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Abstract Periodontitis is an inflammatory disease that is characterized by progressive destruction

of the periodontium and causes tooth loss in adults. Periodontitis is known to be associated with

dysbiosis of the oral microflora, which is often linked to various diseases. However, the complexity

of plaque microbial communities of periodontitis, antibiotic resistance, and enhanced virulence

make this disease difficult to treat. In this study, using metagenomic shotgun sequencing, we inves-

tigated the etiology, antibiotic resistance genes (ARGs), and virulence genes (VirGs) of periodontitis.

We revealed a significant shift in the composition of oral microbiota as well as several functional

pathways that were represented significantly more abundantly in periodontitis patients than in con-

trols. In addition, we observed several positively selected ARGs and VirGs with the Ka/Ks ratio> 1

by analyzing our data and a previous periodontitis dataset, indicating that ARGs and VirGs in oral

microbiota may be subjected to positive selection. Moreover, 5 of 12 positively selected ARGs and

VirGs in periodontitis patients were found in the genomes of respiratory tract pathogens. Of note,

91.8% of the background VirGs with at least one non-synonymous single-nucleotide polymorphism

for natural selection were also from respiratory tract pathogens. These observations suggest a
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potential association between periodontitis and respiratory infection at the gene level. Our study

enriches the knowledge of pathogens and functional pathways as well as the positive selection of

antibiotic resistance and pathogen virulence in periodontitis patients, and provides evidence at

the gene level for an association between periodontitis and respiratory infection.

Introduction

Periodontitis is an inflammatory disease of the periodontium

which is characterized by progressive destruction of the peri-
odontium, and causes tooth loss in adults [1]. It is one of the
most well-characterized human diseases associated with dys-
biosis of the oral microflora [2,3]. The inflammatory infiltra-

tion induced by the microbes often destroys the supportive
tissue, leading to alveolar bone loss before developing into
an irreversible situation [4,5]. A number of systemic diseases

have been reported to be associated with periodontitis, such
as atherosclerotic vascular disease, cardiovascular disease,
rheumatoid arthritis, and diabetes [6,7]. Moreover, periodonti-

tis pathogens of the oral cavity as well as respiratory pathogens
have been found to access the respiratory tract and induce res-
piratory infection [8–10].

Among the factors contributing to the periodontitis, viru-
lence factors of the oral microbiota have been a critical and
important issue, influencing the onset of the disease. A set of
key virulence factors produced by Porphyromonas gingivalis,

a well-established oral keystone pathogen, have been discov-
ered and determined for the role of pathogenesis, such as
Lys- and Arg-proteases, lipoprotein, and atypical lipopolysac-

charide [11]. Bacterial sialidases have been considered as viru-
lence factors in oral pathogens like Tannerella forsythia [12,13].
In addition, functional studies showed that the activation of

the metalloproteases, peptidases, and proteins involved in iron
metabolism in oral pathogens might be linked to the potential
association with periodontal disease [2,14].

Antibiotic resistance, described as ‘‘bacteria changing in

ways that reduce or eliminate the effectiveness of antibiotics”,
is another impediment to treatment [15]. When drug-sensitive
pathogens are eliminated, drug-resistant pathogens are left to

be selected [16]. Bacteria often acquire resistance by random
mutations in functional genes or by horizontal gene transfer
(HGT). The exchange of genes via HGT is common among

bacteria and can facilitate the spread of drug resistance [15].
Considering that the evolutionary dynamics of drug resistance
is usually derived from the increasing overuse of antibiotics

[17], the empirical and broad use of antibiotics resulting from
the lack of clarification of periodontal disease pathogens may
increase the risk of antibiotic resistance problems in periodon-
titis [18]. Subgingival periodontal pathogens from chronic peri-

odontitis patients were found to be resistant to at least one of
the commonly used antibiotics, and several strains from the
‘‘red complex” have already developed resistance to various

antibiotics [19,20]. Therefore, it is necessary to gain more
insights into drug-resistance genes and associated pathways
involved in periodontitis.

In this study, we explored the differences in composition
and functional pathways of oral microbiota between patients
with periodontitis and individuals with a healthy periodontium

using metagenomic shotgun sequencing. We also investigated
the potential bacteria, virulence genes (VirGs), and antibiotic
resistance genes (ARGs) associated with periodontitis. Our

results contribute to enriching our understanding of the bacte-
rial ecology of periodontitis and reveal a potential association
between periodontitis and respiratory infections.

Results

Metagenomic sequencing and data quality control

A total of 30 patients with periodontitis and 15 healthy indi-

viduals were recruited with detailed clinical information
including age, sex, diagnosis, tooth number, dental history,
and treatment history (Table S1). In addition, periodontitis

participants showed obvious bone loss and bleeding through
clinical examination (Figure S1A and B). Due to the insuffi-
cient amount of DNA extracted from each dental plaque sam-

ple, every five samples were pooled together, and six
periodontitis specimens (P1, P2, P3, P4, P5, and P6) and three
controls (C1, C2, and C3) were ultimately obtained. Sequenc-
ing of the six periodontitis specimens and three controls gener-

ated 2.38–2.68 gigabases (Gb) of raw sequencing data
consisting of 30–32 million paired-end (PE) reads per sample
(Table S2). After data processing, 2.30–2.50 Gb of clean

high-quality data were retained, consisting of 29–31 million
PE reads for each sample. The clean read rate for each sample
ranged from 95% to 97% (Figure S1C), and the clean Q30

base rate ranged from 92% to 93%. The low-quality read rate,
NS read (read with ‘‘N” or ‘‘.” bases that couldn’t be assign a
specific base by the basecaller tool) rate, and adapter read rate
were as low as expected (Figure S1D; Table S2). Alignment

against hg19 revealed that the human sequence read rate ran-
ged from 74% to 88% for all specimens (Figure S1C). After
removal of human sequence contamination, we retained

approximately 3.58–7.89 million reads for all samples for sub-
sequent analyses (Table S2).

Significant differences in the composition and diversity of oral

microbiota between periodontal patients and controls

To explore the taxonomic composition, we applied MetaPh-

lAn2 [21] to analyze the abundance information of each sam-
ple in each taxonomy hierarchy. At the kingdom level, the
analysis revealed that almost all the reads were aligned to Bac-
teria, with only 0.16% reads aligned to Viruses and 0.06%

reads aligned to Archaea (Table S3). At the phylum level, there
were ten phyla aligned, among which Bacteroidetes was the
most dominant bacterial phylum (Figure 1A). Both Synergis-

tetes (Wilcoxon rank sum test, P = 0.024) and Spirochaetes
(Wilcoxon rank sum test, P = 0.024) were significantly
enriched in periodontal patients over controls (Figure 1B;

Table S4). At the genus level, 69 genera were aligned, with
89%–97% of reads in all samples aligned to the top 30 genera.
Among these genera, Prevotella was the most dominant

genus in both the periodontal patients and controls. In
addition, Treponema, Desulfobulbus, and Fretibacterium were
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significantly enriched in periodontal patients, and
Corynebacterium was significantly enriched in controls

(Wilcoxon rank sum test, P < 0.05; Figure S2A; Table S5).

At the species level, rarefaction curves indicated that sequence
data could be sufficient to identify the majority of species

(Figure S2B) and the read alignment identified a total of 168

Figure 1 The shift in oral microbiota composition at the phylum and species levels

A. Composition of oral microbiota at the phylum level in each sample. P1–P6, six periodontitis specimens; C1–C3, three control

specimens. For both periodontitis and control samples, every five samples were pooled together as one specimen. B. Comparison of

relative aboundance of each phylum between periodontitis and control samples. The significantly abundant phyla in periodontitis samples

are marked with red. The three small boxplots in the boxplot-in-boxplot indicate a zooming state for their corresponding boxplots in a

vertical direction in the main boxplot. C. Eight species with significant differences in relative aboundance between periodontitis and

control samples. The significantly abundant species in periodontitis and control samples are marked in red and light blue, respectivley. D.

LEfSe analysis at the phylum level. E. LEfSe analysis at the species level. LDA, linear discriminant analysis; LEfSe, linear discriminant

analysis effect size.
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species, among which there were five species enriched in
periodontal patients, and three species enriched in controls
(Wilcoxon rank sum test, P < 0.05; Figure 1C; Table S6).

Further linear discriminant analysis (LDA) effect size
(LEfSe) analysis at the phylum level revealed LDA scores of
Synergistetes and Spirochaetes greater than 3 in periodontal

patients (Figure 1D). At the genus level, LEfSe analysis
showed that Treponema, Desulfobulbus, and Fretibacterium in
periodontal patients and Corynebacterium in controls had an

LDA score passing the cutoff threshold of 3 (Figure S2C).
At the species level, Treponema denticola, Treponema medium,
Fretibacterium fastidiosum, Desulfobulbus sp. oral taxon 041,
Bacteroidetes bacterium oral taxon 272, Anaeroglobus gemina-

tus, and Atopobium parvulum in periodontitis patients, as well
as Corynebacterium matruchotii, Actinomyces naeslundii, Por-
phyromonas sp. oral taxon 279, and Campylobacter curvus in

controls, passed the LDA cutoff threshold of 3 (Figure 1E).

For beta diversity, principal component analysis (PCA) and
non-metric multidimensional scaling (NMDS) analysis were
performed at the phylum and species levels (Figure S3A and

B, Figure 2A and B). Both PCA and NMDS showed distinct
distribution of distance between periodontitis patients and
controls, although there was no significant difference. Similar

observation was shown up in the analysis of similarities
(ANOSIM) of the NMDS results at the phylum and species
levels (Figure S3C, Figure 2C). For alpha diversity at the

phylum level, Pielou index, Shannon index, and Simpson index
tended to be higher in controls than in periodontitis patients
but without statistical significance (Figure S3D–F). At the
species level, periodontitis patients showed higher Shannon

index (P = 0.024) and Pielou index (P = 0.048) than controls
(Figure 2D and E). The Simpson index at the species level also
tended to be higher in periodontitis patients, although not

significantly (Figure S3G).

Figure 2 Alpha diversity and beta diversity at the species level

A. PCA of all samples at the species level. B. NMDS analysis of all samples at the species level. C. ANOSIM of NMDS results at the

species level. D. and E. Shannon index (D) and Pielou index (E) of the alpha diversity at the species level. The two indexes were

significantly higher in periodontitis patients than in controls. PCA, principal component analysis; NMDS, non-metric multidimensional

scaling; ANOSIM, analysis of similarities.
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Functional annotations associated with drug resistance and

virulence were significantly enriched in periodontitis

To determine the differential functions of microbial taxa
between periodontitis patients and controls, we performed

several functional predictions including evolutionary geneal-
ogy of genes: Non-supervised Orthologous Groups (eggNOG)

annotations, Gene Ontology (GO) analysis, and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) pathway analysis, as
well as the corresponding gene set enrichment analysis

Figure 3 Significant differences between periodontitis and control samples in various functional annotations

A. Significantly enriched eggNOG terms in periodontitis samples or control samples with FDR < 0.05 and |Log2 FC| > 0.7. B. GSEA of

eggNOG termswithNES>1 andFDR<0.05 in periodontitis patients and controls.C. Significantly enrichedKEGG terms in periodontitis

samples or control samples (FDR < 0.1, |Log2 FC| > 0.7). D. GSEA of KEGG terms with NES > 1 and FDR < 0.05 in periodontitis

patients and controls. eggNOG, evolutionary genealogy of genes: Non-supervised Orthologous Groups; FDR, false discovery rate; FC, fold

change; GSEA, gene set enrichment analysis; NES, normalized enrichment score; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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(GSEA). According to the annotations with a false discovery
rate (FDR) < 0.05 after applying DESeq2 with reads per kb
(RPK) values, we found 22 eggNOG terms significantly

enriched in periodontitis patients, among which there were
ten terms associated with transposase that might function as
resistance against many different antibiotics. Several eggNOG

terms functioning in strengthening physical defenses were also
up-regulated in periodontitis, including the multidrug and
toxin compound extrusion (MATE) efflux family protein, the

ATP-binding cassette (ABC) superfamily transporter extrud-
ing multidrug and toxic compounds, and cell wall/
membrane/envelope biogenesis [22] (Figure 3A; Table S7).
GSEA of eggNOG terms revealed several significantly

enriched terms [FDR < 0.05, normalized enrichment score
(NES) > 1] in periodontitis patients. Several transposase terms
and ABC-transporter terms were still significantly enriched in

periodontitis patients, indicating their important roles in
periodontitis. Several terms involved in the synthesis of fatty
acids were found to be significantly enriched in controls, such

as fatty acid synthase, esterase, MaoC domain protein
dehydratase, and oxidoreductase (Figure 3B; Table S8).

The GO enrichment analysis showed that there were 39 GO

terms down-regulated in periodontitis patients (Table S7).
GSEA of GO terms revealed no significantly enriched terms
in periodontitis patients but found 75 GO terms significantly
enriched in controls, including synthesis of fatty acids, cell

cycle processes, membrane assembly as well as several other
GO terms which may all contribute to the maintenance of
health status (Table S8). There were three KEGG pathways

significantly up-regulated (FDR < 0.1, Log2 FC > 0.7) in
periodontitis patients, including bacterial invasion of epithelial
cells, ATP-dependent long proteases, and bacterial toxins

(Figure 3C; Table S7). GSEA of KEGG terms revealed several
significantly enriched proteins in periodontitis patients
identical to those identified by GSEA of eggNOG terms, such

as methyl-accepting chemotaxis protein (MCP), transposase,
and unique virulence proteins. In controls, GSEA of KEGG
terms revealed only one significantly enriched KEGG term
(fatty acid synthase, bacteria type) consistent with the that

identified by GSEA for eggNOG terms (Figure 3D; Table S8).

ARG and virulence annotation revealed convergent enrichment

in several genes in periodontitis from a significantly different

gene context

To investigate the abundances of each gene family in the oral

microbiota from periodontitis patients and controls, we used

the HUMAnN2 to annotate all sequencing reads and found
196 gene families significantly abundant in periodontitis
patients. Several genes encoding various functional types of

proteins, including resistance proteins, transposons, trans-
posases or transporters, were annotated (Table S7). For exam-
ple, A3CPG0 was annotated as an ABC-type bacitracin

resistance protein with the taxon assigned to Streptococcus
sanguinis. F2KUK8 was the conjugative transposon protein
(TraA) encoded in Prevotella denticola. F5RK90 was a trans-

posase from Centipeda periodontii. C8PRE7 and C9LSP5 were
two flagellar FlbD family proteins encoded in Treponema vin-
centii ATCC 35580 and Selenomonas sputigena ATCC 35185,
respectively, both of which function in the invasion of patho-

gens. Most of the other genes encode proteins associated with
translation, such as 30S and 50S ribosomal proteins and tran-
scriptional regulators (Table S7).

To further explore the potential ARGs from the oral micro-
biota, we used DeepARG tool to annotate the reads [23], and
found that there were 30 ARG biomarkers with LDA score> 2

in periodontitis patients using LEfSe analysis (Table S9). For
VirGs, after sequence alignment and annotation, LEfSe analy-
sis revealed 10 VirG biomarkers with LDA score > 2 in peri-

odontitis (Table S9).
To eliminate sample bias, we analyzed the metagenomic

data for dental plaques of periodontal health (PHP) and dis-
ease (PDP) from a previous study by Wang et al. [24] as a com-

parison. After removal of human DNA contamination, we
found that there was no significant difference of non-human
sequence rate either in periodontitis patient samples (Wilcoxon

rank sum test, P = 0.559) or controls (Wilcoxon rank sum
test, P = 0.161) between current dataset and the dataset from
Wang et al. [24] (Table S10). The PCA and ANOSIM using the

relative abundance of genes aligned by HUMAnN2 showed a
significant difference between the two studies. This difference
might be due to several factors including the difference in

the regions where participants resided or technical bias for
library construction and sequencing between two datasets,
even though the same analytical methods were used
(P= 0.038, Figure S4A and B). After ARG annotation, LEfSe

analysis revealed 67 ARG biomarkers with LDA score > 2 in
periodontitis samples from the previous study (Table S11). For
VirGs, LEfSe analysis revealed 70 VirG biomarkers with LDA

score > 2 in periodontitis samples from the previous study
(Table S11). In addition, comparative analysis indicated that
there were two identical ARGs as well as two identical VirGs

between our dataset and the dataset from the previous study
(Figure S4C and D).

3

Figure 4 Comparison of non-synonymous SNPs in ARGs and VirGs between periodontitis and control samples from both datasets

A. Distribution of the MAF of non-synonymous SNPs in ARGs from both the current study and a study by Wang and colleagues [24].

Comparison of the MAF of non-synonymous SNPs in ARGs between periodontitis and control samples in both datasets. B. Distribution

of the MAF of unique non-synonymous SNPs in ARGs from both the current study and a study by Wang and colleagues [24].

Comparison of the MAF of unique non-synonymous SNPs in ARGs between periodontitis and control samples in both datasets. C.

Distribution of the MAF of non-synonymous SNPs in VirGs from both the current study and a study by Wang and colleagues [24].

Comparison of the MAF of non-synonymous SNPs in VirGs between periodontitis and control samples in both datasets. D. Distribution

of the MAF of unique non-synonymous SNPs in VirGs from both the current study and a study by Wang and colleagues [24]. Comparison

of the MAF of unique non-synonymous SNPs in VirGs between periodontitis and control samples in both datasets. All P values were

calculated using Wilcoxon rank sum test. SNP, single-nucleotide polymorphism; ARG, antibiotic resistance gene; VirG, virulence gene;

MAF, minor allele frequency.
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Minor allele frequency of non-synonymous single-nucleotide

polymorphisms in ARGs and VirGs were significantly higher in

periodontitis

After single-nucleotide polymorphism (SNP) calling in ARGs

from each sample by BCFtools and VarScan, we calculated
the minor allele frequency (MAF) of non-synonymous SNPs
and unique non-synonymous SNPs, as well as synonymous
SNPs, in ARGs and VirGs between periodontitis patients

and controls from current dataset and the dataset from Wang
and colleagues [24]. The rarefaction curve of SNPs in ARGs
and VirGs showed that SNP number was sufficient for analysis

of all samples (Figure S5). We found that the MAF of non-
synonymous SNPs in ARGs was significantly higher in peri-
odontitis patients than in controls in current dataset. The same

difference was also observed in the dataset from Wang et al.
[24] (Figure 4A). For unique non-synonymous ARG SNPs,
similar results were also obtained in both datasets (Figure 4B).

However, there was no significant difference for the MAF of
synonymous SNPs in ARGs between periodontitis patients
and controls in both datasets (Figure S6A–C). These findings

indicated that ARGs in periodontitis patients may suffer more
selection pressure than those in controls. Similarly, we also cal-
culated the MAF of non-synonymous and unique non-

synonymous SNPs in VirGs in periodontitis patients and con-
trols from both datasets. There was a significant difference in
the MAF of non-synonymous (Figure 4C) and unique non-

synonymous VirG SNPs (Figure 4D) between periodontitis
patients and controls, while there was no significant difference
in the MAF of synonymous VirG SNPs between periodontitis

patients and controls in either dataset (Figure S6D–F). The
MAF of SNPs in VirGs indicated that VirGs may also be sub-
ject to more positive selection in periodontitis patients than
those in controls.

Several ARGs and all VirGs with Ka/Ks > 1 in periodontitis

were frequent from respiratory infection pathogens

Given that Ka and Ks represent the number of substitutions
per non-synonymous and synonymous site, respectively, the
Ka/Ks ratio is often used for the estimation of evolutionary

rates [25,26]. The Ka/Ks > 1 and Ka/Ks < 1 indicate positive

Figure 5 Ka/Ks ratios of ARGs and VirGs in periodontitis and control samples from both datasets

A.Ka/Ks ratios of ARGs in periodontitis and control samples from current dataset. B.Ka/Ks ratios of ARGs in periodontitis and control

samples from Wang and colleagues [24]. C. Ka/Ks ratios of VirGs in periodontitis and control samples from current dataset. D. Ka/Ks

ratios of VirGs in periodontitis and control samples from Wang and colleagues [24]. Genes are marked in red if their Ka/Ks ratios are

higher than 1 in periodontitis samples and lower than 1 in control samples. Genes are marked in green if their Ka/Ks ratios are higher than

1 in control samples and lower than 1 in periodontitis samples. Genes are colored in orange if their Ka/Ks ratios are higher than 1 in both

periodontitis and control samples.

Liu Z et al /Metagenomic Analysis in Periodontitis 267



selection and negative selection, respectively [25,26]. To iden-
tify positively selected ARGs, Ka/Ks was calculated for each
ARG. In our dataset, there were six ARGs with Ka/Ks > 1

in periodontitis patients and Ka/Ks < 1 in controls, including
macB (Yersinia enterocolitica, Faecalibacterium sp. CAG:82,
and beta proteobacterium AAP51), mexD and cpxR (Pseu-

domonas aeruginosa), and pgpB (Porphyromonas gingivalis)
(Figure 5A; Table S12). These genes were considered positively
selected only in periodontitis patients and negatively selected

only in controls in the current dataset. In the dataset from
Wang and colleagues [24], pgpB from Porphyromonas gingi-
valis, macB from Candidatus Regiella insecticola, and lnuC
from Streptococcus agalactiae all had Ka/Ks > 1 in periodon-

titis patients and Ka/Ks < 1 in controls. However, macB from
Candidatus Regiella insecticola was found to be positively
selected in our controls, but negatively selected in our peri-

odontitis patients (Figure 5A). In the meantime, lnuC from
Streptococcus agalactiae was positively selected both in our
periodontitis patients and controls (Figure 5A and B). The ileS

gene from Bifidobacteria was positively selected in both peri-
odontitis patients and controls from both datasets, indicating
a strong evolutionary dynamic (Figure 5A and B).

Besides ARGs, a total of 181 VirGs with at least one non-
synonymous SNP were identified, highlighting the evolution-
ary potential in VirGs in both studies. Notably, 145 of these
VirGs from pathogens were reported to be associated with res-

piratory infection (Table S13). We found a total of three VirGs
positively selected only in periodontitis patients and negatively
selected only in controls from both datasets (Figure 5C and D;

Table S13). One gene from current dataset was SP_0492,
which encodes a conserved protein in Streptococcus pneumo-
niae TIGR4 (Figure 5C). The other two genes from the previ-

ous study [24] were divIB, encoding a cell division protein in
Streptococcus pneumoniae TIGR4, and rfbP, encoding an
undecaprenyl-phosphate galactose phosphotransferase

involved in the biosynthesis of bacterial lipopolysaccharides
in Haemophilus influenzae Rd KW20 (Figure 5D). Notably,
all pathogens in which these VirGs were positively selected
were associated with respiratory infection (Table S13).

Discussion

Increased epidemiologic evidence supported the associations
between periodontitis and systemic diseases, such as respira-
tory disease. Dysbiosis of the oral microflora easily leads to

translocation of bacteria and bacterial metabolites to the air-
way, increasing risk of respiratory infection. In this study,
we found a set of significantly abundant bacteria as well as
functional pathways in periodontitis patients based on metage-

nomic sequencing data from six periodontitis plaque speci-
mens and three healthy periodontal plaque specimens.
Through investigating potential bacteria, ARGs, and VirGs

associated with periodontitis, we found several positively
selected genes encoding virulence proteins and antibiotic resis-
tance proteins encoded by respiratory disease-associated

pathogens from both our dataset and the study by Wang
and colleagues [24]. These findings indicate a potential associ-
ation between periodontitis and respiratory infection.

Both Wilcoxon rank rum test and LEfSe analysis showed

that two phyla and five species had significantly increased
abundance in periodontitis patients than in controls.

Spirochaetes is one of the two phyla significantly increased
in patients, whose accumulation in subgingival plaques
appears to be a marker of the clinical severity of periodontal

disease [27], comprising up to 50% of the polymicrobial pop-
ulation in subgingival plaques in periodontitis, and < 1% in
healthy periodontium [28]. Among members of Spirochaetes,

Treponema is the only genus that appears in the human mouth
[29] which was also significantly enriched in our patients.
Among species of Treponema, Treponema denticola and

Treponema medium were significantly enriched in our patients,
and both were reported to be periodontitis pathogens [30].
Treponema denticola is an important pathogen associated with
periodontitis, as it not only destroys host tissue but also

co-aggregates with Porphyromonas gingivalis, Fusobacterium
nucleatum, and Tannerella forsythia to form the ‘red complex’
[31,32]. Synergistetes is another significantly enriched phylum

playing a role in increasing pocket depth, inflammation, anaer-
obiosis, and gingival tissue destruction [33]. Species members
Fretibacterium fastidiosum, Desulfobulbus sp. oral taxon 041,

and Bacteroidetes bacterium oral taxon 272, which were signif-
icantly enriched in our periodontitis patients, have been
reported to be significantly associated with periodontitis [33–

35].
Several eggNOG terms associated with drug-resistance and

bacteria virulence were found to be significantly enriched in
periodontitis patients. Transposase, the most frequently abun-

dant term of functional eggNOG terms, often harbors resis-
tance genes against many different antibiotics. Most DNA
transposons confer resistance to all major antibiotic classes

against bacteria, and transpositions of these transposons are
major drivers of resistance spreading [36]. The significantly
over-abundant cell wall/membrane/envelope biogenesis and

MATE efflux family proteins in patients together facilitate
drug effluxion and induce drug resistance [37,38]. Active efflux
could reduce the intracellular accumulation of antimicrobials,

which is a major mechanism of antimicrobial resistance in
pathogenic organisms [38]. It is crucially important to main-
tain an effective barrier around the organism for active efflux
systems to reduce the influx of antimicrobials into the cell

[37]. GSEA showed the enrichment for MCP and gingipain
R in patients and genes associated with the synthesis of fatty
acids in controls. MCPs, which are enriched in periodontitis

patients, comprise a family of bacterial receptors that accept
diverse environmental signals such as those from attractants
and repellents and mediate the approach or escape through

alteration of swimming behavior [39]. Gingipains are
trypsin-like cysteine proteinases produced by Porphyromonas
gingivalis, one of the most prominent virulence factors in
periodontal disease. Gingipains not only deal with cell surface

proteins when contact but also degrade components of the cell-
to-cell contacts and cause detachment of epithelial cells from
the connective tissue of the gingiva [40]. Several genes associ-

ated with the synthesis of fatty acids, such as those encoding
fatty acid synthase, esterase, and MaoC domain protein dehy-
dratase, were found to be enriched in controls, and some kinds

of fatty acids have been reported to be of benefit for oral
health and play a positive role in periodontitis treatment [41].

We called SNPs and compared the MAF of non-

synonymous and unique non-synonymous SNPs in ARGs
between periodontitis patients and controls in both studies,
showing that ARGs may suffer much more selection pressure
in periodontitis patients compared with controls, which is
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similar to the findings by Zhao and colleagues [42]. Besides
ARGs, we also found similar trends in VirGs, indicating that
VirGs may also be under more selection pressure in periodon-

titis patients compared with controls. In fact, inclusion criteria
for subjects in our study were similar to the previous study by
Wang et al. [24], including without systemic diseases and pros-

thetic dental appliances. In addition, all subjects had never
received professional periodontal therapy or antibiotic treat-
ment within 3 months prior the study. Considering that the

periodontitis and control subjects in the same study were all
local residents and shared similar climate and environmental
conditions without distinct dietary habits, the selection pres-
sure may be associated with the interaction between pathogen-

esis and treatment.
The Ka/Ks ratio is commonly used in understanding the

evolutionary dynamic of protein-coding sequences across clo-

sely related and yet divergent species [26,43]. Several ARGs
were found with Ka/Ks > 1 in periodontitis patients and
Ka/Ks < 1 in controls. Proteins encoded by cpxR in Pseu-

domonas aeruginosa activate the expression of the MexAB-
OprM efflux pump and enhance drug resistance [44]. pgpB,
encoding lipid A 40-phosphatase in Porphyromonas gingivalis

ATCC 33277, confers resistance to polymyxin B by making
lipid A lose a negative charge from the lipid A 40-phosphate
[45]. It is noted that Porphyromonas gingivalis is one of the
most import periodontitis pathogen and lipid A is one of the

key virulence factors in Porphyromonas gingivalis invasion.
pgpB was the only ARG existing in periodontitis-associated
pathogens with Ka/Ks > 1 in periodontitis patients and

Ka/Ks < 1 in controls; this gene was identical in both the
study by Wang et al. [24] and our data. Interestingly,
Porphyromonas gingivalis could also cause pneumonia [10],

and polymyxin B resisted by pgbB has already been widely
used in pneumonia treatment [46]. It was supposed that
selection pressure of pgpB is likely to be associated with both

periodontitis and pneumonia.
None of the Ka values of the virulence proteins in peri-

odontitis pathogens were found to be higher than the Ks val-
ues in both datasets. However, three VirGs in respiratory

tract pathogens were found to have Ka/Ks > 1 in periodonti-
tis patients and Ka/Ks < 1 in controls, two of which were
from Streptococcus pneumoniae TIGR4 and one was involved

in the biosynthesis of bacterial lipopolysaccharides in Hae-
mophilus influenzae Rd KW20. When focusing on the back-
ground VirGs with at least one non-synonymous SNP, these

three VirGs were positively selected. It was noted that nearly
all (91.8%) of the background VirGs with at least one non-
synonymous SNP for natural selection were from respiratory
tract pathogens. The evolutionary background of VirGs in

periodontitis may suggest a possible association with respira-
tory infection.

Multiple epidemiological studies have reported an associa-

tion between periodontal inflammation and respiratory infec-
tion [47,48]. Poor oral hygiene and periodontal disease may
facilitate the colonization of potential respiratory pathogens

(PRPs) [49], especially on the surface of dental plaques. Once
the host’s defense is compromised, PRPs can access the respi-
ratory tract by oropharyngeal secretions or inhalation, and

then overwhelm the host’s immune system [9]. Some pathogens
associated with periodontitis, such as Porphyromonas gingivalis
and Treponema denticola, are also reported to cause pneumo-
nia [10]. In our study, it may be hypothesized that although

the pathogens associated with respiratory infection were not
significantly dominant in periodontitis, some of the virulence
proteins or the antibiotic resistance proteins of these pathogens

were significantly abundant and putatively positively selected;
therefore, these pathogens could have been ready to access and
invade the respiratory tract. It is likely that there could be an

interaction between respiratory disease and periodontitis at the
gene level.

Conclusion

Although the oral microbial profile of periodontitis is still
unclear, the present study provides several points of clarifica-

tion. Apart from increased abundance of pathogens and com-
munity diversity consistent with previous studies, we found a
new pathogen and several abundant functional pathways that

differed between periodontitis patients and healthy controls.
We also found that ARGs as well as VirGs may also be subject
to positive selection. Several identical significantly abundant

and positively selected ARGs and VirGs were identified in res-
piratory disease-associated pathogens in the two different
datasets. These genes could not only serve as targets for further
studies but may also offer clues for studying the association

between respiratory disease and periodontitis. Our findings
may enrich the knowledge of pathogens, drug resistance, and
functional pathways in the oral microbiota of periodontitis

and shed lights on the association of periodontitis with respira-
tory disease. However, animal model or deep functional assays
should be carried out to explore the functional mechanisms of

pathogens in periodontitis and the association between peri-
odontal inflammation and systemic diseases in the future.

Materials and methods

Sample and data collection

A total of 30 periodontitis patients and 15 periodontal healthy
individuals were recruited based on the defined standard

description in a previous study [50]. Participants were all pre-
viously un-treated for periodontitis. Periodontal health was
defined as having a probing depth and attachment

loss < 2 mm. Participants with any other dental or medical
history other than chronic periodontitis, prosthetic dental
appliances, antibiotic treatment within the previous 3 months,
diabetes, hypertension or hepatitis were excluded. Clinical

details for each participant, including age, sex, diagnosis, tooth
number, sample location, periodontal probing depth (mm),
clinical attachment loss (mm), dental history, smoking, alcohol

consumption, hypertension, diabetes, hepatitis, and treatment
history are provided in the Table S1. The periodontist per-
formed a full-mouth examination and took dental plaque sam-

ples from the tooth with the poorest condition, excluding third
molars.

For each individual, dental plaques were collected from 3 to

4 sites (buccal surface, lingual surface, and supragingival sites)
by a periodontist and pooled together as one sample. Dental
plaques were collected using a sterilized inoculating-loop-like
device to increase accumulation and to avoid gingival bleeding.

Each plaque sample was placed in a sterilized 1.5-ml centrifuge
tube containing 50 ll of phosphate buffer solution (PBS;
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pH = 8.0) and stored at �80 �C until use. All specimens were
collected in a sterilized operating room with strict aseptic
operation.

Previous raw sequencing data for dental plaques (PHP1-10
and PDP1-10) from the study by Wang et al. [24] were down-
loaded from the Sequence Read Archive database (SRA:

SRP033553, https://www.ncbi.nlm.nih.gov/sra). The ARGs
and VirGs were analyzed with SRA toolkit (v2.10.0) with the
‘‘prefetch” command. The ‘‘fastq-dump” command was used

to obtain the FASTQ files from the downloaded SRA file.

Specimen processing and metagenomic sequencing

Metagenomic DNA was isolated from the 45 specimens indi-
vidually using a QIAamp DNA Mini Kit (Catalog No.
51306, Qiagen, Hilden, Germany). The quality and quantity
of isolated DNA were measured using a Qubit Fluorometer,

a NanoDrop 2000 spectrophotometer (ND2000CLAPTOP,
ThermoFisher Scientific, Waltham, MA), and agarose gel
electrophoresis. For each specimen, 0.5 lg of purified meta-

genomic DNA was sheared into fragments of � 180 bp in
length, which then were end-polished, A-tailed, and ligated
with the full-length adaptor for library construction using

TruSeq DNA Library Preparation Kit (v2) according to a
standard protocol provided by Illumina, Inc. (Catalog No.
FC-121-2002, Illumina, San Diego, CA). After further PCR
amplification, the PCR products were purified using the

AMPure XP system (Catalog No. A63880, Beckman Coulter,
Brea, CA). Finally, the libraries were analyzed for size
distribution with the Agilent2100 bioanalyzer (Catalog No.

G2939BA, Agilent Technologies, Palo Alto, CA) and quanti-
fied using real-time PCR before high-throughput sequencing
on an Illumina HiSeq 2500.

Read filtering and merging

First, the quality control, cutoff of the adapter, and removal of

the low-quality reads were performed as described previously
[51]. Second, filtered high-quality PE reads were aligned to
human genome assembly (hg19) using Bowtie2 (v2.3.4) to
remove human contamination, and further visualized through

Splicing Viewer [52]. Finally, the nonhuman PE reads were
merged using FLASH (v1.2.11) with overlapping lengths rang-
ing from 6 bp to 40 bp and mismatch threshold set to 0.15.

These filtering and merging steps were processed for the cur-
rent dataset and the dataset from Wang and colleagues [24].

Taxonomic classification, construction of a nonredundant refer-

ence gene set, and functional annotation

MetaPhlAnv2 [21] was used to process the taxonomic profiles,

and the Wilcoxon rank sum test was used to determine the dif-
ferential abundance of microbial taxa between periodontitis
patients and controls. Based on the abundance profiles at the
phylum and species levels, the beta diversity was estimated

by PCA and NMDS analysis, and the alpha diversity was mea-
sured using the Shannon index, Simpson index, and Pielou
index. LEfSe [53] analysis was performed to obtain taxonomic

biomarkers. To obtain a nonredundant reference gene set, all
FASTA files were integrated, and then MEGAHIT (v1.1.3)
was used to assemble these reads into contigs, in which only

contigs with a length of 500 bp or more were retained. A set
of proteins predicted by MetaGeneMark (v3.8) was input into
CD-HIT (v4.6.2) to obtain the nonredundant reference protein

sequence set, and a nonredundant nucleotide reference gene set
was also obtained from the predicted nucleotide sequences
according to the gene number. Reads were aligned to the

nonredundant nucleotide gene set using Bowtie2, and the gene
RPK value was calculated.

eggNOG-mapper (v1.0.3) [54] was used to map the corre-

lated protein sequences of all predicted genes to annotation
databases, such as KEGG, eggNOG, and GO. The RPK value
of each annotation was obtained by summing the RPK values
of genes with the same annotation, and DESeq2 was used to

obtain the significant functional annotations. GSEA was per-
formed using GSEA (v3.0) with RPK values in genes from
both patients and controls as well as genes included in KEGG

terms, GO terms, and eggNOG terms.

ARG and VirG annotation

The abundance of each gene family in the oral microbiota was
analyzed by HUMAnN2 (v0.11.1) [55] in RPK units. The sig-
nificantly enriched gene families were obtained using DESeq2.

DeepARG [23] was used to annotate all ARG reads in each
sample in our data and the data from the study by Wang and
colleagues [24]. The DIAMOND cutoff was set to 50% for
the threshold of sequence matching ratio as well as 60% for

similarity and 1.00 � 10�7 for the e-value as recommended by
ARGs-OAP [56]. The relative abundance of each ARGwas cal-
culated as described previously [57]; LEfSe [53] analysis was

used to obtain the ARG biomarkers. Virulence protein
sequences were downloaded from PATRIC (ftp://ftp.
patricbrc.org/specialty_genes/referenceDBs/PATRIC_VF.faa)

[58], Victors (http://www.phidias.us/victors/downloads/gen_
downloads_protein.php) [59], and the virulence factor database
(http://www.mgc.ac.cn/VFs/download.htm) [60]. A nonredun-

dant reference virulence sequence was finally obtained after
using CD-HIT. All reads in each sample in our data and the
data from the study by Wang et al. [24] were annotated using
the same method and cutoff values as those in the ARG

annotation.

Reference ARG and VirG nucleotide sequence construction, SNP

calling, and positively selected gene detection

The reference ARG protein sequences processed in DeepARG
were used to construct a custom database. Among a total of

14,974 nonredundant ARG proteins, there were 10,619 protein
sequences from UniProt90 (https://ftp.uniprot.org/pub/data-
bases/uniprot/previous_releases/release-2018_11/), 2152 from

the Comprehensive Antibiotic Research Database
(https://card.mcmaster.ca/download, CARD Data for Octo-
ber 2018 release), and 2203 from the Antibiotic Resistance
Genes Database (ftp://ftp.cbcb.umd.edu/pub/data/ARDB/

ardbAnno1.0.tar.gz). Almost all correlated nucleotide
sequences were downloaded from the official website. To
ensure the accuracy, the downloaded nucleotide sequences

were aligned against the reference protein sequences using
BLASTX, and the matched nucleotide sequence segment in
the best hit in each blast was considered as the correlating ref-

erence nucleotide sequence.
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The FASTA files of each sample were aligned to the con-
structed reference nucleotide sequences using BWA-mem
(v0.7.17). SAMtools (v1.9), BCFtools (v1.9), and VarScan

(v2.4.3) were used to call SNPs, and VCFtools (v0.1.16) was
used to filter the low-quality SNPs from each sample [61].
SNPs called by BCFtools were combined with those called

by VarScan. According to the Bacterial and Plant Plastid
Code, the amino acid encoded by an altered codon was com-
pared with that encoded by a reference codon to determine

whether the SNP was a synonymous or non-synonymous
SNP. The SNP rarefaction curve was plotted using the R pack-
age ‘‘Vegan”, and the Ka/Ks ratio was calculated using the
KaKs calculator after producing the axt file [42].

The nonredundant reference virulence protein sequences
were aligned to the NT database (https://www.ncbi.nlm.
nih.gov/genbank/, Release 228) using TBLASTN. The aligned

nucleic acid sequence with the best hit score was considered as
the corresponding nucleic acid sequence. The subsequent SNP
calling and annotation methods were similar to those used in

the calling and annotation of ARG SNPs.
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