completeness and >50% completeness) as
estimated by CheckM.

We used 16S SSU rRNA gene reads extracted from the
sixteen CPR MAGs and twenty-two representative CPR ge-
nomes to generate a 16S rRNA phylogenetic tree by using the
maximum-likelihood method to further verify the classifi-
cation of MAGs (see Figure 1). Analysis of the phylogenetic
tree showed MAG 1A 1.C I.J] and MAG IIL.C have a distant
lineage with all other species. It may mean they correspond to
entirely “novel” genomes that we found. There are also some
species with particularly similar lineage, such as MAG LB and
TM7 G-1 HMT348, MAG LI and TM7 G-1 HMT347, and
MAG LF and TM7 G-1 HMT346 suggesting that they may be
the same flora. Most MAGs have a pedigree relationship with
the reference genomes at a medium distance.

The abovementioned results indicate that all 16 new
MAGs are derived from the CPR organisms, including
thirteen TM7 and three GNO02. There are many research
studies on TM7 but still few studies on GN02. TM7 is a kind
of highly diversified bacteria in the world, which was first
identified in peat bog in Germany [43]. TM7 can be found in
a variety of globally distributed environments, including
fresh water, seawater, hot spring, and soils [44]. It has also
been detected in many parts of human bodies, including skin

[45], the distal esophagus [46] and intestinal tract [4], which
is especially common in the oral cavity [47]. It is considered
that TM7 is a common and possibly permanent component
of the oral flora, which has the ability to maintain growth
under both healthy and severe disease state conditions [48].

3.3. The Quality of MAGs Was Higher Than the Results in the
Original Literature. Quast was used to determine the quality
of the sixteen MAGs and five original literature’s MAGs
including three TM7 MAGs and two GN02 MAGs for
further comparison. The contig N50 in this study was 28,065
significantly larger than the N50 of 5,586 in the original
literature. All our MAGs contain a total of 215 contigs
greater than 50,000 bp in length. However, the number of
contigs larger than 50,000 bp in the original literature is zero
(see Table 2). Compared with the original literature, we have
obtained more MAGs and higher quality. Then, we com-
pared MAG pairwise using MAUVE and JSpecies to cal-
culate ANI. At least 95% (ANI) is considered the
identification standard of the same species. Species identical
to those in the original literature were not found but there
are some similar species (see Tables 3 and 4). MAGs that are
not matched to the original literature are newly excavated
CPR genomic information.
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67 Saccharibacteria (TM7) G-1 bacterium HMT 348
ﬂ‘—EMAGI B;bin.149 Saccharibacteria (TM7)
MAGI G;bin.335 Saccharibacteria (TM7)
99 I: MAGI M;bin.404 Saccharibacteria (TM7)
70 MAGI H;bin.339 Saccharibacteria (TM?7)
MAGI E;bin.247 Saccharibacteria (TM7)
MAGI D; bin.229 Saccharibacteria (TM7)
Saccharibacteria (TM7) G-1 bacterium HMT 352
Saccharibacteria (TM7) G-1 bacterium HMT 952
{Saccharibacteria (TM7) G-1 bacterium HMT 488
Saccharibacteria (TM7) G-7 bacterium HMT 954
78] 92 Saccharibacteria (TM7) G-1 bacterium HMT 347
100 MAGI I;bin.344 Saccharibacteria (TM7)
MAGI K;bin.367 Saccharibacteria (TM7)

88 MAGI L; bin.374 Saccharibacteria (TM?7)
Saccharibacteria (TM7) G-8 bacterium HMT 955
51 Saccharibacteria (TM7) G-1 bacterium HMT 349
Saccharibacteria (TM7) G-1 bacterium HMT 869
Saccharibacteria (TM7) G-1 bacterium HMT 346

100 MAGI F; bin.321 Saccharibacteria (TM?7)
Saccharibacteria (TM7) G-2 bacterium HMT 350
,—Saccharibacteria (TM7) G-4 bacterium HMT 355
ol 74l Saccharibacteria (TM7) G-3 bacterium HMT 351
Saccharibacteria (TM7) G-6 bacterium HMT 870
,—Saccharibacteria (TM7) G-5 bacterium HMT 356
100 98 Saccharibacteria (TM7) G-5 bacterium HMT 356

67

69

63

100 Gracilibacteria (GN02) G-1 bacterium HMT 871

99 {Gracilibacteria (GN02) G-1 bacterium HMT 872

r—Gracilibacteria (GNO02) G-2 bacteria HMT 873

73 97 L—Absconditabacteria (SR1) G-1 bacteria HMT 875

loo{Absconditabacteria (SR1) G-1 bacteria HMT 345
99 Absconditabacteria (SR1) G-1 bacteria HMT 874

MAGII A:bin.181 Gracilibacteria (GN02)

MAGII B:bin.354 Gracilibacteria (GN02)

MAGII C:bin.376 Gracilibacteria (GN02)

MAGI C:bin.158 Saccharibacteria (TM?7)

MAGI A:bin.138 Saccharibacteria (TM7)

MAGI J:bin.366 Saccharibacteria (TM7)

F1GURE 1: Phylogenetic relationships within the CPR of assembled in the study and derived from public ribosomal databases and available
genomes using maximum-likelihood 16S rRNA. Highlights show CPR assembled for this study.

TaBLE 2: Comparison of CPR bins’ features in the original literature and in this study.

CPR bins in the original literature CPR bins in this study
No. of bins 5 16
No. of contigs (=50000 bp) 0 215
N50 5586 28065
N75 3037 7917

3.4. The Difference of CPR in Caries and Caries-Free Groups. ~ component of the oral flora. The results of this study also
The results of this study showed that in the caries-free group, =~ showed that the CPR at the species level were mainly
the TM7 and the GN02 were second in abundance to the  Candidatus Saccharibacteria oral taxon TM7 of phylum
major phyla, indicating that CPR is an important  TM?7 and Candidatus Gracilibacteria bacterium of phylum
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TaBLE 3: ANI values for assembled CPR bins and original CPR bins (TM?7).

Identifier RBJOO01 RBJPO1 RBJQO1
bin.138 73.56 67.09 67.10
bin.366 70.32 67.07 66.33
bin.158 76.34 67.12 68.63
bin.229 69.27 91.12 66.05
bin.339 70.10 66.77 94.28
bin.344 69.18 64.87 94.53
bin.404 81.95 67.02 69.55
bin.149 81.41 67.09 69.27
bin.321 82.86 66.02 69.61
bin.247 79.23 66.84 68.85
bin.367 72.85 65.77 87.21
bin.335 71.05 67.00 66.41
bin.374 68.31 66.29 94.06
TaBLE 4: ANI values for assembled CPR bins and original CPR bins (GN02).
Identifier RBJVO01 RBJWO01
bin.181 92.03 63.46
bin.376 94.65 64.71
bin.354 67.10 85.06

GNO2, both of which had higher abundance at the oral flora
species level, which further proved the importance of CPR in
the oral microbiota. TM7 and GN02 were common to both
caries and caries-free groups and were detected in all
samples, indicating that CPR are members of the oral “core
microbiome,” and they may play an important role in the
stability and function of the oral microecological environ-
ment. Based on the annotation level of the existing database,
LefSe difference analysis showed that there was no signifi-
cant difference between the bacteria of phylum TM7 and
phylum GNO2 in the caries and healthy groups in general. In
this study, we followed up with an in-depth analysis of CPR
obtained by genome assembly and binning, and the results
showed that there were differences in CPR at the level of
unknown strains in the caries and caries-free groups.

We used STAMP to calculate the relative abundance for
each CPR MAG in the caries group and caries-free group
(see Figure 2). The relative abundance for MAG LI and
MAG II.C are significantly higher in caries than in caries-
free groups. We selected the two MAGs with the greatest
difference to study the functional predictions of the
encoded proteins in their genomes (see Figures 3 and 4).
Most of the functional genes within the two genomes
encoded proteins are related to genetic information pro-
cessing, in addition to signaling and cellular processes.
Genetic information processing and cellular processes are
of great significance to all microorganisms. The two of them
together comprised 38.1% and 38.8% of the genes in the
MAG II and MAG II.C, respectively, suggesting the im-
portance of cell motility, cell envelope biogenesis, and
signal transduction for these organisms. These results are
consistent with the phenotypic characteristics of TM7
isolates. A recent study showed that TM7 species in the
human oral cavity had undergone morphological changes,
which showed that they changed from ultramicrococcus to

slender cells in response to environmental cues including
oxygen levels and nutritional status [49]. These cues could
also be involved in cell signal transduction and activation of
the cell movement pathway.

Compared with other bacterial genomes [50], genes
involved in metabolism only account for a small proportion
in the newly constructed CPR genomes, with 25.2% and
27.2% in the MAG LI and MAG II.C. These results are
consistent with the hypothesis that the biological metabolic
capacity of CPR lineage is limited. Some previous studies
have shown that the genomes of CPR organisms lack genes
for the biosynthesis of most nucleotides, amino acids, lipids,
and vitamins. In addition, the genomes lack most of the
genes for the tricarboxylic acid cycle and electron transport
chain components. In view of the fact that the metabolic
capacities of some CPR organisms have recently been ex-
tended to members of the Parcubacteria, it is based on new
genomes encoding putative components of the dissimilatory
nitrate reduction to ammonia pathway [51, 52], and those
genomes involved in hydroxylamine oxidation [51]. Meta-
proteomic analyses also showed that fermented CPR may
play an important role in the hydrogen and carbon cycle of
underground ecosystems [15, 53]. In this study, we identified
genes encoding various transporters and enzymes in these
two newly constructed genomes with significant differences,
including genes encoding glycolysis-specific proteins of
triosephosphate  isomerase, glyceraldehyde-3-phosphate
dehydrogenase, 6-phosphofructokinase, and enolase. We
did not find a complete tricarboxylic acid cycle pathway in
either of these MAGs. These results are consistent with
previous hypotheses, that is, cardiopulmonary resuscitation
organisms may show a symbiotic lifestyle and only have a
part of the metabolic pathway. However, because the ge-
nome is incomplete, they may lack a complete metabolic
pathway.
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95% confidence intervals

bin247 L —0— | <le-15

bin344 =2 : O <le-15

bin376 = l o <le-15

bin229 [ rOH E <le-15

bin404 L —0o— ! <le-15

. 1

s Re o e E
i 5

bin181 FH ! o <le-15 &

L = - A S <le-15 S

bin354 oA | 4.24e-8 %

bin158 [ | reH 6.28e-7 T,

bin374 [ HOH 0.026

bin367 B FO 0.077

bin138 B FCH 0.853

bin335 —— 0.902

bin366 = |_$_| 0.996

! ! ! ! | ! ! ! |
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[ caries-free

F1GURE 2: Comparison of relative abundance of each CPR MAGs between caries and caries-free groups. CPR MAGs above the dotted line
are considered to be significantly different.

I Genetic information processing [l Protein families: genetic information processing

[ Protein families: signaling and cellular processes [ Carbohydrate metabolism [l Unclassified

I Nucleotide metabolism Unclassified: metabolism [l Protein families: metabolism [l Amino acid metabolism
|1 Glycan biosynthesis and metabolilsm [ Energy metabolism [l Environmental information processing

[ Cellular processes 1] Unclassified: genetic information processing  [Jll Metabolism of other amino acids

[ Organismal systems Metabolism of terpenoids and polyketides [l Lipid metabolism [l Human diseases

[0 Unclassfied: signaling and cellular processes [ Metabolism of cofactors and vitamins

Il Biosynthesis of other secondary metabolites

FiGure 3: The functional predictions of proteins encoded in the genomes of MAG LI
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I Genetic information processing [l Protein families: genetic information processing

I Protein families: signaling and cellular processes
I Nucleotide metabolism Unclassified: metabolism

Carbohydrate metabolism [l Unclassified
M Protein families: metabolism [l Amino acid metabolism

Glycan biosynthesis and metabolilsm [l Energy metabolism [l Environmental information processing

Cellular processes
[ Organismal systems

Unclassfied: signaling and cellular processes
[l Biosynthesis of other secondary metabolites

Unclassified: genetic information processing
Metabolism of terpenoids and polyketides
I Metabolism of cofactors and vitamins

M Metabolism of other amino acids
[ Lipid metabolism [l Human diseases

FiGure 4: The functional predictions of proteins encoded in the genomes of MAG II.C.

4. Conclusions

In conclusion, we identified and characterized CPR organ-
isms that were difficult to culture using metagenomic se-
quencing approaches via a metagenomic approach. Using this
approach, we reconstructed more and higher quality CPR
MAGs from human oral supragingival plaque with or without
dental caries using metagenomic data and confirmed the
affiliation of genomes. By comparing the abundance and
function differences of each MAG between caries and healthy
subjects, two MAGs are suspected to be related to caries
activity. In order to better understand the characteristics of
the CPR organisms, more efforts should be conducted to
develop a method to cultivate them in the future.
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Background. Lysine-specific demethylase 1A (KDM1A) is a histone demethylation enzyme and a crucial epigenetic factor for
multiple pathological pathways that mediate carcinogenesis and immunogenicity. Although increasing evidence supposes the
association between KDM1A and cancers, no systematic multi-omics analysis of KDM1A is available. Methods. We systematically
evaluated the KDM1A expression of various cancer and normal tissues and the unique relationship between KDM1A expression
and prognosis of cancer cases based on The Cancer Genome Atlas (TCGA), Genotype Tissue Expression (GTEx), and Clinical
Proteomic Tumor Analysis Consortium (CPTAC) database. The genetic variations, phosphorylation, and DNA methylation of
KDM1A were analyzed via various tools. We further analyzed the correlation of KDM1A expression and fibroblasts and immune
cell infiltration score of TCGA samples via TIMER2.0. Results. KDM1A was highly expressed in 17 types of total 33 cancers, while
it expressed low levels in only 4 cancers. High KDM1A expression was associated with worse survival status in various cancers.
KDMI1A expression was positively correlated with the cancer-associated fibroblasts and myeloid-derived suppressor cells in-
filtration levels in most cancer types. Additionally, KDM1A in most cancer types was negatively correlated with Th1 cell in-
filtration and positively correlated with Th2 cells. Moreover, spliceosome, cell cycle, and RNA transport pathways were involved in
the functional mechanisms of KDM1A via enrichment analysis. Conclusions. Our study describes the epigenetic factor KDMI1A as
an oncogene and prognostic biomarker. Our findings provide valuable guidance for further analysis of KDM1A function in
pathogenesis and potential clinical treatment.

1. Introduction

Epigenetics has been proved as one of the fundamental
mechanisms leading towards carcinogenesis [1]. The irreg-
ularities of the epigenome associated with cancer are reg-
ulated via histone modifications, DNA methylation,
chromatin remodeling, and stability of RNA transcripts. The
advancement in genomic technologies over the last two
decades provided us with a bird’s eye view of the epigenetic
factors in oncogenesis, including oncogenic and tumor-
suppressor networks. Moreover, the epigenetic changes in
cancer cells exposed a key role in the effects of tumor-host
interactions, especially with immune cells and stromal cells
[2]. With improved understanding, epigenetic modifications

in cancer are possibly reversible, indicating that epigenetic
regulation is a promising therapeutic target to explore.
The lysine-specific demethylase 1A (KDMIA), also
known as LSD1or AOF2, was the first histone demethylation
enzyme identified by Shi et al. [3]. It revealed the dynamic
regulation of histone methylation by both histone methyl-
ases and demethylases. KDM1A has been shown to deme-
thylate histone H3 on lysine 4 (H3K4) and lysine 9 (H3K9),
which functions in the regulation of gene expression as a
transcriptional repressor or activator [3, 4]. Furthermore, a
neuron-specific isoform of LSD1 (KDM1A), LSD1n, was
described to acquire a new substrate specificity targeting
H4K20me2 methylation for transcription activation of
neuronal-regulated genes [5]. The expression of KDM1A has
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been found upregulated and correlated with poor prognosis
in various cancer types [6-9]. KDM1A plays a pivotal role in
various cancer-related physiological processes, such as
maintenance of stemness, regulation of hypoxia, epithelial-
to-mesenchymal transition (EMT), and escape of immune
surveillance [7, 10-13]. Our group and Shi’s group have
proved inhibition of KDMI1A can convert tumors from
“cold” to “hot” via regulating the tumor immunogenicity
[7, 13] and suppose KDMIA as a target to enhance the
efficacy of immunotherapy on poor immunogenic cancers.
However, the role of KDMI1A in other cancers remains
unknown. To date, there is no comprehensive study on the
prognostic significance of KDMI1A in pan-cancer.

In this study, we performed pan-cancer analysis by using
the TCGA project and GTEx databases to systematically
characterize the role of KDM1A across various cancer types.
We conducted analyses of a set of elements, such as RNA
level, protein level, survival curve, DNA methylation, genetic
alteration, post-translation modification, microenvironment
score, and relevant cellular pathway, to explore the potential
mechanism of KDMI1A in the pathogenesis or clinical
prognosis of different cancers [14]. The current evidence
suggested that KDMI1A plays different roles in diverse
cancers, and the underlying molecular mechanisms that
occur in several cancers merit further investigation.

2. Materials and Methods

2.1. Gene Expression Analysis. The TIMER2.0 database was
used to detect the expression difference of KDMIA using
TCGA pan-cancer data [15]. GEPIA2 was used to draw the
expression level of KDMIA in tumors and compare with
related normal tissue from Genotype Tissue expression
(GTEx) database, setting as |log2FC| =1, p value =0.05, and
“Match TCGA normal and GTEx data” [16]. Additionally,
GEPIA2 was used to obtain violin plots of the KDMI1A
expression according to the tumor pathological stages.

To evaluate differences in KDM1A expression at the
protein level, Clinical Proteomic Tumor Analysis Consor-
tium (CPTAC) was analyzed using the UALCAN portal [17].
The expression levels of the total protein and phosphorylated
protein of KDM1A (NP_001350583.1, NP_055828.2) were
analyzed by comparison of the primary tumor and normal
tissues.

The Oncomine database (https://www.oncomine.org/
resource/main.html) was also applied to obtain the differ-
ent expressional levels of KDMI1A between cancer and
normal tissues by entering the word “KDM1A” and setting
the threshold of p value=0.05, fold change=2, and gene
rank in top 10%.

2.2. Survival Analysis. We used the “Survival Analysis-
Survival Map” module of GEPIA2 to obtain the effect of
KDM1A expression on overall survival (OS) and disease-free
survival (DFS) of various cancers based on TCGA. The high-
and low-expression cohorts were cut with the ratio of 50 : 50.
The hypothesis test used a log-rank test. The “Survival
Analysis” module was used to analyze the survival curve of

each cancer type. The hazards ratio (HR) based on Cox PH
model was calculated, and the 95% confidence interval (CI)
as the dotted line is added in the figures.

2.3. Genetic Alteration Analysis. The cBioPortal (http://
cbioportal.org) website was used to rank the genetic vari-
ation of KDM1A via the “Cancer Types Summary” module,
including the gene alteration frequency, mutation type, and
copy number alteration (CNA) [18]. The mutated site of
KDM1A was shown in the schematic diagram of the protein
structure via the “Mutations” module. PyMol software was
used to label mutation sites of KDM1A. The “Comparison”
module was used to obtain the Kaplan-Meier curves of the
OS, DEFS, progression-free survival (PFS), and disease-spe-
cific survival (DSS) for various cancer types according to the
KDMIA genetic alteration. The log-rank p value was shown.
The mutation of KDMIA in the different subtypes of breast
cancer was analyzed with the Breast Invasive Carcinoma
data set (TCGA, Pan-Cancer Atlas) through cBioPortal.

2.4. DNA Methylation Analysis. MethSurv is an interactive
and user-friendly web portal providing univariable and
multivariable survival analysis based on DNA methylation
biomarkers using TCGA (The Cancer Genome Atlas) data
[19]. We evaluated survival data of all cancer types using
DNA methylation of KDMI1A as conditions, selecting the
curves with p value < 0.05 to exhibit. Moreover, MEXPRESS
was applied to visualize DNA methylation, expression, and
clinical data [20].

2.5. Immune Infiltration Analysis. The TIMER2.0 database
was used to analyze associations between KDMI1A and
tumor stromal cells, tumor-infiltrating immune cells, in-
cluding cancer-associated fibroblasts, CD8" T cells, CD4"
T cells, Tregs, B cells, macrophages, myeloid-derived sup-
pressor cells (MDSCs), neutrophils, and dendritic cells. The
EPIC, MCPCOUNTER, TIDE, TIMER, CIBERSORT,
CIBERSORT-ABS, QUANTISEQ, and XCELL algorithms
were applied for estimations. The purity-adjusted Spear-
man’s rank correlation test was used to obtain the p values
and partial correlation (cor) values, and then heatmaps and
corresponding scatter plots were generated.

2.6. KDMI1A-Related Gene Enrichment Analysis. The
STRING database was used to acquire KDMIA-binding
proteins [21]. We searched “KDMI1A” in “Homo sapiens”
and set main parameters, including Network type as “full
STRING”, the meaning of network edges as “evidence”,
active interaction sources as “experiments”, the minimum
required interaction score as “low confidence (0.150), and
the max number of interactors to show as “custom value;
max interactors (100)” in the 1st shell. Finally, the available
experiment-determined KDMI1A-binding proteins were
obtained as Set 1.

GEPIA2 was used to obtain 100 top KDM1A-correlated
genes based on TCGA and GTEx databases as Set 2 via the
“Similar Gene Detection” module. The “Correlation
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Analysis” module was used to execute a pairwise gene
Pearson correlation analysis based on expression data. The
dot plots showed log, (TPM) with p values and the cor-
relation coefficient (R). TIMER2.0 was applied to generate
the heatmap to demonstrate the relationship between
KDMI1A and selected genes via the “Gene_Corr” module in
the “Exploration” part.

Venny2.1.0  (https://bioinfogp.cnb.csic.es/tools/venny/
index.html) was applied to conduct an intersection analy-
sis of Set 1 and Set 2 for the common genes. Moreover, we
combined Set 1 and Set 2 to perform KEGG (Kyoto En-
cyclopedia of Genes and Genomes) pathway analysis and
GO (Gene Ontology) enrichment analysis. We used the
“clusterProfiler” R package to conduct KEGG enrichment
analysis and GO enrichment analysis [22]. The enriched
pathways were visualized with the bubble plots. GO en-
richment analyses were visualized as bubble plots and
cnetplots. The R language software [R-3.6.3, 64-bit] (https://
www.r-project.org/) was used in this analysis. Two-tailed
P <0.05 was considered statistically significant.

3. Results

3.1. KDM1A Gene Differentially Expressed between Normal
and Tumor Tissues. TIMER2.0 was used to detect the dif-
ferential expression of KDM1A between tumor and corre-
sponding normal tissues from TCGA. The results showed
that KDM1A was highly expressed in 15 cancer types
compared with normal samples, including bladder urothelial
carcinoma (BLCA), breast invasive carcinoma (BRCA),
cholangiocarcinoma (CHOL), colon adenocarcinoma
(COAD), esophageal carcinoma (ESCA), head and neck
squamous cell carcinoma (HNSC), liver hepatocellular
carcinoma (LIHC), lung adenocarcinoma (LUAD), lung
squamous cell carcinoma (LUSC), prostate adenocarcinoma
(PRAD), rectum adenocarcinoma (READ), stomach ade-
nocarcinoma (STAD), uterine corpus endometrial carci-
noma (UCEC), cervical squamous cell carcinoma and
endocervical adenocarcinoma (CESC), and glioblastoma
multiforme (GBM), and was lowly expressed only in kidney
chromophobe (KICH), kidney renal clear cell carcinoma
(KIRC), and kidney renal papillary cell carcinoma (KIRP)
(Figure 1(a)).

As the corresponding normal tissues of 10 cancer types
are unavailable in the TCGA database, we used the ex-
pression data of normal tissues from the GTEx database to
compare with TCGA data (Figures 1(b) and S1(a)). It was
shown that the KDMIA gene was highly expressed in tumor
samples of lymphoid neoplasm diffuse large B-cell lym-
phoma (DLBC) and thymoma (THYM) and was lower in
acute myeloid leukemia (LAML) compared with normal
tissues (p < 0.05). Moreover, 7 cancers showed no significant
difference in the expression of KDMIA compared with
normal tissues (Figure S1(a)).

We further explored the transcription levels of KDM1A
in cancer using the Oncomine database (Figure 1(c)). Rel-
ative to normal tissues, KDM1A in bladder cancer, colorectal
cancer, kidney cancer, leukemia, and lung cancer was
overexpressed, while it was downregulated in brain and CNS

cancer and breast cancer, which made the potential function
as either oncogenic or antitumor activities based on the
cancer types. Part of Oncomine data was inconsistent with
the analysis of TCGA data, perhaps caused by different
sample sources and different tumor classifications. Hence,
detailed analyses of KDM1A are considered for further
analysis.

To evaluate the protein level of KDM1A, CPTAC was
utilized to analyze the TCGA data. As shown in Figure 1(d),
the total protein level of KDM1A was higher in breast
cancer, uterine corpus endometrial carcinoma (UCEC),
colon cancer, ovarian cancer, lung adenocarcinoma
(p<0.001), and clear cell RCC (p <0.05) compared with
normal tissues.

Moreover, we applied GEPIA2 to investigate the cor-
relation of KDM1A with the pathological stages. KDM1A
expression was a positive correlation with pathological
stages in 4 cancers, including LIHC, HNSC, SKCM, and OV,
but not others (Figures 1(e) and Figure S1(b)).

3.2. Survival Analysis of KDM1A. To investigate the asso-
ciation of KDMI1A expression with prognosis, survival as-
sociation analysis was performed via GEPIA2 based on the
expression level of KDM1A. The cancer cases were di-
chotomized into high and low groups according to KDM1A
expression. As shown in Figures 1(f) and S2, the high-ex-
pression group was linked to poor OS (overall survival) for
cases of ACC (p=0.0014), LIHC (p=0.0053), and SARC
(p=0.011), and the contrary result was shown for cases of
COAD (p=0.023) and KIRC (p =0.025). Additionally, DES
(disease-free survival) was analyzed and showed that 4
cancer types with high KDM1A were positively related to
poor prognosis, including ACC (p=4.2e—05), LIHC
(p=0.021), KICH (p =0.026), and LGG (p =0.017), and low
KDMIA was associated with poor DFS for KIRC (p =0.015).

The Kaplan-Meier plotter tool was also utilized to an-
alyze the expression of the KDM1A gene concerning clinical
prognosis. The result presented that the high expression of
KDMI1A was associated with better OS (p=0.0068) but the
reverse effect to RFS (p=0.001) in patients with breast
cancer (Figure S3(a)). In ovarian cancer, the high KDMI1A
group was related to poor OS (p=0.043) and PFS (p =0.02)
(Figure S3(b)). The low expression of KDMI1A in gastric
cancer was associated with poor PPS (p=0.0013)
(Figure S3(c)). The upregulation of KDM1A was correlated
with poor OS (p=0.0031) in LUAD (Figure S3(d)). The
downregulation of KDMI1A was linked to poor PPS
(p=0.072) in LUSC (Figure S3(e)). Moreover, highly
expressed KDM1A was coupled with poor OS, RES, PFS, and
DSS (all p <0.001) for the cases of liver cancer (Figure S3(f)).
The summary of the differential association between
KDM1A expression and the prognosis of different cancers is
shown in Table 1, according to both methods of GEPIA2 and
Kaplan-Meier plotter.

3.3. Genetic Alterations of KDMIA. We applied cBioPortal
to observe the chromosomal abnormalities and mutation
status of KDM1A in various cancers using the TCGA data.
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FIGURE 1: Analysis of the expressional level of KDMIA gene and survival prognosis of cancers. (a) TIMER2.0 was used to analyze the
expressional level of the KDM1A in different cancers. (b) The box plot data were supplied for the type of DLBC, LAML, and THYM in the
TCGA project, and the corresponding normal tissues of the GTEx database were included as controls. (c) Expressional levels of KDM1A in
different types of tumors according to the Oncomine database. The plot indicated the numbers of datasets with statistically significant
(p <0.05) mRNA overexpression (red) or downexpression (blue) of KDM1A (different types of cancer vs. corresponding normal tissue). (d)
The protein expressional levels of KDM1A were analyzed according to the CPTAC dataset. (e) The main pathological stages of KDM1A
expression levels in LIHC, HNSC, SKCM, and OV based on the TCGA data. (f) Survival prognosis of cancers including overall survival and

disease-free survival. * p <0.05; ** p <0.01; ***p <0.001.

As illustrated in Figure 2(a), uterine cancer owned the
highest alteration frequency of KDMIA (>4%) with muta-
tion frequency as the main proportion. It is worth men-
tioning that deep deletion of KDM1A accounted for all cases
of genetic alteration in CHOL, pheochromocytoma and
paraganglioma (PCPG), DLBC, mesothelioma (MESO),
THYM, TGCT, and KIRC. Meanwhile, all cases of KDMIA
alteration were the amplification of copy number in UCS
and SARC. We further present the sites and types of KDM1A
mutation and related case numbers in Figure 2(b). The
missense mutation was the highest among genomic

alterations, which include the alterations of R321C/H,
E477K, and R591 = /L in the amino oxidase domain, in-
cluding 3 cases each and involving SKCM, UCEC, BLCA,
LUSC, and CESC (Figure 2(b)). As shown in the 3D
structure of KDM1A protein, R321 and R591 located at the
region of the KDMI1A catalytic pocket, while E477 stood at
the binding region of KDM1A with the nucleosome and
coeffector (Figure 2(c)). Moreover, we present the alteration
sites of all TCGA cancer types in Table S1. Furthermore, we
investigated the association between the clinical survival of
cases and KDMIA mutations with various cancers. As
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TaBLE 1: The summary of analysis on KDM1A expression and prognosis in different tumors of TCGA
mRNA Protein Poor prognosis Poor prognosis of
Tumor type expression expression Stage level 0}; O% pDIEJ;S
ACC Adrenocortical carcinoma ns NA ns Positive™” Positive™**
BLCA Bladder urothelial carcinoma High*** NA ns ns ns
BRCA Breast invasive carcinoma High***  High*** ns Negative™* ns
CESC Cervical squamous cell carc?noma and endocervical High* NA ns ns ns
adenocarcinoma
CHOL Cholangiocarcinoma High*** NA ns ns ns
COAD Colon adenocarcinoma High***  High*** ns Negative* ns
DLBC Lymphoid neoplasm diffuse large B-cell lymphoma  High** NA ns ns ns
ESCA Esophageal carcinoma High*** NA ns ns ns
GBM Glioblastoma multiforme High* NA NA ns ns
HNSC Head and neck squamous cell carcinoma High*** NA F=4.09"* ns ns
KICH Kidney chromophobe Low™*~ NA ns ns Positive”
KIRC Kidney renal clear cell carcinoma Low™™*~ High” ns Negative* Negative*
KIRP Kidney renal papillary cell carcinoma Low™ NA ns ns ns
LAML Acute myeloid leukemia Low™* NA NA ns ns
LGG Brain lower grade glioma ns NA NA ns Positive*
LIHC Liver hepatocellular carcinoma High*** NA F=4.3"" Positive*” Positive*
LUAD Lung adenocarcinoma High***  High*** ns Positive** ns
LUSC Lung squamous cell carcinoma High*** NA ns ns ns
MESO Mesothelioma NA NA NA ns ns
oV Ovarian serous cystadenocarcinoma ns High*** F=3.08" Positive* ns
PAAD Pancreatic adenocarcinoma ns NA ns ns ns
PCPG Pheochromocytoma and paraganglioma ns NA NA ns ns
PRAD Prostate adenocarcinoma High*** NA NA ns ns
READ Rectum adenocarcinoma High*** NA ns ns ns
SARC Sarcoma ns NA NA Positive” ns
SKCM Skin cutaneous melanoma ns NA F=3.34" ns ns
STAD Stomach adenocarcinoma High*** NA ns ns ns
TGCT Testicular germ cell tumors ns NA ns ns ns
THCA Thyroid carcinoma ns NA ns ns ns
THYM Thymoma High** NA NA ns ns
UCEC Uterine corpus endometrial carcinoma High***  High*** ns ns ns
UCS Uterine carcinosarcoma ns NA ns ns ns
UVM Uveal melanoma NA NA NA ns ns

OS, overall survival; DFS, disease-free survival; NA, not available; ns, no significance; *p < 0.05; #* p <0.01; s p <0.001.

shown in Figure 2(d), breast invasive carcinoma cases with
KDMIA alteration indicated poor OS (p=0.0391), DSS
(p=2.493¢-03), PFS (p=0.0284) survival, but not DFS
(p=0.230), compared with cases without KDM1A mutation.
Subsequently, we surveyed the association of breast cancer
subtype and the KDMIA alteration and found 5 of 7 cases
with KDM1A alteration were luminal A type of breast cancer
(Figure 2(e)).

3.4. DNA Methylation Analysisof KDMIA. To investigate the
DNA methylation of KDMIA, we explore the data of
KDM1A DNA methylation of different cancer types in the
TCGA project. As displayed in Table 2, the methylation level
of the KDMIA promoter region was negatively correlated
with gene expression in BRCA, KIRC, MESO, READ,
SKCM, and UCEC and positively correlated in HNSC and
LUSC. In LGG, the methylation level at cg22683154 was
negatively correlated with gene expression, whereas meth-
ylation at cg06958034 was a positive correlation with gene
expression. Moreover, the level of methylation was a neg-
ative correlation with gene expression based on multiple

probes of the nonpromoter region (p<0.05). We further
analyzed the potential correlation of KDMI1A DNA meth-
ylation with the prognosis of different cancers via MethSurv
and MEXPRESS approach, and the results showed that
hypermethylation of KDMIA is positively correlated with
good prognosis in most tumors (Figures 3 and S4).

3.5. Phosphorylation Levels of KDMI1A Protein. To compare
phosphorylation levels of KDM1A between normal tissues
and primary tumor tissues, six cancer types (breast cancer,
ovarian cancer, clear cell RCC, LUAD, UCEC, and COAD)
were analyzed via the CPTAC dataset. The phosphorylation
levels of KDM1A protein in different tumors are framed in
Table S2. As shown in Figure 4(a), the phosphorylation sites
of KDM1A with significant differences (p<0.05) were
summarized, and the most frequent phosphorylation sites
were located at the N-terminal. Compared with normal
tissues, the phosphorylation levels of different sites were
upregulated in breast cancer, colon cancer, UCEC, and
LUAD and downregulated in clear cell RCC, ovarian cancer,
and colon cancer. Interestingly, different phosphorylation
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FIGURE 2: KDM1A mutations in different tumors according to the TCGA data. (a) The alteration frequency of KDM1A with mutation type
using the cBioPortal tool. (b) KDM1A mutation site and corresponding diseases of the highest number of cases are displayed. (c) The top
three mutation sites including R321C/H, E477K, and R591 * /L showed in the 3D structure of KDM1A. (d) Mutation status of KDM1A was
relevant to the OS, PFS, DSS, and DFS of breast cancer analyzed by the cBioPortal tool. (e) Breast cancer samples with KDM1A mutation

were identified from the TCGA Invasive Breast Carcinoma data set.

TaBLE 2: Relationship between KDMIA DNA methylation and
gene expression.

The promoter

Cancer Name pearson_r p value

probe

BRCA cg04886391  —0.0870  0.010281191 Yes

cg25977026  —0.5540  5.95276E-40 No
CESC cg25977026  —0.4934  2.31587E-18 No

€g23271558  —-0.1294 0.022886159 No
HNSC cgl12578844 0.1234 0.004768733 Yes

cg25977026  —0.4335 1.0084E-21 No
KIRC cg22683154  —0.2429  5.65216E-06 Yes

cg03967533  -0.1554  0.003970689 No
LGG cg22683154  —0.0875 0.045136678 Yes

cg06958034 0.2343 6.17708 E-08 Yes
LIHC €g25977026  —0.5302  3.75586E-25 No
LUAD  ¢g25977026  —0.5043 1.48899E-25 No
LUSC  ¢g26662347 0.1615 0.001653858 Yes
MESO  ¢g07118078  —0.3149 0.003163089 Yes
READ ¢g22683154 —0.2815  0.004356805 Yes
SARC  ¢g25977026 -0.4172  4.05178E-12 No
SKCM  ¢g22683154 -0.1241 0.007028282 Yes
STAD  ¢g23271558 —0.2353  1.25499E-05 No
UCEC  ¢g04886391 —0.1419 0.002202533 Yes

sites showed converse regulation in colon cancer. The
phosphorylation levels of S69 and S131 were upregulated
and the level of S166 was downregulated in colon cancer. We
further found that the S131 locus exhibits a higher phos-
phorylation level in breast cancer, colon cancer, UCEC, and
LUAD compared with normal tissues but lower in renal clear
cell carcinoma and the S131 locus can undergo double
phosphorylation in conjunction with other phosphorylation

sites (Figures 4(b), 4(c), and S5). Furthermore, we also
utilized PhosphoNET to analyze the phosphorylation of
KDMI1A in the CPTAC database (Table S3). One publication
experimentally revealed the biological significance of
phosphorylation of LSDI1 at S131 and S137 mediated by
CK2, which benefited cell proliferation and survival after
DNA damage [23]. This discovery indicates the significance
of further experimental exploration for the role of KDM1A
phosphorylation in tumorigenesis.

3.6. Relationship between KDMIA Expression and Tumor
Microenvironment. Various algorithms in TIMER2.0 were
applied to measure the potential correlation between
KDMI1A and cancer-associated fibroblast (CAF) and im-
mune cells in diverse cancer types. Through multiple ana-
lyses, we observed a statistically positive correlation between
KDMI1A expression and CAF in most cancer types, but a
negative correlation in THYM (Figure 5(a)). As for myeloid-
derived suppressor cells (MDSCs), it can be learned from the
TIDE algorithm that MDSCs were positively correlated with
KDMIA expression (Figure 5(c)). In addition, we noticed a
negative correlation of KDMIA expression with the infil-
tration of CD®" T cells in TGCT, LGG, KIRP, KIRC, and
HNSC-HPV+ based on most algorithms (Figure S6). The
scatter plots are shown in Figures 5(b) and S6(b). For in-
stance, the KDM1A level in CESC was positively associated
with CAF (Figure 5, cor = 0.362, p =5.20e—-10) depending on
the EPIC algorithm. The correlation between the other
tumor-infiltrating immune cells and KDM1A expression is
shown in Figures S7 and S8. Interestingly, in most cancer
types, KDM1A was negatively correlated with CD** Th1 cells
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Figure 3: Continued.



10 Canadian Journal of Infectious Diseases and Medical Microbiology

KDM1A-cg22683154

1.0 4

>~

=08

=

<

£ 06 1

o

= 04

>

Z

2 0.2 4 pvalue = 0.0187

00 HR=044 : : : :

0 1000 2000 3000 4000 5000 6000

Survival time (days)

—— Lower (n=129)
—— Higher (n = 386)

KDM1A-cg06958034

—
S
I

e
o

=]
o)
L

e
'S
1

e
to

1 Pvalue =7.78E - 06
| HR=1.608

Survival probability

o
=

0 1000 2000 3000 4000 5000 6000
Survival time (days)

—— Lower (n = 386)
—— Higher (n =129)

F1GuRre 3: Correlation between DNA methylation of KDM1A and survival prognosis in TCGA tumors using MethSurv. The p value (<0.05)

and the hazard ratio (HR) are displayed.

and positively correlated with CD*" Th2 cells (Figure S7(a)).
In addition, there was a positive correlation between Tregs
and KDM1A expression in LIHC and LGG, but a negative
correlation in TGCT (Figure S7(b)). B-cell infiltration was
negatively correlated with KDM1A expression in STAD,
READ, and HNSC (Figure S7(c)). Moreover, neutrophil
infiltration was positively correlated with KDM1A expres-
sion in multiple tumors from various algorithms
(Figure S8(c)), whereas other myeloid cells, such as mac-
rophages and dendritic cells, showed no obvious correlations
with KDMIA in cancer types via different algorithms
(Figures S8(a) and S8(b)).

3.7. Enrichment Analysis of KDM1A-Related Genes. To study
the molecular significance of KDM1A in tumorigenesis and
development, we screened out the KDM1A-binding proteins
and expression-correlated genes for downstream analyses.
We generated Set 1 including 100 KDM1A-binding proteins
stood by experimental evidence via the STRING database.
The protein-protein interaction networks of these proteins
excluding histone-associated proteins are shown in
Figure 6(a). GEPIA2 was applied to analyze all expression
data of TCGA and yield Set 2 including the top 100 genes
correlating with KDM1A expression. The expression of top 6
genes in Set 2 were shown to maintain positive correlation
with KDM1A (Figure 6(b)), including DHX9 (DExH-box
helicase 9) (R=0.58), SNRNP40 (small nuclear ribonu-
cleoprotein U5 subunit 40) (R=0.59), HNRNPR (hetero-
geneous nuclear ribonucleoprotein R) (R=0.63), PPM1G
(protein  phosphatase, =~ Mg**/Mn**-dependent  1G)
(R=0.51), HDAC2 (histone deacetylase 2) (R=0.54), and
SMARCA4 (SWI/SNF related, matrix associated, actin-de-
pendent regulator of chromatin, subfamily a, member 4)
(R=0.48) (all p<0.001). The positive correlations between
KDMI1A and the above six genes in different cancer types
were displayed via a heatmap (Figure 6(c)). A Venn analysis
of Set 1 and Set 2 generated two common genes, HDAC2 and
SMARCA4 (Figure 6(d)).

Furthermore, we merged Set 1 and Set 2 to execute
pathway and GO enrichment analyses. The KEGG-based

pathway enrichment indicated that “spliceosome”, “cell
cycle”, and “RNA transport” pathways were involved in the
effect of KDMI1A (Figure 6(e)). GO enrichment analysis
indicated that KDM1A-related genes were enriched to the
terms related to DNA and RNA, such as nucleosome
binding, repressing transcription factor binding, chromatin
DNA binding, RNA polymerase II transcription factor
binding, RNA splicing, RNA localization, and others
(Figures 7(a)-7(c)).

4. Discussion

Histone lysine methylation is an important covalent post-
translational modification (PTM) of chromatin. To date, two
different families of histone demethylases (KDMs) have been
identified as the flavin-dependent amine oxidase-containing
and the Jumonji C (JmjC)-domain-containing enzymes that
both use oxidative mechanisms to catalyze N-methyl-lysine
demethylation [24]. The first KDM (LSD1 or KDM1A) was
identified by Shi’s group in 2004 as a member of the FAD
amine oxidase family [3]. KDMIA can demethylate
H3K4mel/2 and H3K9mel/2 based on its interacting
partners [3, 25]. KDM1A demethylates H3K4mel/2 and
renders genes transcriptional repression via binding with
CoREST (REST (REl1-silencing transcription factor) core-
pressor), CtBP (C-terminal-binding protein 1), and NuRD
(nucleosome remodeling and deacetylase) complexes
[26-29]. In addition, KDM1A interacting with androgen
receptor (AR) or estrogen receptor (ER) induces tran-
scriptional ~activation by demethylating H3K9mel/2
[4, 30, 31]. Furthermore, LSD1n, a neuron-specific isoform
of LSD1 (KDMI1A), was verified to specially target
H4K20me2 for transcription activation of neuronal-regu-
lated genes [5]. KDM1B/AOF1, as another member of the
KDM1s family, is a histone H3K4 demethylase [32]. KDM1B
plays different roles in the regulation of proliferation, ap-
optosis, and stemness in several cancers, such as breast
cancer, ovarian cancer, and pancreatic cancer [24, 33-35]. In
this study, we used pan-cancer analysis to systematically
characterize the roles of KDMI1A.
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FIGURE 4: Analysis of phosphorylation levels of KDMI1A in different cancers based on the CPTAC data set via the UALCAN. (a) Schematic

diagram showed the phosphoprotein sites of KDM1A (NP_001350583.

1) that were expressed at different levels in tumors compared with

normal tissues. (b) and (c) Phosphorylation analysis of KDMI1A protein in breast cancer and clear cell RCC, respectively.

Multiple studies showed that KDM1A expression is high
in various cancers and plays an important role in different
cancer-related processes. Considerable studies have high-
lighted the pivotal role of KDM1A in several cellular pro-
cesses of normal and cancer cells such as stemness
maintaining, differentiation [36, 37], cell migration, epi-
thelial-to-mesenchymal transition [12], autophagy [38],
senescence [39], neurodegenerative diseases [40], and

metabolism [41]. However, a pan-cancer analysis of KDM1A
was still urgently needed to reveal its relationship with
cancer from the overall perspective. Thus, we comprehen-
sively investigated the expression and efficacy of KDM1A on
a total of 33 different cancer types in TCGA, GTEx, and
CPTAC databases from the following aspects including gene
expression, mutations, protein phosphorylation, DNA
methylation, and tumor-infiltrating immune.
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FIGURE 5: Relationship of KDM1A with cancer-associated fibroblasts (CAFs) and myeloid-derived suppressor cells (MDSCs) in the tumor
microenvironmen
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F1GURE 6: KDMI1A-related gene enrichment analysis. (a) KDM1A-binding proteins were determined using the STRING tool. (b) The
correlation of KDM1A and 6 top targeting genes was analyzed by GEPIA2. (c) The heatmap showed a corresponding relationship in the
detailed cancer types. (d) An intersection analysis was conducted with the KDM1A-binding and correlated genes. (e) The bubble plot
displayed KEGG pathway analysis based on the KDM1A-binding and interacted genes.
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In the present study, we compared the expression of
KDMIA in 33 tumors and their corresponding normal
tissues and found that KDM1A was differentially highly
expressed in up to 21 tumors, and 17 types in them were
highly expressed in tumors compared with normal tissues.
Meanwhile, we explored whether KDMI1A expression is
related to survival prognosis. We found that in most tumors,
the high expression of KDM1A was a risk factor and as-
sociated with poor OS and DFS. Furthermore, the survival
analysis revealed that KDM1A in LIHC and LUAD was the
high expression and associated with poor survival prognosis
(Table 1). In addition, the mutation of KDM1A in BRCA
exhibited poor survival, yet the high DNA methylation of
KDMI1A foreboded a better survival prognosis of breast
cancer via decreasing KDM1A expression. Moreover, the
phosphorylation levels of KDMIA were upregulated in
breast cancer, UCEC, and LUAD, and the phosphorylation
of KDM1A at S131 and S137 was experimentally supposed to
play a role in regulating RNF168-dependent 53BP1 re-
cruitment in response to DNA damage and resisting DNA
damaging agents [23, 42]. Meanwhile, Liu et al. showed that
the overexpression of KDMI1A is a potential prognostic
factor in patients with liver cancer and KDM1A promotes
tumorigenesis and malignancy in vitro [43]. Interestingly,
high KDM1A expression in KICH was linked to poor
prognosis, although it was the low expression in KICH
compared with normal tissue from the TCGA database.
Meanwhile, it has been reported that KDM1A can regulate
kidney cancer cell growth via epigenetic control of AR
transcription factors and that KDM1A inhibitors may be
good candidate drugs for treating kidney cancer [44]. For
UCEC cases, KDM1A is highly expressed, and the pro-
portion of mutations is highest in all 33 tumors. Chen et al.
demonstrated that silencing of KDM1A can abolish estro-
gen-driven endometrial cancer cell (ECC) proliferation and
induce GI1 cell arrest and apoptosis via PI3K/AKT/cyclinD1
signal [45]. These indicated that KDMI1A is a potential
prognostic biomarker in several cancers. Numerous
KDMIA inhibitors had been discovered, and 8 of them had
been used in clinical trials for multiple solid tumors and
hematologic malignancy. Our result implied KDMI1A in-
hibitors could have a potential effect on a wider spectrum of
tumors, which can be further proved via experimental
evidence.

Tumor microenvironment, including the immune and
stromal microenvironment, constitutes a vital element of
tumor tissue, which was closely related to oncogenesis and
metastasis. Cancer-associated fibroblasts (CAFs) in the
stroma participate in modulating the infiltration and
function of various immune cells [46, 47]. Our analysis
observed a statistically positive correlation between KDM1A
expression and cancer-associated fibroblasts in most cancer
types via multiple algorithms. Moreover, Liu and colleagues
reported that upregulated KDM1A expression in CAFs is a
driver of Notch3-mediated cancer stem-like cells self-re-
newal in hepatocellular carcinoma [43]. In addition, we
illustrated that the positive correlation between KDMI1A
expression and MDSC infiltration happened in most can-
cers. MDSCs, as a heterogeneous group of myeloid cells, own

potent immunosuppressive activity via interacting with
innate and adaptive immune cells and perform a significant
role in modulating antitumor immunity [48]. For adaptive
immune cells, a statistically negative correlation was shown
between KDMI1A expression and CD®*" T cell infiltration in
TGCT, LGG, KIRP, KIRC, and HNSC-HPV*. KDM1A was
negatively correlated with Th1 cells and B memory cells but
positively correlated with Th2 cells in most cancer types.
This implied KDMI1A potentially related to immuno-
surveillance escape. Our previous study reported that
KDMI1A ablation stimulated tumor immunogenicity and
increased T cell infiltration in breast cancer [7]. Sheng et al.
also verified that LSD1 inhibition in tumor cells stimulated
antitumor T cell immunity and overcame resistance to
checkpoint blockade therapy [13]. These studies demon-
strated that inhibition of KDM1A could increase the in-
filtration of CD®" T cells from different perspectives, which
promoted the efficacy of immunotherapy. We suggested
that KDM1A could become a new prognostic biomarker for
antitumor immunotherapy, and the combination of
KDMI1A inhibitors and immunotherapy could exert a
potent efficacy of tumor suppression.

In this study, we combined the KDM1A-binding com-
ponents and KDMI1A expression-related genes for down-
stream analyses and evaluated the potential roles of KDM1A
on “cell cycle pathway,” “RNA transport pathway,” “DNA
binding,” and “RNA splicing.” The intersection of KDM1A-
binding components and KDM1A-related genes included
HDAC2 and SMARCA4, which indicated the efficacy of
KDMI1A on cancer mainly through cooperating with other
epigenetic regulatory factors to finely regulate downstream
genes. It implied the combination therapy of multiple epi-
genetic inhibitors could increase synergy effect and safety.

Gut microbiota have been found to link with both local
gastrointestinal cancers and other distal tumors [49]. Mi-
crobial metabolites were proved to regulate the development
of cancer via epigenetic regulators, such as propionic and
butyric acids [49, 50]. Wang et al. demonstrated that the
expression of KDM1A is upregulated by microbial metab-
olite butyrate in adipocytes [51]. It suggested that microbial
metabolites may impact the KDM1A level in cancer cells to
regulate tumor progression, which needs to be proved via
experimental evidence.

Carcinogenic infections with certain viruses, bacteria,
and parasites are strong risk factors for specific cancers [52].
KDMI1A can impact viral and parasitic infections via the
epigenetic regulation of viral genes and immune response.
KDMI1A activates replication of herpes simplex virus and
varicella-zoster virus from latency via demethylating H3K9
at the viral immediate-early (IE) gene promoters [53].
KDMI1A mediates the activation of the hepatitis B virus via
demethylating H3K9 and synergizing with SetlA methyl-
ating H3K4 [54]. On the other hand, Douce et al. reported
that LSD1 cooperating with CTIP2 silences HIV-1 tran-
scription and viral expression [55]. Furthermore, KDM1A
downregulates PD-1 expression of CD8 T cells via histone
H3K4 modification following acute viral infection [56].
KDMI1A is also important for goblet cell maturation and
effector responses of gut immunity to bacterial and helminth
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infections [57]. Meanwhile, KDM1A protects from endo-
toxin-induced death via regulating hematopoietic stem cells
homeostasis [58]. The above studies show that KDM1A may
have various effects on different types of infections.

5. Conclusion

Our comprehensive pan-cancer analysis illustrates the role
of KDM1A as an oncogene and predictor of worse survival
in most tumor types. KDMIA correlated with immuno-
suppressive tumor microenvironment via various ap-
proaches based on pan-cancer analysis. These findings
highlight the role of KDM1A in tumorigenesis and devel-
opment and potentially enable more precise and personal-
ized immunotherapy in the future.
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Supplementary Materials

Survival analysis of Kaplan-Meier plotter. The Kaplan-Meier
plotter (http://kmplot.com/analysis/) is a web-based tool of
which aim is meta-analysis-based discovery and validation
of survival biomarkers. The Kaplan-Meier plotter was used
to analyze the correlations between KDM1A expression and
patient survival of OS, DMFS (distant metastasis-free sur-
vival), RFS (relapse-free survival), PPS (post-progression
survival), FP (first progression), DSS (disease-specific sur-
vival), and PFS (progress-free survival) in breast, ovarian,
lung (LUAD and LUSC), gastric, and liver cancers. The data
of breast, ovarian, lung (LUAD and LUSC), and gastric
cancer came from gene chip (Affy ID: 212348_s_at
(KDM1)), while one of liver cancer came from RNAseq (ID:
23028 (KDM1A)). The cases of these cancers were split into
two groups by setting “autoselect best cutoft”. The hazard
ratio (HR), 95% confidence intervals, and log-rank p-value
were computed, and the Kaplan-Meier survival plots were
generated. Phosphorylation feature prediction. The open-
access PhosphoNET database ((http://www.phosphonet.ca/)
was used to obtain the predicted phosphorylation features of
the S69, S131, Y135, Y136, S137, S166, and S849 sites by
searching the protein name “KDM1A”. Figure S1: KDMIA
expression in various cancers and pathological stages. (a)
The expression levels of KDMIA gene in different cancers
from TCGA were compared with the corresponding normal
tissues based on GTEx databases. (b) KDM1A expression in
different pathological stages in selected cancer types. Figure
S2: Survival prognosis of cancers was related to the ex-
pression of KDM1A analyzed by the GEPIA2 tool. Figure S3:
Correlation between KDMIA gene expression and prog-
nosis of cancers. The Kaplan-Meier plot showed the survival
curve by comparison of the cases with high and low ex-
pression of KDM1A in breast cancer (a), ovarian cancer (b),
gastric cancer (c), LUAD (d), LUSC (e), and liver cancer (f)
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and the curves were plotted from the Kaplan-Meier plotter
database. OS, overall survival; DMFS, distant metastasis-free
survival; RFS, relapse-free survival; PPS, post-progression
survival; FP, first progression; DSS, disease-specific survival;
PFS, progress-free survival. The data of breast, ovarian, lung
(LUAD and LUSC), and gastric cancer came from gene chip
(Affy ID: 212348_s_at (KDM1)), while one of liver cancer
came from RNAseq (ID: 23028 (KDMI1A)). Figure S4:
Correlation between DNA methylation of KDMIA and
survival prognosis in TCGA tumors using MethSurv. We
used the MethSurv website to perform multivariable survival
analysis using DNA methylation data. The p value (<0.05)
and the hazard ratio (HR) are displayed. Figure S5: Phos-
phorylation level of KDM1A protein (NP_0055828.2) in
different tumors based on the CPTAC data set, including
ovarian cancer (a), UCEC (b), LUAD (c), and colon cancer
(d). Figure S6: Correlation between KDM1A expression and
CD® T cell infiltration across all types of cancer in TCGA
based on different algorithms. Figure S7: Correlation be-
tween KDMIA expression and the infiltration of CD*'
T cells, Tregs, and B cells across all types of cancer in TCGA
based on different algorithms. (a) CD** T cells, (b) Tregs, and
(c) B cells. Figure S8: Correlation between KDMIA ex-
pression and the infiltration of myeloid-derived cells across
all types of cancer in TCGA based on different algorithms.
(a) Macrophage, (b) myeloid dendritic cell, and (c) neu-
trophil. Table S1: Alteration sites of KDM1A in tumors.
Table S2: Phosphorylation level of KDM1A protein in dif-
ferent tumors. Table S3: Analysis of CPTAC-identified
phosphorylation sites of KDM1A via the PhosphoNET
database. (Supplementary Materials)
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The microbiota colonized in the human body has a symbiotic relationship with human body and forms a different micro-
ecosystem, which affects human immunity, metabolism, endocrine, and other physiological processes. The imbalance of
microbiota is usually linked to the aberrant immune responses and inflammation, which eventually promotes the occurrence and
development of respiratory diseases. Patients with chronic respiratory diseases, including asthma, COPD, bronchiectasis, and
idiopathic pulmonary fibrosis, often have alteration of the composition and function of intestinal and lung microbiota. Gut
microbiota affects respiratory immunity and barrier function through the lung-gut microbiota, resulting in altered prognosis of
chronic respiratory diseases. In turn, lung dysbiosis promotes aggravation of lung diseases and causes intestinal dysfunction
through persistent activation of lymphoid cells in the body. Recent advances in next-generation sequencing technology have
disclosed the pivotal roles of lung-gut microbiota in the pathogenesis of chronic respiratory diseases. This review focuses on the
association between the gut-lung dysbiosis and respiratory diseases pathogenesis. In addition, potential therapeutic modalities,
such as probiotics and fecal microbiota transplantation, are also evaluated for the prevention of chronic respiratory diseases.

1. Introduction

With the development of high-throughput second-gen-
eration sequencing technology and through the analysis
and sequencing of the whole gene spectrum of microbiota,
a certain correlation between the respiratory tract and the
intestine has been gradually found [1, 2], and certain
microbiota disorders or microbial pathogens in the lungs
and intestines have been discovered to be capable of af-
fecting the occurrence, development, and prognosis of
diseases through different means, such as inflammation,
metabolism, and cell signaling [3, 4]. Clinically, lung
diseases, such as asthma, chronic obstructive pulmonary
disease (COPD), and even lung cancer, are often asso-
ciated with digestive tract diseases, resulting in prolonged
disease courses, aggravated diseases, and increased
mortality [5-8].

In these circumstances, the concept of the lung-gut axis
was put forward in modern medicine. This theory uses the
immune system and microbial flora, which colonize in the
lung and gut, as a link hub to form a two-way axis that
connects the lungs and intestines; in other words, intestinal
flora influences the development of lung diseases, and in
turn, lung diseases, especially infectious diseases caused by
various bacteria, can also affect the digestive tract through
immunoregulation. The lung-gut link proposed by the lung-
gut axis provides a new insight for clinical diagnosis and
treatment of the lung diseases through modulating the in-
testine system and vice versa. This link further explains the
scientific nature of the concept of the “exterior-interior
relationship between the lung and the large intestine” in
Chinese medicine. In this study, the progress of research on
the lung-gut axis and the effects of lung and intestinal
microecology on lung diseases are reviewed and surveyed.
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2. Interaction between Lung and
Intestinal Microbiota

A large and varied number of microorganisms live in the
human body and are mainly distributed on mucosal sur-
faces, such as the oral cavity, intestinal tract, respiratory
tract, skin, and vagina, forming a highly complex micro-
ecosystem [9-11]. Moreover, the numerous and various
microorganisms in different parts of the body not only help
the human body to maintain normal physiological functions
but also play an important role in the occurrence and de-
velopment of disease.

2.1. Gut Microbiota and Respiratory Diseases. At present,
more than 1000 kinds of intestinal flora are known. They
mainly include Bacteroides, Firmicutes, Actinomycetes, and
Verrucomicrobia [12, 13]. Gut flora consists of approxi-
mately 38 trillion bacteria, which can encode approximately
3.3 million specific genes [14, 15]. Each microbiome is
distributed in different parts of the gastrointestinal tract in
accordance with pH gradient and oxygen content.

Intestinal flora is not only involved in the immune
development of the intestinal mucosa but also known as an
important innate immune system regulator. Research has
found that the development of the immune system is greatly
affected by gut microbes [16-18]. In the early stage of life, the
incidence of immune system diseases, asthma, and other
allergic diseases is significantly increased due to the lack of
the irritation of gut microbes [19-22]. This incidence shows
the trend of being higher in developed countries than in
developing countries and in cities than in rural areas. This
trend is related to the reduction in intestinal flora diversity
due to the improved hygiene and good medical conditions in
developed countries and cities. Epidemiological studies have
also confirmed that the use of broad-spectrum antibiotics in
infants and young children reduces the variety of gut mi-
crobes [19, 23-25]. This effect is a contributing factor to
allergic asthma in adulthood [26-28]. Therefore, intestinal
flora, especially those in early life, have an important effect
on the development of immune system diseases and re-
spiratory diseases.

2.2. Lung Microbiota and Respiratory Diseases. Up to now,
less is known about lung microecology than about intestinal
microecology. In a healthy state, Prevotella, Streptococcus,
Veronococcus, Fusobacterium, and Haemophilus are the
dominant bacteria in the human respiratory tract and lungs
[29], but their relative abundances are remarkably less than
those in the intestine (Figure 1). It has been proven that the
lung-based microorganisms play the biologic roles primarily
through regulation of the immune system [10, 30, 31]. In the
early stage of life, lung microorganisms migrate into the
lungs from pharyngeal secretions or gastric juice mainly
through microaspiration and finally are removed through
phagocytosis by alveolar macrophages and transported by
mucociliary cilia, thereby promoting the maturation of the
immune system to achieve the balance and stability of lung
microecology. However, in the state of disease, microbial

homeostasis in the lungs is disturbed due to the following:
(1) changes in the respiratory tract environment caused by
chronic inflammation are conducive to the growth and
reproduction of certain flora (Figure 2). It is now clear that
the number of Pseudomonas aeruginosa, Staphylococcus, and
Burkholderia is significantly increased in the respiratory
tracts of patients with cystic fibrosis. In patients with COPD,
the number of Moraxella and Haemophilus bacteria in the
lungs is increased [32, 33]. The bacteria from the genera
Fusobacterium, Lachnospira, Veillonella, and Rothia are
more common in asthmatic patients than in healthy [29].
The supplementation of these genera in nude mice can
reduce the number of pulmonary eosinophils, reduce the
immune response of Th1/Th2 or Th17 [34-36], and alleviate
the symptoms of those abovementioned respiratory diseases
[37-39]. Notably, Haemophilus influenzae, Moraxella
catarrhalis, Streptococcus pneumoniae, and Klebsiella
pneumoniae were found to be the most common bacterial
species in patients with severe respiratory diseases, which
were also considered to be the potential pathogenic factors
[40-42]. (2) The pulmonary epithelial barrier dysfunction
impacts the removal mechanism for lung microorganisms
(e.g., damaged mucosa cilia) or promotes the migration of
microorganisms to the lungs (e.g., secondary infections).
Although the mechanism of action through which lung flora
influence the development of disease is not clear, it can be
used as a potential target for the diagnosis and treatment of
diseases and provide a new basis for reasonable disease
classification and thus has a good clinical application value.

2.3. Mucosal Immunity Bridges the Lung-Gut Axis. From the
perspective of embryonic development, the lungs, trachea,
and large intestines are homologous, in which the alveolar,
glandular, and mucosal epithelia all develop from the en-
doderm of the archenteron. The mucosal structure of the
respiratory tract and gastrointestinal tract is not only an
important site for the survival of microflora but also protects
the body from pathogen invasion through the mucosal
immune system [43, 44]. The physiological conditions on the
surface of the mucosa, such as temperature, humidity, and
pH, as well as secretions, can affect the growth and migration
of microorganisms. In addition, immunoglobulin sIgA,
which is secreted by the mucosa, has a selective effect on
microorganisms on the surfaces of the mucosa. For example,
some pathogens are removed by binding to sIgA, whereas
some nonpathogenic and beneficial bacteria can be retained
on the mucosal surface by binding to sIgA. Moreover, the
body’s own congenital immunity and adaptive immunity
also play a regulatory role in microecology. The immune
system can use inherent immune cells or epithelial cells to
identify the presence of microbes and release antimicrobial
peptides (such as a-defensins) and inflammatory factors to
turther activate lymphocytes to produce an immune re-
sponse. In addition to endogenous factors, such as mucosal
properties and the immune system, exogenous factors, such
as diet structure, glucocorticoids, antibiotics, lifestyle, and
environment, can affect the composition and function of
bacteria in the lung and gut microbiota [45-47].
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3. The Lung-Gut Microbiome Crosstalk

The intestines and lungs interact with and restrict each other
through microorganisms, immune functions, and metabo-
lites, thus achieving two-way regulation (Figure 3).
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FIGURE 2: Sankey diagram of gut-lung microbiota composition at genus or species level during the development of various respiratory
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3.1. Direct Interaction between Lung and Gut Microbiome.
The microorganisms that have colonized the mucosa of the
respiratory and digestive tracts can have a regulatory effect
on tissues and are the material basis for lung-gut connec-
tions. For example, gavage with a suspension of feces from
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FIGURE 3: The role of lung and gut microbiota in the pathology of respiratory diseases.

healthy mice can alleviate the symptoms of pneumonia in
mice infected with Streptococcus pneumoniae under anti-
biotic treatment [48, 49]. In children, oral administration of
Lactobacillus and Bifidobacterium can help relieve asthma
symptoms and reduce the frequency of seizures [50]. These
results have shown that changes in gut microbes can cause
changes in lung immunity and lung diseases. Conversely,
S. pneumoniae and Haemophilus flu in the lungs activate the
MAPK pathways of intestinal tissue cells and enhance the
inflammatory response [51-53]. In addition, gut microbes
can be transferred to the lungs [54]. For example, the de-
terioration of sepsis and acute respiratory distress syndrome
has been clinically found to be promoted when the integrity
of the intestinal mucosa is destroyed, causing the intestinal
flora to transfer into blood and even the lungs [55, 56].

3.2. Immunomodulation of Lung and Gut Microbiome.
Studies have shown that certain lung and intestinal flora can
affect the body’s immune system. For example, segmented
filamentous bacteria in the gut can stimulate the body to
produce Th17 immune cells, thus reducing the infection rate
and mortality rate of S. pneumoniae [57, 58]. In mice, gut
inoculation with Lactobacillus johnsonii can significantly
reduce the inflammatory response of Th2 in the lungs [59].
In addition, when intestinal or lung flora disorders occur in
the body, immune cells, such as ILC2s, can migrate through
blood in the lungs and intestines, releasing excessive in-
flammatory media and thus affecting the microecological
environment of the lungs and the type and intensity of the
immune response.

3.3. Gut Microbiota Metabolites and Respiratory Diseases.
Certain components or metabolites of gut microbiota, such as
short chain fatty acids (SCFAs) [60, 61], lipopolysaccharide

(LPS), and peptide peptidoglycans, also play an important role
in the body when it is in a diseased or healthy state [17, 62, 63].
Studies on SCFA functions are the most detailed. SCFAs in
the intestinal lumen provide energy to colon cells and regulate
immune response in the intestine to maintain the stability of
the intestinal microecology. In addition, SCFAs can activate
downstream effect molecules (e.g., MAPK, PI3K, and NLRP3)
by binding to G protein-coupled receptors (e.g., GRP43,
FFA2, and HCA2) on cell membranes, thus changing den-
dritic cells (DCs) and auxiliary T cells [64], which can also
enter the cell via the transporters SLC5A8 or SLCI6Al
[65, 66], inhibit the activity of histone deacetylase, and in-
crease the number of Ly6c— monocytes in the bone marrow
and lungs, thereby reducing the production of neutrophils
and improving allergic inflammation in the lungs. In addition
to SCFAs, metabolites produced by intestinal flora, such as
desaminotyrosine, indole derivatives, niacin, polyamine,
urolithin A, pyruvate, and lactic acid, have anti-inflammatory
and antiinfection activities. For example, indoles and indoles’
derivatives can inhibit central nervous system inflammation
by activating aryl hydrocarbon receptor signaling in astro-
cytes and regulate intestinal ecosystem function, thus playing
anti-inflammatory and antioxidant roles [67, 68].

4. Probiotics and Fecal Microbiota
Transplantation for Treatment of
Respiratory Diseases

Given that intestinal flora play an important role in the
human body, attempts have been made to treat diseases with
complementary probiotics (mainly composed of Bifido-
bacteria and Lactobacilli) [23-25] or fecal microbiota
transplantation [48, 49].

It was reported previously that 6h after FMT, the pul-
monary bacterial counts as well as TNF-« and IL-10 levels
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were remarkably normalized in microbiota-depleted mice,
indicating the protection of gut microbiota against pneu-
mococcal pneumonia [18]. Similarly, FMT downregulated
the activity of the TLR4/NF-kB signaling pathway and re-
lieved oxidative stress in animals with acute lung injury by
restoring the gut microecology [69]. They can not only treat
all kinds of intestinal diseases caused by intestinal flora
disorders but also have a positive effect on the prevention
and treatment of infectious diseases. In particular, the
clinical treatment guidelines made by the United States,
China, and other countries for the prevention of COVID-19
pneumonia have clearly proposed that intestinal micro-
ecological regulators can be used to maintain intestinal
microbiota hemostasis and prevent secondary lung infection
[70, 71]. However, a certain risk for pathogenic bacterial
contamination, which can increase the occurrence of im-
mune-related adverse events, may exist regardless of the use
of flora regulation agents or flora transplantation. Therefore,
in clinical practice, we should pay attention to the safety and
quality control of microflora regulation agents or flora
transplantation and prevent and reduce the occurrence of
adverse events as much as possible while enhancing efficacy.

5. The Immunomodulation of Traditional
Chinese Medicine on Lung Dysbiosis

The theory of the exterior-interior relationship between the
lung and large intestine is an important part of the Tibetan
elephant theory in traditional Chinese medicine. As early as
3000 years ago, the classic Huangdi Neijing of traditional
Chinese medicine recorded the physiological and patho-
logical relationship between the lungs and the large intestine
in detail. Xuanbai Chengqi decoction, Gegen Qinlian de-
coction, and other tonic Chinese medicines, such as Ginseng
Radix et Rhizoma, Gardeniae Fructus Praeparatus, Angel-
icae Sinensis Radix, and Astragali Radix, can improve LPS-
induced acute lung tissue damage and pathological colon
tissue damage by adjusting the lung-gut mucosal immune
function and are thus candidate drugs in innovative drug
development based on the concept of treating the lung and
intestine together [72-74].

However, the current research on the mechanism of
traditional Chinese medicine has mainly focused on the
changes in the expression levels of secreted IgA and cyto-
kines and the number of immune cells, such as
T lymphocytes. In-depth studies on airway/intestinal mucus
secretion, changes in immune cell function in mucosal
systems, and changes in the local microecological compo-
nents of the lung-gut axis are lacking.

6. Future Challenges and Prospects

With the further development of microbiome research,
people have increasingly realized the important role of lung
and gut microecology in the body, and the mechanism
behind the lung-gut axis has been gradually uncovered in
many clinical phenomena and experimental data. However,
due to the differences in the sources of clinical trial samples,
the consistency and repeatability of the results are poor.

Given the lack of longitudinal or intrusive research on the
microbiome, the study of the specific mechanisms and
pathways of the gut-lung axis remains difficult, and oral
probiotic administration, flora transplantation, or antibiotic
prevention and treatment still need further verification. In
the future, with the updating of sample-handling methods,
advances in biotechnology, and increased interpretation of
sequencing results, this area could lead to revolutionary
advances in the prevention and treatment of lung diseases
and provide new ideas and therapeutic targets for the clinical
treatment of related diseases.
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Purpose. Exhaled determination can detect metabolite hydrogen sulfide in the intestine. We aim to analyze the predictive value of
hydrogen sulfide in the diagnosis of colorectal adenoma. Methods. We recruited seventy patients diagnosed with colorectal
adenoma as the observation group and sixty-six healthy subjects as the control group. The colorectal adenoma was diagnosed by
colonoscopy at the Endoscopy Center of Huashan Hospital affiliated to Fudan University from June 2018 to November 2019.
Exhaled gas was collected through the nose and mouth, respectively, and hydrogen sulfide in exhaled gas was determined
according to the manufacturer’s instructions. Results. Receiver operating characteristic (ROC) curve was analyzed based on the
exhaled data of the observation group and the control group. The ROC curve showed an area under ROC curve (AUC) 0.724 for
nasal exhaled H,S, which had a diagnostic value. When nasal exhaled H,S was >13.3 part per billion (ppb), the sensitivity and the
specificity of predicting colorectal adenoma were 57% and 78%, respectively. The exhaled H,S of the observation group was
significantly different from that of the control group. The AUC value was 0.716 as a prognostic factor of colorectal adenoma. As
exhaled H,S was >28.8 ppb, the sensitivity and the specificity of predicting colorectal adenoma were 63% and 77%, respectively.
Conclusion. Exhaled and nasal H,S determination has a predictive value for colorectal adenoma as a novel and noninvasive

method. Therefore, it is worth conducting more research to analyze exhaled and nasal H,S.

1. Introduction

Colorectal cancer (CRC) incidence ranks the third in the
world and ranks the fourth in China among malignant
diseases [1, 2]. The high incidence of CRC imposes a con-
siderable economic and humanistic burden on the society
and patients. 70%-90% of CRC is developed from colorectal
adenoma (CRA) [3]. The synthesis and metabolism of sig-
naling molecule-H,S is one of the clinical manifestations
that provide a theoretical basis for CRA/CRC screening and
detection in the progression from CRA to CRC. There are
two main sources of H,S in the body. H,S in the tissue and
cells is synthesized by endogenous enzymes: cystathioniney-
lyase (CSE), cystathionine-f-synthase (CBS), and 3-mer-
captopyruvate sulfurtransferase (3-MST). In addition, H,S is
produced from cystine by the intestinal bacteria [4, 5].
Yamagishi et al. demonstrated that the amount of H,S and

its derivative methyl mercaptan in CRC patients is signifi-
cantly higher than that of normal people in the study of
digestive tract gas analysis [6]. As a gas molecule, H,S can
diffuse into the bloodstream and can be exhaled along with
expiratory movements. Therefore, H,S has the potential to
become a biomarker for screening out colon tumors as a
simple and noninvasive method [7].

How to screen out adenoma early and interdict it effi-
ciently is an effective way of reducing incidence and mor-
tality of colorectal cancer [8]. Traditional detecting methods
including endoscopy, blood test, and stool DNA testing are
invasive, expensive, and complicated to implement. As a
result, there is an urgent need to look for a more convenient,
accurate, and easy-to-carryout method for clinical practice.
Gastrointestinal gas analysis is one of the optimistic methods
to develop, while the gas-collecting technique is not easy in
the antecedent research (anal exhaust and fecal
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fermentation), and the technique of gas analysis is complex
(near edge X-ray absorption fine structure (NEXAFS)
spectra and spectrophotometric determination of gas after
solution preparation) [6, 9]. Thus, a better gas-determina-
tion method is required. For the above reasons, our study
determines concentration of nasal and exhaled H,S by
electrochemical sensors to predict the occurrence of CRA.
We hope that exhaled H,S determination could provide
scientists and researchers some new insight into early
screening and warning of CRC.

2. Study Design and Methodology

2.1. Study Design. 70 patients diagnosed with CRA were
enrolled as the observation group and 66 healthy subjects
without organic lesions were selected as the control group.
The diagnosis of CRA was made via colonoscopy screening
at the Endoscopy Center of Huashan Hospital Affiliated to
Fudan University from June 2018 to November 2019. In-
clusion criteria: (1) age 18-80y old, normal cognitive
function, and able to complete exhaled determination; (2)
not take any antibiotics or probiotics within 2 weeks before
enrollment. Exclusion criteria: (1) take gastrointestinal
motility drugs, acid suppressants, psychotropic drugs, im-
munosuppressants, intestinal microecological agents, laxa-
tives, or antidiarrheal drugs for more than 3 days within 2
weeks of enrollment; (2) have serious systemic diseases (such
as abnormal liver and kidney function and abnormal heart
and lung function); (3) have a history of gastrointestinal or
abdominal surgery.

This study was approved by the Ethics Committee of
Huashan Hospital, ethics number: (2019), Linshen No.
(471). All subjects signed an informed consent form.

2.2. Exhaled H,S Determination. The breath test instrument
is the Nanocoulomb breath analyzer DA6000 (Wuxi Sunvou
Medical Electronics Co., Ltd., Wuxi, China). The measured
concentration of hydrogen sulfide is one part per billion
(part per billion, ppb). The instrument uses the electro-
chemical H,S gas sensor. The lower limit of H,S concen-
tration detection is 3 ppb, detection error is +3 ppb or 10%,
and detection range is 0-3000ppb. The instrument is
designed to operate in accordance with the sampling
techniques in 2005 ATS/ERS [10] and the 2019 Rome
Consensus [11] as well as 2017 ERS technical standards for
exhaled biomarkers [12]. In order to ensure the reliability
and repeatability of breath sampling, the flow rate, expira-
tory pressure, and duration of exhalation are set at 50 ml/s,
10cm H,O, and 10s, respectively. In order to eliminate the
influence of H,S in the environment, the subject first inhales
through the H,S filter and then exhales according to the set
flow rate, expiratory pressure, and duration of exhalation.
Standard gas of 50 and 200 ppb H,S/N, provided by the
manufacturer is used for calibration before the test every day
in order to ensure the accuracy of the detection.

Taking into account the impact of oral H,S on the de-
tection of H,S in the digestive tract, nasal exhalation is
adopted to determine H,S concentration besides oral

exhalation. Results of nasal and exhaled determination are
then compared and analyzed.

The detailed operation process is as follows. (1) Subject
preparation: all subjects only eat rice and meat the day before
the test, must fast 12 h before the test, and avoid workout and
smoking on the day of the test. (2) Operation process: gargle
before the test; during exhaled determination, the subject
uses a disposable filter to wrap the lips tightly. After inhaling
through the filter, hold the breath for 15s and then exhale
with some force. Coordinate the exhalation rhythm through
animation software. The analyzer will automatically collect
the end-expiratory air. During the nasal exhalation mea-
surement, the subject uses the disposable nasal filter to align
with the single test nostril and then holds breath after 15s
natural inhalation. As you block opposite nostril with your
hand, exhale with a certain strength and coordinate the
exhalation rhythm through the animation software. The
analyzer will automatically collect the end-expiratory gas.
After the above collection process is completed, the analyzer
will automatically analyze the exhaled gas and displays the
result immediately.

2.3. Statistical Method. SPSS 15.0 statistical software was
used for data analysis. Normally, distributed data in the
measurement data are represented by the mean + standard
deviation, and nonnormally distributed data are represented
by the median (interquartile range). P <0.05 is considered
statistically different. P<0.01 is considered significantly
different.

3. Result

3.1. Rank-Sum Test Result. The ratio of male and female is
39:31, and the average age is 61 +13 in the observation
group. The ratio of male and female is 34:32, and the av-
erage age is 56+ 14 in the control group. Two groups’
baseline values are comparable, and there is no significant
difference (P > 0.05).

The nasal exhalation indicator H,S in 70 cases of co-
lorectal adenoma and 66 cases of the control group were
analyzed by the rank-sum test. The results showed that (1)
the nasal exhaled H,S in the observation group was sig-
nificantly different from that in the control group (P < 0.05)
(Table 1, Figure 1).

The exhaled indicator (H,S) in 70 cases of colorectal
adenoma and 66 cases of the control group was analyzed by
the rank-sum test. The results showed that there was a
significant difference in exhaled H,S between the CRA group
and Huashan control group (P < 0.001) (Table 1 and
Figure 2).

3.2. AUC Curve Analysis. Diagnostic predictive value of
exhaled H,S in colorectal adenoma: ROC curve analysis of
the nasal exhaled H,S of the two groups showed that the
AUC was 0.724, which had a diagnostic value. When the
nasal exhaled H,S >13.3 ppb, the sensitivity and specificity of
predicting CRA were 57% and 78%, respectively (Figure 3).
ROC curve analysis of exhaled H,S of the two groups showed
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TaBLE 1: Results of exhaled determination in the observation group and control group.

Observation group

Control group

Number of people (male/female) 70 (39/31) 66 (34/32)
Age 61+13 56+ 14
Nasal exhaled H,S (ppb) 19.32+ 15.71** 10.59 +4.53
Exhaled H,S (ppb) 4747 + 44.95** 25.00 + 17.94
**Statistically significant difference between groups, P <0.01.
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FIGURE 2: Exhaled H,S comparison between two groups.

that the AUC was 0.716, which had a certain diagnostic value
(Figure 3). When exhaled H,S >28.8 ppb, the sensitivity for
predicting CRA was 63% and the specificity was 77%. Above
analysis suggested that exhaled determination was better
than nasal exhaled determination.

4. Discussion

CRA is recognized as precancerous lesion of CRC, and CRA
has common pathophysiological basis as CRC. The increase
of hydrogen sulfide production is one of those typical
pathophysiological characters. Although, H,S in the intes-
tine may play a two-way role in the occurrence and de-
velopment process of CRA/CRC [13], in which the overall

trend of H,S production is rising amongst people with CRA
based on current research. On the one hand, the synthesis of
endogenous H,S goes up in tumor cells. On the other hand,
gut microbiota metabolism shifts to prone to H,S produc-
tion during tumor genesis.

Currently, cystathionine beta-synthase CBS, cys-
tathionine beta-synthase CSE, and 3-MST are the three main
enzymes that endogenously synthesize H,S. These enzymes
are all related to the occurrence and development of ma-
lignant tumors [13]. Some studies have found that CBS
increases significantly in CRA/CRC [14-16]. According to
Phillips et al. [16], the expression of CBS in intestinal ad-
enoma epithelium was upregulated during the development
of CRA, leading to increased H,S. CBS expression was
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related to the upregulation of NF-xB, K-RAS, and p53
signaling pathways as well. H,S further promoted glycolysis
of adenoma epithelium and production of ATP, thereby
boosting the abnormal division and proliferation of ade-
noma epithelium and accelerating CRA development.

Besides endogenous synthesis, H,S can derive from gut
microbial metabolism [17]. Flannigan et al. [18] demon-
strated that more than half H,S was generated by intestinal
microbiome. Shen et al. [19] also illustrated that the pro-
portion of H,S produced by intestinal microbiota accounted
for the majority of H,S produced by human body according
to an experimental study on sterile mice and bacterial
colonized mice. The H,S-producing intestinal microbiome is
divided into two main types. The first type of bacteria
generates H,S by metabolizing sulfur-containing amino
acids (similar to the CBS pathway of tissue cells), including
Fusobacterium, Clostridium, Escherichia coli, Salmonella,
Klebsiella, Streptococcus, Desulfovibrio, and some Enter-
obacter. Another type of bacteria produces H,S through the
sulfate metabolism, mainly Desulfovibrio [7]. Vacante [7]
discovered that Biliophilus and Desulfovibrio increased
significantly (control = 547) in the flora of tumor tissue and
peripheral intestinal epithelium among CRA patients
(n=233). Moreover, the increase of Biliophilus and
Desulfovibrio were obviously related to the increase of
metabolite-H,S, which had the potential value for diag-
nosing CRA as a characteristic change. In the follow-up
studies, the author found that the H,S ion current test for
colon cancer epithelium, peripheral epithelium, and distal
epithelium showed a high-to-low change, which was sta-
tistically significant among CRC patients (n=106). Mean-
while, some intestinal bacteria associated with H,S change
became different, such as Clostridium sclerotium, Clostrid-
ium perfringens, nematodes gingivalis, and Bacteroides fra-
gilis [20]. These findings clearly indicated that H,S strains
derived from CRA were closely related to the progression of
CRC.

After clarifying the potential value of H,S in the diag-
nosis of CRA, many scholars explored the specific methods
of H,S application in CRA/CRC as well. These studies fo-
cused primarily on the detection of H,S in human peripheral
blood and feces, using methods such as methylene blue,
monobromodimarane, S2-electrode ion detection, and mass
spectrometry. However, methylene blue, mono-
bromodimarane, and S2-electrode ion detection methods
are susceptible to pH changes, so measured results may have
large fluctuations. In addition, H,S is relatively unstable and
can be converted to methyl mercaptan and dimethyl
disulphide in the body, which makes it difficult to draw high
repeatable conclusions. Mass spectrometry is complicated
and expensive and is rarely used. Therefore, a high-precision
electrochemical sensor was adopted in this study to deter-
mine exhaled H,S content among CRA patient population
by the point-of-care test. The advantages of exhaled deter-
mination are as follows: (1) the pH and temperature in the
circulating blood are relatively stable, so H,S is less affected,
and the concentration of free H,S is relatively stable; (2) the
POCT avoids H,S being oxidized or converted to other
forms; (3) holding the breath for 15s ensures the full ex-
change of circulated gas molecules in the alveoli, which can
truly reflect H,S concentration; (4) the accuracy of the
measurement is ppb level (ambient gas detection is usually
ppm level), which is more sensitive to indicate the degree of
H,S change.

In this study, exhaled H,S of the CRA group was sig-
nificantly higher than that of the control group, which was
statistically different. Both two sampling methods of oral
exhalation (AUC 0.716) and nasal exhalation (AUC 0.724)
obtained from the above results had good diagnostic value
based on ROC analysis, confirming the accuracy of exhaled
H,S determination for CRA screening. Hampton [21] re-
ported that the oral flora was associated with colonic bac-
terial colonization. For example, Fusobacterium nucleatum
was one of the common facultative anaerobes in the oral
cavity, but it was rare to be seen in the healthy people’s
intestine. The association between oral and colonic flora may
be the key to maintaining the same trend for oral exhalation
and nasal exhalation. This conclusion was in line with
conclusions of previous studies [4, 6, 9], which reflected that
the overall H,S was at a high level within the CRA pop-
ulation. From the realm of the physiological mechanism,
exhaled H,S is derived from the total H,S excreted from the
body through the alveolar gas exchange. A portion of total
HS,S is synthesized by the CRA tissue epithelium and the rest
H,S is produced by intestinal flora. Besides, change tendency
of H,S from the two sources is determined, which is con-
ducive to the consistent judgment of the results.

In the process of exhalation, the influence of H,S from
other sites on the results mainly included the sources of
upper airway (nasal cavity) [22], lower airway (lung tissue
and trachea) [23], and oral cavity [24]. How to eliminate the
effect is one of the key considerations. In terms of H,S source
of upper airway (nasal cavity), the median of H,S measured
by nasal ventilation was 2 ppb. Nasal H,S further reduced in
patients with seasonal allergic rhinitis compared with the
nonallergic rhinitis group according to the study of Li et al.
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[22]. For the H,S source of lower airway, Zhang et al. [23, 25]
demonstrated that exhaled H,S concentration in the lower
airway among some patients with either asthma or COPD
increased compared with the control group. However, in-
crease was inversely proportional to the number of eosin-
ophils. From the perspective of inflammatory cell types and
exhaled H,S concentration,
oligogranulocytic > neutrophilic > eosinophilic gran-
ulocytosis [25]. Even the more obvious inflammatory cell
infiltration in the airway (regardless of nasal or tracheal
origin) was, the less H,S was produced. In other words, there
was a negative correlation between the granulocytic infil-
tration and H,S production. Therefore, based on the above
research results, it was concluded that airway inflammation
had little impact on the total exhaled H,S volume. Oral
cavity is the third part of H,S source. Due to the presence of
oral bacteria, Pysanenko et al. [24] found that H,S measured
orally was significantly higher than nasally, while Dryahina
suggested that using nasal exhaled H,S determination could
better reflect the H,S from the intestinal tract. Therefore, we
added nasal exhaled H,S determination on the basis of oral
exhaled H,S determination, which meant that the exhalation
site was replaced with the nose. Nevertheless, the breath-
holding time, flow rate, and end-expiratory sampling
method remained unchanged in order to eliminate the in-
fluence of the oral cavity, which further verified the pre-
dictive value of exhaled H,S on CRA. Results revealed that
the nasal exhaled H,S (mean: 19.32 + 15.71 ppb) in the CRA
group was significantly higher than that in the control group
(mean: 25.00 +17.94 ppb). In the ideal model, the nasally
exhaled sampling method that excludes the influence of the
oral cavity should have a better diagnostic value. Although,
in this study, the ROC of the nasal exhaled sampling was
slightly higher than that of the oral exhaled sampling (nasal
exhaled AUC 0.724 vs. oral exhaled AUC 0.716), there is no
significance between two AUCs (P = 0.86).

However, study design had some disadvantages. For
example, fasting exhaled H,S was a reflection of the total H,S
in the human body. Some factors may limit the diagnostic
value of fasting H,S on CRA, such as whether H,S derived
from adenoma tissue or other human tissues was affected by
other factors and whether intestinal flora metabolism was
affected by food, drugs, and H,S peaks. Banik et al. [26] used
fasting H,S as a baseline value in an IBS study. The exhaled
H,S determination was performed 45 min after oral ad-
ministration of the substrate lactulose. Subtract the baseline
value from the test value as AH,S to determine whether IBS
merges SIBO. This research method was to optimize the
exhalation method under the condition of limiting the
microbiota metabolism. How to choose a better preparation
and sampling method for detecting CRA patients remained
to be further explored in order to achieve an optimal di-
agnostic value.

In conclusion, CRA screening is essential for detecting
early cancer of colon tumors. The study used exhaled H,S
determination that was a noninvasive, accurate, and inno-
vative method. Exhaled H,S determination provides a po-
tential CRA inspection method and compensates
shortcomings of traditional endoscopy and plasma

laboratory testing, so it is worthy of further research and
generalization.
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Gestational diabetes mellitus (GDM) is defined as “diagnosed as impaired glucose tolerance for the first time during
pregnancy,” which can lead to adverse pregnancy outcomes and produces divergent effects on mothers and newborns. In
recent years, with the continuous expansion of obese people, GDM shows an upward trend. The abundant and diverse
members of the human gut microbiota exert critical roles in the maintenance of human health. Studies have shown that GDM
may be associated with disordered gut microbiota in both mothers and newborns. Taking into account the potential effects on
maternal and consequently neonatal health, in this review, we analyzed the available data and discussed the current knowledge
about the potential relationship between GDM and intestinal dysbiosis in mothers and newborns. In addition, we also
discussed the influencing factors derived from GDM mothers on the gut microbiome of their newborns, including the vertical
transmission of microbiota from mothers, the alteration of milk components of GDM mothers, and using of probiotics.
Hoping that new insights into the role of the gut microbiota in GDM could lead to the development of integrated strategies to

prevent and treat these metabolic disorders.

1. Introduction

Gestational diabetes mellitus (GDM) is an increasing
public health concern that affects approximately 5~20% of
pregnancies [1]. The prevalence of GDM has continued to
increase during the past few decades and is likely to see a
turther rise in the future. GDM affects both mother and
child with short-term complications such as preeclampsia,
cesarean delivery, neonatal hypoglycemia, and congenital
malformation, while long-term complications included
maternal T2DM and cardiovascular diseases, as well as
obesity, and other metabolic diseases in the offspring [2].
Metabolic disturbance usually occurs in GDM women,

including decreased insulin secretion and increased in-
sulin resistance, which are typically related to obesity/
overweight [3].

There are rich and diverse microbiota in the gut of
humans, which play an important role in maintaining hu-
man health. A substantial body of evidence supports that gut
microbiota plays a pivotal role in the regulation of metabolic,
endocrine, and immune functions. The gut microbiota can
use polysaccharides in food, and they produce short-chain
fatty acids (SFCAs) by fermenting and absorbing polysac-
charides. Studies in mice have shown that SFCA supple-
mentation improves insulin sensitivity and dyslipidemia,
prevents weight gain, and increases energy expenditure in
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diet-induced obese mice [4]. Depletion of SCFA-producing
bacterial species might therefore contribute to the increased
inflammatory tone often found in patients with obesity and
diabetes. Changing the quantity and quality of the gut
microbiota destroys the homeostasis of the gut environment
and leads to the occurrence or development of many human
diseases. In recent years, people have become increasingly
aware of the importance of the microbiota during pregnancy
and early life, as they are closely related to reproductive
health. The early colonization of the microbiota may affect
the development of newborns and may cause long-term
adverse consequences in the future [5]. At present, most
studies have analyzed the effects and related mechanisms of
GDM on mothers, but few studies on infants (especially the
effect on the gut microbiota of infants). The present review
analyzes the correlation between changes of the gut
microbiota in mothers with GDM and their infants. In
particular, we focus on the possible influencing aspects of
GDM mothers on the gut microbiota in infants, including
the vertical transmission of maternal microbiota, breast-
feeding, and the use of probiotics. We aim to prompt the
development of innovative therapeutic targets for the
slowing of adverse effects of GDM by highlighting the role of
the gut microbiota in GDM infants.

2. The Influencing Factors and Adverse
Pregnancy Outcome of GDM

The well-documented risk factors for GDM include pre-
pregnancy body mass index (BMI) within the range of
overweight or obesity, advanced maternal age, family history
of diabetes, or any form of diabetes and cigarette smoking
[6]. Genetic factors are also one of the risk factors of GDM.
At present, we have found some genes related to GDM, but
they are very limited [7]. We are aware of only one published
genome-wide association study (GWAS) of GDM to date.
This was conducted among Korean women and demon-
strated a potentially shared genetic basis between GDM and
type 2 diabetes [8].

GDM is related to diverse adverse pregnancy outcomes
for both the mother and their kids. For the mother, ges-
tational diabetes increases the risk of obstetrical complica-
tions such as preterm delivery and dystocia. For infants, fetal
macrosomia is a common adverse infant outcome in GDM,
which is more likely to be large and macrosomic, and infants
more easily suffer from shoulder dystocia, clavicle fracture,
and brachial plexus injury at birth [9]. After birth, infants
from GDM mothers are likely to develop childhood obesity,
metabolic syndrome, T2DM, and impaired insulin secretion
[9]. Emerging, yet suggestive data indicate that these chil-
dren may be at high risk for atopic dermatitis and allergen
sensitization. The clinical study found that GDM infants are
more sensitive to allergens and their sensitization risk in-
creases more than 5-fold. It is also more likely to suffer from
atopic dermatitis, which increases its risk by more than 7-
fold [10].

3. The Gut Microbiota of Pregnant
Women with GDM

3.1. Changes of Gut Microbiota in Normal Pregnant Women.
During pregnancy, the body of pregnant women undergoes
weight and metabolism changes, which is accompanied by
changes in the gut microbiota. Weight gain during preg-
nancy was positively correlated with the relative abundance
of Bacteroides, Escherichia coli, and Enterobacteriaceae [11]
and negatively correlated with the abundance of Bifido-
bacterium and Akkermansia muciniphila [12]. The gut
microbes in early pregnancy are similar to those in non-
pregnant women; however, O. Koren et al. found that
intestinal microbiota changed in the early and third tri-
mesters of pregnancy, characterized by increased diversity
(B diversity) and decreased richness (a-diversity) in
pregnant women [13]. Some obesity-related bacteria such
as Actinobacteria and Proteobacteria Phyla were found to
increase significantly in the third trimester of pregnancy.
Notably, the researchers also reported a decrease in butyric
acid-producing bacteria Faecalibacterium that have an
anti-inflammatory activity in pregnant women [14]. All of
these changes seem to lead to weight gain (high obesity)
and insulin resistance (IR) in pregnant women, which
mainly occur in the third trimester of pregnancy.

Confirming the influence of microbiota on metabolic
function, Koren et al. transplanted fecal samples from early
and late pregnant women into germ-free mice and found
that mice with late gestational fecal samples were more likely
to be obese and more likely to induce inflammation [13]. At
present, the relationship between different metabolic vari-
ables of pregnancy and some specific bacteria has been
found; for example, there is a negative correlation between
insulin values and Blautia; arterial blood pressure and
Odoribacter; and ghrelin insulin and Prevotellaceae. One
study conducted a prospective observational and explor-
atory study of 41 patients with GDM and found that there
was a correlation between C-reactive protein and Sutterella;
circulating levels of insulin and Collinsella; and ghrelin and
Bacteroidaceae [15]. Therefore, gut microbiota may affect the
changes of some metabolic indexes during pregnancy in
different ways, but the internal mechanism is still unclear
and needs further study.

3.2. Changes of Gut Microbiota in Pregnant Women with
GDM. Some metabolic changes in pregnancy promote the
accumulation of adipose tissue in the early stage. With the
advancing of gestational age, the ability to decompose fat in
the body increases. In the third trimester of pregnancy, the
ability of insulin to prevent fat decomposition is inhibited,
which is further aggravated in women with GDM, resulting
in an increase in free fatty acids in the body of pregnant
women, accelerating the production of hepatic glucose and
severe insulin resistance (IR). This severe IR has been found
to be associated with a decline in the numbers of Roseburia
and Faecalibacterium prausnitzii in the third trimester of
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pregnancy in women with GDM, which are butyric acid-
producing bacteria with anti-inflammatory properties [16].
In addition, studies have reported that chronic low-grade
inflammation in women with gestational diabetes mediates
an imbalance in tryptophan metabolism. The study found
that the maternal tryptophan-kynurenine pathway was
upregulated in women diagnosed with GDM compared with
the control group [17]. Some specific bacteria have the ability
to produce tryptophan, such as Escherichia coli. In the in-
testinal tract, it has also been clearly proved that major
tryptophan metabolism pathways such as 5-hydroxytryp-
tamine and kynurenine are directly or indirectly regulated
by microbiota [18]. It is suggested that the imbalance of the
array of metabolites in GDM is closely related to the
microbiota.

The changes of the gut microbiota in women with GDM
compared with those without GDM have been reported.
Table 1 shows the specific changes in intestinal microbes in
GDM mothers shown in these studies. Compared with
healthy pregnant women, the gut microbial community
diversity of women with GDM changed, including the de-
crease of a-diversity and the increase of B-diversity. In
addition, GDM also showed various types of abnormal
bacterial composition, including changes in phylum, genus,
and species levels. At the phylum level, an increase in Fir-
micutes/Bacteroidetes (F/B) ratio in late pregnancy was
exhibited in the GDM group when compared with non-
GDM [19]. As reported, a higher F/B ratio is more likely to
cause obesity and aggravate inflammation. At the genus
level, some intestinal bacteria such as Parabacteroides,
Prevotella, Haemophilus, and Desulfovibrio are more
abundant in women with GDM when compared with those
of healthy women in both second and third trimesters of
pregnancy [16, 19-22]. Most of these are Gram-negative
bacteria. Lipopolysaccharide (LPS) is a unique structure
exposed to the outer membrane of the cell wall of Gram-
negative bacteria and is an important endotoxin of most
intestinal pathogens. It is highly immunogenic and stimu-
lates B lymphocytes to produce specific antibodies, resulting
in low-grade inflammation and IR. LPS has strong immu-
nogenicity and can stimulate B lymphocytes to produce
specific antibodies, which can contribute to low-grade in-
flammation and insulin resistance [23]. At the individual
level, the biosynthesis and transport system of LPS have
always been positively correlated with the blood glucose level
of the oral glucose tolerance test (OGTT) [21]. Meanwhile,
the relative abundance of SCFA-producing genera such as
Faecalibacterium, Ruminococcus, Roseburia, Coprococcus,
Akkermansia, Phascolarctobacterium, and Eubacterium in
the gut of GDM women was significantly lower than that of
the healthy women [2, 16, 19-21, 24, 25]. These changes are
reported to be associated with elevated blood glucose levels
in individuals [16, 19-21].

Therefore, changes in the intestinal microbiota during
the first trimester of pregnancy may be considered as a
potential diagnostic tool for GDM or may be one of the
causes of GDM. However, previous studies have shown that
the gut microbiota composition of women diagnosed with
GDM at early pregnancy is similar when compared with

those of women without GDM at the same gestational stage
[26], suggesting that the imbalance of the gut microbiota
may be a result of GDM. Therefore, the debate about
whether intestinal microbiota is the cause or consequence of
gestational diabetes is still unclear, and further research on
their relationship is needed.

4. The Gut Microbiota of GDM Infants

4.1. Early Colonization of Gut Microbiota in Healthy Infants.
The early colonization of intestinal bacteria in infants usually
occurs at birth. In the first few days, only a few groups of
alien microbes, unrelated to the source of nutrition, settled
in the intestines and became more stable in the first week of
life. At that time, facultative anaerobes belonging to
Enterobacteriaceae, Streptococcus, Staphylococcus, and En-
terococcus already existed, mainly due to the initial supply of
oxygen in the gut of newborns [27]. Escherichia coli, En-
terococcus faecium, and Enterococcus faecalis are the most
represented species in the first batch of colonizers.

With the gradual increase of oxygen consumption of
facultative anaerobes, there is an anoxic environment in the
gut, which leads to an increase in some obligate anaerobes
such as Bifidobacterium, Bacteroides, and Clostridium [27].
With the introduction of solid food, the colonization and
diversity of bacteria in the gut have undergone continuous
changes, and one of the most prominent features is the
increase in the number of Bacteroides.

Among the gut bacteria in the early stage of healthy
infants, Bifidobacterium is the dominant bacteria in the
colonization microbiome. Bifidobacterium appeared on the
3rd-4th day after birth, then increased gradually, and peaked
in the first year. With the increase of age, the number of
Bifidobacterium began to decrease in the second year, other
intestinal microbiota species began to expand, and the in-
testinal microbial community of infants became more di-
versified [28].

Bifidobacteria and Lactobacilli contribute to both natural
and acquired immune responses in healthy neonates.
According to the research report, there is an association
between a low level of fecal Bifidobacteria in the early stage
and a high risk of noncommunicable diseases (such as atopic
diseases and obesity) in the later stage [29]. The presence of
Bifidobacteria in the human adult intestinal microbiota is
minor, indicating that Bifidobacteria is specific for early life
[30].

4.2. Changes of Gut Microbiota in GDM Infants. A large
number of convincing experimental data show that maternal
metabolic disorders are closely related to the development of
related metabolic diseases such as obesity in offspring [31].
Some metabolic diseases that mothers often suffer from,
such as gestational diabetes, overweight, or obesity, increase
the offspring’s risk of metabolic disorders associated with
inflammation and weight gain. The establishment of in-
testinal barrier function and the maturation of the immune
system depend on early bacterial colonization [32]. Early
colonization is the decisive factor of mucosal dynamic
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TaBLE 1: Comparison of changes in the gut microbiota between GDM women and non-GDM women.

No. GW (weeks) Features of gut microbial community
Surveyed country Reference
G+ G- G+ G- Increase Decrease
. Verrucomicrobia (P) . .
China 11 11  31.2+05 32.7+0.3 Akkermansia (G) Faecalibacterium (G) [20]
Ruminiclostridium (G)
Parabacteroides (G) Roseburz'a @)
Fusobacterium (G)
Megamonas (G) Haemophilus (G)
China 43 81 262+12 259+1.9 Phascolarctobacterium (G) P [21]
. Clostridium (G)
Streptococcus agalactiae (S) ifidob .
Lachnospiraceae bacterium (S) Bifidobacterium (S)
Eubacterium siraeum (S)
Alistipes shahii (S)
Act1n9bacter1a (P) Bacteroides (G)
Collinsella (G) F libacterium (G)
Denmark 50 157 28.7+14 284%11 Desulfovibrio (G) aecanvacterium [16]
. Ruminococcus (G)
Blautia (G) Isobaculum (G)
Ruminococcus (G)
Firmicutes (P)
Ruminococcus (G) .
Brazil 26 42 32.45+7.04 28.23+5.68 Collinsella (G) Bacteroides (P) (19]
. Eubacterium rectale (G)
Lachnospiraceae (G)
Dorea (G)
. Fusobacterium (G) . .
China 74 73 Prevotella (G) Faecalibacterium (G) [5]
China 23 26 386-39.7  39.0-40.6 Bacteroides dorei (S) Alistipes putredinis (S) [25]
Lactobacillus casei (S)
. . Alistipes (G)
China 30 31 383+0.7 385+0.8 Haemophilus (G) Rikenellaceae (G) [22]
. . Faecalibacterium (G)
China 36 16 256+1.0 259+1.1 Blautia (G) Phascolarctobacterium Roseburia (G) [2]
Bacteroides (P)
. Blautia (G) Akkermansia (G)
China 45 45 25.55+1.17 25.68+1.26 Faecalibacterium (G) Odoribacter (G) [26]
Butyricimonas (G)
Holdemania (G)
China 31 103 245+05 245+05 Megasphaera (G) Streptococcus (G) [24]

Eggerthella (G)

No., number; G+, GDM; G-, non-GDM; GW, gestational weeks; P, phylum; G, genus; S, species. The increased/decreased microbiota in GDM women when

compared with non-GDM.

balance. So it is particularly important to observe the effect
of GDM on gut microbiota in infants.

Some previous studies have reported significant changes
in intestinal microorganisms in the offspring of mothers
with GDM, including a decrease in a-diversity and changes
in the relative abundance of some specific bacteria. Table 2
shows the specific changes in intestinal microbes in the
offspring of mothers with GDM shown in these studies.

Ponzo et al. [33] have found that GDM infants showed a
higher relative abundance of proinflammatory bacterial taxa
and a lower a-diversity than infants from healthy women.
Hu et al. [34] collected the first intestinal discharge from 23
newborns stratified by maternal diabetes status and found
that the maternal diabetes status was significantly associated
with the relative abundance of Bacteroidetes. Wang et al. [5]
found an increase in the number of lactic acid bacteria in the
meconium of newborns of mothers with GDM, indicating
that some specific colonizing bacteria in the gut of infants

may be affected by maternal GDM status. Su et al. [35] have
found that there are differences in gut microbiota between
the newborns from GDM mothers and the control group.
The gut microbiota of the GDM infants showed lower
a-diversity than that of the control group. At the phyla level,
the abundance of Proteobacteria and Actinobacteria in-
creased and that of Bacteroidetes decreased in the GDM
group. Besides, a few unique gut microbiota belonging to the
phylum of Proteobacteria, Firmicutes, and Actinobacteria
were found in the neonatal fecal samples of healthy infants
and were absent in GDM ones. At the genus level, the
number of Prevotella and Lactobacillus decreased in new-
borns from GDM mothers.

Correlation analysis showed that maternal fasting blood
glucose levels had a positive correlation with the relative
abundance of phylum Actinobacteria and genus Acineto-
bacter but a negative correlation with the relative abundance
of Bacteroidetes and genus Prevotella. Finally, the study also
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TaBLE 2: Changes of gut microbiota in the newborns of GDM mothers compared with the newborns of mothers without GDM.

No. Features of gut microbial community
Surveyed country Ref.
G+ G- Increase Decrease
China 24 24 Lactobacillus iners (S) [5]
Actinobacteria (p) Staphylococcus (G)
Bacteroidetes (p) Ralstonia (G)
Ttaly 29 19 Escherichia (G) Lactobacillus (G) [33]
Parabacteroides (G) Enterobacteriaceae (G)
America 5 13 Bacteroidetes (p) [34]
. . Bacteroidetes (p)
China 20 14 Actinobacteria (p) Prevotella (G) [35]

Proteobacteria (p)

Lactobacillus (G)

No., number; G+, GDM; G-, non-GDM; P, phylum; G, genus; S, species. The increased/decreased microbiota in the newborns of GDM mothers when

compared to the newborns of mothers without GDM.

found that the total amount of bacteria in newborns differs
significantly from the severity of diabetes in mothers [35].
Intestinal dysregulation not only leads to various gastro-
intestinal diseases, such as acute diarrhea and chronic en-
teritis, but also leads to the occurrence of several metabolic
syndromes and neurogenic diseases, including obesity, hy-
perglycemia, and autism [36]. Previous studies have re-
ported changes in the gut microbiota in children with
diabetes and found a significant decrease in the number of
Lactobacillus and Prevotella [37]. In addition, another study
reported that gastrointestinal diseases caused by autism may
be related to the absence of Prevotella [38]. These results are
consistent with the changes in the gut microbiota in infants
with GDM. It is speculated that the variation of these in-
testinal bacterial genera may be related to diabetes and
gastrointestinal diseases, which may lead to a higher risk of
these diseases in neonates with GDM than in control
newborns. The results of these studies are of great signifi-
cance for understanding the internal relationship of GDM
with neonatal gut microbiota and thus on their future
healthy development, which is worthy of in-depth study.

5. The Maternal Factors That Affect Gut
Microbiota of GDM Infants

It is well known that the maternal internal environment
affects the health of offspring. The intestinal microbiota of
newborns is strongly affected by maternal health and
pregnancy status and participates in the developmental
programming of the newborns. Overweight, obesity, and
allergies in children are related to maternal/newborn dys-
biosis. Many prenatal and postnatal factors have been shown
to affect the colonization of early intestinal microbiota in
infants, such as mode of delivery and breastfeeding. GDM is
the most common complication of pregnancy, which in-
creases the risk of metabolic disorders such as obesity and
diabetes in offspring. At present, there is little data on the
relationship between maternal characteristics of GDM and
neonatal microbiota. Next, we will break down the following
points to introduce the effect of GDM mothers on infants’
gut microbiota in different ways, as shown in Figure 1.

5.1. Vertical Transmission of Maternal Microbiota. The early
colonized microbiota is important for the establishment and
maturation of metabolic pathways. Evidence from analysis
of experimental data supports that the vertical transmission
of microbiota from mother to offspring is an important
source of early colonization of infant gut microbiota [36]. In
this context, Azad et al. collected fecal samples from 24
Canadian healthy infants at 4 months of age and found that
some microbes including Bifidobacteria, Clostridium, and
viral organisms have a different genetic diversity between
mothers and infants of different individuals but have the
same genetic characteristics in mothers and their babies [39].
Some animal experiments found that, compared with the
control group, lower levels of Lactobacillus appear in the
vagina of maternal mice which are exposed to stress, and the
abundance of Lactobacillus in the gut of the mother was
positively correlated with the abundance of Lactobacillus in
the gut of offspring [33].

In another mouse study [40], the researchers fed preg-
nant mice normal milk or milk containing genetically tagged
bacteria, then obtained the fetuses by aseptic cesarean
section, and analyzed their fecal samples. The results showed
that fecal samples from mothers fed milk containing ge-
netically tagged bacteria were found to contain the same
genetically tagged bacteria, which was not detected in the
control mothers or children. However, despite the consensus
view of vertical transmission from mother to infant,
knowing the exact source of early colonizers and the modes
of transmission is still a challenge. Given the potential re-
lationship between the vertical transmission of the maternal
microbiome and the gut microbiota of infants, more re-
search on the mechanism is needed.

The gut microbiota, which is the most abundant of
microbial flora in the body, may be a potential source of the
transmission of mother-to-infant bacteria [41]. The gut has
barrier properties, which can prevent harmful substances
passing through the intestinal epithelium. During preg-
nancy, the intestinal permeability of mothers increases,
which leads to an increase in the ability of intestinal contents
to cross the intestinal epithelial barrier. The placental en-
dothelial integrity also changes during pregnancy, which
may allow the bacteria from the gut to cross the barrier into
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FIGURre 1: GDM mothers influence the gut microbiota of infants in different ways.

umbilical cord blood and amniotic fluid [42]. Therefore, it
was speculated that maternal bacteria may participate in
vertical transmission by crossing the placenta [43]. It has
been found that antibiotic resistance genes in maternal
intestinal bacteria can be detected in fecal samples of
newborns. Through the study of mother-infant pairs, Fer-
retti et al. longitudinally sampled the microbiome of 25
mother-infant pairs across multiple body sites from birth up
to 4 months postpartum in the Italy cohort and found that
on the day of delivery, the proportion of the gut microbial
species of the infant that were transmitted from the mother
reached up to 50.7%, and this fraction was relatively stable
over the next 4 months [44]. The most contribution was
from the mothers’ gut, accounting for 22.1% [44]. Roswall
et al. studied with a larger population size of 98 mother-
infant pairs and reported that 72% of the colonized mi-
crobial species in the vaginally delivered infant gut within
2-5 days after birth were shared species, such as Bifido-
bacterium longum, Bacteroides fragilis, and Enterococcus
faecalis [45]. The number of other species that are not
transmitted from mother to baby is very low and drops to an
undetectable level after four months [45]. In addition, six
species consisting of three Bacteroides species (B. uniformis,
B. wvulgatus, and B. dorei), two Bifidobacterium species
(B. adolescentis and B. longum), and E. coli were found in
pairs of mothers and infants in the Finnish cohort [46].
Microbiota from the maternal gut are more persistent over
time compared to other maternal sources [45]. Although
unrelated individuals often shared the same species, the
number of species shared by infants and their mothers in the
first three days was significantly higher than that shared with
other mothers [44].

Vertical transmission of maternal microbes has been
confirmed to be widespread, so it is worth exploring whether
vertical transmission of maternal microbes will have an
impact on newborns of GDM mothers. The clinical study of
the intestinal microbiota of mothers and offspring of GDM
recently revealed that there were two shared genera in-
cluding Bacteroides and Brucellosis colonized in GDM
mothers and their babies, suggesting that GDM offspring
have maternal microbial imprints. The study also showed
that abundant proinflammatory microbial groups appear in
the gut of infants with GDM, such as Escherichia coli and
Parabacteroides, compared with the infants of the healthy
mother [33]. Another study [5] investigated the possibility of
maternal and neonatal microbiota disorders associated with
GDM by collecting and analyzing samples from 581 preg-
nant women (oral, intestinal, and vaginal) and 248 newborns
(oral, pharynx, meconium, and amniotic fluid) and esti-
mated the potential risk of microbial transfer to newborns.
The study revealed that there were a large number of high
abundant OTUs that vary with the same trend by counting
maternal and neonatal microbiota, in which Prevotella,
Streptococcus, and Bacteroides are the most common genus
in the tested samples, reflecting the consistency of micro-
biological variation between mother and infant. In addition,
the study calculated correlations between bacterial genera in
samples from mothers and neonates with and without GDM.
Notably, the proportion of the microbiota which had the
same cooccurrence trend between generations reached up to
88.8%, in which 69.1% were only detected in GDM+ but not
in GDM-. Despite body part-specific variations, the effects
of GDM on maternal and neonatal microbiota may be
similar. Animal experiments also confirm the above point of
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view. Yao et al. established a GDM mouse model and ex-
plored the effect of GDM on the gut microbiota of maternal
mice [47]. It was found that the Bacteroides and Clos-
tridiales_vadinBB60 were more abundant, while Prevotella
was much lower in GDM mice than in control mice.
However, most of these bacteria were found to have a
common trend in GDM offspring; it was found that Bac-
teroides were more abundant, while Lactobacillus and Pre-
votella were less abundant in the gut of offspring fed by
GDM mothers [48]. GDM can change the microbiota of
pregnant women and newborns, revealing another mode of
heredity. However, there are few studies on the vertical
transmission of GDM maternal microbiome to newborns,
and more data are needed to be analyzed.

5.2. Effect of Breast Milk of GDM Mothers on the Gut
Microbiota of Their Offspring. Breast milk plays an impor-
tant role in the growth and development of infants. In
addition to providing the nutrients that babies need, breast
milk also provides complex carbohydrates and proteins,
which have a wide range of biological activities and can
promote the development and maturity of the infant im-
mune system, as well as early healthy intestinal colonization
[49].

Breastfeeding may affect the composition of gut
microbiota. One study found that Bifidobacteria and Clos-
tridium difficile are more abundant in breastfed newborns,
whereas Bacteroides and Clostridium perfringens prevail in
formula-fed infants [50]. The difference of intestinal
microbiota in infants with healthy mothers caused by dif-
ferent feeding methods also existed in infants with GDM.
One study compared the gut microbiota of newborns of 29
GDM puerpera (10 were breastfed and 19 were formula-fed)
and found that there were differences in gut microbiota
between breastfed babies and formula-fed babies.

At the phylum level, breastfed infants showed more
Actinobacteria and Proteobacteria, while in formula-fed
infants, we observed a higher proportion of Firmicutes
phyla. At the genus level, breastfed infants showed more
Escherichia and Bifidobacterium, while formula-fed infants
had different microbiota composed mainly of Bacteroides,
Clostridium, Enterococcaceae, Escherichia, Streptococcus,
Staphylococcus, and Streptococcus. In the multiple regression
analysis, breastfeeding was significantly associated with the
relative abundance of Bifidobacterium in the intestinal
microbiota of the 11 infants (P = 0.0017). Remarkably, the
breastfed infants had a higher number of Bifidobacterium
compared with the formula-fed infants, which was con-
sidered to have a positive effect on babies. However, in
comparison with the infants of healthy women, a higher
relative abundance of proinflammatory taxa was shown in
infants with GDM, such as Escherichia and Parabacteroides
[33]. This may be related to the change in the composition of
breast milk. Next, we will analyze it from this perspective.

5.2.1. Breast Milk Oligosaccharides and Glycans. Human
Milk Oligosaccharides (HMOs) are free oligosaccharides
with multiple biological functions, which are the third

largest component of human milk. It is completely indi-
gestible to newborns but can be used by some intestinal
bacteria. In addition to HMOs, the glycoprotein is another
large source of breast milk glycobiome. Glycoprotein is a
kind of protein in which one or more sugars are connected to
the peptide chain by a covalent bond. According to the
connection mode, the glycans on glycoproteins are divided
into N-polysaccharides and O-polysaccharides. It was found
that more than 70% of human milk proteins are glycosylated,
and human lactose proteins play a defensive role against
infectious diseases by producing antibacterial and immu-
nomodulatory activities of passive immunity to breastfed
infants [48]. Breast milk glycobiome has been shown to
selectively enrich the infant gut microbiome with beneficial
bacteria [51]. These beneficial bacteria are able to quickly
consume HMOs as the sole carbon source and successfully
become the dominant bacteria in the gut [52]. However,
some intestinal bacteria consume HMOs poorly or not at all,
such as Clostridium perfringens, E. faecalis, and Veillonella
parvula [52]. In this way, breast milk oligosaccharides help
babies establish a healthy gut environment.

Due to the different abilities of intestinal microbiomes to
use different types of glycans as carbon sources for growth
and metabolism [48], differences in breast milk glycans may
also affect the composition of intestinal microbial com-
munities in offspring. In this context, some research groups
have studied the glycobiome patterns in the breast milk of
mothers with GDM, it was found that [53], compared to
healthy women, the content of free oligosaccharides in the
breast milk of GDM women was not different, but the total
protein concentration and glycosylation level of sIgA in
GDM breast milk were reduced; in contrast, the glycosyl-
ation of lactoferrin in the milk of GDM mothers was in-
creased compared with the breast milk of healthy control
mothers. They found that the content of total N-glycan of
sIgA was 32-43% lower than that of normal pregnant
women (P <0.0001), and the content of total N-glycan of
lactoferrin was 45% higher than that of normal pregnant
women. These results suggested that maternal glucose
regulation disorder has been happening in GDM women
during pregnancy. Because breast milk glycobiome is closely
related to the gut microbiota of infants, differences in milk
glycans may also affect the composition of the gut micro-
biome in the offspring. However, there are few studies at
present.

Previously, our team established a GDM mouse model
and collected milk and fecal samples of GDM maternal and
offspring mice to observe the changes of oligosaccharides
and protein N-glycans in the milk of GDM mice and their
possible effects on the gut microbiota of offspring [48].
Different from the main proportion of fucosylated milk
oligosaccharides in human milk, mouse milk mostly con-
tains sialylated milk oligosaccharides. We found that there
are no significant differences in the abundance of milk ol-
igosaccharides between the CON and GDM mice, which is
consistent with the findings in human milk. However,
through further analysis, we found the levels of fucosylation
and sialylation of N-glycan in the milk of GDM mice were
significantly higher than those of CON mice. On this basis,
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we analyzed the gut microbiota of offspring mice. Our re-
sults showed that the abundance of Bacteroides spp. was
significantly increased in the gut of offspring mice fed by
GDM mothers when compared with those fed by healthy
control mothers. Bifidobacteria and Lactobacillus are the
major microbial genera in the gut of healthy breastfed in-
fants. They promote the healthy growth and development of
babies, and the decrease of these bacteria may indicate the
poor state of newborns. On the contrary, some Bacteroides
spp. have the strong ability to use complex polysaccharides,
which promotes their growth in the gastrointestinal tract. So
large amounts of fucosylated and sialylated N-glycans may
provide a major carbon source for Bacteroides, resulting in
their dominance in the intestines of newborns fed GDM. In
particular, through further experiments in vitro, we found
that the metabolites of Bacteroides could stimulate
the lymphocyte, whereas they inhibit the production of Treg
cells. Treg cells can inhibit the immune response of other
cells and maintain the immune balance of the body [54]. Our
results suggest an immune imbalance in the offspring with
GDM, which may be a predisposing factor for this type of
disease. However, the mechanism of action is still not clear,
which is worthy of our more in-depth study.

5.2.2. Antibodies in Breast Milk. Newborns are exposed to
an environment that contains a large number of viruses and
bacteria when they are born. Lacking a mature immune
system, newborns initially rely on antibodies transferred by
their mothers. These antibodies are transmitted through the
placenta and breast milk. In the placenta, the mother mainly
transmits IgG, which helps to prevent neonatal infection
[55, 56]. In addition, other studies have also shown that the
mother transfers IgE to the fetus through the placenta, which
is closely related to neonatal allergies [57]. After birth, the
baby continues to gain maternal immunity through breast
milk. Unlike placentally transferred IgG, BM mainly con-
tains SIgA, which plays a leading role in neonatal mucosal
immunity. The antibodies in breast milk populate the in-
testinal mucosal surface of newborns, providing the first line
of defense for the healthy development of the intestinal
system in the early stages of infants.

The antibody concentration in breast milk changes
dynamically throughout the lactation period according to
the needs of the baby. In colostrum, the antibody content is
high, while in mature milk, the antibody concentration of
breast milk decreases, replaced by an increase in carbohy-
drates and fat. Antibodies in breast milk are mainly syn-
thesized by plasma cells in the breast. Recently, increasing
evidence shows that a large part of antibodies in breast milk
are related to antigen specificity of intestinal origin [58]. The
mother selectively transfers mucosal immunity-related an-
tibodies to the baby through breast milk, which provide a
barrier against the same antigens found in the mother’s
environment, which newborns are most likely to encounter.

Increasing evidence shows that immunoglobulin plays a
key role in the establishment and maintenance of early
healthy microbiota in infants. Maternal immunoglobulin
selectively wraps microorganisms in the small intestine,

promotes the colonization of symbiotic bacteria, and de-
livers antigens to antigen-presenting cells, thus inhibiting
the proliferation of pathogens. Most of the SIgA in the
mucosa is considered to be nonspecific, highly cross-reac-
tive, and widely reactive with the microbiota. Through a
process called immune exclusion, SIgA captures microbes
and enables the immune system to selectively sample
complex bacteria to produce immunity by limiting the
translocation of bacteria between mucosal epithelial cells
[59]. In addition, SIgA can cause immune rejection to vi-
ruses and bacteria by promoting pathogens to gather or
neutralize pathogens in the intestinal lumen [60]. Unlike
IgA, IgG promotes tolerization by forming IgG-allergen
complexes promoting the uptake of allergens by epithelial
cells and assisting in the immune presentation of allergen
[61].

In the individuals with IgA deficiency, Enterobacter
accounted for a higher proportion of the microbiota, which
is the dominant bacteria in the infant’s gut [62]. Interest-
ingly, an increase in the incidence of allergies and auto-
immune diseases has been observed in patients with IgA
deficiency, which may be the result of this change in
microbiota [63]. Similar results have occurred in the infant
from GDM women, which may be closely related to the
change of antibody concentration in the breast milk of GDM
mothers. It was found that the level of SIgA in the breast milk
of GDM patients was significantly lower than that of healthy
controls. Therefore, antibodies in breast milk are essential to
promote the development and maintenance of healthy in-
testinal microbiota in infants [53].

5.2.3. Free Fatty Acids in Breast Milk. Free fatty acids are the
main nutrients in breast milk, which are very important for
the growth and development of newborns. Some studies
have shown that free fatty acids in breast milk may affect
early intestinal microbiota colonization in infants [64]. In
one study, Heerup et al. examined the effect of selected
nonesterified fatty acids, monoacylglycerols, and sphingo-
sine on the composition of fecal microbial communities
derived from infants aged 2-5 months during a 24h an-
aerobic in vitro fermentation.

The results showed that the number of acid-producing
bacteria such as Lactobacillus and Bifidobacterium increased
significantly in the presence of a high concentration of
medium-chain nonesterified fatty acids. In the mixture
containing long-chain nonesterified fatty acids and sphin-
gosine, Bifidobacterium was also found to increase signifi-
cantly. =~ However, the relative  abundance of
Enterobacteriaceae decreased significantly in the presence of
the mixture of two lipids. It is also worth noting that oleic
acid (18:1), the most common fatty acid in human milk, has
been found to stimulate the growth of several types of
Lactobacillus [65]. These findings suggest that the high
concentration of nonesterified fatty acids in breast milk
might have functional effects on the establishment of the gut
microbiota in early life. In the early stages of life, the es-
tablishment of the immune system is very important for
growth and development. It may be very beneficial to
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promote the growth of lactic acid-producing bacteria such as
Bifidobacterium and Lactobacillus and reduce the number of
Proteobacteria in the intestinal microbiota. One study [66]
compared the metabolites of colostrum, transitional milk,
and mature milk between normal pregnant women (1 =94)
and GDM women (n =90). The results showed that quite a
lot of free fatty acids in breast milk significantly declined in
the GDM group compared to the control group. It is sug-
gested that there is a disorder of fatty acids in the breast milk
of mothers with GDM. However, the effect of disturbed fatty
acids in GDM breast milk on gut microbiota in infants has
not been reported and needs to be further explored.

5.2.4. Hormones in Breast Milk. Hormones in breast milk
were suggested to protect infants from the short-term ac-
celeration of adipose deposits and long-term obesity and
diabetes. Some studies have assessed hormone levels in
breast milk in women with GDM. Adiponectin and ghrelin
concentrations were found to decrease in the breast milk of
pregnant women with GDM [67]. And adiponectin was
inversely associated with early infant growth in both women
with GDM and healthy babies who grow up with low levels
of adiponectin in the breast milk of GDM women and are
more likely to be obese than healthy babies. However, with
favorable controlled blood glucose, breastfeeding can help
babies of women with GDM regain a healthy growth tra-
jectory [68]. Aydin [69] evaluated the concentration of
Nesfatin-1 in the breast milk of GDM rats, which is a peptide
that derives from the precursor peptide nucleobindin 2. It
has been found that Nesfatin-1 has an anorexia effect on rats
and can make rats lose weight [70].

The authors found that the concentration of Nestitin-1 in
the colostrum of rats with GDM was significantly lower than
that of non-GDM rats, while the concentration of Nestitin-1
in the mature breast milk of GDM rats was lower, but the
difference was not statistically significant, which might be
due to the normalization of their blood glucose over time
[69]. Thus, in the first week of life, offspring fed with breast
milk with lower levels of Nesfatin-1 may be more likely to be
hungry, so they drink more breast milk than those who are
fed normal breast milk. Previous studies have shown that the
concentration of plasma Nesfatin-1 in newborns is nega-
tively correlated with the degree of hunger (calorie intake).
Obese patients tend to have lower circulating Nesfatin-1
levels and higher calorie intake [71]. The same group of
investigators evaluated adropin concentrations in the breast
milk of GDM mothers. Adropin is a peptide hormone that is
involved in the regulation of metabolic homeostasis [72].

Aydin et al. [73] found that the adrenaline concentration
in the colostrum of GDM women was lower than that in
non-GDM women, but the adropin level in immature milk
during the transitional period (7 days after delivery) was not
different between the two groups. Adrenaline deficiency has
been shown to be associated with increased fat content in
mice, suggesting that exposure to lower levels of adrenaline
in GDM breast milk may also lead to the increased fat
content in children [72]. These suggest that the level of breast
milk hormone in parturient women with GDM is a disorder,

which leads to an increase in the probability of obesity in
infants. It is generally believed that obesity can cause dis-
orders of the gut microbiota in infants; therefore, we
speculate that the disorder of hormone levels in breast milk
may affect the gut microbiota of infants. Luoto et al. reported
differences in adiponectin concentrations in the maternal
colostrum and in fecal Bifidobacteria counts at age 3 months
between normal children (n=15) and overweight children
(n=15) [74]. The authors found that higher Bifidobacteria
was detected in normal children at the age of 3 months
compared with overweight children, and the level of adi-
ponectin in breast milk was significantly higher in mothers
with normal children than in those with overweight chil-
dren. These results suggest that hormones in breast milk
have a more complex effect on the gut microbiota of an
infant than previously anticipated. However, there is little
research in this area, and more data is needed to support it.

5.3. Intervention of Probiotic and Prebiotics. At present, the
microbial intervention has received widespread attention.
Probiotics usually contain live, freeze-dried bacterial mi-
crobes, mainly from intestinal beneficial bacteria such as
Lactobacillus and Bifidobacterium. When given sufficient
amounts of probiotics, probiotics regulate and promote the
intestinal health of the host. During pregnancy, most
pregnant women use probiotics orally, and few use vaginal
administration. Probiotic interventions are not live bacteria
but are made up of indigestible food substances that can be
broken down into HMOs and used by beneficial bacteria in
the intestines, thereby promoting the expansion of these
beneficial bacteria. Synbiotics combine probiotics and
probiotics intervention. Synbiotics promote the survival of
living microorganisms in the intestinal tract by stimulating
the growth and/or metabolic activity of one or more pro-
biotics, thus producing beneficial effects. Probiotics inter-
vention measures were used during pregnancy, and
probiotics were used to a lesser extent to improve maternal
and infant outcomes.

Recently, using probiotics to prevent or treat GDM has
become a hot research direction. Dolatkhah et al. enrolled 64
pregnant women with GDM into the clinical trial and
randomly divided them into three groups, which were
treated with probiotics capsule or placebo capsule and di-
etary advice for 8 weeks. They found that fasting blood
glucose and insulin resistance index decreased significantly
in patients treated with probiotic capsules or placebo cap-
sules (P <0.05) [75]. Luoto et al. also found that probiotic
intervention reduced the risk of GDM [76]. Specific pro-
biotic therapy may change the composition and activity of
intestinal microbiota, to improve the intestinal micro-
ecological environment, repair the intestinal barrier, and
enhance the intestinal ability to regulate inflammation.
Recently, the gut microbiota are considered one of the keys
to participate in the dynamic balance of host energy, af-
fecting the acquisition of energy from the outside and
storage in the body. In addition, it also regulates plasma
endotoxin concentration and insulin sensitivity to prevent
the occurrence of metabolic syndrome. Considering that the
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maternal microbiota is the first inoculum to the develop-
ment of the child’s microbiota, GDM mothers receiving
probiotic intervention during pregnancy may promote the
establishment of early healthy intestinal microbiota in in-
fants. A systematic review and meta-analysis looking at the
effect of treatment of GDM on pregnancy outcomes showed
that treatment significantly reduced the risks of fetal mac-
rosomia, large-for-gestational-age births, shoulder dystocia,
and gestational hypertension, as well as a tendency to re-
duction of perinatal/neonatal mortality and birth trauma
[77]. A review of probiotics for the prevention of GDM
included one study that reported lower rates of women
diagnosed with GDM and lower birth weight with probiotics
[78]. These results suggest that probiotics taken by GDM
mothers during pregnancy can reduce the adverse preg-
nancy outcome and promote the healthy growth of the baby.
Taking probiotics may be a good way to prevent or treat
GDM, and more research on the mechanism is needed.

6. Summary

Altered gut microbial structures of the GDM mother and
their offspring have been proved by many studies, and some
of the changed bacteria have the same trend in the intestines
of the mother and their offspring, which suggests that the
mother’s microbiome may be transmitted to the child,
reflecting the influence of the GDM mother’s gut microbiota
on the colonization process of the child’s gut microbiota.
This provides a new direction for early prevention and
treatment of GDM to reduce the incidence of adverse
pregnancy outcomes in GDM. At the same time, we found
that changes in the composition of GDM breast milk have a
potential impact on the healthy development of babies,
which may provide a theoretical basis for future studies
aimed at developing specific nutritional care for children of
mothers with gestational diabetes.
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