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ARTICLE INFO ABSTRACT

Keywords: Despite advances in medical technology, lung cancer still has one of the highest mortality rates
Lu.ng cancer among all malignancies. Therefore, efforts must be made to understand the precise mechanisms
Microbiome underlying lung cancer development. In this study, we conducted lung and gut microbiome an-
Metabolome . . . . . .
Lipid alyses and a comprehensive lipid metabolome analysis of host tissues to assess their correlation.

Alternations in the lung microbiome due to lung cancer, such as a significantly decreased
abundance of Firmicutes and Deferribacterota, were observed compared to a mock group. However,
mice with lung cancer had significantly lower relative abundances of Actinobacteria and Proteo-
bacteria and higher relative abundances of Cyanobacteria and Patescibacteria in the gut micro-
biome. The activations of retinol, fatty acid metabolism, and linoleic acid metabolism metabolic
pathways in the lung and gut microbiomes was inversely correlated. Additionally, changes
occurred in lipid metabolites not only in the lungs but also in the blood, small intestine, and
colon. Compared to the mock group, mice with lung cancer showed that the levels of adrenic,
palmitic, stearic, and oleic (a -9 polyunsaturated fatty acid) acids increased in the lungs.
Conversely, these metabolites consistently decreased in the blood (serum) and colon. Leukotriene
B4 and prostaglandin E2 exacerbate lung cancer, and were upregulated in the lungs of the mice
with lung cancer. However, isohumulone, a peroxisome proliferator-activated receptor gamma
activator, and resolvin (an w-3 polyunsaturated fatty acid) both have anti-cancer effects, and were
upregulated in the small intestine and colon. Our multi-omics data revealed that shifts in the
microbiome and metabolome occur during the development of lung cancer and are of possible
clinical importance. These results reveal one of the gut-lung axis mechanisms related to lung
cancer and provide insights into potential new targets for lung cancer treatment and prophylaxis.

Gut-lung axis

1. Introduction

Cancer is a major cause of death worldwide, and lung cancer has one of the highest mortality rates among all malignancies [1-3].
More than 80 % of all patients with lung cancer are diagnosed with non-small cell lung cancer (NSCLC) [4]. Despite considerable
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advances in medical technology, lung adenocarcinoma (LUAD), the most common type of NSCLC [4], is often diagnosed at an
advanced stage [5], and its prognosis remains poor. Therefore, a better understanding of the precise mechanisms underlying the
pathophysiology of LUAD is required.

Accumulating evidence has suggested that patients with colon cancer have different gut microbiome compositions compared to
healthy volunteers, and some bacteria that comprise the human gut microbiome can be partially linked to the development of colon
cancer [6] through the alteration of their immune and metabolic functions [7-10]. Additionally, a previous clinical study revealed that
the lower airway dysbiotic signature was more prevalent in a stage IIIB-IV tumor-node-metastasis lung cancer group and was
associated with poor prognosis [11]. These results suggest that lower airway dysbiosis affects lung cancer progression. However, the
mechanisms by which the lung microbiome affects the progression of lung cancer are not fully understood [7].

Moreover, some studies have suggested the existence of a gut-lung axis, which can be related to the development and protection
against certain diseases, including cancer, through metabolites derived from microorganisms, host tissues, and immune cells [8,
12-15]. Therefore, it is important to understand the role of the gut-lung axis in lung cancer progression. However, most studies on
patients with lung cancer have focused on alterations in the microbiome and metabolites of either the lungs or gut [11].

Recent studies have revealed that lipids are associated with cancer progression [16-18], and that the gut microbiome affects host
lipid metabolism [19,20]. As -3 polyunsaturated fatty acids (PUFAs) produced by colon tissue promote interferon production in the
lungs, long-chain fatty acids affect the host immune system in a viral infection model [12]. Therefore, lipid metabolites may play an
important role in connecting the lungs and gut to promote or inhibit lung cancer. However, the mechanisms by which lipid metabolites
in the gut and lungs change in response to lung cancer and affect the disease remain unknown.

Therefore, comprehensive metagenomic and lipid metabolome analyses may provide an effective approach to understanding lung
cancer development through associated changes in the lung and gut environments. To investigate these relationships, we conducted an
in vivo study using a lung cancer model.

2. Materials and methods
2.1. Mice

Pathogen-free female C57BL/6J mice (14-15 weeks old), weighing approximately 30 g, were obtained from Charles River Labo-
ratories Japan, Inc. (Yokohama, Japan). The mice were maintained and administered food and water ad libitum, as previously
described [12]. This in vivo study was performed in accordance with the ARRIVE guidelines 2.0 (https://arriveguidelines.org), Jap-
anese College of Laboratory Animal Medicine publication guide (https://www.jalam.jp/), and American Veterinary Medical Associ-
ation guidelines (https://www.avma.org). This study was reviewed and approved by the ethics committee of Aichi Medical University
(2022-50).

We prepared 30 mice with Lewis lung carcinoma (LLC) cells injected (plus 10 mice in the mock group) to evaluate the body weight
and survival ratio. Additionally, we injected 50 mice with LLC cells (n =5, 5, 5, 5, 10, and 20 for days 0, 7, 14, 21, 28, and 32 sampling
points) to evaluate tumor colon number, lung weights, and tumor volumes, 20 mice to evaluate the lung/colon microbiome (n =5, 5,
and 10 for mock group, day 21, and day 28), and 27 mice to evaluate lipid metabolites (n = 7 and 20 for mock group and day 28).

2.2. Cell culture

The mouse LLC cell line (CRL-1642) was purchased from the American Type Culture Collection (ATCC, Manassas, VA, USA).
Dulbecco’s Modified Eagle’s medium was obtained from ATCC (Manassas, VA, USA). Fetal bovine serum was obtained from Gibco
(Waltham, MA, USA). Penicillin-streptomycin stocks were obtained from Wako (Osaka, Japan). The cells were cultured at 37 °C in a
humidified atmosphere containing 5 % CO».

2.3. Treatment of mice

According to the methods used in previous studies [21], LLC cells (1 x 106) suspended in 100 pL of phosphate-buffered saline (PBS)
were injected into the tail vein of C57BL/6J female mice under anesthetic on day 0 using a 29-G syringe needle. At each time point
(days 0, 7, 14, 21, 28, and 32 after tail vein injection of LLC cells), the mice were sacrificed by cervical dislocation following exposure
to saturated COs. Fecal samples from colonic tissue and bronchoalveolar lavage fluid (BALF) were collected from the mice on days 0,
21, and 28 and used for microbiome analysis. The BALF was collected using PBS (0.5 mL) as described previously [19]. We could not
analyze the lung and gut microbiomes on day 32, because only a few mice injected with LLC cells survived. The lung, blood (via
cardiopuncture), small intestine, and colonic tissues were collected on for lipid metabolome analysis on day 28. Because some mice
died between sampling points, we failed to inject the LLC cells via the tail vein and gather adequate amounts of bacterial genes the from
BALF samples; therefore, the number of mice at each time point was different.

2.4. Assessment of physiological condition
During the study period, the mice were monitored daily. Weight loss was assessed on days 0, 7, 14, 21, 28, and 32. These data were

reported as the percentage of weight loss from the initial body weight (day 0) [12]. At each time point, metastases to the lungs, spleen,
kidneys, liver, and intestines were monitored. Subsequently, the lungs were weighed, and the number of tumor colonies and lung size
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were measured. Each tumor volume was calculated according to equation V = (length x widthz)/Z, and summarized for each mouse
[22].

2.5. Pathologic evaluation

In this in vivo study, lung tissues were evaluated for histological changes, as previously described [12]. The lungs fixed with 10 %
neutral buffered formalin were embedded in paraffin, cut into 3-pm sections, and stained with hematoxylin and eosin for histological
analysis using light microscopy.

2.6. Lung and gut microbiome analyses

Microbiome analysis was conducted, according to methods described in a previous study, with small modifications [12,19,20,23].
The BALF and fecal samples were used to characterize the microbiome compositions of the lungs and colon. Meta 16S rRNA gene
sequencing polymerase chain reaction was performed to the hypervariable V3-V4 region of the 16Sr RNA gene using Ex Taq Hot Start
(TAKARA Bio, Shiga, Japan), [llumina forward primer 50-AATGATACGGCGACCACCGAGATCTACAC (adaptor sequence) + barcode
(eight bases) + ACACTCTTTCCCTACACGACGCTCTTCCGATCT (sequence primer) + CCTACGGGNGGCWGCAG-30 (341F), and the
[lumina reverse primer 50-CAAGCAGAAGACGGCATACGAGAT (adaptor sequence) + barcode (eight bases) + GTGACTGGAGTT-
CAGACGTGTGCTCTTCCGATCT (sequence primer) + GACTACHVGGGTATCTAATCC-30 (805R). A Quantus Fluorometer and Quan-
tiFluor dsDNA System (Promega Corporation, Madison, WI, USA) were used to quantify DNA, and the samples were then prepared by
pooling equal amounts of amplified DNA and sequenced using the MiSeq Reagent Kit V3 (600 cycles) (Illumina, San Diego, CA, USA).

The 16S rRNA sequence data generated by the MiSeq sequencer (Illumina) were processed using the Quantitative Insights into
Microbial Ecology pipeline (QIIME 2) (https://docs.qiime2.0org/2020.6/). Sequences with an average quality value < 20 were
excluded. Additionally, a-diversity was calculated using QIIME 2. To compare the microbial composition between samples, p-diversity
was measured by calculating the weighted UniFrac distances using QIIME 2 default scripts. Principal coordinate analysis (PCoA) was
applied to the resulting distance matrices to generate two-dimensional plots.

2.7. Predictive functional profiling of gut microbial communities (PICRUSt)

To gain more insight into the metagenomics-based function of the microbiome in each group of mice, Phylogenetic Investigation of
Communities by Reconstruction of Unobserved States (PICRUSt) v2.4.1 was used, as previously described [19]. The predicted data
were collapsed into hierarchical categories (KEGG-Level-3), and the relative abundances of lung and gut metabolic functions were
calculated using R software. The Kruskal-Wallis test was used for statistical analyses. Differentially expressed compounds with a linear
discriminant analysis (LDA) score p < 0.05 using the Benjamini-Hochberg method were considered statistically significant.

2.8. Long-chain lipid metabolome analysis

Long-chain lipid metabolomic analysis was conducted as described previously, with minor modifications [12,19,20]. Briefly, the
lungs, blood (serum), small intestine, and colon were sampled from the mice and immediately cryopreserved (stored at —80 °C). The
lungs, small intestine, and colon were lyophilized, and 10 mg was weighed after ball milling. Alternatively, 180 mL of methanol was
added to 20 mL of the blood sample, and the mixture was vortexed for 1 min. We used a Vanquish ultra-high-performance liquid
chromatography (UHPLC) system (Thermo Fisher Scientific), Q Exactive Focus (Thermo Fisher Scientific), with an electrospray
ionization device, liquid chromatography-tandem mass spectrometry (LC-MS/MS), and Orbitrap LC-MS/MS analyses using an Acclaim
RSLC120 C18 (Thermo Fisher Scientific) instrument to conduct the analysis.

Orbitrap LC-MS/MS analyses were performed in negative ion mode. Mobile phase A consisted of MilliQ and 0.1 % formic acid
(Kanto Chemical Co., Inc., Tokyo, Japan). Acetonitrile (Kanto Chemical Co., Inc.) was used as mobile phase B. Two microliters of the
sample was injected and measured. Gradient elution was applied at a flow rate of 400 pL/min using the following time program:0-0.5
min 20 % B, 0.5-15.0 min linear increase to 98 % B, 15.0-25.0 min remained at 98 % B, and 25.0-32.0 min linear decline to 20 % B.

Measured raw data were assigned to lipid metabolites by lipid MS/MS library as mentioned above after normalization, filtering,
alignment, and peak identification using Compound Discoverer (Thermo Fisher Scientific) Version 3.1.

2.9. Quantification and statistical analysis

Quantification and statistical analyses were performed as described previously [12]. Data are presented as mean =+ standard de-
viation. Unless otherwise stated, all statistical analyses were performed using GraphPad Prism version 9 (GraphPad Software, San
Diego, CA, USA). The Mann-Whitney U test (non-parametric) or independent samples t-test (parametric) was used to evaluate dif-
ferences between two groups. For multiple group comparisons, statistical analysis was performed using the Kruskal-Wallis test
(non-parametric), followed by the Dunn’s test as a post-hoc test, or one-way analysis of variance (parametric), followed by the
Bonferroni correction. The Kaplan-Meier curves and log-rank tests were used to perform survival analysis and to compare the groups.
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3. Results
3.1. Lewis lung carcinoma cells selectively metastasize to the lungs and cause lung cancer

To evaluate whether LLC cells selectively metastasized to the lungs and underwent tumorigenesis, we injected the LLC cells (1 x
10) into the tail vein on day O (Fig. 1A). The LLC cell-injected mice showed a significant decrease in weight on days 28 and 32
compared with the mock group (Fig. 1B). The survival rates of the LLC cell-injected mice were significantly lower than those of the
mock group (Fig. 1C). Although we did not observe tumor colonies in the spleen, liver, kidneys, or intestines of the LLC cell-injected
mice, the number of tumor colonies in the lungs and volume of lung tumors increased during the study period (Fig. 1D and E).
Additionally, the LLC cell-injected mice had significantly heavier lungs on days 28 and 32 than those in the LLC cell-injected mice on
day 0 (Fig. 1F). Compared with the mock group, the LLC cell-injected mice showed thickening and broadening of the alveolar septa
accompanied by infiltration of inflammatory cells on histological examination of the lungs (Fig. 1G). These results suggested that the
injected the LLC cells metastasized to the lungs with high selectivity, and progressed to lung cancer during the study period. Hence, we
used the LLC cell-injected mice as a lung cancer model.

3.2. Lung cancer alters lung and gut microbiomes

To reveal the impact of lung cancer on the lung and gut microbiomes, we conducted microbiome analysis on days 21 and 28
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Fig. 1. Lewis lung cancer (LLC) cells metastasize selectively to the lungs and cause lung cancer

(A) C57BL/6J mice received LLC cells (1 x 10°) via tail injection.

(B and C) body weight (B) results are presented as mean + standard deviation (SD) and survival rate (C). Mock, n = 10; LLC cell-injected mice, n =
30.

(D, E, and F) Tumor colony counts in the lungs (D), tumor volume in the lungs (E), weight of the lungs (F). Mock group mice and the LLC cell-
injected mice were sacrificed on days 0, 7, 14, 21, 28, and 32 (n = 5 or 3). Results are presented as mean + SD. Each dot represents an individ-
ual mouse.

(G) Representative lung histological images on day 28 after LLC cell injection (scale bar, 100 mm at the bottom right). Black arrow shows tumor
nodules (left). Three images from right were derive from different mice, respectively.

Results were considered statistically significant if the p value was <0.05 (****p < 0.001, ***p < 0.001, **p < 0.01).
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(Fig. 2A) to determine changes in the murine lung, and gut microbiomes at the phylum level. Bar graphs showed the mean abundance
of the bacterial families (Fig. 2B). Mice with lung cancer showed a significantly decreased abundance of Firmicutes and Deferribacterota
in the lung microbiome compared to the mock group. However, mice with lung cancer showed a significantly lower relative abundance
of Actinobacteria and Proteobacteria and a higher relative abundance of Cyanobacteria and Patescibacteria in the gut microbiome than
the mock group.

Patients with lung cancer have different lung and gut microbes compared with healthy volunteers [7]. In this study, we found that
mice with lung cancer also had different lung and gut microbiomes from the mock group (Fig. 2C and D). Lung cancer mice showed
decreased o-diversity in the lung microbiome compared with the mock group on day 28, but the difference was not significant
(Fig. 2C). Conversely, lung cancer mice had increased a-diversity in the gut microbiome (Fig. 2C). Additionally, PCoA showed that lung
cancer altered the composition of bacterial communities in the lungs and gut (Fig. 2D). On day 28, the lung microbiome in the lung
cancer mouse group had significantly clustered bacterial communities compared to that in the mock group. Similarly, on Days 21 and
28, the gut microbiome in the lung cancer group showed significant clustering of bacterial communities and divergence from the mock
group.

At the genus level, the lung cancer mice showed a significantly different relative abundance of 7 and 13 species in the lung and gut
microbiomes on days 21 and 28, respectively, compared with the mock group (Figs. S2A and S2B). In the lung microbiome, Mucis-
pirillum spp., Bacillus spp., Roseburia spp., Blautia spp., and Oscillibacter spp. Showed lower relative abundance in the lung cancer mouse
group than those in the mock group, whereas Muribaculaceae and Enterobacteriaceae showed higher relative abundance in the lung
cancer mouse group (Fig. S2A). Conversely, in the gut microbiome, Enterorhabdus spp., Parvibacter spp., Muribaculaceae, Desulfovi-
brionaceae, Ligilactobacillus spp., Parasutterella spp., and Eubacterium brachy showed lower relative abundance in the lung cancer mouse
group than that in the mock group. However, RF39, Candidatus saccharimonas, Gastranaerophilales spp., Lachnospiraceae, Monoglobus
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Fig. 2. Lung cancer alters the lung and gut microbiomes

(A) C57BL/6J mice received Lewis lung cancer (LLC) cells (1 x 10°) via tail injection. Mock, n = 5; lung cancer mice were sacrificed on days 21 (n =
4) and 28 (n = 4).

(B) Bacterial composition in the lungs (left) and gut (right) at the phylum level.

(C) Comparison of the Chaol index of different groups. The box and whiskers represent the smallest and largest values, with the median in the center
of each box. Results were considered statistically significant if the p value was <0.05 (*p < 0.05; ns indicates not significant).

(D) Principal coordinates analysis (PCoA) based on weighted UniFrac distances among three groups (mock, lung cancer sacrificed on day 21, and
lung cancer sacrificed on day 28). Each dot represents an individual mouse. See also Fig. S2.
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spp., and Ruminococcaceae were significantly more abundant in the lung cancer group than those in the control group (Fig. S2B).

3.3. Lung cancer alter metabolic functions in the lung and gut microbiomes

To reveal the alterations in metabolic functions in the lung and gut microbiomes, we used the PICRUSt analysis and found that lung
cancer mice on days 21 and 28 showed significantly different relative abundances of 5 and 26 metabolic pathways in the lung and gut
microbiomes, respectively, compared with the mock group (Fig. 3A). In the lung microbiome, “alanine, aspartate, and glutamate
metabolism,” “homologous recombination,” “retinol metabolism,” “fatty acid metabolism,” and “linoleic acid metabolism” were
significantly altered in the lung cancer mouse group compared to those in the mock group (Fig. 3B). Retinol metabolism in the lung
microbiome was significantly activated, whereas metabolic function in the gut microbiome was significantly attenuated in the lung
cancer mouse group (Figs. 3B and S3A). Similar trends were observed for the fatty acid and linoleic acid metabolisms in the lung and
gut microbiomes. The activation of these metabolic pathways in the lung and gut microbiomes was inversely correlated (Figs. 3B and
S3A).

3.4. Lung cancer changes lipid metabolic profiles in host lung, blood, small intestine, and colon

To determine how lung cancer affects lipid metabolism in the host, comprehensive lipid metabolite analyses of the colon, small
intestine, blood (serum), and lungs were conducted (Fig. 4A). Structural isomers, including 519, 941, 619, and 463 lipid metabolites,
were assigned after comparison with fragment libraries. The PCoA showed that lung cancer altered the lipid metabolite composition in
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Fig. 3. Lung cancer alters metabolism in the lungs

(A) Heatmap representing the ratio of the mock group to the relative abundance of the metabolic functions in the lung and gut microbiome. C57BL/
6J mice received LLC cells (1 x 10°) via tail injection. Mock, n = 5; lung cancer mice sacrificed on days 21 (n = 4) and 28 (n = 4).

(B) Effect of lung cancer on relative abundance of the metabolic functions in the lung microbiome. Results are presented as mean + standard
deviation (SD). Each dot represents an individual mouse. Results were considered statistically significant if the p value was <0.05 (**p < 0.01, *p <
0.05; ns indicates not significant). See also Fig. S3.
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the lungs and gut (Figs. S4A-S4D). Additionally, in the mice with lung cancer, 18, 23, 21, and 17 metabolites in the colon, small
intestine, blood (serum), and lungs, respectively, showed significantly different peak intensities compared to those of the mock group
(Fig. 4B-E). Most metabolites in the lungs were upregulated in the lung cancer mice group compared to those in the mock group,
whereas most metabolites in the blood (serum), small intestine, and colon were downregulated in the lung cancer mice group. The
levels of adrenic (an ©-6 PUFA), palmitic, stearic, and oleic (an w-9 PUFA) acids increased in the lungs. Conversely, their levels
consistently decreased in the blood (serum) and colon. Additionally, leukotriene B4 (LTB4) and prostaglandin E2, which exacerbate
lung cancer [24-27], are upregulated in the lungs. However, isohumulone, which is a peroxisome proliferator-activated receptor
gamma (PPARYy) activator [28], and resolvin (an w-3 PUFA), one of the specialized pro-resolving mediators (SPMs), which both have
anti-cancer effects, were upregulated in the small intestine and colon [17,18,29-31].

4. Discussion

In this study, we confirmed that our in vivo model can be used as a lung cancer model. The LLC cells injected via the tail vein showed
high selectivity for lungs and lung cancer progression over time during the study period. We used these mice as the lung cancer group
and conducted microbiome and lipid metabolic analyses and found that lung cancer affects microbiomes not only in the lungs but also
in the gut.

A clinical study suggested that lower airway dysbiosis may be related to lung cancer progression [11]. Our in vivo study showed that
the lung microbiome changed with lung cancer progression. Then, the alterations in a-diversity in the lung and gut microbiomes
showed an inverse correlation. The microbiome affects the host lipid metabolism [19,20]. Hence, we hypothesized that some species
affected the host lipid metabolism, as suggested by our PICRUSt analysis. In fact, we previously reported increased lipid metabolism
after microbiota diversity decreased [19,20,23]. Additionally, as human can not produce ®-3 PUFAs, such as docosahexaenoic acid
(DHA) and eicosatetraenoic acid (EPA), are parent compounds of resolvin, by ourselves, microbiome plays an important role to
produce PUFAs [17,18,29,30]. Therefore, we hypothesized that small changes in lipid metabolism could be caused by microbiome
alterations.
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Fig. 4. Lung cancer changes metabolic profiles in host lung, blood, small intestine, and colon

(A) C57BL/6J mice received LLC cells (1 x 10°) via tail injection. Mock, n = 7; lung cancer mice sacrificed on day 28, n = 8.

(B, C, D, and E) Linear discriminant analysis (LDA) score (Log2) of lipid metabolites that show significantly different peak areas between the mock
and lung cancer mouse groups in the lungs (B), blood (serum) (C), small intestine (D), and colon (E). Results are presented as mean of LDA score. See
also Fig. S4.
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Among these bacterial species, showed significantly different relative abundance between the lung cancer and mock groups,
Muribaculaceae consume mucin [32,33], Mucispirillum spp. Inhabit the mucin layer [34], and Roseburia spp. are butyrate-producing
bacteria that promote mucin production [35,36]. Additionally, Blautia spp. and Oscillibacter spp. are decreased in colorectal cancer
and inflammatory bowel disease (IBD) owing to the gut [37-40]. Hence, the lung microbiome alterations found in this study suggest
the destruction of the mucin layer and inflammation in the lungs.

In contrast, in the gut microbiome, Entrorhabdus spp. and Parasutterella spp. are increased in patients with IBD [41-43]. However, in
this study, the lung cancer mouse group showed decreased abundance in the gut microbiome. Additionally, Muribaculaceae was the
only phylum that changed significantly in abundance in both the lung and gut microbiomes, and the relative abundances in the lung
and gut microbiomes showed an inverse correlation. Therefore, they can affect the progression of lung cancer and can be used as
markers to predict lung cancer. However, further research is needed to clarify the underlying mechanisms.

As next step of this study, because microbiome-derived metabolites act both as nutrients and as messenger molecules to the host, we
focused on the alterations of metabolic functions in the resident microbiome to elucidate how lung cancer modulation of the lung and
gut microbiota affected their metabolic functions during lung cancer progression [7,9,11]. Consequently, “retinol metabolism” in the
lung microbiome was significantly activated in mice with lung cancer, whereas the metabolic function in the gut microbiome was
significantly attenuated. A higher dietary retinol intake is associated with the incidence of lung cancer [44]. Therefore, it can be used
as a marker for lung cancer; however, further studies are required to confirm this hypothesis.

Although we observed enhanced “alanine, aspartate, and glutamate metabolism” in the lung microbiome, cancer cells activated
glutamine metabolism [45], which can lead to the consumption of butyrate as a source of glutamine in the lungs [46,47]. Therefore,
the shortage of butyrate, which is the main source of mucin, leads to destruction of the mucin layer in the lungs and causes inflam-
mation [36]. The metabolism also plays a role in lipid metabolism, particularly in cancer cells [47]. These metabolic enhancements
were consistent with the upregulation of certain lipid metabolites in the lungs.

Furthermore, we observed significantly enhancements in “fatty acid metabolism,” and “linoleic acid metabolism” in lung micro-
biome with lung cancer, and they showed inverse correlation between the lung and gut microbiomes. Linoleic acid is a source of DHA,
EPA, and arachidonic acids [48,49]. Therefore, we speculated that these alterations in metabolic functions in the lung and gut
microbiomes could affect the progression of lung cancer through the upregulation of lipid metabolites.

We found that most fatty acid metabolites were upregulated in the lung microbiome of the lung cancer group compared to the mock
group, whereas most fatty acid metabolites in the blood (serum), small intestine, and colon were downregulated.
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Fig. 5. Proposed mechanisms to show the correlation between the lung and gut in lung cancer mice

Lung cancer induces inflammation and changes in the microbiome. These factors promote lipid metabolism in the lungs. Additionally, lung cancer
upregulates 0-6 polyunsaturated fatty acids (PUFAs) (adrenic acid), pro-inflammatory lipid mediators, and their sources, long-chain fatty acids, such
as oleic, palmitic, and stearic acids, to promote lung cancer progression. However, the gut decreases the production of these metabolites, thereby
reducing their supply to the lungs. Instead, the gut upregulates anti-inflammatory lipid metabolites, such as resolvins. Alterations in lipid meta-
bolism can also affect the gut microbiome.
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Among lipid metabolites, ®-3 and ©-6 PUFAs can affect the tumor formation and play an essential role in inhibiting migration and
invasion [16-18]. Higher w-6 PUFAs are a potential mediator of cancer prognosis [16], whereas w-3 PUFAs can help prevent cancer
[17,18]. In this study, the levels of adrenic acid (an ®-6 PUFA), palmitic acid, stearic acid, and oleic acid (#-9 PUFAs) increased in the
lungs of lung cancer mice. Conversely, their levels consistently decreased in the blood (serum) and colon. In contrast, LTB4 and
prostaglandin E2, which aggravate lung cancer [25,27], are upregulated in the lungs. However, isohumulone, which is a PPARy
activator [28], and resolvin (an ®-3 PUFA and SPM) [48], which has anti-inflammatory effects, were upregulated in the small intestine
and colon, respectively [18,29].

Collectively, our data suggest that lung cancer causes inflammation and changes in the lung microbiome, which activate lipid
metabolic functions in the lungs, with some support from the lung microbiome. In lung cancer, »-6 PUFAs (such as adrenic acid), pro-
inflammatory lipid mediators, and their source long-chain fatty acids, such as oleic, palmitic, and stearic acids, are upregulated, and
this is associated with lung cancer progression [16-18]. However, their production in the gut is reduced, which in turn reduces their
supply to the lungs. Instead, the gut upregulates anti-inflammatory lipid metabolites, such as resolvins. These alterations in lipid
metabolism can affect gut microbiome diversity and composition (Fig. 5).

Our study suggests a lung-gut axis mechanism. However, this study has some limitations. First, the human microbiome differs from
the mouse microbiome [50]. Clinical studies conducted in humans have shown an increase in Veilonella spp. In the lung microbiome
and enhanced inflammatory responses [11]. However, the same results were not obtained in the present study. Further studies are
required to investigate whether these results can be replicated in humans. Second, we focused only on host lipid metabolites because
the PICRUSt analysis suggested that the metabolic activity of lipid metabolism in the lung and gut microbiomes was inversely
correlated. Nutrients other than lipids may also be involved in the progression of lung cancer. Additionally, this study conducted a
comprehensive lipid analysis, but we did not reveal the roles of specific lipid metabolites in cancer progression and microbiomes in the
host or the correlations between metabolic products and microbial categories in the microbiomes. Further studies are required to
determine the most important bacterial species and lipid metabolites that affect lung cancer progression. Finally, our study used only
female mice, as our referenced previous study used female mice [21]. Hence, further studies are required to evaluate the differences
between female and male mice.

5. Conclusion

Our multi-omics data showed that shifts in the microbiome and metabolome occur during the development of lung cancer, which
are of prognostic importance. These results revealed a gut-lung axis mechanism related to lung cancer and provided novel insights into
potential targets for lung cancer treatment and prophylaxis.
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