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Abstract

Lung cancer (LC) remains the leading cause of cancer death globally. Recent reports have suggested that circulat-
ing microbial nucleic acids have potential as promising biomarkers for cancer liquid biopsies. However, circulating
microbial profiles and their potential clinical value in LC patients remained unexplored. In this study, plasma samples
from 76 LC patients, 9 liver cancer patients, 11 pancreatic cancer patients, and 53 healthy controls (HCs) were col-
lected and underwent metagenomic analyses by whole genome sequencing. The composition and relative abun-
dance of the microbial profiles were significantly different between the LC patients and HCs. A distinct plasma-based
microbial profile was observed in LC patients. By differential analysis using MaAslin, 40 significant species between LC
patients and HCs were identified. Five species were selected as optimal circulating microbial biomarkers for LC. The
constructed classifier based on these five species showed an AUC of 0.9592,0.9131, and 0.8077 in the discovery,
validation, and additional validation cohorts, respectively. Furthermore, metagenomic profiles of 25 lung tumor
tissue and plasma paired samples were analyzed and compared. The microbial diversity was significantly increased
in plasma compared with the tumor tissue. Among the 13 shared core microbial species, 10 had no difference
between the tumor tissue and paired plasma. In conclusion, circulating microbial nucleic acids in the plasma have
potential as biomarkers for LC liquid biopsies. The microbiome in the tumor tissue was one of the possible sources
of circulating microbial nucleic acids.
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Introduction

Lung cancer (LC) remains the leading cause of malig-
nancy-related deaths worldwide, accounting for approxi-
mately 20% of all cancer-related mortality due to its high
incidence and late-stage diagnosis [1]. The use of multi-
ple screening tools to diagnose LC at an early stage is an
important opportunity to reduce LC mortality. Several
randomized control trials, such as the Nederlands Leu-
vens Screening Onderzoek [2] and the National Lung
Screening Trial [3], have shown lower LC-related mor-
tality in patients with low-dose computed tomography
(LDCT) screening than no screening or chest radiog-
raphy. LDCT has been recommended by the National
Comprehensive Cancer Network guideline for LC screen-
ing [4, 5]. However, the clinical applicability of LDCT is
limited by the screening program cost, the radiation dose
to the individual, and other factors. LC screening with
participant risk stratification or personalized screen-
ing intervals could substantially reduce the burden and
improve the efficiency of current LC screening. Molecu-
lar biomarkers, especially blood-based molecular bio-
markers, might have a role in refining selection criteria
and improving risk stratification for LC screening [6-9].
In the Asian population, integrating biomarkers could be
more important than in other populations because of the
high incidence of LC in non-smokers.

Biomarkers for cancer are being developed at a rapid
rate with the use of highly sensitive technologies, such
as next-generation sequencing (NGS) and omics tech-
nologies. Multiple plasma-based molecular biomark-
ers, such as circulating tumor DNA [10], circulating
tumor cells [11], and circulating cell-free RNA [12], have
been identified as potential biomarkers for early cancer
detection. Serving as a reservoir, cell-free nucleic acids
carry human genetic information from all cells, includ-
ing the non-human genetic information derived from
the microbiome, including the cancer microbiome [13,
14]. Multiple studies have identified highly divergent
circulating microbial profiles in a variety of non-com-
municable diseases, including cardiovascular disease
[15], autoimmune disease [16], liver disease [17], and
cancer [18]. Living bacteria have been found in tumor
tissue, and each tumor type had a distinct intra-tumor
microbiome composition of bacteria and fungi [19, 20].
Moreover, emerging evidence showed that circulat-
ing microbial DNA (cmDNA) was significantly different
between tumor patients and healthy controls (HCs) [21].
Theoretically, cnDNA or circulating nucleic acids have
potential as promising circulating biomarkers for cancer
liquid biopsies. The characteristic composition patterns
of cnDNA have been identified, and the potential of cir-
culating microbial profiles for cancer detection has been
evaluated in various solid tumors [18, 22—24]. Moreover,
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several investigations demonstrated different obvious
alterations in the bacterial flora of LC patients in differ-
ent specimens, such as in bronchoalveolar lavage fluid
(BALF) of LC, in which levels of Veillonella and Megas-
phaera increased significantly [25]. In sputum, Granuli-
catella adiacens and Streptococcus intermedius increased
[26]. However, few studies have explored the relevance
between blood-based circulating microbial metagenomic
signatures and LC. Characterizing the circulating micro-
biome and exploring its source and potential clinical
value in LC patients are of great value and interest.

In this study, we analyzed and characterized the circu-
lating microbial metagenomic profile in real-world Chi-
nese LC patients through metagenomic analysis using
whole genome sequencing (WGS). Furthermore, we
explored the potential of circulating microbial species as
biomarkers for LC and selected five species as the optimal
marker set using a random forest model. These species
showed the potential to effectively differentiate the LC
from healthy individuals. In addition, for the first time,
we deciphered and compared the microbial profile of sur-
gical tumor tissue and matched plasma in 24 real-world
LC patients. We anticipate our results will help provide
the scientific evidence support for exploring the potential
source of circulating nucleic acids in LC patients.

Material and methods

Sample collection and study design

This retrospective study included 76 LC patients and
20 other cancer patients (9 liver cancer patients and 11
pancreatic cancer patients) who underwent NGS testing
at Chosenmed Lab (Beijing, China) from March 2021 to
October 2023. The cancer was diagnosed through the
integration of clinical symptoms, imaging, and laboratory
testing and confirmed using gold standard pathological
examinations by board-certified pathologists, and the
Tumor-Node-Metastasis (TNM) staging system was used
for staging of LC. For cancer patients, the inclusion crite-
ria were as follows: 1) no evidence of systemic inflamma-
tion, such as fever, C-reactive protein; 2) no antibiotics
used within 4 weeks before blood sample collection; 3)
patients newly diagnosed with one primary cancer and
no active preoperative treatment course. The exclusion
criteria were: 1) patients under the age of 18; 2) patients
with multiple primary cancers; 3) patients that had pre-
viously undergone treatment for cancer; 4) patients were
pregnant.

Peripheral blood samples (approximately 10 mL) from
cancer patients were collected before surgical resec-
tion. 25 fresh LC tumor tissue samples were collected
concurrently to explore the correlation of the metagen-
omic profile between LC tumor tissue and plasma.
Fifty-three healthy volunteers with normal physical
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examination results were enrolled as controls. Before
drawing blood, the skin surface was sterilized twice using
a 0.5% povidone-iodine solution, and peripheral blood
was collected into 10 mL cell-free DNA BCT® blood col-
lection tubes (Streck, La Vista, NE, USA) according to
the user manual. Plasma was prepared within 72 h using
a previously reported method [27]. Written informed
consent according to the Declaration of Helsinki was
obtained from each participant. This study was carried
out following The Code of Ethics of the World Medical
Association (Declaration of Helsinki) for experiments
involving humans and it was approved by the Ethics
Committee of Xuanwu hospital (No. [2019]081-R1).

The study was designed as shown in Fig. 1. The samples
were divided into a discovery cohort, a validation cohort,
and an additional validation cohort. The additional vali-
dation cohort consisted of 5 HCs, 5 LC patients, and 20
other cancer patients. The 71 other LC patients and 48
HCs were randomly divided into a discovery cohort and
a validation cohort in a 70%:30% ratio. Twenty-five tissue
and plasma paired samples were used to explore the cor-
relation of the microbial metagenomic profile between
LC tumor tissue and plasma.

A total of 149 peripheral blood samples were collected
from 76 lung cancer patients, 53 healthy controls, 9 liver
cancer patients, and 11 pancreatic cancer patients. After
plasma metagenomic analysis, 5 lung cancer, 5 healthy
control, and 20 other cancer samples were selected as an
additional validation cohort (the lung cancer and healthy
control samples were selected randomly). The remain-
ing 71 lung cancer and 48 healthy controls samples were
randomly divided into the discovery cohort and valida-
tion cohort by stratified sampling splits of 70% and 30%
of the data. Meanwhile, 24 tissue and plasma paired sam-
ples randomly selected from validation cohort were used
to explore the correlation of the microbial metagenomic
profile between lung cancer tumor tissue and plasma.

Total nucleic acid extraction, library construction,

and sequencing

Nucleic acid extraction, library construction, and
sequencing were performed in a College of Ameri-
can Pathologists accredited NGS laboratory. The total
nucleic acid in plasma and tissue was extracted using
a VAMNE magnetic pathogen DNA/RNA kit (Vazyme
Biotech, Nanjing, China) and TIANMicrobe magnetic
patho-DNA/RNA kit (TIANGEN Biotech, Beijing,
China), respectively, according to the manufacturers’
instructions. Purified nucleic acid was quantified with
a Qubit 4.0 fluorometer using a dsDNA HS assay kit
and RNA HS assay kit (Thermo Fisher Scientific, MA,
USA). The first strand of cDNA was synthesized using
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a PureScript 1st strand cDNA synthesis kit (low nucleic
acid contamination) (Vazyme Biotech, Nanjing, China).

Sequencing libraries of cell-free total nucleic acids
were constructed using an Xgen cfDNA and FFPE DNA
library prep kit (IDT, IA, USA) following the kit user
manual. In brief, 1-50 ng of DNA was processed by end
repair, ligation 1 (ligation adapter to 3’ ends), ligation
2 (ligation adapter to 5" ends), and PCR amplification.
Libraries of nucleic acid from tissue were prepared
using a whole genome sequencing library prepara-
tion kit (QIAGEN, DUS, Germany) with the following
steps: enzymatic fragmentation, end-repair, dA-tail-
ing, adapter ligation, and library amplification. All the
sequencing libraries were quantified using a Qubit 4.0
fluorometer and sequenced using an MGISEQ-2000
sequencing platform (BGI, Shenzhen, China) with 100-
bp paired-end cycles [28].

Three types of negative controls were included in
each batch for sequencing analysis: 1) nucleic acid
extraction negative controls, which included rea-
gents from the nucleic acid extraction stage through
sequencing; 2) library construction negative controls,
which included reagents from the library preparation
stage through sequencing; and 3) empty negative con-
trol wells, which included UltraPure DNase/RNase-free
distilled water from the nucleic acid extraction stage
and the library preparation stage through sequencing.

Bioinformatic analysis and data decontamination

Raw sequencing data were quality filtered, demulti-
plexed, and adapter-trimmed using fastq [29]. Clean
reads of each sample were mapped to the human
genome GRCh38/hg38 using Bowtie 2 with the fast-
local parameter set [30]. Reads were discarded if
either mate mapped to hg38, mitochondrial genomes,
or bacterial plasmids. The filtered reads were mapped
to the microbial reference genome database using the
Kraken algorithm with default parameters [31]. A total
of 28,330 microbial genomes were in the microbial ref-
erence genome database, which was constructed from
prior literature [21]. Of the 28,330 microbial genomes,
13,346 were bacterial, 504 were fungal, and 14,480 were
viral. The relative abundance at the genus level and
species level were estimated for each sample using the
Bracken method. All taxa for which the relative abun-
dance was less than 0.01% or the read count was less
than 10 were filtered as sequencing or analysis artifacts.
Furthermore, we used both the prevalence (negative
control-based) and frequency (concentration-based)
modes in decontam [32] to decontaminate the Kraken
count microbial data. A P*=0.5 hyperparameter value
was used for both modes.
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Identification of the circulating microbial markers

and construction of the classifier model

MaAslin software was used to identify the differentially
abundant microbial species (q value <0.05) between LC
patients and HCs in the discovery cohort. MaAslin soft-
ware was used to identify the relative abundance of each
feature while adjusting for covariables such as age and
sex. A random forest classifier was used to predict LC
based on the microbial profiles. The classifier model was
trained by tenfold cross-validation repeated five times
using the carpet R package. The top five microbial species
predicting LC were selected as the optimal microbial spe-
cies for the biomarker set. The receiver operating charac-
teristic (ROC) curve and the area under the ROC curve
(AUC) values were generated and calculated to evaluate
the performance of the random forest classifier model
using pROC [33].

Statistical analyses
The rarefaction analysis between sample size and the
number of microbial species was conducted using the
R package amplicon [34]. Microbial community diver-
sity was determined by the Simpson index or Shannon
index, which were calculated by the vegan package. Non-
metric multidimensional scaling (NMDS) and princi-
pal coordinate analysis (PCoA) were performed using
vegan. Microbial taxonomic analyses and comparisons
between both groups at the genus and species level were
performed using the Wilcoxon rank-sum test and visual-
ized using the pheatmap package. All the above statistical
analyses were performed using R version 4.3.0.
Differences between subjects and sequencing data of
the LC and HC samples were compared using ¢ tests and
either Chi-square or Fisher’s exact test using Prism 8 for
Windows (GraphPad Software, CA, USA).

Results
Characteristics of the studied cohort
A total of 159 plasma samples and 25 LC fresh tumor tis-
sue samples were obtained from the patients and volun-
teers enrolled in this study. The samples were subjected
to WGS analysis. After quality control, the sequencing
data of 149 plasma samples (comprising samples from
76 LC patients (24 with paired tumor tissue samples), 53
HC patients, 9 liver cancer patients, and 11 pancreatic
cancer patients) and 24 fresh tissue samples were finally
subjected to bioinformatic analysis. The patients cor-
responding to the 149 plasma samples were randomly
divided into a discovery cohort, a validation cohort, and
an additional validation cohort (Fig. 1).

There was no significant difference between LC
patients and HCs in terms of gender and age in all three
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groups (Table S1). In the discovery cohort, most LC
patients were stage II (20/50, 40%) and stage III (15/50,
30%) patients. Stage information of seven patients was
unknown. In the validation cohort, the majority of LC
patients were stage I-II patients (15/21, 71.42%), and
two patients had unknown stages (Table S1).

Diversity of circulating microbial metagenomic profile

in LC patients and healthy controls

After sequencing data quality control and filtering, the
LC plasma samples had 1.15x10% total clean reads/
sample. An average of 0.57% (0.22%-3.60%) of total
reads did not map to the human genome, and 14.62%
(9.48%-47.42%) of these non-human mapped reads
instead mapped to our microbial database (0.081% of
total reads), providing 89,854 microbial reads/sam-
ple for downstream analysis. Of these microbial reads,
55.86% were classified as bacterial, 35.85% as fungal,
and 1.07% as viral (Table S2). In the healthy controls,
an average of 1.14x 10® total clean reads was obtained
for each plasma sample. However, 1.57% (0.75%—
2.69%) of these clean reads did not map to the human
genome, and 4.33% (3.29%—5.04%) of these non-human
mapped reads instead mapped to our microbial data-
base (0.068% of total reads), providing 75,368 microbial
reads/sample for downstream analysis. Of these micro-
bial reads, 58.87% were classified as bacterial, 32.93% as
fungal, and 0.94% as viral (Table S2). There were no sig-
nificant differences in total sequence reads or microbial
reads, including bacterial, fungal, and viral, between
the LC and HC groups (Table S2, Figure S1). A rarefac-
tion analysis showed that the species richness nearly
approached saturation in both the LC and HC groups
(Fig. 2A and B).

After a series of decontamination filters were applied
as detailed in the Methods section, a total of 563 species
were identified in the plasma samples of LC patients and
HCs, and 123 were shared in both LC patients and HCs.
The LC and HC groups had 427 and 13 unique species,
respectively (Fig. 2C). The observed species number was
significantly higher in the LC group than in the HC group
(LC: median 60 (49-113) species/sample vs. HC: median
49 (40-98) species/sample, P<0.0001) (Fig. 2D). The
Shannon diversity showed no difference between the LC
and HC groups (P=0.082>0.05) (Fig. 2E). However, the
Simpson diversity in the LC group was higher than that
in the HC group (mean Simpson index in the LC and HC
groups were 0.69 and 0.72, respectively; P=0.0048 < 0.05,
Fig. 2F). In addition, the NMDS and PcoA based on the
species relative abundance of each sample revealed that
the circulating microbial metagenomic profile was differ-
ent between the LC and HC groups (Fig. 2G and H).
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Circulating microbial metagenomic profile differs

between lung cancer patients and healthy controls

We further analyzed the circulating microbial compo-
sition and relative abundance in both the LC and HC
groups. The composition and abundance of the microbial
metagenomic profile in each LC sample at the species
level are shown in Fig. 3A. A distinct circulating micro-
bial profile was observed in LC patients. Klebsiella pneu-
moniae, Lasiodiplodia theobromae, Salmonella enterica,
Cutibacterium acnes, and Staphylococcus aureus were
the five most abundant species in LC samples, which
accounted for 61.15% of the total microbial relative
abundance (Fig. 3A). We also compared the circulating

microbial composition between LC and HC samples at
the genus and species level. At the genus level, the top 10
most abundant genera accounted for 71.65% and 51.66%
of total microbial relative abundance in LC and HC sam-
ples, respectively. Klebsiella, Salmonella, Cutibacterium,
Corynebacterium, Staphylococcus, and Malassezia were
significantly more abundant in LC samples than in HC
samples, whereas Pseudomonas, Neisseria, Ralstonia, and
Pasteurella were less abundant (all P<0.05) (Figs. 3B and
S1). At the species level, six microbial species, Klebsiella
pneumoniae, Salmonella enterica, Cutibacterium acnes,
Staphylococcus aureus, Corynebacterium amycolatum,
and Brevibacterium pigmentatum, were significantly
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more abundant in LC samples than in HC samples, while
three species, Neisseria gonorrhoeae, Pasteurella multo-
cida, and Burkholderia pseudomallei, were less abundant
(all P<0.05) (Fig. 3C and D).

Circulating microbial metagenomic panel as a potential
novel diagnostic biomarker for patients with lung cancer
In the discovery cohort, MaAslin software was used to
further compare the microbial features in LC patients
versus those in HCs based on the relative abundance.
Twenty species, including Microvirgula aerodenitrificans,
Komagataella phaffii, Staphylococcus aureus, Alternaria
incomplexa, and Pseudomonas phenolilytica, were sig-
nificantly enriched in LC. The top five of the 20 most sig-
nificantly enriched species in HCs were Delftia sp WYS8,

Burkholderia pseudomallei, Sphingomonas sp., Alter-
naria arbusti, and Alternaria conjuncta (Fig. 4A). Fur-
thermore, a random forest classifier model between LC
and HC samples was constructed to explore the poten-
tial circulating microbial biomarkers for LC. Five species,
Microvirgula aerodenitrificans (M. aerodenitrificans),
Komagataella phaffii (K. phaffii), Alternaria incomplexa
(A. incomplexa), Ogataea philodendri (O. philodendri),
and Staphylococcus aureus (S. aureus), were selected as
the optimal microbial markers for LC by a tenfold cross-
validation of the random forest model repeated five times
(Fig. 4B and C).

The ROC curve was used to identify the ability of the
five selected species to discriminate between LC and
non-LC patient samples. In the discovery cohort, we
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were able to achieve an AUC of 0.9592 (95% CI 0.8825-
0.9869) between LC patients and HCs (Fig. 4D). An
AUC value of 0.9131 with a 95% CI of 0.7694-0.9620
was achieved between LC and HC samples in the vali-
dation cohort (Fig. 4E). Furthermore, 5 HC, 5 LC, and
20 other cancer samples (9 liver cancer and 11 pancre-
atic cancer) formed an additional validation cohort to
validate the classifier model for LC. An AUC value of
0.8077 (95% CI 0.6425-0.8342) was observed (Fig. 4F).
These data showed that the constructed model based
on the circulating microbial biomarkers was able to
distinguish LC patients from HCs and those with other
types of cancer, which indicated that the circulating

microbes in blood had the potential to be non-invasive
diagnostic biomarkers for patients with LC.

Comparison of microbial metagenomic profiles

between lung cancer tumor tissue and plasma

Twenty-five paired LC tissue and blood samples were
analyzed by WGS to explore the correlation of the
microbial metagenomic profile between tumor tissue
and plasma. Twenty-four paired samples were included
for downstream analysis, and one paired sample was
excluded for insufficient raw data from the tissue sam-
ple. There was no difference in total sequencing reads
between the tissue and plasma samples (Figure S2).
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However, the non-human reads, microbial reads, and
microbial counts, including bacterial, fungal, and viral,
were significantly higher in tissue than in plasma (Figure
S2).

A total of 514 species were identified in the 24 paired
plasma and tissue samples; 66 were shared by both
plasma and tissue samples, and 405 and 43 species
were unique to plasma and tissue samples, respectively
(Fig. 5A). As estimated by the Shannon index (Fig. 5B),
the microbial diversity was significantly increased in
plasma compared with tissue (P<0.0001). The NMDS
analysis showed that there were overlaps in the microbial
composition between plasma and tissue (Fig. 5C). The
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top 10 most abundant species in plasma and tissue sam-
ples were selected, and their relative abundance in each
sample is presented in a heatmap (Fig. 5D). The average
relative abundance and composition of the top 10 most
abundant genera and species in both tissue and plasma
groups are shown in Fig. 5E and F, respectively. At the
genus level, the top 10 most abundant genera accounted
for 91.5% and 52.76% of the total microbial relative
abundance in tissue and plasma, respectively. Staphylo-
coccus, Salmonella, Bacillus, Pasteurella, and Ogataea
were significantly more abundant in LC tissue than in
paired plasma samples, whereas Corynebacterium was
less abundant (all P<0.05) (Figure S3A). Among the top
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10 most abundant species in tissue, five species demon-
strated a difference in relative abundance between tis-
sue and paired plasma samples. Four species, Salmonella
enterica, Pasteurella multocida, Bacillus thuringiensis,
and Ogataea philodendri, were more abundant in tis-
sue than in paired plasma samples, whereas one species,
Corynebacterium amycolatum, was less abundant (all
P<0.05) (Figure S3B).

We defined the core microbial species if they were
observed and shared in 80% of samples [35, 36]. A total
of 26 core microbial species were observed in the 24
paired plasma and tissue samples, 13 were shared by
both plasma and tissue samples, and 10 and 3 species
were unique in plasma and tissue samples, respectively
(Table S3). Among the 26 core microbial species, the dif-
ferential microbial relative abundance based on MaAs-
Lin identified 12 species significantly enriched in plasma
samples and three species in tissue samples (Fig. 5QG).
Moreover, among the 13 shared core microbial species,
10 showed no difference between the tissue and paired
plasma samples.

Discussion
With the rapid progression of omics technologies, can-
cer-related biomarkers for predicting, diagnosing, and
prognosticating are being developed and discovered at a
rapid rate and are mainly human genomic and proteomic
profiles. In recent years, exploration of the cancer micro-
biome and circulating microbial nucleic acids, especially
c¢cmDNA, has produced an emerging avenue for cancer-
related biomarker discovery. Several NGS approaches
are capable of profiling circulating microbial nucleic
acids, including targeted PCR detection of specific spe-
cies, 16S rRNA, and shotgun sequencing [37]. Metagen-
omic analyses using WGS provide a unique opportunity
to explore the microbiome using non-human sequencing
reads. These are increasingly used to characterize micro-
bial ¢cfDNA in the bloodstream [21, 38], which allow the
circulating metagenomes comprising bacteria, fungi,
and viruses to be easily deciphered. In this study, we first
comprehensively characterized the blood-based circu-
lating microbial profile in LC patients using metagen-
omic analyses by WGS. Notably, we further elucidated
the microbial profiles of 24 surgical LC tumor tissue and
plasma paired samples using the same approach.
Reduced microbial diversity has been considered a fea-
ture of disease states in various diseases, including cancer
in some studies [39-43]. However, there is still no con-
sensus. An increased microbiota diversity was observed
in several studies [44—46]. However, most of those stud-
ies were focused on the gut microbiome or microbiota
in the tissue using 16S rRNA. In a study based on the
BALF of LC patients, increased microbial diversity was
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observed in BALF samples from cancer patients com-
pared with individuals with benign mass-like lesions [47].
In our study, the Shannon diversity showed no difference
between LC and HC samples, but the Simpson diversity
was higher in LC samples than in HC samples. Our study
demonstrated that the circulating microbial composition
and relative abundance in patients with LC were differ-
ent from those of HCs. In terms of the composition of
circulating microbial profiles, Klebsiella pneumoniae,
Lasiodiplodia theobromae, Salmonella enterica, Cutibac-
terium acnes, and Staphylococcus aureus were the five
species with the five highest relative abundances in LC.
All five species are pulmonary opportunistic pathogens
or other pathogens [48-50]. Among the top 10 genera
and species in terms of relative abundance in LC and HC
samples, the abundance of five genera and six species was
significantly increased in the LC group, especially that of
K. pneumoniae (Fig. 3). The exact microbial taxa identi-
fied in LC samples varied in studies depending on the
sample type. The abundance of the oral microorganisms
Veillonella and Capnocytophaga significantly increased
in the saliva samples of LC patients [51], while Granuli-
catella adiacens and six other opportunistic pathogens
increased in sputum samples [36], and Veillonella, Meg-
asphaera increased in BALF samples [47].

Machine learning (ML) is a powerful tool for identify-
ing new potential microbial biomarkers associated with
specific cancer types. ML approaches, especially the ran-
dom forest algorithm, have been widely used in build-
ing cancer prediction models based on microbiome data
from various cancer types [52-57]. The microbial taxa
abundance is assumed to be different in cancer states and
HCs and is the most commonly used feature of microbi-
ome data. In our study, five species, M. aerodenitrificans,
K. phaffii, A. incomplexa, O. philodendri, and S. aureus
were selected as new potential circulating microbial bio-
markers for LC using the random forest algorithm based
on the relative abundance of the microbial profile. M.
aerodenitrificans is a denitrifying Gram-negative organ-
ism. M. aerodenitrificans may give rise to clinical disease,
particularly in immunocompromised patients [58]. A
higher relative abundance was observed in the fecal sam-
ples of the umbilical cord blood transplantation engraft-
ment failure inflammatory bowel diseases patients with
IL1I0RA deficiency than engraftment success patients
[59]. K. phaffii is a yeast species and a commonly used
alternative host for manufacturing therapeutic proteins.
K. phaffii-induced intestinal necrosis has been reported,
long-term immunosuppressant exposure is one of its pre-
disposing factors [60]. A. incomplexa and O. philodendri
are fungi, which may be linked to allergic lower respira-
tory tract diseases [61]. S. aureus as a common human
pathogen, associates with various infections. Chronic



Chen et al. Journal of Translational Medicine (2025) 23:186

inflammation caused by S. aureus may link to an elevated
risk of cancers by creating a tumor-promoting microen-
vironment [62]. However, the exact biological processes
of S. aureus involved in the cancer development and pro-
gression are still needed to explore. The classifier model
based on these biomarkers showed excellent perfor-
mance in both the validation and additional validation
cohorts.

The source of the circulating microbial nucleic acids
in cancer patients is rarely reported and remains unex-
plored. Hypotheses have been proposed based on the
knowledge about the source of cfDNA and ctDNA. Pas-
sive release of endogenous tumor microbial nucleic
acids following the death of cancer cells, resulting from
apoptosis, necrosis, active secretion of vesicles contain-
ing microbial nucleic acids, translocation of the intesti-
nal microbiome, translocation of the cancer microbiome
along with tumor metastasis were the potential main
sources of circulating nucleic acids in cancer patients
[63]. Herein, our study demonstrated that the total
number of species and the microbial diversity were sig-
nificantly decreased in LC tissue compared with those
of the paired plasma samples. Ten of 13 paired samples
that shared core microbial species showed no differ-
ence between the tissue and paired plasma. Our find-
ings suggested that the tumor intra-microbiome may be
one of the sources of circulating microbial nucleic acids.
However, this concept still needs further investigation
to explore and confirm the origin of circulating nucleic
acids and the mechanisms of their leakage into the
bloodstream.

Although our study has yielded intriguing results, a
number of limitations remain. First, this was a retro-
spective analysis with a limited sample size, and a pro-
spective study with cross-regional, a larger sample size
is needed to validate the findings of this study. Second,
the plasma microbial signatures were not identified
according the histological subtypes and disease stages
of LC. The pathological type, stage and other clinical
characteristics of lung cancer may have an impact on
the lung microbiome. And, we did not investigate the
history of smoking and daily diet. The microbiome pro-
filing differed significantly between smokers and never-
smokers [64], and the daily diet may provoke the change
of lung microbiome through gut-lung axis [65]. Con-
sidering more clinical factors, such as tumor histology,
performance status, comorbidities, smoking history,
is clearly beneficial for comprehensive understanding
the lung cancer’s relationship with microbial signature
and drawing more evidence-based conclusions. Third,
even though we have identified significant microbes’
circulating nucleic acids in the plasma as diagnosis bio-
markers of LC, the mechanistic role of these microbes
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in LC development and the origin of these microbes
circulating nucleic acids remain unclear, and the poten-
tial of circulating microbial nucleic acids as prognostic
biomarkers of LC is still unknown. Therefore, further
in-depth studies are essential to decipher the precise
mechanistic relationship between each microbe and LC
development, and, to explore the potential of circulat-
ing microbial nucleic acids as prognostic biomarkers of
LC.

Conclusions

In this study, we characterized the circulating microbial
profile of plasma samples in patients with LC based on
metagenomic analyses using WGS. The composition and
abundance of the microbial profile were significantly dif-
ferent between the LC and the HC groups. Five microbial
species were identified as an LC prediction biomarker
panel using a random forest approach, which showed
good performance in distinguishing LC patients from
HCs. This indicates that circulating microbial nucleic
acids have the potential to be biomarkers for LC liquid
biopsies. Furthermore, we illustrated the characteristics
of the microbial profile of the tumor tissue and matched
plasma samples from LC. Ten of 13 shared core micro-
bial species had no difference between the tumor tissue
and matched plasma samples, although reduced micro-
bial species numbers and diversity were observed in the
tumor tissue. This result partly illustrates the origin of
circulating microbial nucleic acids in cancer patients and
provides a new way to explore the source of circulating
microbial nucleic acids in cancer patient.
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