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Saliva-microbiome-derived signatures:
expected to become a potential biomarker
for pulmonary nodules (MCEPN-1)
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Abstract

Background Oral microbiota imbalance is associated with the progression of various lung diseases, including lung
cancer. Pulmonary nodules (PNs) are often considered a critical stage for the early detection of lung cancer; however,
the relationship between oral microbiota and PNs remains unknown.

Methods We conducted a‘Microbiome with pulmonary nodule series study 1'(MCEPN-1) where we compared PN
patients and healthy controls (HCs), aiming to identify differences in oral microbiota characteristics and discover
potential microbiota biomarkers for non-invasive, radiation-free PNs diagnosis and warning in the future. We
performed 16 S rRNA amplicon sequencing on saliva samples from 173 PN patients and 40 HCs to compare the
characteristics and functional changes in oral microbiota between the two groups. The random forest algorithm was
used to identify PN salivary microbial markers. Biological functions and potential mechanisms of differential genes in
saliva samples were preliminarily explored using the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Cluster
of Orthologous Groups (COG) analyses.

Results The diversity of salivary microorganisms was higher in the PN group than in the HC group. Significant
differences were noted in community composition and abundance of oral microorganisms between the two

groups. Neisseria, Prevotella, Haemophilus and Actinomyces, Porphyromonas, Fusobacterium, 7M7x, Granulicatella and
Selenomonas were the main differential genera between the PN and HC groups. Fusobacterium, Porphyromonas,
Parvimonas, Peptostreptococcus and Haemophilus constituted the optimal marker sets (area under curve, AUC=0.80),
which can distinguish between patients with PNs and HCs. Further, the salivary microbiota composition was
significantly correlated with age, sex, and smoking history (P<0.001), but not with personal history of cancer (P>0.05).
Bioinformatics analysis of differential genes showed that patients with PN showed significant enrichment in protein/
molecular functions related to immune deficiency and energy metabolisms, such as the cytoskeleton protein RodZ,
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nicotinamide adenine dinucleotide phosphate dehydrogenase (NADPH) dehydrogenase, major facilitator superfamily

transporters and AraC family transcription regulators.

Conclusions Our study provides the first evidence that the salivary microbiota can serve as potential biomarkers for
identifying PN. We observed a significant association between changes in the oral microbiota and PNs, indicating the
potential of salivary microbiota as a new non-invasive biomarker for PNs.

Trial registration Clinical trial registration number: ChiCTR2200062 140; Date of registration: 07/25/2022.
Keywords Oral microbiome, Pulmonary nodule, Liquid biopsy, Biomarkers, Clinical trial

Background

Globally, lung cancer has one of the highest mortality
rates due to its difficulty in being diagnosed early [1].
Pulmonary nodules (PNs) pose a potential risk for lung
cancer. Screening for PNs can contribute to early diag-
nosis of lung cancer. Typically, PN is asymptomatic,
and doctors often rely on imaging for the detection of
PNs in the early stages of lung cancer [2, 3]. Presently,
high-resolution computed tomography (CT) is the main
screening method for PNs [4]; however, imaging methods
alone are insufficient to accurately assess the malignancy
of PNs and the prognosis of patients [5-7]. Biomarkers
can be detected in the early stages of the disease, even
before symptoms appear, and can be used to predict the
risk, diagnosis, progression, and outcome of the disease
[8, 9]. However, there is currently no research on PN bio-
markers; therefore, there is an urgent need for reliable
biomarkers.

The human symbiotic microbiome plays a crucial role
in various biological processes and has shown enor-
mous potential for the diagnosis and treatment of vari-
ous diseases [10—13]. The oral microbiota is the second
largest microbiota after the intestinal microbiota, and
many studies have shown that it is associated with the
occurrence and development of various disease [14, 15].
Recent research on respiratory diseases has focused on
the relationship between oral microbiota and lung can-
cer. These studies indicate that the oral microbiota is the
main source of microorganisms in the lungs and that the
oral microbiota of lung cancer patients differs from that
of healthy individuals. Some oral microbiota can pro-
duce sustained chronic inflammation in the oral cavity,
and some strains can enter the bloodstream or directly
colonize the lungs to undergo immune reactions with the
host, thereby promoting the occurrence and development
of lung cancer [16-20]. In view of this, some studies have
utilized saliva microbiomes to examine oral microbiota
imbalance and have found multiple saliva microbiota sig-
nificantly associated with the risk of lung cancer. Oppor-
tunistic oral pathogens such as Neisseria, Prevotella, and
Porphyromonas are enriched in the saliva of patients with
lung cancer, and salivary microbiota imbalance is corre-
lated with disease severity [21, 22]. These studies suggest
that the characteristics of the oral microbiota can reflect

disease progression and have the potential to be used as
biomarkers for the non-invasive diagnosis of early lung
diseases. However, most current research on oral micro-
biota has focused on the stage of lung cancer, and few
studies have focused on the interrelationship between
PNs and oral microbiota. The potential of the salivary
microbiome as a biomarker for the assisted identification
of PN has not been previously reported.

Therefore, based on 16 S rRNA amplicon sequenc-
ing, we analyzed the characteristics and functions of the
microbiota in saliva samples from patients with PNs and
those from healthy individuals (MCEPN-1) (Fig. 1). We
explored candidate salivary microbiota biomarkers that
may have the assisted identification effects on PN and
preliminarily explored how the oral microbiome affects
the development of early-stage lung cancer.

Materials and methods
Trial design
This was a prospective, nonrandomized, concurrent
controlled trial (MCEPN-1). Participants were recruited
between July 2022 and March 2023 at the Hospital of
Chengdu University of Traditional Chinese Medicine
(TCM), Sichuan Cancer Hospital, and the Chengdu Inte-
grated TCM and Western Medicine Hospital. This study
adhered to the Declaration of Helsinki and was approved
by the Ethics Committee of the Hospital of Chengdu
University of TCM (Ethical approval Number: 2022KL-
051). The trial was registered with the China Clinical
Trial Registration Center (Trial Registration Number:
ChiCTR2200062140; Date of registration: 07/25/2022).
This study used the CONSORT reporting guidelines [23].
The following inclusion criteria applied: (1) The inclu-
sion criteria for patients with PN is the presence of defi-
nite abnormalities on chest CT imaging that meet the
diagnostic criteria for PNs according to the Fleischner
Society Guidelines for Managing Incidental PNs (2017
version) [24]; the inclusion criteria for healthy control
(HC) are the absence of PNs and other abnormalities on
chest CT imaging; (2) voluntary consent to participate in
this study obtained; (3) no personal history of cancer; (4)
no history of respiratory system-related surgery; and (5)
age ranging from 18 to 80 years.
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Fig. 1 A prospective, non-randomized, concurrent controlled trial (MCEPN-1) found oral microbiome characteristics and function between healthy

individuals and pulmonary nodule patients

The exclusion criteria were: (1) a history of untreated
infectious disease; (2) a history of autoimmune dis-
ease; (3) respiratory infections, oral diseases, and other
comorbidities; (4) treatment with oral antibiotics during
the month before the commencement of the study; (5)
undergone continuous treatment with immunosuppres-
sants for a duration of 6 months or longer; and (6) yogurt
consumption in the previous 3 days.

Sample collection

Demographic information and clinical characteristics
data were collected from each subject including: clinical
data, such as sex, age, smoking history, and personal his-
tory of cancer. This information was gathered through a
combination of self-reporting by the participants and
extracting relevant data from their primary care notes.
“Smokers” in our study referred to individuals who had
a history of smoking more than 100 cigarettes through-
out their lifetime. On the contrary, individuals who had
not reached this threshold were categorized as “never
smokers” Before sample collection, we instructed all
participants to adhere to certain restrictions: they were
prohibited from dieting, smoking, and oral hygiene

prophylaxis for a minimum of 3 h prior to the sampling
procedure. In order to collect the oral samples in a sterile
manner, participants were asked to vigorously rinse their
mouths with 10 mL of sterile saline solution for a dura-
tion of 30 s [25]. CT imaging data such as the size and
location of PN; and the stratified risk information for PN
which was obtained by applying the Mayo Malignancy
Probability Prediction Model (MPPM) recommended by
the American College of Chest Physicians (ACCP). By
inputting the patients’ demographic and clinical char-
acteristics information, and imaging data including the
characteristics of relevant PNs into the MPPM software,
a malignancy probability score (MPS) was calculated.
Based on the calculated MPS value, the MPPM catego-
rized patients into three risk groups: the low-risk group
with an MPS of less than 5%, moderate-risk group with
an MPS ranging from 5 to 60%, and high-risk group with
an MPS greater than 60% [26].

Oral biological samples were collected from partici-
pants as follows. The participants rinsed their mouths
with drinking water before sampling, and the samplers
placed a sterile EP tube on the lower lip of the partici-
pants allowing saliva to flow into the tube naturally. The
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non-irritating saliva was collected for 2—3 mL, preserved
in dry ice, and transferred to the laboratory refrigerator
set at -80 C to wait for the follow-up experiment.

Microbial DNA extraction and sequencing

We extracted total genomic DNA from the microbial
community according to the manufacturer’s instructions
(Omega Bio-tek, Norcr. oss, GA, Thermo Scientific). A
NanoDrop2000 was used to measure DNA concentration
and purity (American Thermo Scientific Company), and
samples were stored at -80 ‘C for further use. Next, 16 S
rRNA amplicon sequencing was performed. Using the
extracted DNA as a template, the 16 S rRNA gene V3-V4
regions were amplified using universal primers 338 F
(5-ACTCCTACGGAG GCAGCAGCAGMur3)-806R
(5-GGACTACHVGGTWTCTAAT3’) [27]. The gene
products were attached with forward and reverse error-
correcting barcodes in order to distinguish each sample
and yield accurate phylogenetic and taxonomic informa-
tion. Subsequently, PCR products were purified using
NanoDrop2000 (American Thermo Scientific Company)
and quantified using Quantus™ Fluorometer (Promega,
USA). The normalized equimolar concentrations of each
amplicon were pooled and sequenced on the MiSeq
PE250 sequencing instrument (Illumina, San Diego, CA,
USA). Fastp online platform (https://github.com/Open-
Gene/fastp, version 0.19.6) was employed to complete
the quality control of the original sequence [28]. Using
FLASH (http://www.cbcb.umd.edu/software/flash, ver-
sion 1.2.11) software for splicing [29].

Amplicon sequence processing and analysis

Based on default parameters, QIIME2 (version 2022.2)
was used to process the biometric data of the microbi-
ota. The DADA?2 plug-in was used to sequentially filter,
reduce noise, and merge and remove chimerism. The
sequence after DADA2 denoising was ASVs (i.e., the
variant of the amplified subsequence) [30]. Sequences
from each sample were rarefied to 20,000 to minimize
the effects of sequencing depth on diversity measures.
Based on the Sliva 16 S rRNA gene database, the naive
Bayes classifier in QIIME2 (version 2022.2) was used for
species taxonomic analysis. PICRUSt2 predicted the dif-
ferential community function based on ASV representa-
tive sequences. Gene family profiles were predicted, and
gene pathways were identified using MinPath. The entire
analysis process was performed in accordance with the
PICRUSt2 protocols.

Statistical analysis

Mothur software was used for the calculation of the o
Diversity index (Sobs, Shannon) (http://www.mothur.
org/wiki/Calculators) and R software (version 3.6.2) was
used for visualization of the results [31]. The P diversity
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index is analyzed and visualized using the principal
component analysis (PCoA) method based on ANO-
SIM/Bray Curtis algorithm and the non-metric multidi-
mensional scale analysis (NMDS) method based on the
ANOSIM/Euclidean distance metric. A Wilcoxon rank-
sum test, linear discriminant analysis and the influenc-
ing factor method [Linear discriminant analysis Effect
Size (LEfSe); http://huttenhower.sph.harvard.edu/LEfSe;
Latent dirichlet allocation (LDA)>3, P<0.05] were
used to estimate species abundance differences between
groups [32]. We visualized the distribution of samples
using t-Distributed Stochastic Neighbor Embedding
(t-SNE) technique. Random forest models were realized
using the random Forest function from the random for-
est R package. Feature importance scores were generated
using a random forest classifier with 80% training and
20% testing sets. After the training, we predicted the test-
ing dataset with the resulting random forest model, and
combined the predictions with the testing observations.
Finally, the observations that occurred during the train-
ing process of risk factors based on area under the curve
(AUC) verification was used to assess disease prediction
efficiency of the saliva samples. Based on the Bray-Curtis
distance, the effect of clinical characteristics on salivary
microbial community composition was evaluated using
distance-based redundancy analysis (db-RDA). The cor-
relation between the salivary microbial community com-
position and clinical characteristics of the subjects was
assessed using Spearman’s correlation coefficient, and the
results were visualized through a heatmap diagram. The
R package MaAsLin2 (Microbiome Multivariable Asso-
ciations with Linear Models) from MaAsLin2 framework
(adjusted for age, gender, smoking history and personal
history of cancer; PN was set as reference group) was
used to determine multivariable associations between
microbial taxa (the relative abundance of bacterial results
was used) and PN/ HC. It was considered statistically
robust if the Spearman’s correlation coefficient was over
0.6 or less to -0.6, with a P-value less than 0.001. In addi-
tion, we used the Wilcoxon rank sum test to compare
the differences in demographic and clinical characteris-
tics between groups. All the methods were performed in
accordance with relevant guidelines and regulations.

Results

Clinical characteristics of study subjects

This study recruited 234 subjects. Following the exclusion
of 17 subjects who did not meet the inclusion criteria or
refused to participate, a total of 217 subjects underwent
a non-random assignment. Four subjects were subse-
quently excluded based on unqualified 16 S rRNA ampli-
fying results. Saliva samples from 173 patients with PNs
and 40 healthy individuals were included in the final anal-
ysis (Fig. 2). The comparison of demographic and clinical
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characteristics between the two groups revealed that,
except for smoking history, baseline characteristics, such
as age and gender, did not differ significantly between the
groups (Table 1).

Oral microbiota profile alterations in PN patients
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Fig. 2 Recruitment profile of MCEPN-1 study
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Table 1 Patient characteristics

Characteristics PN group HCgroup P
(n=173) (n=40) value

Age (years), median (IQR)? 45 (32, 55) 42(33,48) 039

Gender, n (%)° 025

Male 69 (39.9%) 12 (30%)

Female 104 (60.1%) 28 (70%)

Smoking history, n (%)° <0.001

NO 134 (77.5%) 40 (100.0%)

Yes 39 (22.5%) 0(0.0%)

Personal history of cancer, n 0.99

(%)°

NO 167 (96.5%) 39 (97.5%)

Yes 6 (3.5%) 1(2.5%)

Risk stratification of PN, n (%)

Unable to layer 9 (5.2%) /

Low risk 100 (57.8%) /

Moderate risk 58 (33.5%) /

High risk 6 (3.5%) /

P<0.05 was considered a statistically significant difference
IQR, interquartile range; PN, pulmonary nodule; HC, healthy control

a: Wilcoxon rank sum test; b: Chisq test; c: Yates’ correction

124 orders, 222 families, 482 genera, 1047 species and
40,555 ASVs. The pan/core species analysis showed that
the sample size was relatively sufficient (Supplementary
Fig. 1A, B), and the rank-abundance curve showed that
the saliva samples had high microbial species richness
and evenness (Supplementary Fig. 2).

Biodiversity between PN patients and healthy individuals
Next, we compared the oral microbiota diversity of
patients with PN to that of healthy individuals. a diversity
describes the species richness and species diversity in the
microbial community by calculating the Sobs index and
Shannon index. The dilution curve analysis of the Sobs
and Shannon indices showed that the dilution curve was
smooth and flat, indicating that the sequencing depth
was sufficient, and the sequencing data was reasonable,
reflecting the microbial diversity information of most
samples (Supplementary Fig. 3A, B). Compared with the
HC group, the Sobs index (496.11 v.s. 378.95, P<0.001)
(Fig. 3A) and Shannon index (6.05 v.s. 3.89, P=0.005)
(Fig. 3B) in the PN group were significantly higher than
in the healthy control group (HC), indicating that the o
diversity of the oral microbiota in patients with PN was
higher than that in healthy people.

P diversity performance evaluates the species diversity
of the overall microbiota between the two communities.
We first used sample hierarchical cluster analysis to show
that there may be differences in oral microbiota similari-
ties between patients with PN and healthy individuals
(Supplementary Fig. 4A, B, C). Subsequently, we used
the PCoA analysis method based on the ANOSIM/ Bray
Curtis algorithm and the NMDS analysis method based
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on the ANOSIM/Euclidean distance metric to analyze
the salivary samples of two groups using [ diversity test-
ing of inter-group differences for diversity (Fig. 3C, D), to
determine whether the species diversity could distinguish
the PN group from the HC group. The results showed
that, compared to the intra-group difference, the differ-
ence in saliva sample microbiota composition between
the PN and HC groups was more significant (R=0.118,
P=0.01; R’=0.028, P=0.001). This was consistent with
the results of the sample hierarchical cluster analysis,
indicating that saliva microbiota were significantly dif-
ferent between PN patients and healthy subjects. These
results suggested that the oral microbiota of PN patients
is ecologically unbalanced.

Composition of microbiota communities in PN patients and
healthy subjects

The Venn diagram at the genus level (Fig. 4A) showed
188 unique genus in the PN group and 31 unique genus
in the HC group, with 244 genus in both groups. To fur-
ther analyze the differences in the genus level micro-
biota between PN patients and healthy subjects, we
compared the relative abundance of microbiota composi-
tion between the PN group and HC group using a com-
munity bar map, heatmap map, and Circos map (Fig. 4B,
C, D). The top 5 genera with relative abundance in the
PN group was: Streptococcus (23.86%), Rothia (12.83%),
Prevotella (8.40%), Actinomyces (6.65%) and Veillonella
(5.59%); while the top 5 bacteria in HC group were: Strep-
tococcus (24.94%), Rothia (10.82%), Haemophilus (9.06%),
Neisseria (8.72%), and Veillonella (6.33%). The results
show differences in the most abundant taxa between PN
and HC groups.

Microbiota differences at genus level between patients with
PN and healthy subjects

The Wilcoxon rank-sum test and LEfSe analysis were
used to confirm the genus differences and identify
potential oral microbial biomarkers. Compared with
the HC group (Fig. 5A, B, C), there were nine genera
with significant differences between the PN and HC
groups (P<0.05), including Neisseria, Prevotella, Hae-
mophilus, Actinomyces, Porphyromonas, Fusobacte-
rium, 7M7x, Granulicatella and Selenomonas. The saliva
samples showed a rich diversity of genus according to
the ANCOM difference test results at the genus level
(Fig. 5D). Furthermore, we utilized MaAsLin2 to examine
the association between the oral microbiome and clinical
features of PN. Compared with the HC group, the base-
line oral microbiota composition of PN was enriched
in 19 bacterial genus and characterized by the genera
including Porphyromonas, Lachnoanaerobaculum, Pre-
votella and 7M7x (Fig. 5E).
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bution and clustering patterns of samples based on their microbial composition. Each point represents a sample, and the position of the points reflects
the dissimilarity in microbial composition between samples. A larger distance indicates a greater dissimilarity, while a shorter distance suggests a higher

similarity in microbial composition

Potential microbe biomarkers for PN

To further identify the characteristic oral microbial gen-
era related to PN and evaluate the potential of salivary
biological samples as new non-invasive biomarkers, we
discriminated the disease prediction efficiency of sali-
vary microbiota using a random forest model (Fig. 6).
As shown in Fig. 6A, the distribution of microbial com-
munities in the two groups of saliva samples is uniform.
Subsequently, we selected the genus with the top 15

importance features and the accuracy of the validation
AUC was 87.00% (Fig. 6B, C). After excluding 11 unclas-
sifiable and less clinically relevant genera from the lit-
erature, Fusobacterium, Porphyromonas, Parvimonas,
Peptostreptococcus and Haemophilus formed the optimal
biomarker sets. By utilizing only these five features, the
AUC value can reach 0.80 (95% CI: 0.72-0.88) (Fig. 6D).
This prediction model identified five microbial genera
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Fig. 4 (A) Venn diagram of genera between PN group and HC group. The shared region represents genera that are present in both groups, while the
separate regions represent genera specific to each group. The size of each region corresponds to the number of genera within it. (B) Relative abundance
(%) of genera in the PN and HC groups. Genera are arranged on the y-axis, and the x-axis represents the relative abundance (%) of each genus. The dif-
ferent colors represent different genera, and the heights of the bars indicate the abundance of each genus. (C) Heatmap of the salivary sample similarity
and difference matrix. Each row and column in the heatmap correspond to a sample, and the color intensity reflects the degree of similarity or difference
between samples. (D) The co-occurrence relationships of core bacteria between the PN and HC groups. Each node represents a bacterial genus, and the
edges indicate co-occurrence relationships between them. The size of the nodes reflects the abundance or prevalence of each bacterial genus, while the
thickness of the edges represents the strength of their co-occurrence relationship

that could be used to distinguish between patients with
PN and healthy populations.

Correlation between the oral microbiota and clinical
characteristics of PN

In addition, we used db-RDA (based on Bray-Curtis dis-
tance) to evaluate the correlation between the clinical
characteristics of the subjects and the composition of
the salivary microbiota. Before the correlation analysis,

we identified environmental factors affecting micro-
bial communities by using the variance inflation factor
(VIF<5). The VIF values of the subjects’ clinical charac-
teristic environmental factors did not change before and
after identification, which could be used for the follow-
up analysis (see Supplementary Table 1). The subsequent
db-RDA analysis results showed that all sample points
formed two clusters, indicating that clinical features have
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Fig.5 (A)Wilcoxon rank-sum test bar plot on genus level between the PN and HC groups. Each bar represents a genus, and the height of the bar indicates
the magnitude of the difference in abundance between the PN and HC groups. (B) Cladogram plot of LEfSe analysis indicating the enriched taxa of saliva
microbiome in PN and HC groups. The central point represents the root of the tree (Bacteria), and each ring represents the next lower taxonomic level
(phylum to genus: p, phylum; ¢, class; o, order; f, family; g, genus). The diameter of each circle represents the relative abundance of the taxon. (C) Histogram
of linear discriminant analysis (LDA) scores (>3) for differentially abundant genera between two groups. Each bar represents a genus, and the height
of the bar indicates the strength of its discriminatory power. The cutoff of LDA score > 3 indicates significant differential abundance between the two
groups. (D) The volcano plot of the comparison of differences in abundance of common genera by analysis of the composition of microbiomes (ANCOM)
analysis. Each scatter in the diagram represents a compared genera. Each scatter on the plot represents a compared genus, with the ordinate representing
the W value and the abscissa representing the CLR (Center Log Transform). The CLR represents the degree of difference in sample abundance between
groups, with larger absolute values indicating greater relative abundance differences. (E) The association between PN and HC groups with oral micro-
biome features as determined by MaAsLin2 (adjusted for age, gender, smoking history and personal history of cancer; PN was set as reference group)
(P<0.05). Each bar represents a specific bacterial taxon, and the height of the bar represents the magnitude of enrichment or depletion in either the PN
or HC group. * 0.01 < P-value <0.05, ** 0.001 < P-value/< 0.01, *** P-value <0.001

a potential impact on the composition of salivary micro-
biota in patients with PN (Fig. 7A).

The Spearman correlation coefficient was used to
evaluate the correlation between the composition of the
salivary microbiota and the clinical characteristics of
the subjects (Fig. 7B). In general, age, gender, and smok-
ing history were positively or negatively correlated with
salivary microbiota (P<0.001, r>0.6/ r< -0.6). Age was
positively correlated with Capnocytophaga (r=0.228,
P<0.001) and negatively correlated with Fusobacte-
rium (r= -0.225, P<0.001) and Haemophilus (r= -0.237,
P<0.001). Gender was positively correlated with Pepto-
streptococcus (r=0.267, P<0.001) and Porphyromonas
(r=0.245, P<0.001), negatively correlated with Strepto-
coccus (r=-0.221, P=0.001). Smoking history was posi-
tively correlated with Granulicatella (r=0.223, P=0.001),
negatively correlated with Haemophilus (r = -0.227,
P<0.001), and had no significant association with per-
sonal history of cancer (Supplementary Table 2). These
results suggest that changes in salivary microbiota com-
bined with host age and smoking history may affect the
disease process.

Functional potentials of the oral microbiome associated
with PN

We examined the functional changes in the oral micro-
biome of patients with PN to understand the relation-
ship between the oral microbiome and PN development.
The Kyoto Encyclopedia of Genes and Genomes (KEGG)
orthology (KO) function abundance results showed that
the oral microbiome in the PN group was enriched in
cytoskeleton protein RodZ, pseudouridine 2457 syn-
thase, universal stress protein E, hemolysin activated/
secreted protein, nicotinamide adenine dinucleotide
phosphate (NADPH) dehydrogenase y- Functional genes
related to glutamyl putrescine oxidase, Na™ transporter,
phage shock protein E, tellurium methyltransferase, MFS
transporter protein, and AraC family transcription regu-
latory factor (Fig. 8A, B). The COG Function classifica-
tion analysis showed that in the PN group, the abundance
of functional genes related to RNA processing and modi-
fication, chromatin structure and dynamics, energy gen-
eration and conversion, cell cycle control, cell division,
chromosome division, amino acid transport, and metab-
olism were significantly reduced (Fig. 8C, D). These data
suggest that the oral microbiota may participate in the
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Fig.6 (A) Two-dimensional scatter plot of saliva sample based on t-Distributed Stochastic Neighbor Embedding (t-SNE) technique. (B) Bar plot of species
importance at the genus level performed by random forest algorithm. Each bar represents a genus, and the height of the bar indicates the importance or
contribution of that genus to the overall predictive power of the random forest model. Genera with higher importance values have a stronger influence
on the classification outcome. (C) Trend graph of area under the curve (AUC) increasing with the number of top important features. (D) Receiver operating
characteristic (ROC) curve of saliva sample for predicting pulmonary nodules at the genus level. The x-axis of the curve represents the false positive rate
(1-specificity), and the y-axis represents the true positive rate (sensitivity)

process of PN disease through pathways such as redox application, in the early diagnosis and treatment of lung

reactions, immune escape, and energy metabolism. diseases. A recent study found that using saliva samples
for detection has a higher sensitivity and specificity than
Discussion using nasal and pharyngeal swabs [33]. Similarly, Pro-

The oral microbiota is rich in species and comprises fessor Ding’s team observed the shaping process of the
large quantities of bacteria. The continuity of the micro- lung microbiota using multi-source microbiota, such
biome from the oral cavity to the lower respiratory tract  as saliva, nasal cavity, oropharynx, and bronchoalveolar
makes the oral microbiota the main determinant of the lavage fluid samples, as well as the systematic correlation
lung microbiota with important potential for clinical between oral microbiota and lung microbiota [34]. The
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Fig. 7 db-RDA analysis based on Bray-Curtis distance between environmental factors and bacterial groups (genus level). Each point on the plot repre-
sents a sample point. The arrows indicate the direction and magnitude of the influence of each environmental factor on the bacterial genera, and the
length and direction of the arrow represent the strength and direction of the correlation. (B) Heatmap diagram based on Spearman correlation analysis
between environmental factors and bacterial groups (genus level). Each row corresponds to an environmental factor, and each column represents a
bacterial genus. The colors in the heatmap represent the Spearman correlation coefficients

results also confirmed the enormous value of saliva sam-
ples for evaluating lung microbiota. The results of these
studies suggest that changes in the salivary microbiome
can serve as non-invasive biomarker for pulmonary
microbiome ecological imbalance or lung pathogen inva-
sion. However, no studies have been conducted on the
microbial characteristics or diagnostic efficacy of saliva
samples obtained from PN patients [35]. MCEPN-1 is the
first research to conduct a prospective, multicenter, non-
randomized, concurrent controlled trial to determine the
diagnostic efficacy of oral microbiome markers.
Microbiome diversity is an important parameter for
characterizing microbial communities. Growing evi-
dence suggests that changes in microbiome diversity are
associated with disease risk [36]. We found that the sali-
vary microbiota a and P diversity index of patients with
PN was higher than that of HCs, indicating that there was
an ecological imbalance in the oral microbiota of patients
with PN. It is worth mentioning that a related discovery
was that primary or recurrent lung cancer had a more «
diversity microbiota than healthy lung tissue [37]. Addi-
tionally, Zeng et al. discovered that the microbiota in the
lungs show increased o diversity and significant changes
in B diversity during carcinogenesis [38]. The results
were consistent with the results of the o and  diversity
index in the present study. However, Shi et al. [39] and
Tsay et al. [16] found no differences in diversity between
lung cancer patients and healthy subjects. It is possible
that the discrepancy between our results is due to differ-
ences in the living environment, the number of samples

collected, the control group, or the way the sequencing
data was analyzed.

In this study, we identified the microbiota characteris-
tics and differences in the saliva of patients with PN for
the first time. The saliva samples from patients with PN
was significantly enriched in Prevotella, Porphyromonas,
Actinomyces, Selenomonas, Granulicatella and 7M7x.
This was corroborated by using the Wilcoxon rank-sum
test and LEfSe analysis, demonstrating the stability and
reliability of our statistical analysis. To date, no stud-
ies have reported evidence of microorganisms and PN
for horizontal comparison. However, the potential of
microbes as novel biomarkers for distinguishing patients
with lung cancer from healthy individuals and patients
with benign lung lesions has been previously suggested.
Zhang et al. reported that compared with healthy sub-
jects, the number of Veillonella and Streptococcus in
patients with NSCLC increased, while Fusobacterium
and Prevotella decreased [40]. Kovaleva et al. reported
similar results for NSCLC specimens [41]. Another study
found that the abundances of Veillonella and Capnocy-
tophaga in the saliva of patients with lung cancer were
higher than those in healthy individuals. Importantly, the
enrichment characteristics of Veillonella and Capnocyto-
phaga in saliva can distinguish healthy individuals from
patients with lung cancer [42]. These results suggest that
lung cancer may be related to an imbalance in the salivary
microbiome, which has diagnostic value for lung can-
cer. Although there are differences between these stud-
ies, these show that oral pathogenic bacteria potentially
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Fig. 8 Functional profiling performed with PICRUSt2. (A) Q-value heatmap of KEGG function enrichment in two groups. The colors in the heatmap indi-
cate the g-value, which is a measure of false discovery rate (FDR) adjusted p-value. Lighter colors indicate lower g-values, indicating higher significance
or enrichment of the KEGG function in that group. (B) Histogram of KEGG pathway enrichment analysis between PN and HC groups. Histogram of KEGG
pathway enrichment analysis between PN and HC groups. (C) Box-plot of COG functional classification. Each box in the plot represents a specific COG
functional category, and the height of the box indicates the range or dispersion of the category’s abundance or frequency across the samples or groups.
(D) Histogram of COG pathway enrichment analysis between PN and HC groups. Each bar in the histogram represents a COG pathway, and the height
of the bar indicates the enrichment score or significance level. Higher bars indicate more significant enrichment in the corresponding COG pathway

play an important role in the microbial environment dur-
ing the development of lung cancer. To a certain extent,
oral microbial markers may have diagnostic value in the
evolution of lung nodules and lung cancer. Oral micro-
bial markers may have potential diagnostic value in the
development of PN and lung cancer. In addition, to more
accurately evaluate the potential of saliva as a new non-
invasive biomarker, we conducted a discriminant analysis
on disease prediction efficacy of saliva samples based on
the random forest model verified by the AUC. We identi-
fied five microbial genera, Fusobacterium, Porphyromo-
nas, Parvimonas, Peptostreptococcus and Haemophilus as
the best predictors, which can distinguish patients with
PN from HCs. Therefore, oral microbes may contribute
to the assisted identification of PN; however, the exact
underlying mechanism remains to be explored.
According to previous reports, clinical characteris-
tics such as sex, age, and smoking history can affect the
severity of PN and lung cancer [43, 44]. An imbalance
in microbiome ecology can promote an environment

conducive to the development of PN disease, thus pos-
sessing the potential to become a risk factor for disease
severity. This study examined whether salivary micro-
organisms are positively or negatively correlated with
PN characteristics. These results suggest that changes in
the oropharyngeal microbiota may affect the occurrence
and development of PN due to their interaction with age,
smoking history, and sex indices in patients with PN.
Therefore, oral microbes are expected to be reliable indi-
cators of PN severity.

In addition, we preliminarily explored the bioinformat-
ics function of differential genes in saliva samples from
patients with PN and healthy individuals using PIC-
RUSt2 analysis based on the KEGG and COG databases.
We found that the cytoskeletal proteins RodZ, NADPH
dehydrogenase, oligofructose transport system osmotic
enzyme protein, and other proteins/molecular functions
directly related to energy metabolism were the most sig-
nificantly enriched, and their abundance showed vary-
ing degrees of change. A similar conclusion was reached
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regarding the statistical results of COG Function classifi-
cation. Recent studies have reported that salivary micro-
biota can affect the p53 and apoptosis signaling pathways
in lung cancer cells [45]. Additionally, salivary micro-
biota have been shown to influence systemic inflamma-
tion in patients with cancer [46]. Veillonella in the saliva
of patients with NSCLC is positively correlated with the
neutrophil-to-lymphocyte ratio, whereas Streptococcus is
negatively correlated with the lymphocyte-to-monocyte
ratio [47]. Yu et al. found that cathepsin downregula-
tion, peroxidase activity, and cell redox homeostasis were
significantly downregulated in a lung cancer group [48].
Cellular redox homeostasis is a key indicator for main-
taining a symbiotic relationship between the microbiota
and host [49]. Dysregulation of this function can lead to
microbiome dysbiosis and inflammation within the host,
which can lead to lung cancer and PN [50, 51]. The above
experimental evidence is consistent with the results of
the bioinformatics analysis in this study. Therefore, the
downregulation of microbiota abundance and the cor-
responding redox function may be an important start-
ing point for revealing redox homeostasis imbalances in
PN in the future. Although long-term immune responses
are associated with chronic inflammation and carcino-
genesis, increasing evidence suggests that microbiomes
shape adaptive immunity to evade immune surveillance
[52, 53]. Research has found that in lung cancer, there
is a significant enrichment in flagellar assembly path-
ways related to energy metabolism, an increase in bac-
terial migration ability and cell development level, and
a decrease in immune-related functions [54]. Therefore,
immune deficiency and abnormal energy metabolism
may lead to the occurrence of PN or “nodule-cancer”
transformation driven by microbial translocation. In
summary, the current limited research provides new evi-
dence and interpretable evidence for the mechanism of
oral microbiota in the occurrence and development of
PN.

Our study is an initial exploration of the relationship
between PN and oral microbiota. However, there are
several limitations to our study. First, there is no classi-
fication of benign and malignant PNs, which makes the
results not necessarily representative, and our research
group will further explore this in subsequent follow-up
studies. Second, there is lack of mechanistic research in
cell and animal experiments to confirm whether the dis-
covered microbial differences can be used as biomarkers.

Conclusions

In this study, we observed a significant association
between changes in oral microbiota and PN. These find-
ings suggest a potential link between oral microbiota and
PN. Potential molecular markers for PN include Fusobac-
terium, Porphyromonas, Parvimonas, Peptostreptococcus
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and Haemophilus. In addition, changes in oral micro-
ecology may be associated with the development of PN
as a result of induction of host immune deficiency and
abnormal cellular redox homeostasis. Future prospective
studies with a follow-up period and incident PN cases are
needed to validate the potential of salivary microbiota as
a non-invasive biomarker for early detection and predic-
tion of PN.
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NMDS Non-metric multidimensional scale

LEfSe Linear discriminant analysis effect size

NSCLC Non-small cell lung cancer

IQR Interquartile range

Supplementary Information
The online version contains supplementary material available at https://doi.
0rg/10.1186/512866-024-03280-x.

Supplementary Material 1
Supplementary Material 2
Supplementary Material 3
Supplementary Material 4
Supplementary Material 5

Supplementary Material 6

Acknowledgements
Not applicable.

Author contributions

YR, QM, FY and XL designed the study. YR, QM, XZ, CH, ST and XF recruited
the participants and collected the data and saliva samples. YR, QM and XL
performed the microbiological analyses. YR, XZ, CH and ST analyzed the data.
YR and QM generated the figures and wrote the manuscript. FY, CZ and

XL critically reviewed and edited the manuscript. All authors agreed to be
accountable for all aspects of the work in ensuring that questions related to
the accuracy or integrity of any part of the work are appropriately investigated
and resolved. All authors read and approved the final manuscript.

Funding

This work was supported by the Sichuan Science and Technology Program
(20227DZ7X0022), Sichuan Natural Science Foundation Youth Program
(2023NSFSC1815) and the Sichuan Province science and technology
innovation seedling project (2022038). The funding bodies played no role in
the design of the study and collection, analysis, interpretation of data, and in
writing the manuscript.

Data availability

Allraw 16 S TRNA gene sequencing data have been deposited in the NCBI
Sequence Read Archive (SRA) under accession number SUB13190793
(BioProject: PRINA979793).


https://doi.org/10.1186/s12866-024-03280-x
https://doi.org/10.1186/s12866-024-03280-x

Ren et al. BMC Microbiology

(2024) 24:132

Declarations

Ethics approval and consent to participate

The study involving human participants were reviewed and approved by

the Ethics Committee of the Hospital of Chengdu University of Traditional
Chinese Medicine (Ethical approval Number: 2022KL-051), and was conducted
in accordance with the Declaration of Helsinki and Good Clinical Practice
guidelines. The patients/participants provided their written informed consent
to participate in this study.

Consent for publication
Not applicable.

Competing interests

The authors declare that the research was conducted in the absence of any
commercial or financial relationships that could be construed as a potential
conflict of interest.

Author details

"Hospital of Chengdu University of Traditional Chinese Medicine,
Chengdu, Sichuan Province 610072, China

TCM Regulating Metabolic Diseases Key Laboratory of Sichuan Province,
Hospital of Chengdu University of Traditional Chinese Medicine,
Chengdu, Sichuan Province 610072, China

Received: 22 May 2023 / Accepted: 27 March 2024
Published online: 20 April 2024

References

1.

Xia C, Dong X, Li H, Cao M, Sun D, He S, Yang F, Yan X, Zhang S, Li N, Chen W.
Cancer statistics in China and United States, 2022: profiles, trends, and deter-
minants. Chin Med J (Engl). 2022;135(5):584-90. https://doi.org/10.1097/
CM9.0000000000002108.

McWilliams A, Tammemagi MC, Mayo JR, Roberts H, Liu G, Soghrati K,
Yasufuku K, Martel S, Laberge F, Gingras M, Atkar-Khattra S, Berg CD, Evans K,
Finley R, Yee J, English J, Nasute P, Goffin J, Puksa S, Stewart L, Tsai S, Johnston
MR, Manos D, Nicholas G, Goss GD, Seely JM, Amjadi K, Tremblay A, Burrowes
P, MacEachern P, Bhatia R, Tsao MS, Lam S. Probability of cancer in pulmonary
nodules detected on first screening CT. N Engl J Med. 2013;369(10):910-9.
https://doi.org/10.1056/NEJMoa1214726.

Guerrini S, Del Roscio D, Zanoni M, Cameli P, Bargagli E, Volterrani L,

Mazzei MA, Luzzi L. Lung Cancer Imaging: screening result and Nodule
Management. Int J Environ Res Public Health. 2022;19(4):2460. https://doi.
0rg/10.3390/ijerph19042460.

Mazzone PJ, Lam L. Evaluating the patient with a pulmonary nodule: a review.

JAMA, 2022;327(3):264-73. https://doi.org/10.1001/jama.2021.24287.

Liu QX, Zhou D, Han TC, Lu X, Hou B, Li MY, Yang GX, Li QY, Pei ZH, Hong

YY, Zhang YX, Chen WZ, Zheng H, He J, Dai JG. A Noninvasive Multiana-
lytical Approach for Lung Cancer diagnosis of patients with pulmonary
nodules. Adv Sci (Weinh). 2021,8(13):2100104. https://doi.org/10.1002/
advs.202100104.

Godoy MCB, Lago EAD, Pria HRFD, Shroff GS, Strange CD, Truong MT.

Pearls and pitfalls in Lung Cancer CT Screening. Semin Ultrasound CT MR.
2022;43(3):246-56. https://doi.org/10.1053/j.5ult.2022.03.002.

Kim D, Han JY, Baek JW, Lee HY, Cho HJ, Heo YJ, Shin GW. Effect of the
respiratory motion of pulmonary nodules on CT-guided percutaneous
transthoracic needle biopsy. Acta Radiol. 2023;64(7):2245-52. https://doi.
org/10.1177/02841851221144616.

Vargas AJ, Harris CC. Biomarker development in the precision medicine era:
lung cancer as a case study. Nat Rev Cancer. 2016;16(8):525-37. https://doi.
0rg/10.1038/nrc.2016.56.

Li W, Liu JB, Hou LK, Yu F, Zhang J, Wu W, Tang XM, Sun F, Lu HM, Deng J, Bai
J,LiJ,Wu CY, Lin QL, Lv ZW, Wang GR, Jiang GX, Ma YS, Fu D. Liquid biopsy in
lung cancer: significance in diagnostics, prediction, and treatment monitor-
ing. Mol Cancer. 2022;21(1):25. https://doi.org/10.1186/512943-022-01505-z.
Reichard CA, Naelitz BD, Wang Z, Jia X, Li J, Stampfer MJ, Klein EA, Hazen

SL, Sharifi N. Gut microbiome-dependent metabolic pathways and risk of
Lethal prostate Cancer: prospective analysis of a PLCO Cancer Screening Trial
Cohort. Cancer Epidemiol Biomarkers Prev. 2022;31(1):192-9. https://doi.
0rg/10.1158/1055-9965.EPI-21-0766.

12.

20.

21.

22.

23.

24.

25.

26.

27.

28.

Page 14 of 15

CaoW, Zheng C, Xu X, Jin R, Huang F, Shi M, He Z, Luo Y, Liu L, Liu Z, Wei J,
Deng X, Chen T. Clostridium butyricum potentially improves inflammation
and immunity through alteration of the microbiota and metabolism of
gastric cancer patients after gastrectomy. Front Immunol. 2022;13:1076245.
https://doi.org/10.3389/fimmu.2022.1076245.

Rashidi A, Ebadi M, Rehman TU, Elhusseini H, Halaweish HF, Kaiser T, Holtan
SG, Khoruts A, Weisdorf DJ, Staley C. Lasting shift in the gut microbiota in
patients with acute myeloid leukemia. Blood Adv. 2022,6(11):3451-7. https://
doi.org/10.1182/bloodadvances.2021006783.

Taoum C, Carrier G, Jarlier M, Roche G, Gagniere J, Fiess C, De Forges H,
Chevarin C, Colombo PE, Barnich N, Rouanet P, Bonnet M. Determination

of biomarkers associated with neoadjuvant treatment response focus-

ing on colibactin-producing Escherichia coli in patients with mid or low
rectal cancer: a prospective clinical study protocol (MICARE). BMJ Open.
2022;12(12):e061527. https://doi.org/10.1136/bmjopen-2022-061527.

Peng X, Cheng L, You Y, Tang C, Ren B, Li Y, Xu X, Zhou X. Oral microbiota

in human systematic diseases. Int J Oral Sci. 2022;14(1):14. https://doi.
0rg/10.1038/541368-022-00163-7.

Tuganbaev T, Yoshida K, Honda K. The effects of oral microbiota on health.
Science. 2022;376(6596):934-6. https://doi.org/10.1126/science.abn1890.
Tsay JJ, Wu BG, Badri MH, Clemente JC, Shen N, Meyn P, Li Y, Yie TA, Lhakhang
T, Olsen E, Murthy V, Michaud G, Sulaiman |, Tsirigos A, Heguy A, Pass H,
Weiden MD, Rom WN, Sterman DH, Bonneau R, Blaser MJ, Segal LN. Airway
Microbiota is Associated with Upregulation of the PI3K pathway in Lung Can-
cer. Am J Respir Crit Care Med. 2018;198(9):1188-98. https://doi.org/10.1164/
rccm.201710-21180C.

Durack J, Christian LS, Nariya S, Gonzalez J, Bhakta NR, Ansel KM, Beigelman
A, Castro M, Dyer AM, Israel E, Kraft M, Martin RJ, Mauger DT, Peters SP, Rosen-
berg SR, Sorkness CA, Wechsler ME, Wenzel SE, White SR, Lynch SV, Boushey
HA, Huang YJ. National Heart, Lung, and Blood Institute’s AsthmaNet. Distinct
associations of sputum and oral microbiota with atopic, immunologic, and
clinical features in mild asthma. J Allergy Clin Immunol. 2020;146(5):1016-26.
https://doi.org/10.1016/}jaci.2020.03.028.

Liu B, LiY, Suo L, Zhang W, Cao H, Wang R, Luan J,Yu X, Dong L, Wang W, Xu S,
Lu S, Shi M. Characterizing microbiota and metabolomics analysis to identify
candidate biomarkers in lung cancer. Front Oncol. 2022;12:1058436. https://
doi.org/10.3389/fonc.2022.1058436.

Zitvogel L, Kroemer G. Lower Airway Dysbiosis exacerbates Lung Cancer.
Cancer Discov. 2021;11(2):224-6. https://doi.org/10.1158/2159-8290.
Cd-20-1641.

Stasiewicz M, Karpiriski TM. The oral microbiota and its role in carcinogen-
esis. Semin Cancer Biol. 2022;86(Pt 3):633-42. https://doi.org/10.1016/j.
semcancer.2021.11.002.

Teles FRF, Alawi F, Castilho RM, Wang Y. Association or Causation? Exploring
the oral Microbiome and Cancer Links. J Dent Res. 2020,99(13):1411-24.
https://doi.org/10.1177/0022034520945242.

Sun, LiuY,LiJ,TanY, AnT, Zhuo M, Pan Z, Ma M, Jia B, Zhang H, Wang Z,
Yang R, Bi Y. Characterization of lung and oral microbiomes in Lung Cancer
patients using Culturomics and 16S rRNA gene sequencing. Microbiol Spectr.
2023;11(3):0031423. https://doi.org/10.1128/spectrum.00314-23.

Schulz KF, Altman DG, Moher D, for the CONSORT Group. CONSORT 2010
Statement: updated guidelines for reporting parallel group randomised trials.
MacMahon H, Naidich DP, Goo JM, Lee KS, Leung ANC, Mayo JR, Mehta AC,
Ohno Y, Powell CA, Prokop M, Rubin GD, Schaefer-Prokop CM, Travis WD, Van
Schil PE, Bankier AA. Guidelines for management of Incidental Pulmonary
nodules detected on CT images: from the Fleischner Society 2017. Radiology.
2017;284(1):228-43. https://doi.org/10.1148/radiol.2017161659.

Yu'S, Chen J, ZhaoY, Yan F, Fan Y, Xia X, Shan G, Zhang P, Chen X. Oral-microbi-
ome-derived signatures enable non-invasive diagnosis of laryngeal cancers. J
Transl Med. 2023,;21(1):438. https://doi.org/10.1186/512967-023-04285-2.
Al-Ameri A, Malhotra P, Thygesen H, Plant PK, Vaidyanathan S, Karthik S, Scars-
brook A, Callister ME. Risk of malignancy in pulmonary nodules: a validation
study of four prediction models. Lung Cancer. 2015;89(1):27-30. https://doi.
org/10.1016/j.lungcan.2015.03.018.

Liu C, Zhao D, Ma W, Guo Y, Wang A, Wang Q, Lee DJ. Denitrifying sulfide
removal process on high-salinity wastewaters in the presence of Halomonas
Sp. Appl Microbiol Biotechnol. 2016;100(3):1421-6. https://doi.org/10.1007/
500253-015-7039-6.

Chen S, Zhou Y, ChenY, Gu J. Fastp: an ultra-fast all-in-one FASTQ pre-
processor. Bioinformatics. 2018;34(17):1884-90. https://doi.org/10.1093/
bioinformatics/bty560.


https://doi.org/10.1097/CM9.0000000000002108
https://doi.org/10.1097/CM9.0000000000002108
https://doi.org/10.1056/NEJMoa1214726
https://doi.org/10.3390/ijerph19042460
https://doi.org/10.3390/ijerph19042460
https://doi.org/10.1001/jama.2021.24287
https://doi.org/10.1002/advs.202100104
https://doi.org/10.1002/advs.202100104
https://doi.org/10.1053/j.sult.2022.03.002
https://doi.org/10.1177/02841851221144616
https://doi.org/10.1177/02841851221144616
https://doi.org/10.1038/nrc.2016.56
https://doi.org/10.1038/nrc.2016.56
https://doi.org/10.1186/s12943-022-01505-z
https://doi.org/10.1158/1055-9965.EPI-21-0766
https://doi.org/10.1158/1055-9965.EPI-21-0766
https://doi.org/10.3389/fimmu.2022.1076245
https://doi.org/10.1182/bloodadvances.2021006783
https://doi.org/10.1182/bloodadvances.2021006783
https://doi.org/10.1136/bmjopen-2022-061527
https://doi.org/10.1038/s41368-022-00163-7
https://doi.org/10.1038/s41368-022-00163-7
https://doi.org/10.1126/science.abn1890
https://doi.org/10.1164/rccm.201710-2118OC
https://doi.org/10.1164/rccm.201710-2118OC
https://doi.org/10.1016/j.jaci.2020.03.028
https://doi.org/10.3389/fonc.2022.1058436
https://doi.org/10.3389/fonc.2022.1058436
https://doi.org/10.1158/2159-8290.Cd-20-1641
https://doi.org/10.1158/2159-8290.Cd-20-1641
https://doi.org/10.1016/j.semcancer.2021.11.002
https://doi.org/10.1016/j.semcancer.2021.11.002
https://doi.org/10.1177/0022034520945242
https://doi.org/10.1128/spectrum.00314-23
https://doi.org/10.1148/radiol.2017161659
https://doi.org/10.1186/s12967-023-04285-2
https://doi.org/10.1016/j.lungcan.2015.03.018
https://doi.org/10.1016/j.lungcan.2015.03.018
https://doi.org/10.1007/s00253-015-7039-6
https://doi.org/10.1007/s00253-015-7039-6
https://doi.org/10.1093/bioinformatics/bty560
https://doi.org/10.1093/bioinformatics/bty560

Ren et al. BMC Microbiology

29.

30.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

(2024) 24:132

Mago¢ T, Salzberg SL. FLASH: fast length adjustment of short reads to
improve genome assemblies. Bioinformatics. 2011;27(21):2957-63. https://
doi.org/10.1093/bioinformatics/btr507.

Callahan BJ, McMurdie PJ, Rosen MJ, Han AW, Johnson AJ, Holmes SP. DADA2:
high-resolution sample inference from Illumina amplicon data. Nat Methods.
2016;13(7):581-3. https://doi.org/10.1038/nmeth.3869.

Douglas GM, Maffei VJ, Zaneveld JR, Yurgel SN, Brown JR, Taylor CM,
Huttenhower C, Langille MGI. PICRUSt2 for prediction of metagenome
functions. Nat Biotechnol. 2020;38(6):685-8. https://doi.org/10.1038/
s41587-020-0548-6.

Segata N, Izard J, Waldron L, Gevers D, Miropolsky L, Garrett WS, Hutten-
hower C. Metagenomic biomarker discovery and explanation. Genome Biol.
2011;12(6):R60. https://doi.org/10.1186/gb-2011-12-6-r60.

Kobayashi GS, Brito LA, Moreira DP, Suzuki AM, Hsia GSP, Pimentel LF, de Paiva
APB, Dias CR, Lourengo NCV, Oliveira BA, Manuli ER, Corral MA, Cavacana N,
Mitne-Neto M, Sales MM, Dell’ Aquila LP, Filho AR, Parrillo EF, Mendes-Corréa
MC, Sabino EC, Costa SF, Leal FE, Sgro GG, Farah CS, Zatz M, Passos-Bueno MR.
A Novel Saliva RT-LAMP workflow for Rapid Identification of COVID-19 cases
and restraining viral spread. Diagnostics (Basel). 2021;11(8):1400. https://doi.
0rg/10.3390/diagnostics11081400.

Zhang J,Wu Y, Liu J, Yang Y, Li H, Wu X, Zheng X, Liang Y, Tu C, Chen M, Tan

C, Chang B, Huang Y, Wang Z, Tian GB, Ding T. Differential oral microbial

input determines two microbiota pneumo-types Associated with Health
Status. Adv Sci (Weinh). 2022,9(32):e2203115. https://doi.org/10.1002/
advs.202203115.

Song M, Bai H, Zhang P, Zhou X, Ying B. Promising applications of human-
derived saliva biomarker testing in clinical diagnostics. Int J Oral Sci.
2023;15(1):2. https://doi.org/10.1038/541368-022-00209-w.

Riquelme E, Zhang Y, Zhang L, Montiel M, Zoltan M, Dong W, Quesada P,
Sahin I, ChandraV, San Lucas A, Scheet P, Xu H, Hanash SM, Feng L, Burks

JK, Do KA, Peterson CB, Nejman D, Tzeng CD, Kim MP, Sears CL, Ajami N,
Petrosino J, Wood LD, Maitra A, Straussman R, Katz M, White JR, Jenq R, Wargo
J, McAllister F. Tumor Microbiome Diversity and Composition Influence
Pancreatic Cancer outcomes. Cell. 2019;178(4):795-e80612. https://doi.
0rg/10.1016/j.cell.2019.07.008.

Greathouse KL, White JR, Vargas AJ, Bliskovsky WV, Beck JA, von Muhlinen

N, Polley EC, Bowman ED, Khan MA, Robles Al, Cooks T, Ryan BM, Padgett

N, Dzutsev AH, Trinchieri G, Pineda MA, Bilke S, Meltzer PS, Hokenstad AN,
Stickrod TM, Walther-Antonio MR, Earl JP, Mell JC, Krol JE, Balashov SV, Bhat
AS, Ehrlich GD, Valm A, Deming C, Conlan S, Oh J, Segre JA, Harris CC. Interac-
tion between the microbiome and TP53 in human lung cancer. Genome Biol.
2018;19(1):123. https://doi.org/10.1186/513059-018-1501-6.

Zeng W, Zhao C, Yu M, Chen H, Pan 'Y, Wang Y, Bao H, Ma H, Ma S. Alterations
of lung microbiota in patients with non-small cell lung cancer. Bioengi-

neered. 2022;13(3):6665-77. https://doi.org/10.1080/21655979.2022.2045843.

ShiJ, Yang Y, Xie H, Wang X, Wu J, Long J, Courtney R, Shu XO, Zheng W,

Blot WJ, Cai Q. Association of oral microbiota with lung cancer risk in a
low-income population in the Southeastern USA. Cancer Causes Control.
2021;32(12):1423-32. https://doi.org/10.1007/510552-021-01490-6.

Zhang W, Luo J, Dong X, Zhao S, Hao Y, Peng C, Shi H, Zhou Y, Shan L, Sun Q
Li'Y, Zhao X. Salivary microbial dysbiosis is Associated with systemic inflam-
matory markers and predicted oral metabolites in Non-small Cell Lung Can-
cer patients. J Cancer. 2019;10(7):1651-62. https://doi.org/10.7150/jca.28077.
Kovaleva OV, Kushlinskii NE, Podlesnaya PA, Stilidi IS, Gratchev AN.
Diagnostic and prognostic potential of the resident non-small cell lung
cancer microbiome. Klin Lab Diagn. 2022,67(8):458-62. https://doi.
0rg/10.51620/0869-2084-2022-67-8-458-462.

Yan X, Yang M, Liu J, Gao R, Hu J, Li J, Zhang L, ShiY, Guo H, Cheng J, Razi M,
Pang S, Yu X, Hu S. Discovery and validation of potential bacterial biomarkers
for lung cancer. Am J Cancer Res. 2015;5(10):3111-22.

43.

45.

46.

47.

48.

49.

50.

52.

53.

54.

Page 15 of 15

Zheng L, Sun R, Zhu Y, Li Z, She X, Jian X, Yu F, Deng X, Sai B, Wang L,

Zhou W, Wu M, Li G, Tang J, Jia W, Xiang J. Lung microbiome alterations

in NSCLC patients. Sci Rep. 2021;11(1):11736. https://doi.org/10.1038/
$41598-021-91195-2.

He YT, Zhang YC, Shi GF, Wang Q, Xu Q, Liang D, Du Y, Li DJ, Jin J, Shan BE. Risk
factors for pulmonary nodules in north China: a prospective cohort study.
Lung Cancer. 2018;120:122-9. https://doi.org/10.1016/j.lungcan.2018.03.021.
Toumazis |, Bastani M, Han SS, Plevritis SK. Risk-based lung cancer screening:
a systematic review. Lung Cancer. 2020;147:154-86. https://doi.org/10.1016/j.
lungcan.2020.07.007.

Yang J, Mu X, Wang Y, Zhu D, Zhang J, Liang C, Chen B, Wang J, Zhao C, Zuo
Z,Heng X, Zhang C, Zhang L. Dysbiosis of the salivary microbiome is Associ-
ated with non-smoking female lung Cancer and correlated with immuno-
cytochemistry markers. Front Oncol. 2018;8:520. https://doi.org/10.3389/
fonc.2018.00520.

Schmidlin PR, Fachinger P, Tini G, Graber S, Seifert B, Dombrowa S, Irani S.
Shared microbiome in gums and the lung in an outpatient population. J
Infect. 2015;70(3):255-63. https://doi.org/10.1016/,jinf.2014.10.005.

Yu C,Yang L, Cai M, Zhou F, Xiao S, Li Y, Wan T, Cheng D, Wang L, Zhao C,
Huang X. Down-regulation of MTHFD2 inhibits NSCLC progression by sup-
pressing cycle-related genes. J Cell Mol Med. 2020;24(2):1568-77. https://doi.
org/10.1111/jcmm.14844.

Lian WS, Wang FS, Chen YS, Tsai MH, Chao HR, Jahr H, Wu RW, Ko JY. Gut
microbiota ecosystem governance of Host Inflammation, mitochondrial
respiration and skeletal homeostasis. Biomedicines. 2022;10(4):860. https://
doi.org/10.3390/biomedicines10040860.

Harmon AC, Noél A, Subramanian B, Perveen Z, Jennings MH, Chen YF, Penn
AL, Legendre K, Paulsen DB, Varner KJ, Dugas TR. Inhalation of particulate
matter containing free radicals leads to decreased vascular responsiveness
associated with an altered pulmonary function. Am J Physiol Heart Circ
Physiol. 2021,321(4):H667-83. https://doi.org/10.1152/ajpheart.00725.2020.
TianT, Lu J, Zhao W, Wang Z, Xu H, Ding Y, Guo W, Qin P, Zhu W, Song C, Ma H,
Zhang Q, Shen H. Associations of systemic inflammation markers with iden-
tification of pulmonary nodule and incident lung cancer in Chinese popula-
tion. Cancer Med. 2022;11(12):2482-91. https://doi.org/10.1002/cam4.4606.
Invernizzi R, Lloyd CM, Molyneaux PL. Respiratory microbiome and epithelial
interactions shape immunity in the lungs. Immunology. 2020;160(2):171-82.
https://doi.org/10.1111/imm.13195.

Borriello F, PoliV, Shrock E, Spreafico R, Liu X, Pishesha N, Carpenet C, Chou J,
Di Gioia M, McGrath ME, Dillen CA, Barrett NA, Lacanfora L, Franco ME, Maron-
giu L, lwakura Y, Pucci F, Kruppa MD, Ma Z, Lowman DW, Ensley HE, Nanishi E,
Saito Y, O'Meara TR, Seo HS, Dhe-Paganon S, Dowling DJ, Frieman M, Elledge
SJ, Levy O, Irvine DJ, Ploegh HL, Williams DL, Zanoni I. An adjuvant strategy
enabled by modulation of the physical properties of microbial ligands
expands antigen immunogenicity. Cell. 2022;185(4):614-e62921. https://doi.
0rg/10.1016/j.cell.2022.01.009.

Fang C, Fang W, Xu L, Gao F, Hou Y, Zou H, Ma Y, Moll JM, Yang Y, Wang D,
Huang Y, Ren H, Zhao H, Qin S, Zhong H, Li J, Liu S, Yang H, Wang J, Brix S,
Kristiansen K, Zhang L. Distinct functional metagenomic markers predict

the responsiveness to Anti-PD-1 therapy in Chinese Non-small Cell Lung
Cancer patients. Front Oncol. 2022;12:837525. https://doi.org/10.3389/
fonc.2022.837525.

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


https://doi.org/10.1093/bioinformatics/btr507
https://doi.org/10.1093/bioinformatics/btr507
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1038/s41587-020-0548-6
https://doi.org/10.1038/s41587-020-0548-6
https://doi.org/10.1186/gb-2011-12-6-r60
https://doi.org/10.3390/diagnostics11081400
https://doi.org/10.3390/diagnostics11081400
https://doi.org/10.1002/advs.202203115
https://doi.org/10.1002/advs.202203115
https://doi.org/10.1038/s41368-022-00209-w
https://doi.org/10.1016/j.cell.2019.07.008
https://doi.org/10.1016/j.cell.2019.07.008
https://doi.org/10.1186/s13059-018-1501-6
https://doi.org/10.1080/21655979.2022.2045843
https://doi.org/10.1007/s10552-021-01490-6
https://doi.org/10.7150/jca.28077
https://doi.org/10.51620/0869-2084-2022-67-8-458-462
https://doi.org/10.51620/0869-2084-2022-67-8-458-462
https://doi.org/10.1038/s41598-021-91195-2
https://doi.org/10.1038/s41598-021-91195-2
https://doi.org/10.1016/j.lungcan.2018.03.021
https://doi.org/10.1016/j.lungcan.2020.07.007
https://doi.org/10.1016/j.lungcan.2020.07.007
https://doi.org/10.3389/fonc.2018.00520
https://doi.org/10.3389/fonc.2018.00520
https://doi.org/10.1016/j.jinf.2014.10.005
https://doi.org/10.1111/jcmm.14844
https://doi.org/10.1111/jcmm.14844
https://doi.org/10.3390/biomedicines10040860
https://doi.org/10.3390/biomedicines10040860
https://doi.org/10.1152/ajpheart.00725.2020
https://doi.org/10.1002/cam4.4606
https://doi.org/10.1111/imm.13195
https://doi.org/10.1016/j.cell.2022.01.009
https://doi.org/10.1016/j.cell.2022.01.009
https://doi.org/10.3389/fonc.2022.837525
https://doi.org/10.3389/fonc.2022.837525

	﻿Saliva‑microbiome‑derived signatures: expected to become a potential biomarker for pulmonary nodules (MCEPN-1)
	﻿Abstract
	﻿Background
	﻿Materials and methods
	﻿Trial design
	﻿Sample collection
	﻿Microbial DNA extraction and sequencing
	﻿Amplicon sequence processing and analysis
	﻿Statistical analysis

	﻿Results
	﻿Clinical characteristics of study subjects
	﻿Oral microbiota profile alterations in PN patients
	﻿Sample overview
	﻿Biodiversity between PN patients and healthy individuals
	﻿Composition of microbiota communities in PN patients and healthy subjects
	﻿Microbiota differences at genus level between patients with PN and healthy subjects


	﻿Potential microbe biomarkers for PN
	﻿Correlation between the oral microbiota and clinical characteristics of PN
	﻿Functional potentials of the oral microbiome associated with PN
	﻿Discussion
	﻿Conclusions
	﻿References


