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Abstract: Lung cancer is the primary cause of cancer-related deaths worldwide. Recently, although the microbi-
ome has emerged as the key modulator of the carcinogenesis, it has not been evaluated in lung cancer. Here,
we evaluated the microbial composition of lung cancer tissues according to the histologic type and genetic mu-
tation, compared it with that of the adjacent normal lung tissues, and investigated the association between the
lung microbiome and clinical parameters. We collected lung tissue samples from 162 patients with non-small cell
lung cancer (NSCLC, 162 cancer and 54 adjacent normal tissues), surgically resected between January 2018 and
December 2019, and analyzed their microbiome using 16S rRNA gene amplicon sequencing, the QIIME2 pipeline,
and statistical analyses. NSCLC tissues had significantly lower alpha diversity than the normal tissues, and their mi-
crobial composition differed according to the histologic type and cancer genetic mutation. The genera Romboutsia,
Novosphingobium, Acinetobacter, and Prevotella were significantly overrepresented in NSCLC tissues. Alpha diver-
sity steadily declined from a normal to a more advanced stage, and microbial compositional differences were noted
along with recurrence. Stenotrophomonas was the most predominant genus in the NSCLC tissues of patients with
recurrence. The pathways related to the tricarboxylic acid cycle and L-glutamate and L-glutamine biosynthesis were
predominant in adenocarcinoma, whereas those related to purine and pyrimidine nucleotide degradation and form-
aldehyde assimilation were predominant in squamous cell carcinoma. Our findings suggest that the altered lung
cancer microbial composition might be associated with cancer initiation and/or progression.
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Introduction been suggested that certain microbiota exist in
the lungs and microbiota changes are associ-

Lung cancer is the most frequently diagnosed ated with the development of diseases, includ-

cancer and the leading cause of cancer-related
deaths worldwide, constituting approximately
11.6% of all cancer diagnoses and being res-
ponsible for 18.4% of all cancer-related deaths
in 2020 [1]. Lung cancer is widely known as a
complicated disease caused by the interac-
tions between the host and the environment
[2]. Among the diverse environmental risk fac-
tors, microbiota have emerged as key modula-
tors of both the carcinogenic process and the
immune response against cancer cells [3].
While healthy lungs were historically consid-
ered as a sterile environment, it has recently

ing lung cancer [4]. The microbiome can con-
tribute to carcinogenesis via host inflammatory
pathways, bacterial metabolites, and genotoxic
pathways [4].

Previous studies on the lung cancer microbi-
ome have identified the Firmicutes, Proteoba-
cteria, and Bacteroidetes phyla, including the
Streptococcus, Neisseria, and Prevotella gen-
era, in lung cancer tissues [2, 5-10]. A study by
Yu et al. found that the Thermus and Legionella
genera are highly abundant in tissues from
advanced stage lung cancer patients and in
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patients who develop metastases, respective-
ly, suggesting their role in tumor progression
[8]. Another study showed that greater abun-
dance of the families Bacteroidaceae, Lach-
nospiraceae, and Ruminococcaceae in the
paired normal lung tissues is associated with
reduced recurrence-free or disease-free sur-
vival and demonstrated the potential relation-
ship between the normal lung microbiota and
lung cancer prognosis [10].

Although there have been various studies to
identify the lung cancer microbiome in respira-
tory samples such as saliva, sputum, broncho-
alveolar lavage fluid, and bronchial brushing
[2], little is known about the microbiota profile
in lung cancer tissues, particularly the differ-
ences in the microbial composition according
to the histologic type and/or genetic mutations.
Moreover, few studies exist on the relationship
between the microbiome and lung cancer
prognosis.

Therefore, we aimed to identify the microbial
composition of lung cancer tissues according
to the histologic type and genetic mutations,
compare it with that of the adjacent normal
lung tissues, and investigate the association
between the lung microbiome and the progno-
sis of lung cancer. Among lung cancers, non-
small cell lung cancer (NSCLC) was selected for
the analysis, which accounts for the maijority
(80-85%) of lung cancers and almost all surgi-
cally resected lung cancer cases, allowing for
the collection of tissues from a large number of
patients.

Material and methods

Study population and sample collection

We retrospectively and randomly selected 216
frozen lung tissue samples (162 cancer tissues
and 54 adjacent normal tissues), which were
surgically resected from 162 patients with
NSCLC between January 2018 and December
2019 at the Asan Medical Center. Patients
were included if they were 18 or more years of
age and signed an informed consent form for
the collection of tissues in the operating room.
The exclusion criteria were as follows: patients
with SCLC, NSCLC other than adenocarcinoma
(AC) and squamous cell carcinoma (SCC), less
than 18 years of age, and inability to provide
informed consent.
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We collected lung cancer samples by dividing
them into AC and SCC, the most common sub-
types of NSCLC. Then, the AC group was divid-
ed according to the presence of the epidermal
growth factor receptor (EGFR) mutation, which
is one of the most frequent mutations in NSCLC.
Thus, the lung cancer samples were divided
into the following three groups according to
the histologic type and the presence of the
EGFR mutation: AC with EGFR mutation (AC
EGFR+), AC without EGFR mutation (AC EGFR-),
and SCC. In total, 54 cancer tissues were in-
cluded in each group, together with the paired
normal lung tissues obtained from AC EGFR+
patients who were predicted to show relatively
homogeneous features (Figure S1). All study
patients consented to the collection of tissues
in the operating room at the time of resection.
Tissue samples were sterilely cut in the operat-
ing room, transferred to cryovials, and immedi-
ately snap-frozen in liquid nitrogen. Then, they
were stored in the Bio-Resource Center at the
Asan Medical Center until analysis. Clinical
data, including baseline demographics, smok-
ing status, postoperative stage, recurrence,
and death, were retrospectively collected from
medical records. The study protocol was app-
roved by the Institutional Review Board of
Asan Medical Center (IRB No. 2020-0194).

DNA extraction and bacterial 16S rRNA gene
sequencing

We extracted the bacterial gDNA from 216 lung
tissue samples. DNA extraction was performed
using the DNeasy PowerSoil Kit (Qiagen, Hilden,
Germany) according to the manufacturer’s pro-
tocol. We cut each lung tissue using a flame-
sterilized blade, and a piece of lung tissue (0.2
g) was transferred to a PowerBead tube. Hori-
zontal vortexing was performed using Vortex
Genie 2 (Scientific Industries, Bohemia, New
York, USA) at the maximum speed. The gDNA
concentration was measured using a Nano-
Drop 2000 spectrophotometer (Thermo Fisher
Scientific Inc., Waltham, MA, USA). Polymerase
chain reaction (PCR) amplification was per-
formed using the primers targeting the V4-V5
region of the 16S rRNA gene (forward: 5-TCG
TCG GCA GCG TCA GAT GTG TAT AAG AGA CAG
CCA GCA GCY GCG GTA AN-3’; reverse: 5-GTC
TCG TGG GCT CGG AGA TGT GTA TAA GAG ACA
GCC GTC AAT TCN TTT RAG T-3’). The PCR con-
ditions used were as follows: denaturation at
95°C for 3 min, followed by 30 cycles of ampli-
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fication at 95°C for 30 s, 55°C for 30 s, and
72°C for 1 min. The PCR products were purified
using AMPure XP beads (Beckman Coulter,
High Wycombe, UK). The quality of the final
purified product was assessed using a Nano-
drop 2000 spectrophotometer. The final prod-
ucts were sequenced using an lllumina Miseq™
platform (lllumina, San Diego, CA, USA).

Microbiome data analysis

The lung tissue microbiome sequences we-
re analyzed using the QIIME™ (Quantitative
Insights Into Microbial Ecology) 2 pipeline
(2019.7) [11]. Primer sequences of the raw
sequences were removed using the Cutadapt
[12] plugin. In this step, the reads that did not
include bacterial primer sequences or that
included low-quality primer sequences were
removed. We denoised the sequences using
the DADA2 plugin implemented in QIIME™ 2
and identified the bacterial amplicon sequence
variants (ASVs). The ASVs were classified using
the SILVA database [13]. Chloroplast, mito-
chondrial, and unassigned ASVs were removed
using a taxa filter. We aligned the ASVs using
the phylogeny align-to-tree-mafft-fasttree plu-
gin and performed microbial diversity analyses
using rarefying samples to an even depth of 50
sequences per sample.

Alpha diversity was evaluated using Chaol,
the Shannon index, and phylogenetic diversity
[14, 15]. Beta diversity was assessed using
unweighted UniFrac distances [16]. The micro-
bial compositional differences between groups
were assessed using principal coordinates
analysis (PCoA) with unweighted UniFrac dis-
tances. The unweighted intragroup UniFrac
distances were represented by box-and-whis-
kers plots. Differential taxonomy was identifi-
ed using linear discriminant analysis (LDA)
effect size (LEfSe) [17]. We used the neutral
community model-based dominance test to
determine the cause of the lung microbiome
differences between the normal and cancer
groups [18]. Additionally, we conducted a strati-
fied sub-analysis, based on the postoperative
stage and the recurrence of lung cancer, to
address the association between the lung
microbiome and lung cancer prognosis [10].
The Phylogenetic Investigation of Communities
by Reconstruction of Unobserved States 2
(PICRUSt2) v.2.1.3-b software, which predicts
the gene family abundance, was used to pre-
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dict the functional profiles from the 16S rRNA
data [19, 20]. The ASV table resulting from bac-
terial community analysis and the representa-
tive sequences were used, and the predicted
functional profiles were obtained using the pic-
rust2_pipeline.py. We used the MetaCyc path-
way, which was inferred using PICRUSt2.

Statistical analysis

All clinical data are presented as mean * stan-
dard deviation or median (interquartile range
[IQRY]) for continuous variables and as numbers
(%) for categorical variables. Data categorized
according to the cancer type were compared
using one-way analysis of variance or Kruskal-
Wallis test (for continuous variables) and the x2
or Fisher’s exact test (for categorical variables).
If there was a significant difference among
the three values, a post hoc analysis for multi-
ple comparisons was performed using the
Bonferroni correction. All analyses of the clini-
cal data were performed using SPSS software
(Version 24.0; SPSS, Chicago, IL, USA).

We performed an analysis of similarity to iden-
tify the differences in the microbial communi-
ties. To identify any significant differences in
alpha diversity and the UniFrac dissimilarities,
we performed the Wilcoxon rank-sum test or
ttest in R. The Kruskal-Wallis rank-sum test
was used to distinguish the significant differen-
tial abundance among different groups in LEfSe
analysis. The Kaplan-Meier method was used
to estimate the cumulative rate of recurrence.
All significance tests were two-sided, and p-val-
ues < 0.05 indicated statistical significance.

Results
Clinical characteristics of the study population

The mean patient age was 65.3 years (range
21-83), with a preponderance of male (64.8%)
patients. Upon comparing the three groups
according to the cancer type, the proportions of
males and smokers were significantly greater
in the SCC group than in the AC EGFR+ and AC
EGFR- groups (P < 0.001). Furthermore, the
SCC group had a significantly higher median
number of pack-years (39 pack-years, P <
0.001). Otherwise, there were no significant
differences in age, postoperative stage, nodal
stage, recurrence, and death among the three
groups. Table 1 presents the clinical character-
istics of the 162 study patients.
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Table 1. Clinical characteristics of the study population

p-value
AC EGFR+ AC EGFR-
(n = 54) (n = 54) SCC (n = 54) AC EGFR+ ACEGFR- SCCvs.
vs. AC EGFR- vs. SCC AC EGFR+

Age, yr 64.9+9.3 64.2+9.2 66.7£9.4 0.358
Male gender, n (%) 28 (51.9%) 25 (46.3%) 52(96.3%) < 0.001 0.564 <0.001 <0.001
Body mass index (kg/m?) 25.0+25 25.0+3.4 24.7 £3.0 0.882
Smoking status

Non-smoker, n (%) 30 (55.6%) 31 (57.4%) 3(5.6%) <0.001 0.846 <0.001 <0.001

Ever smoker, n (%) 24 (44.4%) 23 (42.6%) 51 (94.4%)

Pack-years, median (IQR) 0 (0-30) 0 (0-27) 39 (20-46) <0.001 0.671 <0.001  <0.001
Stage, n (%)

1-11 41 (75.9%) 44 (81.5%) 45 (83.3%) 0.603

-Iv 13 (24.1%) 10 (18.5%) 9 (16.7%)
Nodal stage

NO 39 (72.2%) 45 (83.3%) 39 (72.2%) 0.296

N1-2 15 (27.8%) 9 (16.7%) 15 (27.8%)
Follow-up duration months, median (IQR) 27.5 (24.0-29.0) 22.0 (18.8-25.3) 25.0(11.8-27.0) < 0.001 <0.001 0.193 0.004
Recurrence, n (%) 16 (29.6%) 13 (24.1%) 9 (16.7%) 0.280
Death, n (%) 2 (3.7%) 1(1.9%) 6 (11.1%) 0.085

Microbial diversity analysis

The lung tissue microbiome of the 216 tissues
was analyzed using 16S rRNA gene amplicon
sequencing. Twelve samples that had no or low
sequencing data were excluded. In 204 sam-
ples, a total of 8,552,251 paired-end reads
were merged into 326,385 reads from the tis-
sue samples, resulting in an average of 1,599
merged reads per sample. As the rarefied depth
was 50, we calculated the alpha diversity and
beta diversity using 112 samples (Figure S1).

The alpha diversity indexes, including Chao1l,
Shannon, and phylogenetic diversity, were sig-
nificantly higher in the normal group than in the
cancer groups (P < 0.0001, P < 0.05, and P <
0.01, respectively, Figure 1A). When comparing
the three histologic cancer types, Chaol and
phylogenetic diversity were higher in the nor-
mal group than in the AC and SCC groups
(Figure 1B). The comparison among the four
groups in accordance with the histologic type
and EGFR mutation showed that the normal
group had greater diversity than all the other
groups, as assessed via the Chaol index
(Figure 1C). When we performed sub-analysis
by rarefying samples to the depth of 25 and
100 sequences, according to the study flow of
Figure S2, not only the Chaol index but also the
phylogenetic diversity was greater in the nor-
mal group than in all the other groups (Figure
S3).
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Unweighted UniFrac distances were calculated
to evaluate the similarity of microbiota profiles.
The PCoA based on the unweighted UniFrac
distance revealed significant compositional dif-
ferences among different groups, indicating a
more heterogeneous microbial distribution in
the cancer group (Eigure S4B and S4C). The
results of the sub-analysis, wherein samples
were rarefied to a depth of 25 and 100 sequ-
ences, were similar (Figure S3). Among the
cancer groups, there was also a compositional
difference between AC and SCC (Figure S4D).
The box-and-whisker plot of unweighted intra-
group UniFrac distances showed that the can-
cer group had a significantly greater dissimilar-
ity among samples than the normal group, in
the following order: SCC, AC, and normal group

(Figure S4E-S4H).
Differential abundance analysis

To detect the taxa with differential abundance
among the different groups, we used LEfSe
with an LDA value of 3.0. By comparing the
cancer and normal groups, 25 bacterial taxa
at the genus level with significant abundance
differences were identified. The genera Rom-
boutsia, Christensenellaceae R-7 group, Novo-
sphingobium, Acinetobacter, Rhizobium, and
Prevotella were significantly overrepresented
in the cancer group, whereas other taxa, includ-
ing Staphylococcus, Burkholderiaceae, and
Cutibacterium, were enriched in the normal
group. The taxa enriched in the different groups
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Figure 1. Comparison of the alpha diversity indexes (Chaol, Shannon, and phylogenetic diversity) between lung
cancer and normal lung tissues. (A) Normal vs. Cancer, (B) Normal vs. AC vs. SCC, and (C) Normal vs. AC EGFR+
vs. AC EGFR- vs. SCC. Box plot represents the minimum, first quartile, median, third quartile, and maximum of the

alpha indexes.

are displayed in Figure 2. Notably, compared
with the normal group, Haemophilus influenzae
(H. influenzae) was enriched in the SCC group
(Figure 2). In total, four ASVs were classified
as species H. influenzae and there were nine
samples containing these ASVs. Seven of them
(77.8%, 7/9) were in the SCC group, one in the
normal group, and the other in the AC group.
Table S1 presents the ASV count classified as
species H. influenzae in each sample. We
selected two SCC tissues with the most abun-
dant H. influenzae ASVs. The tissues were dis-
rupted with stainless steel beads, plated, and
cultured on Chocolate agar in 5% CO, at 37°C.
After three days, we observed colonies in one
of the two SCC tissues. We picked the colonies,
spread them onto a fresh Chocolate agar plate
using the dilution streaking method [21], and
incubated the plate at 37°C and 5% CO, for
three days. We could identify H. influenzae from
the pure culture using 16S rRNA sequencing.

Neutral community model-based dominance
test

We used a neutral community model-based
dominance test to determine the cause of the
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lung microbiome difference between the nor-
mal and cancer groups (Figure S5). The good-
ness-of-fit (R?) values were 0.74 and 0.64 for
the normal and cancer groups, respectively.
Considering that an R? value close to 1 implies
that the composition of the lung microbiome is
consistent with the neutral processes of dis-
persal and ecological drift [18], the microbial
community of the normal group was a better fit
to the neutral model than that of the cancer
group. Next, we determined whether any ASVs
deviated from the predictions of the neutral
model. While some ASVs, including the genera
Micrococcus, Romboutsia, Novosphingobium,
Bacteroides, Parasutterella, and Sphingobium,
were overrepresented, H. influenzae species
and Burkholderiaceae family were underrepre-
sented in the cancer group.

Microbiome analysis according to the postop-
erative lung cancer stage

To address the association between the lung
microbiome and the prognosis of lung cancer,
microbial diversity and taxonomy were ana-
lyzed by dividing the samples according to the
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Figure 3. Microbiome analysis according to the postoperative lung cancer stage. (A) Comparison of the alpha di-
versity indexes (Chaol, Shannon, and phylogenetic diversity), (B) Principal coordinates analyses of the unweighted
UniFrac distance, (C) Box-and-whisker plot of unweighted intragroup UniFrac distances, and (D) LEfSe analysis of

the bacterial communities.

postoperative stage: stages I-ll and stages llI-
IV of TNM classification. The alpha diversity,
which was evaluated via Chaol, and the phylo-
genetic diversity steadily declined from normal
to stages I-ll and to stages Ill-IV (Figure 3A).
Compositional differences were noted based
on the beta diversity analysis. The PCoA plot
revealed that the microbial distribution differed
according to the postoperative lung cancer
stage (P = 0.014, Figure 3B). Although there
was no statistical significance, lung cancer at
an advanced stage tended to have greater dis-
similarities (Figure 3C). In the LEfSe analysis
of three subgroups according to the postopera-
tive lung cancer stage, the Staphylococcus,
Burkholderia-Caballeronia-Paraburkholderia,
and Peptoniphilus genera were enriched in the
advanced stage lung cancer group (Figure 3D).

Microbiome analysis according to lung cancer
recurrence

Next, we analyzed the microbial diversity and
taxonomy by dividing the samples according to
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recurrence during the follow-up period. The
alpha diversity indexes did not differ according
to recurrence (Figure 4A). Compositional differ-
ences were noted based on beta diversity anal-
ysis. The PCoA plot revealed that the microbial
distribution differed with recurrence, present-
ing a more heterogeneous microbial distribu-
tion in the cancer with recurrence group (P =
0.002, Figure 4B). Considering the unweight-
ed intragroup UniFrac distance in Figure 4C,
the dissimilarity among the samples steadily
increased in the following order: normal, lung
cancer without recurrence, and lung cancer
with recurrence. In the LEfSe analysis of the
three subgroups according to recurrence, sev-
eral differential microbial taxa, including the
Stenotrophomonas, Bacteroides, and Peptoni-
philus genera, were noted in the cancer with
recurrence group (Figure 4D). We used the
Kaplan-Meier method to estimate the cumula-
tive rate of recurrence according to the pres-
ence of the genus Stenotrophomonas, which
was identified as the most predominant in the
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Figure 4. Microbiome analysis according to the recurrence of lung cancer. (A) Comparison of the alpha diversity
indexes (Chaol, Shannon, and phylogenetic diversity), (B) Principal coordinates analyses of the unweighted UniFrac
distance, (C) Box-and-whisker plot of unweighted intragroup UniFrac distance, (D) LEfSe analysis of the bacterial
communities, and (E) The cumulative rate of recurrence according to the presence of the Stenotrophomonas genus.

lung cancer with recurrence group. The cumula-
tive rate of recurrence was significantly higher
in the groups with Stenotrophomonas than in
those without Stenotrophomonas (P = 0.013,
Figure 4E).

Pathway analysis predicted using PICRUSt2

To better understand how the bacterial func-
tional profiles differed according to the histo-
logic type of cancer, we used PICRUSt2, a bioin-
formatic analysis tool, to predict the functional
metagenomes from 16S rRNA gene profiling
data. We found 18 differentially abundant
MetaCyc pathways among the three groups
(with an LDA score > 2.9) (Figure 5). The path-
ways related to the tricarboxylic acid (TCA)
cycle, sulfur compound metabolism, fatty acid
salvage, and L-glutamate and L-glutamine bio-
synthesis were predominantly observed in the
AC group, whereas those related to adenine
and adenosine salvage, acetylene degradation,
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purine and pyrimidine nucleotide degradation,
L-arginine degradation, formaldehyde assimi-
lation, biotin biosynthesis, and 2-carboxy-1,4-
naphthoquinol biosynthesis were predominant
in the SCC group.

Discussion

Although an increasing number of studies have
profiled the microbiome of respiratory samples
from lung cancer patients, the microbiota pro-
files of lung cancer tissues and their associa-
tion with clinical and pathological parameters
remain unexplored. One of the key findings in
our study was that the alpha diversity was sig-
nificantly higher in normal lung tissues than in
the cancer tissues, and the microbial composi-
tion differed according to the histologic type of
cancer and the EGFR mutation. When we con-
ducted a stratified sub-analysis to address the
association between the lung microbiome and
lung cancer prognosis, microbial compositional

Am J Cancer Res 2022;12(5):2350-2362



The microbiome of lung cancer tissue

LDA score > 2.9

PWY_6609jadenine and adenosine salvage Iil W Normal
PWY 6969[TCA cycle V (2-oxoglutarate synthase) 2 B
P161_PWY|acetylene degradation (anaerobic)

PWY0_1296jpurine ribonucleosides degradation
PWY0_1

_ p degradation
P105_PWY|TCA cycle IV (2-oxoglutarate decarboxylase) 0
SULFATE_CYS _| of sulfa lation and cysteine
PWY_7094fatty acid salvage
TCA GLYOX_BYPASSjsuperpathway of glyoxylate bypass and TCA
PWY_5505/Chimeric Pathway: L-glutamate and L-glutamine biosynthesis
SO4ASSIM_PWYlassimilatory sulfate reduction | -2
PWY0_1 of pyr degradation

i of N rh ine and - dograd
ARGORNPROST_PWY|L-arginine degradation
TEICHOICACID_PWY[poly(glycerol phosphate) wall teichoic acid biosynthesis
PWY_1861formaldehyde assimilation Il (assimilatory RuMP Cycle)
PWY 5005/biotin biosynthesis Il
PWY_5837]2 y

2
falatale
mm'm!
800
89%
233

RN M)

3
m
o)
k]
]
) o)

2

35555583
'm'm'mmmmmm
00000000
kbbb
EEEEEEEE]
walalololal
RBRIVERR
S3N88222

!

2
g
]

Figure 5. Heatmap of the differentially presented pathways according to the histologic type of cancer predicted using PICRUSt2. Red represents a high abundance,
whereas blue represents a low abundance. Significance was determined based on an LDA score > 2.9 and P < 0.05.

2358 Am J Cancer Res 2022;12(5):2350-2362



The microbiome of lung cancer tissue

differences were noted according to the post-
operative lung cancer stage and the presence
of recurrence. Finally, we found several inferred
metagenomic functional pathways enriched in
different histologic types of cancer from the
16S rRNA data.

Greathouse et al. showed a similar alpha diver-
sity between non-tumor adjacent tissues and
tumor tissues [6]. Another study showed that
the alpha diversity was significantly lower in
tumor tissues than in non-malignant lung tis-
sues, but no significant differences were
observed in the overall composition (beta diver-
sity) [8]. We revealed the compositional differ-
ences between the normal and cancer groups,
as well as a decreased bacterial diversity in
lung cancer tissues compared to that in normal
lung tissues. This suggested that the dysbiosis
and altered microbial composition may be
associated with cancer pathogenesis.

Only a few studies have reported the microbi-
ome profile in lung cancer tissues. Liu et al.
observed that lung cancer patients had a high-
er prevalence of Firmicutes (Streptococcus)
and Bacteroidetes (Prevotella) than emphyse-
ma-only patients [22]. In our study, Provotella_
9 was also predominant in cancer tissues,
particularly in the AC EGFR+ group. Another
study by Apopa et al. found that the predomi-
nant phyla in the formalin-fixed lung sampl-
es embedded in paraffin were Actinobacteria,
Proteobacteria, and Bacteroidetes. The Cyano-
bacteria phylum was consistently observed
in AC samples [22]. We found that the Rom-
boutsia, Christensenellaceae R-7 group, Novo-
sphingobium, Acinetobacter, Rhizobium, and
Prevotella genera were significantly overrepre-
sented in the cancer group, with some ASVs
occurring more frequently than predicted us-
ing the neutral community model. A previous
study reported that the Novosphingobium
genus is present in more severe chronic
obstructive pulmonary disease and increases
inflammation in a smoke exposure mouse
model [23]. It might also promote carcinogene-
sis by creating an inflammatory milieu. Pre-
viously, 16S rRNA gene sequencing and tran-
scriptome analyses of bronchial brushing sam-
ples revealed that airway Veillonella, Strep-
tococcus, and Prevotella are associated with
the upregulation of extracellular signal-regulat-
ed kinase and phosphoinositide 3-kinase sig-
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naling pathways, which regulate cell prolifera-
tion, survival, and differentiation in the airway
[24].

Here, H. influenzae was enriched in the SCC
group compared to the normal group, and we
demonstrated the presence of H. influenzae
from a pure culture of SCC lung tissues. Ochoa
et al. found that the exposure of the airway to
smoke particulates and non-typeable H. influ-
enzae promoted lung cancer cell proliferation
via the release of interleukin-6 and other
inflammatory cytokines, which further activat-
ed the signal transducer and activator of tran-
scription 3 and nuclear factor kB pathways
in the airway epithelium [25]. Additionally, sev-
eral studies reported that airway inflamma-
tion induced by non-typeable H. influenzae pro-
vides a tumor microenvironment that favors
lung tumor promotion and progression [26-28].
Thus, lung microbiota could lead to carcinogen-
esis via several mechanisms, such as the cre-
ation of an inflammatory milieu, metabolic
effects of dyshiosis, and genotoxicity [4, 29],
and H. influenzae may be associated with these
mechanisms.

We performed a stratified sub-analysis accord-
ing to the postoperative stage and the recur-
rence of lung cancer to address the associa-
tion between the lung microbiome and lung
cancer prognosis. Although Kovaleva et al. did
not find any significant differences in alpha
diversity between tumors at different stages,
they reported a tendency of alpha diversity
increase in tumors at later stages [30]. In con-
trast, here, several alpha diversity indexes
steadily declined from normal to more advanc-
ed stages, reflecting a trend toward better
prognosis with higher alpha diversity. More-
over, a previous pilot study demonstrated that
several microbiota in normal lung tissues were
associated with recurrence-free survival; how-
ever, the association between tumor tissue
microbiome and survival was not revealed [10].
We found that there was a microbial composi-
tional difference along with the presence of
recurrence during the follow-up period, with
the cancer with recurrence group presenting a
more heterogeneous microbial distribution.
Representatively, the Stenotrophomonas gen-
us, which is known as a significant pathogen,
particularly in patients with obstructive lung
cancer [31, 32], was identified as the most pre-
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dominant genus in the lung cancer with recur-
rence group.

We further investigated the inferred metabolic/
metagenomic function of the lung microbiome
from 16S rRNA data of lung tissues in different
histologic types of lung cancer. Cheng et al.
performed 16S rRNA sequencing to show that
the pathways of ribosome, pyrimidine, and
purine metabolism were overrepresented in
the bronchoalveolar lavage samples of lung
cancer patients [33]. Furthermore, Apopa et al.
showed that the peroxisome proliferator-acti-
vated receptors signaling pathway and the D-
glutamine and D-glutamate metabolism were
more enriched in AC than in SCC [22]. In our
study, pathways such as the TCA cycle, and L-
glutamate and L-glutamine biosynthesis were
predominant in the AC group. Emerging evi-
dence demonstrates that certain cancer cells,
particularly those with deregulated oncogene
and tumor suppressor expression, rely heavily
on the TCA cycle for energy production and
macromolecule synthesis [34]. Lung cancer
cells also require glutamine as a nitrogen
source for various anabolic processes in can-
cer and as an anaplerotic carbon source that
replenishes the TCA intermediates [35]. More-
over, the pathway related to purine and pyrimi-
dine nucleotide degradation was predominant
in the SCC group. Increased nucleotide metab-
olism, which is a critical pathway for DNA repli-
cation, RNA synthesis, and cellular bioenerget-
ics, suggests uncontrolled growth of tumors
and is a hallmark of cancer [36]. The microbi-
ome of lung cancer might play a role in these
associated pathways. Further studies of func-
tional microbiomic approaches, focused on the
metabolic activity and function of the lung
microbiota, are needed.

This study has several limitations. First, this
study has a cross-sectional design, from which
it is difficult to infer causality. Second, only a
single race (Asian) was included, and the micro-
biota composition can differ according to racial
characteristics [37, 38]. Third, although there
were various subtypes of EGFR mutations,
including exon 19 deletions and the L858R
point mutation, we did not investigate which
mutation occurred in each AC EGFR+ tissue
sample. Finally, further studies with validation
cohorts are needed for more confirmative
results.
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In conclusion, we showed that the lung can-
cer tissues had significantly lower alpha diver-
sity than the normal tissues and that the micro-
bial composition differed according to the can-
cer histologic type and a genetic mutation.
Then, we revealed that alpha diversity steadily
declined from normal to more advanced stag-
es, and there were microbial compositional dif-
ferences according to the presence of recur-
rence. Finally, we found several inferred meta-
genomic functional pathways enriched in diff-
erent histologic types of lung cancer. These
findings suggest that the altered microbial
composition in lung cancer might be associat-
ed with cancer initiation and/or progression.
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Figure S2. Study flow as rarefying samples at various sequences.
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Figure S3. Comparison of the alpha and beta diversities between lung cancer and normal lung tissues by rarefying samples to the depth of 25 and 100 sequences.
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Figure S4. Comparison of the beta diversity between lung cancer and normal lung tissues. (A-D) Principal coordi-
nates analyses of the unweighted UniFrac distance between different groups. (A) Normal vs. Cancer, (B) Normal vs.
AC vs. SCC, (C) Normal vs. AC EGFR+ vs. AC EGFR- vs. SCC, and (D) AC vs. SCC. (E-H) Box-and-whisker plot of un-
weighted intragroup UniFrac distance between each sample and all other samples from the same group. (E) Normal
vs. Cancer, (F) Normal vs. AC vs. SCC, (G) Normal vs. AC EGFR+ vs. AC EGFR- vs. SCC, and (H) AC vs. SCC.

Table S1. The ASV count classified as species H. influenzae in each sample

Group Patient age/sex ASV1 ASV9 ASV24 ASV1011
Normal 80/F 0 0 0 5
AC 58/F 225 0 0 0
SCC 72/M 796 4,008 820 0
SCC 71/M 6 0 0 0
SCC 67/M 0 15 0 0
SCC 66/M 3 0 0 0
SCC 83/M 0 54 0 0
SCC 71/F 29,116 0 0 0
SCC 59/M 6 0 0 0

ASV, amplicon sequence variant; AC, adenocarcinoma; SCC, squamous cell carcinoma.
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Figure S5. The neutral community model-based dominance analysis. The theoretical and observed relationships
between the log mean relative abundance of a species and the occurrence frequency were compared. Each dot
represents a different amplicon sequence variant (ASV), and the solid green line represents the best fit to the neu-
tral mode. The dashed lines indicate the 95% confidence intervals for the neutral model prediction. The ASVs that
occurred more frequently than predicted using the model are shown in orange, whereas those that occurred less
frequently than predicted are shown in blue.



