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Abstract  133 

Word Count:  146 134 

Abstract:  135 
 136 

In lung cancer, enrichment of the lower airway microbiota with oral commensals commonly 137 

occurs and ex vivo models support that some of these bacteria can trigger host transcriptomic 138 

signatures associated with carcinogenesis. Here, we show that this lower airway dysbiotic 139 

signature was more prevalent in group IIIB-IV TNM stage lung cancer and is associated with 140 

poor prognosis, as shown by decreased survival among subjects with early stage disease (I-141 

IIIA) and worse tumor progression as measured by RECIST scores among subjects with IIIB-IV 142 

stage disease. In addition, this lower airway microbiota signature was associated with 143 

upregulation of IL-17, PI3K, MAPK and ERK pathways in airway transcriptome, and we 144 

identified Veillonella parvula as the most abundant taxon driving this association. In a KP lung 145 

cancer model, lower airway dysbiosis with V. parvula led to decreased survival, increased tumor 146 

burden, IL-17 inflammatory phenotype and activation of checkpoint inhibitor markers. 147 

 148 

 149 

Statement of Significance (50 word limit) 150 

Multiple lines of investigations have shown that the gut microbiota affects host immune 151 

response to immunotherapy in cancer. Here we support that the local airway microbiota 152 

modulates the host immune tone in lung cancer affecting tumor progression and prognosis. 153 

  154 
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Introduction 155 

Lung cancer has remained the leading cause of cancer deaths worldwide. In this past year 156 

alone, lung cancer occurred in approximately 2.1 million patients and was responsible for 1.7 157 

million deaths(1). Targeting certain somatic mutations has improved survival but this is only 158 

applicable to ~30% of subjects with lung adenocarcinoma(2,3). More recently, immunotherapy 159 

that targets inhibitory checkpoint molecules, such as programmed death 1 (PD-1), has been 160 

shown to affect the responses of T-cells to neoantigens and improve survival in lung cancer(4-161 

8). However, 40-60% of patients will not respond to or will develop resistance to 162 

immunotherapy(7). Recent investigations have identified gut microbiota signatures that are 163 

associated with augmenting anti-tumor immunity and responding to PD-1 blockade in murine 164 

models and in prospective analyses of immunotherapy-responsive cancer cohorts(9-11). For 165 

example, modulation of the microbiota in germ-free mice can enhance anti-tumor immunity and 166 

augment effects of checkpoint blockade(12,13). Matson et al. found that in patients with 167 

melanoma, anti-PD-1 treatment responders had a higher abundance of B. longum, C. 168 

aerofaciens, and E. faecium compared to non-responders(11). Gopalakrishnan et al. 169 

demonstrated that patients with higher bacterial diversity and increased relative abundance of 170 

Ruminococcaceae in the gut had enhanced systemic and anti-tumor immune responses(10). 171 

Routy et al. identified that the relative abundance of A. muciniphila was associated with a 172 

favorable clinical response to immunotherapy(9). While most investigations have focused on the 173 

gut microbiome, no human studies have studied the lower airway microbiota and lung cancer 174 

prognosis despite growing evidence supporting the role of the lung microbiota in lower airway 175 

inflammation(14-16). 176 

Our understanding of the role of lung microbiota in health and disease is rapidly evolving with 177 

evidence that some phenotypic characteristics of the local lung immune tone appears to be 178 

more closely correlated to the lung microbiome than to the gut microbiome(14). Culture-179 

independent techniques show that the lower airways of normal individuals commonly harbor oral 180 
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bacteria such as Prevotella and Veillonella(15,17-19). Our group has described that lower 181 

airway dysbiosis characterized by enrichment with oral commensals is associated with 182 

increased host inflammatory tone in the lung of healthy individuals(15,19). This same lower 183 

airway dysbiotic signature was found to differentiate between subjects with lung cancer and 184 

subjects with benign lung nodules(16). Importantly, we have shown in humans and in ex vivo 185 

experimental models that this dysbiotic signature likely triggers transcriptomic signatures (PI3K 186 

and MAPK) previously described in non-small cell lung cancer (NSCLC)(16,20), including the 187 

p53 mutation pathway(21). In order to explore the clinical implications of the lower airway 188 

microbiota in lung cancer, we utilized a prospective human cohort and a preclinical model to 189 

identify lower airway dysbiotic signatures that may affect the prognosis in this disease.  190 
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Results 191 

Lung Cancer Cohort 192 

Between March 2013 and October 2018, we recruited 148 subjects with lung nodules from the 193 

NYU Lung Cancer Biomarker Center who underwent clinical bronchoscopy for diagnostic 194 

purposes in whom lower airway brushes were obtained for research (Supplementary Figure 195 

1). Fifteen subjects had non-lung primary tumors (metastasis), 12 had benign lung nodules and 196 

38 subjects had other non-malignant diagnosis and were excluded. The remaining 83 subjects 197 

had a final diagnosis of lung cancer and were included for this project. Among these subjects, 198 

all had microbiome 16S rRNA gene sequencing data, 70/83 had transcriptomic data, and 75/83 199 

had greater than six months of follow-up clinical data. Supplementary Table 1 describes the 200 

demographics and clinical characteristics of this cohort: 91% were current or former smokers 201 

with a mean history of 46 pack-years. Eighty-nine percent had a diagnosis of NSCLC, of which 202 

65% had adenocarcinoma and 49% was found to have stage IIIB-IV. The median survival was 203 

2.1 years; 54% received chemotherapy, 30% received radiation therapy, 24% received surgery, 204 

and 14% received immunotherapy. All bio-specimens were obtained prior to treatment. Using 205 

the Cox Proportional Hazards model we determined that surgical treatment and stage IIIB-IV 206 

were significantly associated with overall survival (Supplementary Table 2).  207 

Microbiomic signatures associated with stage and prognosis 208 

In addition to lower airway brushings, we obtained buccal brushes and bronchoscope 209 

background control samples that were included in the 16S rRNA gene sequencing analysis. As 210 

compared with background controls, the bacterial load were ~10 times higher in lower airway 211 

brushing samples and ~10,000 times higher in the upper airways (buccal) (p<0.001, 212 

Supplementary Figure 2). Alpha diversity based on the Shannon Index showed greater 213 

diversity among lower airway samples than upper airway and background control samples 214 

(p<0.001, Supplementary Figure 3a).  Principal coordinate analysis (PCoA) based on Bray 215 

Curtis Dissimilarity Index showed significant compositional differences across sample types 216 
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(Figure 1a, PERMANOVA p<0.001). Across lower airway samples, there were also 217 

compositional differences between small cell lung cancer and NSCLC (PERMANOVA p=0.01). 218 

Among NSCLC samples, there were no statistically significant differences in α- diversity and β- 219 

diversity between squamous cell carcinoma and adenocarcinoma.  220 

We then evaluated microbial differences in lower airway samples based on the clinical NSCLC 221 

stage, grouped as I-IIIA and IIIB-IV of TNM classification. The selection of this cut point for TNM 222 

classification allowed for dichotomized analyses and we support based on prior 223 

prognosis/survival data and cancer management guidelines related to surgical management of 224 

NSCLC (22-25). Alpha diversity was similar across staging groups of NSCLC (Supplementary 225 

Figure 3b for comparison across individual stages and Supplementary Figure 3c for two-226 

group comparisons of stages IIIB-IV vs. stage I-IIIA). Compositional differences between the I-227 

IIIA vs. IIIB-IV groups lung cancer were noted based on β-diversity analysis (Figure 1b, left 228 

panel, p=0.005), where stage IIIB-IV lung cancer was compositionally more similar to buccal 229 

samples than I-IIIA stage lung cancer samples (Figure 1b, right panel). Compositional 230 

difference comparing all individual stages (I-IV) were also noted base on β-diversity analysis 231 

(Supplementary Figure 4a, p=0.047), where lower airway samples from more advanced 232 

stages had a greater similarity to buccal samples than lower airway samples from earlier stage 233 

subjects (Supplementary Figure 4b). MiRKAT analysis showed that differences in the 234 

microbial community profiles noted between stage I-IIIA and IIIB-IV NSCLC were not due to 235 

differences in location of the samples. Interestingly, sub-analysis on patient samples where 236 

tumor PD-L1 expression was available (n=39) shows that subjects with high PD-L1 expression 237 

(80%, n=12) had a lower airway microbiota with greater similarity to upper airway microbiota 238 

vs. the disease of similarity found among patients with lower tumor PD-L1 expression (0%, n=16 239 

and 1-79%, n= 11), (p<0.05, Supplementary Figure 5).   240 

Compositional differences based on 6-months and 1-  241 
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diversity analysis (Figures 1c, left panel) where samples from subjects with decreased survival 242 

were associated with greater compositional similarity to buccal samples than samples from 243 

subjects with better outcomes (Figures 1c, right panel  244 

diversity among samples from subjects with <6 months survival in both stage I-IIIA and IIIB-IV 245 

but this difference was not statistically significant at 1 year (Supplementary Figure 6). Multi-246 

variate PERMANOVA analysis demonstrate that the association between microbial community 247 

composition and 6-month/1year mortality was independent of TNM staging (Supplementary 248 

Figure 7). es of 249 

buccal microbiota between subjects with different stages or mortality. 250 

DESeq analyses was then performed to evaluate for taxonomic differential enrichment between 251 

SC vs. NSCLC and between the I-IIIA vs. IIIB-IV groups of NSCLC (Supplementary Figure 252 

8a). Importantly, lower airway samples from patients in IIIB-IV stage group were enriched with 253 

many Operational Taxonomic Units (OTUs), which annotated to the genera Moraxella, 254 

Fusobacterium, Pseudomonas, and Haemophilus, and were decreased in abundance of 255 

Actinomycetales (Supplementary Figure 8b, Supplementary File Table 1). Using a mixed 256 

effect model that adjust for sample location, we report the top 20 OTUs ranked by their absolute 257 

coefficients estimates as having a differential abundance between the I-IIIA vs. IIIB-IV stage 258 

groups (Supplementary Table 3). Once again, stage IIIB-IV lung cancer was enriched with 259 

OTUs recognized as oral commensals, such as Haemophilus, Fusobacterium, Gemella, 260 

Prevotella, and Granulicatella.  261 

Among stage I-IIIA and IIIB-IV subgroups, multiple OTUs were differentially enriched when 262 

worse vs. better survival groups were compared (both at 6 and 12 months). Several of the 263 

OTUs annotated to the genera Veillonella, Prevotella, and Streptococcus were found to be 264 

enriched in samples from subjects with worse prognosis (Supplementary Figure 9a-d, 265 

Supplementary File Table 2-5). In order to further explore for taxonomic associations with 266 

mortality while considering TNM staging we constructed Beta diversity biplots that allows for co-267 
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location of lower airway samples and taxa driving the spatial distribution. Using a multivariate 268 

analysis adjusted by TNM stage, Supplementary Figure 10 shows that poor prognosis was 269 

associated with enrichment of the lower airway microbiota with oral commensals (such as 270 

Streptococcus, Prevotella and Veillonella). When analysis was repeated only considering the 271 

lower airway samples with closest proximity to the cancer, similar results were found 272 

(Supplementary Figure 11). Using a mixed effect model adjusted by smoking status, stage (I-273 

IIIA/IIIB-IV), and treatment type, we identified top OTUs associated with overall survival. 274 

Supplementary Table 4 reports the top 20 OTUs ranked by absolute coefficient estimates 275 

associated with overall survival. Poor prognosis was associated with enrichment with OTUs 276 

recognized as oral commensals that belong to the genera Prevotella, Streptococcus, 277 

Lactobacillus, and Gemella.  278 

Utilizing a Dirichlet Multinomial Model (DMM), we established that samples can be divided into 279 

two clusters: cluster one consists of all the upper airway samples and ~60% of lower airway 280 

samples and cluster two consists of all the bronchoscope background control samples and 281 

~40% of the lower airway samples (Supplementary Figure 12a,b). Thus, similar to previously 282 

published data(15), our cohort consists of one cluster of lower airway samples enriched with 283 

background predominant taxa (BPT), such as Flavobacterium and Pseudomonas, while the 284 

second cluster was enriched with supraglottic predominant taxa (SPT), such as Veillonella, 285 

Streptococcus, Prevotella, and Haemophilus (Supplementary Figure 12c and Supplementary 286 

File Table 6). Supplementary table 5 shows that we did not identify statistically significant 287 

differences in demographic or clinical characteristics, other than stage IV TNM staging (p<0.05), 288 

between subjects with a lower airway microbiota that clustered as BPT vs. SPT.  Applying 289 

decontam(26) approach to this data, an analytical pipeline that accounts for taxa most likely to 290 

be contaminants, we identified Flavobacterium as a background contaminant (also most 291 

prevalent and abundant OTU in background controls) while oral commensals, such as 292 

Veillonella and Streptococcus, as most representatives of lower airway microbiota 293 
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(Supplementary Figure 13).  294 

We then used the DMM grouping to evaluate whether the prevalence of SPT/BPT was different 295 

among stage I-IIIA and IIIB-IV NSCLC and/or associated with prognosis. The percentage of 296 

SPT was higher in lower airway samples from subjects with IIIB-IV stage NSCLC group 297 

compared to lower airway samples from I-IIIA stage NSCLC group (Figure 1d, p=0.006). 298 

Importantly, the Kaplan-Meier survival analysis shows that among subjects with stage I-IIIA 299 

NSCLC, the SPT-pneumotype was associated with worse survival than the BPT-pneumotype 300 

(Figure 1e, p=0.047).  In stage IIIB-IV NSCLC, there were no statistically significant differences 301 

in survival between the SPT- vs. BPT- pneumotypes, although the overall mortality was much 302 

worse with a median survival of less than one year as found in the above analysis. To further 303 

evaluate microbial signatures associated with treatment response, we analyzed a subset of 304 

stage IIIB-IV NSCLC patients (thus non-surgical) with available longitudinal imaging which 305 

allowed us to calculate the Response Evaluation Criteria In Solid Tumors (RECIST)(27). 306 

Correlation analysis between delta RECIST score and 307 

and lower airways showed a significant inverse correlation (Figure 1f, Spearman r = -0.48, 308 

p=0.03). Thus, although overall mortality was not associated with pneumotypes categorization 309 

in IIIB-IV stage group, having a positive delta RECIST score, indicating tumor progression, was 310 

associated with having a lower airway microbiota more similar to that of upper airways. 311 

Taxonomic differences between a dichotomized RECIST score showed lower airway samples 312 

from patients with tumor progression (RECIST = Progressive Disease or Stable Disease) were 313 

enriched with Veillonella, Streptococcus, Prevotella, and Rothia when compared with lower 314 

airway samples from patients with tumor regression (RECIST = Complete Response or Partial 315 

Response; Supplementary Figure 14 and Supplementary File Table 7).  316 

Transcriptomic signatures associated with stage, prognosis and microbiota 317 

After quality control, RNA-Seq data was obtained on 70 lower airway samples from 70 subjects 318 
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with NSCLC. We then compared global transcriptomic differences between stage I-IIIA and IIIB-319 

IV NSCLC with PCoA based on the Bray Curtis dissimilarity index. In contrast to microbiota 320 

data, there were no statistically significant  diversity between these two 321 

groups. DESeq analysis showed that there were only 20 genes differentially regulated in stage 322 

IIIB-IV compared with stage I-IIIA NSCLC (Supplementary Figure 15, Supplementary File 323 

Table 8). Similarly, very few transcripts were found differentially expressed when comparing 324 

better vs. worse outcomes at 6-month and 1-year survival (Supplementary File Table 8). 325 

We then used DESeq to compare transcriptomic signatures associated with a distinct lower 326 

airway microbiota base on DMM and found that there were 209 genes up-regulated and 88 327 

genes down-regulated in airway brushes of subjects with SPT lower airway microbiota vs. BPT 328 

lower airway microbiota (Figure 2a, Supplementary File Table 9, FDR<0.25). Sub-analysis of 329 

the transcriptomic data among stage I-IIIA and IIIB-IV NSCLC showed the most significant 330 

differences for SPT vs. BPT within stage I-IIIA NSCLC. Functional enrichment analysis 331 

(Ingenuity Pathway Analysis) of differentially expressed genes between SPT vs. BPT (all 332 

samples or stage I-IIIA NSCLC samples) showed that SPT was associated with upregulation of 333 

the following top canonical pathways: p53 mutation, PI3K/PTEN, ERK, and IL-6/IL-8 (Figure 334 

2b). 335 

Multi-omic Analysis 336 

To better characterize host/microbe interaction in lung cancer we used a multi-omic analytical 337 

framework that evaluates for associations between co-occurring taxa and host RNA 338 

transcriptome signatures. We estimated co-occurrence probabilities between taxa and the host 339 

transcripts adding the probability ranks for the taxa being associated with stage I-IIIA or IIIB-IV 340 

lung cancer using MMvec27,28.  Based on the predicted microbe-transcript co-occurrences, there 341 

were two distinct clusters of taxa (Figure 2c, interactive figure available at 342 

https://segalmicrobiomelab.github.io).  The first cluster consisted of SPT-associated taxa 343 
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(belonging to the genera Veillonella, Prevotella and Streptococcus) that had a high probability of 344 

being observed in subjects with stage IIIB-IV. The second cluster consisted of BPT-associated 345 

taxa (such as Flavobacterium genus) that had a high probability of being observed in subjects 346 

with stage I-IIIA stage NSCLC; however it is important to note that many of the high abundant 347 

genera in this cluster (stage I-IIIA) likely represent background taxa as identified by 348 

decontam  (Supplementary Figure 13) and not true lower airway taxa. Among SPT-associated 349 

taxa, a Veillonella taxon (OTU#585419) had the highest relative abundance and a high 350 

probability of being found in subjects with stage IIIB-IV lung cancer.  This taxon was also highly 351 

associated with cell adhesion molecules, IL-17, cytokines and growth factors, chemokine 352 

signaling pathway, TNF, Jak-STAT, and PI3K-Akt signaling pathway (Supplementary File 353 

Table 10). Using BLAST(28), the sequence of this OTU most closely aligned with Veillonella 354 

parvula. 355 

Lung dysbiosis Preclinical model 356 

To evaluate the causal effects of lower airway dysbiosis on lung cancer progression, we tested 357 

the effects of lower airway dysbiosis induced by Veillonella parvula in a preclinical lung cancer 358 

model (KP mice, Figure 3a). We selected this bacterium since we have found it to be a good 359 

marker for SPT, it was consistently associated with NSCLC,(16) and it was the taxa with the 360 

highest relative abundance identified in our multi-omic analysis as associated with stage IIIB-IV 361 

and transcriptomic signatures. Of note, lower airway dysbiosis induced by other oral 362 

commensals, such as Streptococcus mitis and Prevotella melaninogenica, also led to increased 363 

lower airway inflammation but at a lesser degree than V. parvula (Supplementary Figure 16-364 

17a,b). Thus, as a proof of concept, we chose Veillonella parvula as our lower airway dysbiosis 365 

model for the KP lung cancer mice.   366 

Dysbiosis was induced once KP seeding was determined. Induction of lower airway dysbiosis 367 

with V. parvula in WT mice did not affect the mice’s survival or weight gain. In contrast, within 368 
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KP lung cancer mice, exposure to dysbiosis (KP+Dys) led to decreased survival, weight loss, 369 

and increased tumor burden (Figure 3a,b, Supplementary Figure 18a,b). The experiment was 370 

repeated at an early sac time-point (3 weeks post induction of dysbiosis) to evaluate the 371 

immune response to dysbiosis with host transcriptomics, T-cell profiling, and cytokine 372 

measurements. PCoA analysis of host transcriptomics showed clear differences between the 373 

four experimental conditions, where dysbiosis led to greater compositional changes than lung 374 

cancer alone (Supplementary Figure 19a). Characterization of immune cell subsets inferred 375 

from bulk transcriptomics (CIBERSORT) identified clear clustering by condition where lower 376 

airway dysbiosis led to an increase in Th1 cells and activation of dendritic cells (Supplementary 377 

Figure 19b). IPA analysis showed that dysbiosis led to upregulation of PI3k/Akt, ERK/MAPK, 378 

IL-17A, IL-6/IL-8, and Inflammasome pathways (Figure 3c). Comparisons between 379 

transcriptomic signatures induced by lower airway dysbiosis in the NSCLC mouse model and 380 

those identified in SPT among subjects with NSCLC showed concordant signatures related to 381 

IL-17 signaling, Chemokine, Toll-like receptor, PD-L1 signaling, and PI3K-Akt signaling, among 382 

others (Supplementary Figure 20a,b). While there are notable differences between 383 

transcriptomic signatures in human and mice data, these findings provide a promising direction 384 

for follow up. Lastly, lung dysbiosis induced by V. parvula led to the recruitment of Th17 cells, 385 

with increased levels of IL-17 production, increased expression of PD-1+ T-cells, and 386 

recruitment of neutrophils (Figure 3d, Supplementary Figure 21). Spatial analysis with 387 

immunohistochemistry (IHC) targeting CD4+, CD8+, and neutrophils show that the increase of 388 

these inflammatory cells in response to dysbiosis occurred predominately in tumor-spared lung 389 

tissue (Figure 3e, Supplementary Figure 22a). Interestingly, in the tumor there was a 390 

decrease in CD4+ T-cells associated with lower airway dysbiosis.  391 

To further assess the functional importance of dysbiotic-induced IL-17 activation in lung 392 

tumorigenesis, dysbiotic-KP mice were treated with monoclonal antibodies against IL-17 or 393 

isotype antibody control for two weeks after tumor initiation (Figure 4a). Tumor luminescence 394 
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data showed that IL-17 blockade led to a decrease in tumor burden over the second week 395 

compared with Isotype-control (p=0.0059, Figure 4b). Immune profiling evaluated at day 14 396 

after IL-17 blockade showed that treatment with anti-IL-17 antibodies was associated with 397 

decreased RORγt+ CD4+ T-cells, neutrophils, and a non-statistically significant trend towards 398 

lower IL-17+ CD4+ and IL17+TCRγδ+ T-cells (Figure 4c). Histological assessment with IHC 399 

shows that IL-17 blockade led to a decrease in CD4+, CD8+, and Neutrophils in the spared non-400 

tumor lung tissue but not in the tumor itself (Figure 4d, Supplementary Figure 22b). Overall, 401 

these data suggest that lower airway dysbiosis contributes to a tumor inflammatory 402 

microenvironment characterized by an increase in the Th1 and Th17 phenotype, activation of 403 

dendritic cells with potential antigen presentation capacity, and an increase in checkpoint 404 

inhibitor markers within the surrounding lung tissue. 405 

 406 

Discussion 407 

The lower airway microbiota, whether in health or disease state, is mostly affected by aspiration 408 

of oral secretions and the lower airway microbial products are in constant interaction with the 409 

host immune system(15,19,29-31). In this study, we are the first to demonstrate that a lower 410 

airway dysbiotic signature present in lung cancer patients affects tumor progression and clinical 411 

prognosis, likely due to alteration in stage I-IIIA immune tone promoting inflammation and 412 

checkpoint inhibition. First, patients with stage IIIB-IV NSCLC are more likely to have 413 

enrichment of the lower airway microbiota with oral commensals compared to patients with 414 

stage I-IIIA disease. In addition, this dysbiotic signature was associated with: a) worse outcome 415 

at six-month and one-year (for both groups I-IIIA and IIIB-IV stage disease); b) overall survival in 416 

group I-IIIA stage disease; and c) tumor progression in IIIB-IV stage disease. Our preclinical 417 

data using a NSCLC mouse supports a model in which aspiration of oral commensals (identified 418 

in our human cohort) affect the lower airway inflammatory tone and promote tumor cell 419 

proliferation. Dysbiosis in these mice led to upregulation of ERK/MAPK, IL-1, IL-6, and 420 
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inflammasome signaling pathways. Immune profiling showed that lung dysbiosis led to a 421 

substantial increase in Th17 cells and PD-1+ cells. Previous preclinical models of cancer have 422 

shown the association between lung dysbiosis and lung inflammation but have limited human 423 

microbiome data to support the clinical relevance (especially considering that the human and 424 

murine microbiota differs) (32-35). Our data identified that enrichment of the lower airway 425 

microbiota with human oral commensals, such as Veillonella, contribute to a local pro-tumor 426 

immune tone leading to progression of NSCLC suggesting that micro-aspiration and/or impaired 427 

airway clearance likely affect the pathogenesis of this disease(36).  428 

Several lines of investigations have shown that increased inflammation and decreased immune 429 

surveillance, characterized by IL-17 tone and checkpoint inhibition, are associated with poor 430 

prognosis in NSCLC. Increased local and systemic IL-17(37,38), systemic IL-6(39), and higher 431 

neutrophil-to-T-cell ratio(40) are associated with a poor prognosis in lung cancer. PD-L1, the 432 

ligand for PD-1, is induced in non-lymphoid cells and tumor cells under inflammatory conditions 433 

triggered by several cytokines, such as IFN-  and pathogen-associated molecular patterns 434 

(PAMPs)(41-43). In addition, many signaling molecules (e.g., NF-435 

JAK/STAT) that affect proliferation, apoptosis, and cell survival induce PD-L1 436 

expression(44,45). In a bi-transgenic mouse model expressing a conditional IL-17A allele and a 437 

conditional KrasG12D, increased IL-17 production was associated with accelerated lung tumor 438 

growth, decreased responsiveness to checkpoint inhibition and decreased survival(46). In many 439 

cancer models (breast cancer, gastric carcinoma, and lung cancer), inflammasome activation, 440 

through IL-1β signaling, leads to an inflammatory response characterized by decreased anti-441 

tumor immune surveillance(47-49). In the current investigation we show that the increase in IL-442 

17 inflammatory tone triggered by lower airway dysbiosis can be blunted by anti-IL-17 blocking 443 

antibodies which seemed to led to a decrease in the tumor burden. More experiments are 444 

obviously needed to further characterize the phenotypic inflammatory profile in the tumor and 445 

surrounding tissue, to understand the molecular mechanisms by which lower airway 446 
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inflammatory cells respond to lower airway dysbiosis, and to better characterize how these 447 

factors affect tumor burden and survival. However, the above discussed investigations and the 448 

data presented in the current paper supports that the balance between Th17 inflammation and 449 

immune surveillance affects NSCLC pathogenesis, and, thus, future investigations are 450 

warranted to explore the role of IL-17 blockade in this disease.  451 

Immune checkpoint molecules, such as PD-1, mediate the response of T-cells to neoantigens 452 

and are now first line therapy for advanced NSCLC(4-8). However, 40-60% of patients will not 453 

benefit from these therapies, and existing biomarkers (e.g., expression of PD-1 ligand) have 454 

limited capacity to predict efficacy(7,50). Different gut microbiota signatures have been identified 455 

as associated with augmenting anti-tumor immunity and a PD-1 blockade response(9-11). In the 456 

gut, higher α-diversity and enrichment of Ruminococcaceae were associated with a favorable 457 

response to anti-PD-1 treatment in melanoma patients(10,51); and modulation of the microbiota 458 

in germ-free mice can enhance antitumor immunity and augment effects of checkpoint 459 

blockade(12,13). In germ-free or antibiotic-treated mice, lung adenocarcinoma (Kras 460 

mutation/p53 deletion) development is decreased compared to specific pathogen-free mice(32). 461 

In this model, lung microbiota activates IL-1β and IL-23 cytokines from myeloid cells and 462 

induces IL-17 producing γδ T-cells. Thus, while most studies have focused on the effect of the 463 

gut microbiome on cancer development and progression, there is increasing evidence to 464 

suggest that the local lung microbiota plays a pivotal role in lung cancer pathogenesis and 465 

treatment. Multiple lines of investigations have shown that the lower airway microbiota is a 466 

major determinant of the airway immune tone in health and many disease states. For example, 467 

recent preclinical models have shown that lower airway mucosal inflammation is primarily 468 

associated with the composition of the lower airway microbiota rather than the composition of 469 

the gut or upper airway microbiota(14). In humans, we have shown that pneumotypeSPT is 470 

associated with increased local inflammatory cells and the Th17 phenotype(15,52), and the 471 

lower airway microbial metabolism can be modulated by, for example, chronic macrolide 472 
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therapy leading to release of microbial metabolites with anti-inflammatory effects(53,54). 473 

Anaerobes are commonly found in the lower airways and can survive oxygen stress by forming 474 

multicellular complexes within the hypoxic environment present in biofilms(55,56). Short chain 475 

fatty acids (SCFAs) produced by fermentation, such as butyrate, are one energy source for 476 

anaerobes(57), and we have shown that their presence in the lower airways is higher in 477 

pneumotypeSPT and regulates IFN- and IL-17A production in CD4+/CD8+ lymphocytes(58). In 478 

NSCLC, we recently demonstrated that pneumotypeSPT is associated with several inflammatory 479 

cancer-related pathways, such as ERK/MAPK and PI3K/AKT(16), that can lead to chronic 480 

inflammation, altered Treg/Th17 balance(59-61), augmented Th17 differentiation(62,63), and 481 

induction of PD-L1 expression(44,45). Our current findings expand the above observations by 482 

demonstrating that a dysbiotic signature characterized by enrichment of the lower airway 483 

microbiota with oral commensals can contribute to the progression of disease. 484 

Among the limitations pertinent to this study we should point out that there is a significant 485 

degree of disease heterogeneity and the appropriate sub-analyses could only be explored with 486 

a much larger cohort. For example, we decided to focus on NSCLC because there were few 487 

cases of small cell lung cancer. Further, within NSCLC there were several pathological 488 

subtypes, driver mutation status, PD-L1 status, etc. The small subsample size prevents us from 489 

conducting the appropriate sub-analysis. However, our analysis and models were stratified and 490 

adjusted by staging (dichotomized as I-IIIA and IIIB-IV stage group and adjusted by individual 491 

TNM stages) which is a very significant covariate associated with prognosis and treatment 492 

modality. Interestingly, we found a few host transcriptomic signatures associated with a disease 493 

stage while there were much more transcriptomic signatures associated with lower airway 494 

microbiota subtype (SPT/BPT). It is possible that the histological heterogeneity within NSCLC 495 

will affect these results and a larger cohort may allow to control for this. Other potential 496 

confounders related to patient’s clinical condition, such as swallowing and deglutition problems, 497 

cannot be fully accounted in the current cohort but may have significant impact on our results. 498 
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Given our finding of the enrichment of the lower airway microbiota with oral commensal as 499 

associated with prognosis, future investigations that include evaluation of swallowing functions 500 

are warranted. Low biomass samples are subjected to contamination with background DNA 501 

(coming from the reagents, bronchoscopy or sequencing noise)(64,65). To address concerns 502 

regarding DNA contamination during sample collection and preparation, we applied 503 

decontam(26) analysis and showed that Flavobacterium, a taxon identified in the multi-omic 504 

analysis and dominant of BPT, is likely a background contaminant. This is consistent with prior 505 

data showing no growth from lower airway samples characterized as BPT(16). We therefore 506 

induced airway dysbiosis in our mice model with Veillonella and compared it with PBS (which 507 

16S rRNA gene sequencing composition most resemble BPT) rather than a separate bacterium 508 

as control. Our investigation supports the hypothesis that the lower airway microbiota 509 

contributes to a local pro-tumor immunity, however, we did not investigate the systemic 510 

inflammatory response in this model. Further support for the relevance of this mechanism will 511 

need to focus on blocking the immune response to the microbial exposure in the setting of lung 512 

cancer and evaluating the effects of induced lower airway dysbiosis during immunotherapy. In 513 

the current investigation, we did not explore the association between lung microbiota and 514 

response to immunotherapy because this treatment was applied in a relatively small fraction of 515 

patients (16%) and the vast majority of the samples were collected before this therapy became 516 

standard of care. Also, while we identified a taxonomic signature associated with inflammatory 517 

tone and prognosis in lung cancer, we cannot determine the molecular signatures present in the 518 

microbial community that may be responsible for this association. Future investigations that 519 

exploit novel functional microbiomic approaches (e.g. metagenome, metatranscriptome, 520 

metabolome) should focus on molecular markers with significant immunomodulatory activity. In 521 

our preclinical model we tested whether Veillonella parvula was sufficient to induce lower airway 522 

inflammation and worsening of tumor progression. Other oral commensal, when present in the 523 

lower airways, may also be contributing to this process and may need to be further evaluated as 524 
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key components of lower airway dysbiosis in isolation or in complex microbial communities. 525 

Although the lower airway microbiota was associated with staging and survival, other dysbiotic 526 

signatures in other mucosae could also have significant associations. Even though we did not 527 

identify significant microbiota signatures in the buccal samples, future investigations should 528 

include gut samples as well to establish the relative role of the microbiota of different mucosae 529 

niches to the pathogenesis of lung cancer. Finally, further validation of the results presented 530 

here will require a second cohort where sampling approach and design are customized to 531 

overcome some of the limitations here described. 532 

This study has broad clinical implications regarding lung cancer pathogenesis and treatment 533 

response. Identification of lower airway dysbiotic signatures associated with lung cancer 534 

prognosis may be important to personalize approaches for lung cancer treatment and 535 

prognosis. Fecal microbiota transplant (FMT), a strategy with proven efficacy in difficulty-to-treat 536 

Clostridium difficile infection and inflammatory bowel disease(66,67), can influence the 537 

susceptibility to anti-PD-1 cancer immunotherapy(9,10), and its clinical impact is now being 538 

tested in humans within ongoing clinical trials. Despite the evidence that the local microbiota 539 

affects the local inflammatory tone of the lung, there are no human trials aiming to modify the 540 

lung microbiome in the setting of malignancy. The data presented here suggest that lower 541 

airway dysbiosis induced by microaspiration of oral commensals affect lung tumorigenesis by 542 

promoting an IL-17 driven inflammatory phenotype, a pathway amenable for targeted therapy 543 

that may have potential implications in this disease. A better understanding of the microbial host 544 

interaction in the lower airways will be needed to uncover how the lung cancer-associated 545 

microbiota could be modulated to affect prognosis and response to immunotherapies.   546 
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Methods 547 

Subjects 548 

All subjects signed written informed consents to participate in this study that was approved by 549 

the Institutional Review Board of New York University. Participants included patients who had 550 

suspicious nodules on chest imaging and who underwent clinical bronchoscopy. Lung cancer 551 

sub-type, somatic mutation, stage was recorded after histopathological confirmation. We 552 

excluded subjects with a prior history of cancer or recent (less than 1 month) antibiotic use. 553 

Response Evaluation Criteria In Solid Tumors (RECIST)(27) score was analyzed at the 6-12 554 

month time point after diagnosis of lung cancer, where this data was most consistently 555 

available.  556 

Bronchoscopic Procedure 557 

Both background and supraglottic (buccal) samples were obtained prior to the procedure as 558 

previously described(16). The background samples were obtained by passing sterile saline 559 

through the suctioning channel of the bronchoscope prior to the procedure.  For this project, we 560 

obtained multiple lower airway samples from different locations, including 82 from the right 561 

mainstem, 59 from the airways leading to the lung cancer lesion (involved segments), and 69 562 

from the airways spared of disease on the contralateral lung.  A detailed description of the 563 

number of samples and the analyses performed in them is provided in Supplementary Table 6. 564 

Bacterial 16S rRNA-encoding genes sequencing 565 

High-throughput sequencing of bacterial 16S rRNA-encoding gene amplicons (V4 region)(68) 566 

was performed. Reagent control samples and mock mixed microbial DNA were sequenced and 567 

analyzed in parallel (Supplementary Figure 23). The obtained 16S rRNA gene sequences 568 

were analyzed with the Quantitative Insights Into Microbial Ecology (QIIME,RRID:SCR_008249) 569 

1.9.1 package(69). Operational taxonomic units (OTU) were not removed from upstream 570 
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analysis. PERMANOVA testing was used to compare the compositional differences of groups. A 571 

prevalence-based method using the R package decontam (v1.6.0)(26) was used to identify 572 

potential contaminants from the sequencing datasets.  In this process, all reads from 573 

background bronchoscope control samples were identified as negative controls and, thus, 574 

possible source of contaminants. No OTU was removed from the analyses performed and data 575 

from the 16S microbiome for this manuscript is available (data available at Sequence Read 576 

Archive, RRID:SCR_001370 : #PRJNA592147). 577 

Sample clustering of meta-communities was based on Dirichlet-Multinomial mixtures (DMM) 578 

modeling(70).  579 

Transcriptome of bronchial epithelial cells 580 

RNA-Seq was performed on bronchial epithelial cells obtained by airway brushing, as 581 

described(71-73), using the Hi-seq/Illumina platform at the NYU Langone Genomic Technology 582 

Center (data available at Sequence Read Archive: # PRJNA592149). KEGG(74,75) annotation 583 

was summarized at levels 1 to 3. Genes with an FDR-corrected adjusted p-value <0.25 were 584 

considered significantly differentiated, unless otherwise specified. Pathway analysis using 585 

differentially regulated genes (FDR<0.25) was done using Ingenuity Pathway Analysis, 586 

RRID:SCR_008653  (QIAGEN Inc.)(76).  Gene Set Enrichment Analysis (GSEA) was performed 587 

with differential genes (FDR<0.25) for dataset comparison, R package fgsea v1.4.1(77).  588 

Experimental Mouse Model:  589 

The mice utilized in this experiment were 5 week-old females at the time of use. The strain was 590 

B6(Cg)-Tyrc-2J/J mice purchased via vendor (Jackson Laboratory; Bar Harbor, ME, USA 591 

Cat#000058). The mice were kept in Skirball Animal Facility and were kept under controlled 592 

conditions with cycles of 12-hour daylight and 12-hour darkness. Mice were euthanized by 593 

carbon dioxide asphyxiation followed by cardiac puncture. Blood, skin swabs, oral swabs, lung 594 
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lavage, lung tissue, humerus bone marrow, cecum, terminal ileum, and fecal pellets were 595 

collected for study. The Institutional Animal Care and Use Committee of the New York 596 

University School of Medicine approved all procedures and experiments were carried out 597 

following their guidelines (IACUC# s16-00032).  598 

KP Model Lung Cancer:  599 

The KP model of lung cancer histopathologically resembles that of human cancers and has 600 

been used to study translational models of lung cancer in mice(78). The KP model of lung 601 

cancer is based on KrasLSL-G12D/+;p53fl/fl Non-small cell Lung Cancer models require induction by 602 

use of replication-deficient adenoviruses expression Cre (Ad-Cre) to induce transient Cre 603 

expression in the lungs of mice. Once tumor burden is increased in the mice, the lungs are 604 

harvested and the KP lung cancer cells grown in cell culture(79). Cell culture lines of KP lung 605 

cancer cells are grown in DMEM 10%FBS plus gentamicin under aerobic conditions with 5% 606 

carbon dioxide at 37°C. Cells were harvested from the cell culture when 90% congruent. The 607 

goal was to grow cells to 3,000,000 KP Cells/mL (or 150,000 cells / 50 uL). To detect in vivo 608 

luminescence, images were acquired using the IVIS spectrum (PerkinElmer) after 609 

intraperitoneal injection of Luciferin (Promega). We then proceed to intra-tracheal inoculation of 610 

KP cells. The mice were anesthetized utilizing isoflurane until sedated. The mice were then 611 

placed on an intubation platform and with blunt forceps, their tongue was gently pulled ventrally 612 

until the pharynx was exposed.(78) Then, an Exel Safelet catheter (Exel International Inc.; St. 613 

Petersburg, FL, USA Cat# 26746) was introduced through the vocal cords of the mice, and a 50 614 

μL inoculum of lung cancer (1.5x105 KP cells) was placed into the catheter. The mice were then 615 

removed from the intubation platform to recover from anesthesia on a heat pad.  616 

Creation of Veillonella parvula inoculum:  617 

The following human oral commensals were obtained: Veillonella parvula, Prevotella 618 

melaninogenica, and Streptococcus mitis (ATCC; Manassas, VA, USA). These bacteria were 619 
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grown in anaerobic conditions (Bactron 300, Shel Labs, Cornelius, OR), then stored in 20% 620 

glycerol tryptic soy broth at -80°C. To prepare the oral commensal challenges the bacteria 621 

strains were thawed and streaked on anaerobic PRAS-Brucella Blood agar plates (Anaerobe 622 

Systems, Morgan Hill, CA). The plates were incubated at 37°C in an oxygen-free environment 623 

(tri-mix: 5% carbon dioxide, 5% hydrogen, and 90% nitrogen) in an anaerobic chamber for 24-624 

48 hours. The colonies were collected from the plate and re-suspended in 1 ml of sterile PBS. 625 

The OD620 was measured to calculate the approximate concentration prior to use.  626 

Intra-tracheal microbial and control challenge: 627 

Mice were assigned to receive the microbial challenge with Veillonella parvula twice a week via 628 

intra-tracheal inoculation starting 2 weeks after the inoculation with lung cancer. First, mice were 629 

sedated with the use of isoflurane anesthesia. The mice were then suspended by their dorsal 630 

incisors upon an elastic cord; a blunt pair of forceps was used to ventrally pull the tongue 631 

forward to expose the larynx. Then, a pneumatic otoscope (Welch-Allyn; Shaneateles Falls, NY, 632 

USA Cat#71000C) with a 2mm ear specula was advanced until the vocal cords were visualized. 633 

Using a gel loading tip, a 50 μL volume of the Veillonella parvula was deployed into the trachea 634 

of the mouse. These exposures occurred twice a week, spaced 3-4 day/week apart. Mice were 635 

monitored during this process; no mice died due to the inoculation procedure. A control 636 

procedure to inoculate mice with PBS was performed in the same manner.  637 

Immune inhibition experiment: 638 

Two weeks after KP cell inoculation, mice were challenged intra-tracheal with Veillonella parvula 639 

similar to above. At this time mice were randomized 1:1 to receive anit-IL-17 (1mg/mL; Bio X 640 

Cell Lebanon, NH, USA), anti-IL-17 iso-type control (2mg/mL; Bio X Cell Lebanon, NH, USA). 641 

Antibody dose was diluted in 100μl and given via intraperitoneal injection twice a week for a 642 

total of 2 weeks. 643 
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 644 

Organization and measurements on mice:  645 

Once lung tumor development was detected by IVIS (2 weeks post inoculation) mice were 646 

randomized according to tumor burden to receive either PBS or dysbiosis with V. parvula while 647 

maintaining co-house conditions. For the KP mice, those with median lumens of 8x105-7x106 648 

photon-flux (photons/s/cm2/steradian) at 2 weeks were utilized for the experiments. Wild type 649 

mice from the same strain and no KP exposure were used as control mice and were exposed to 650 

sterile PBS or V. parvula. Thus, in all experiments, mice were organized to the following groups: 651 

1) Wild type with PBS control (WT), 2) Wild type with dysbiosis with V. parvula (Dys), 3) KP lung 652 

cancer with PBS control (LC), and, 4) KP Lung cancer with V. parvula (LC + Dys). Imaging the 653 

mice utilizing luciferins expression (lumens) occurred 2 weeks after inoculation with KP lung 654 

cancer cells. The platform we used to image the mice was Perkin-Elmer IVIS Spectrum (Perkin-655 

Elmer; Waltham, MA, USA Cat# 124262). 1.5mg of Luciferin (Perkin Elmer, Xeno-Light D-656 

Luciferin Potassium Salt, cat# 122799) was given intraperitoneally. Mice received 50µL of their 657 

respective inoculum with the Veillonella condition receiving 1.5x106 cfu/mL. The mice were 658 

organized into groups based upon their median lumens to establish experimental groups of 659 

mice with the same luminosity for a baseline. The imaging of the mice occurred twice every 660 

week on the day prior to inoculation. For the survival experiment we utilized 60 mice that were 661 

followed for six weeks after initiation of microbial challenge or PBS control. Forty additional mice 662 

were divided in same four conditional groups for immune phenotyping on lung homogeneate, 663 

including lung transcriptomics, flow cytometry and cytokine measurement. For this experiment, 664 

mice were sacrificed after two weeks post initiation of microbial or PBS exposure. For host RNA 665 

transcriptome, flash frozen lung samples were defrosted and then homogenized utilizing a hand 666 

TissueRuptor II on the 2nd lowest setting (Qiagen, Hilden, Germany). Then samples were spun 667 

down on a table-top centrifuge 14,000 rpm for 2 minutes and the pellet was collected and sent 668 

for RNA processing. RNA was extracted from collected supernatant using the Qiagen 669 
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miRNeasy Mini Kit (Qiagen, Hilden, Germany Cat#74135). Quality control was established with 670 

RNA integrity number (RIN) cut-off >6. RNA sequencing was performed using HiSeq (Illumina, 671 

San Diego, CA) at the NYU Genomic Technology Center. RNA-Seq library preps were made 672 

using Illumina TruSeq® Stranded mRNA LT kit (Illumina, San Diego, CA Cat#RS-1222-2101) on 673 

a Beckman Biomek FX instrument, using 250 ng of total RNA as input, amplified by 12 cycles of 674 

PCR, and run on an Illumina 2500 (v4 chemistry), as single-read 50bp. Sequences from the 675 

murine lung homogenate were aligned against the murine ensemble reference genome utilizing 676 

STAR, RRID:SCR_015899 (v2.5) aligner(80). Gene counting of each sample was performed 677 

using featureCounts, RRID:SCR_012919 (v1.5.3) (81,82). FACS was performed on single cell 678 

suspension derived from lung homogenate. First, lung samples were minced and dissociated 679 

utilizing Liberase (Hoffmann-La Roche, Basel, Switzerland) for 35 minutes in a 37°C water bath 680 

and followed by mechanical disruption through a 70-micron filter. Liberase was used at a 681 

concentration of 0.5 mg/mL in DMEM supplemented with 10% fetal bovine serum (FBS). For 682 

intra-cellular cytokine staining, the cells were treated with a cell stimulation and protein transport 683 

inhibition cocktail containing PMA, Ionomycin, Brefeldin A, and Monensin (500x eBioscience 684 

Affymetrix, Santa Clara, CA) for 4 hours. The cells were surface stained, fixed in 2% PFA, and 685 

permeabilized with 0.5% saponin. Cell staining with fluorochrome-conjugated antibodies was 686 

performed targeting: CD3+, CD4+, CD8+, CD69+, PD1+, IL17+ (Thermo-Fischer, Waltham, MA) 687 

and measurement were performed on a BD LSR II flow cytometer (BD Bioscience, Franklin 688 

Lakes, NJ). Acquired data was analyzed using FlowJo, RRID:SCR_008520 version 10.3 (Tree 689 

Star Inc., Ashland, OR). Cytokines and Chemokines were measured using Luminex (Murine 690 

Cytokine Panel II, EMD Millipore, Burlington, MA). Lung homogenates were thawed and 691 

processed according to recommended protocol using the Murine Cytokine/Chemokine Magnetic 692 

Bead Panel # MCYTMAG-70K-PXkl32). All cytokines/chemokines concentrations were 693 

normalized by the gram of lung homogenate and included those with dynamic range: G-CSF, 694 
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Eotaxin, IFN-g, IL-1a, Il-1b, IL-3, IL-4, IL-5, IL-6, IL-7, IL-9 IL-10, IL-12p40, IL-12p70, LIF, IL-17, 695 

IP-10, KC, MCP-1, MIP-1a, MIP-1b, M-CSF, MIP-2, MIG, RANTES, VEGF, and TNF-a. 696 

Multiplex immunostaining: 697 

Five-micron sections of paraffin embedded preserved lung tissue were stained with Akoya 698 

Biosciences® Opal™ multiplex automation kit reagents unless stated otherwise. Automated 699 

staining was performed on Leica BondRX® autostainer. The protocol was performed according 700 

to manufacturers’ instructions with the antibodies specified in Supplementary Table 7. Briefly, all 701 

slides underwent sequential epitope retrieval with Leica Biosystems epitope retrieval 1 (ER1, citrate 702 

based, pH 6.0, Cat. AR9961) and 2 solution (ER2, EDTA based, pH9, Cat. AR9640), primary and secondary 703 

antibody incubation and tyramide signal amplification (TSA) with Opal® fluorophores 704 

(Supplementary Table 7). Primary and secondary antibodies were removed during epitope 705 

retrieval steps while fluorophores remain covalently attached to the epitope. 706 

Image acquisition and analysis: 707 

Semi-automated image acquisition was performed on a Vectra® Polaris multispectral imaging 708 

system. After whole slide scanning at 20X the tissue was manually outlined to select fields for 709 

spectral unmixing and analysis using InForm® version 2.4.10 software from Akoya Biosciences. 710 

Fields of view for analysis were separated as containing tumor only or areas of pulmonary 711 

parenchyma where tumor was not apparent. For each field of view, cells were segmented based 712 

on nuclear signal (DAPI). Cells were phenotyped after segmentation using inForm’s trainable 713 

algorithm based on glmnet(83) package in R. Four algorithms were created to classify cell as 714 

Ly6g+ (Neutrophils) or ‘other’, CD4+ or ‘other’, CD8+ or ‘other’ and F4/80+ or ‘other’. 715 

Phenotypes were reviewed for different samples during training iterations. Data was exported as 716 

text containing sample names, field of acquisition coordinates, individual cell information 717 

including coordinates and identified phenotype. Each image was analyzed with all four 718 
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algorithms so that every cell was classified four times. Concatenation of all phenotyping 719 

information was performed in R using the Phenoptr Reports package (Kent S Johnson (2020). 720 

phenoptr: inForm Helper Functions. R package version 0.2.7. 721 

https://akoyabio.github.io/phenoptr/) in RStudio software [RStudio Team (2015). RStudio: 722 

Integrated Development for R. RStudio, Inc., Boston, MA URL http://www.rstudio.com/.] 723 

Statistical analysis (Mann-Whitney U test) was run for the following groups: lung cancer vs. lung 724 

cancer + dysbiosis (n=4 and 8 mice respectively, Figure 3e), and lung cancer + dysbiosis vs. 725 

lung cancer + dysbiosis + anti-IL-17 (n=8 and 6 mice respectively, Figure 4d), taking each field 726 

as an independent value.  727 

 728 

Statistical and Multi-omic Analysis: 729 

In Supplementary Table 2, the categorical variables were presented as frequencies and 730 

percentages and their distribution difference between groups with Dead or Alive overall survival 731 

(OS) status were assessed by the Fisher’s exact test. The Cox Proportion Hazards models(84) 732 

were used to evaluate each variable’s marginal association with the time to death. Hazard ratio 733 

(HR) and p-value were reported.  734 

The microbiome regression-based kernel association test (MiRKAT) (85) was used to 735 

investigate whether the community level microbial profile among lower airway samples were 736 

different between any paired samples from right main, involved, or non-involved locations, and 737 

between stage I-IIIA and IIIB-IV while adjusting for smoking status within each location samples. 738 

The survival version of MiRKAT test: MiRKAT-S(86) was used to investigate whether the 739 

community level microbial profile is associated with the overall survival (OS) while adjusting for 740 

smoking status, stage and surgery within each location samples.  The paired Bray-Curtis 741 

dissimilarity was used in all tests.   742 
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For the taxonomic level analysis, we used the linear mixed effect model on the arcsine square 743 

root transformed relative abundance at genus level for their associations with stage (I-IIIA/ IIIB-744 

IV, Supplementary Table 3). In the model, the subject was set as the random effect to take 745 

care of the correlation among three location samples from the same subjects.  The stage was 746 

set as fixed effect while adjusting for smoking status.  We used the two stage linear mixed effect 747 

model(87) on the arcsine square root transformed relative abundance at genus level for their 748 

associations of the overall survival (Supplementary Table 4) while adjusting for smoking 749 

status, stage, and surgery. In the first stage, the linear mixed effect model was used to take care 750 

of the correlation among three location samples from the same subjects. The random intercept 751 

estimates from the first stage were used in the Cox proportional hazards model in the second 752 

stage to investigate their association with the overall survival.  753 

Since the distributions of microbiome data are non-normal, and no distribution-specific tests are 754 

available, we used non-parametric tests of association. For association with discrete factors, we 755 

used either the Mann-Whitney test (in the case of 2 categories) or the Kruskal Wallis ANOVA (in 756 

the case of >2 categories). For tests of association with continuous variables, we used the non-757 

parametric Spearman correlation tests. False discovery rate (FDR) was used to control for 758 

multiple testing(88). To evaluate for taxonomic or transcriptomic differences between groups, 759 

we utilized DESeq2(89). 760 

Differential abundance of microbes related to lung cancer stage (IIIB-IV vs. I-IIIA) were 761 

calculated using Songbird as previously described.(90) Then we computed the microbe-762 

transcript co-occurrence probability (probability of observing a transcriptomic pathway when a 763 

microbe is observed) using mmvec.(91) A probability matrix of the top 10 transcriptome related 764 

pathways for each microbe was generated and used to create a network based on the 765 

Fruchterman-Reingold force-directed algorithm using R package ggnet v 0.1.0. (reference: 766 

https://cran.r-project.org/web/packages/GGally/index.html).  Microbe nodes were colored based 767 

on differential analysis of stage IIIB-IV versus I-IIIA non-small cell lung cancer. 768 
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Data Storage 769 

Sequencing data is available at Sequence Read Archive(92,93) under accession number 16S 770 

Microbiome PRJNA592147, Human RNASeq PRJNA600487, and Murine RNASeq 771 

PRJNA600489. Codes utilized for the analyses presented in the current manuscript are 772 

available at https://github.com/segalmicrobiomelab/reviewer_copy  (acct: reviewermicrobiome, 773 

password: sunshine888manatee).   774 
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Figure Legends: 1037 

Figure 1. Lung microbiota in lung cancer and cancer survival. a.  Principal coordinate 1038 

analysis (PCoA) of airway samples show a difference in β-diversity (p=0.01, PERMANOVA) 1039 

between small cell lung cancer and non-small cell lung cancer (n=83).  b. Among patients with 1040 

NSCLC (n=74), PCoA shows a difference in β-diversity (p=0.005, PERMANOVA) between 1041 

stage IIIB-IV and I-IIIA NSCLC (Left Panel); lower airway microbiota of stage IIIB-IV was more 1042 

similar to buccal microbiota than lower airway microbiota of stage I-IIIA (Right Panel, p<0.0001, 1043 

Bray Curtis Distance). c. Left Panel. PCoA based on cancer stage and survival at 6-months 1044 

and 1-year shows difference in β-diversity (p<0.05, PERMANOVA). c. Right Panel. Lower 1045 

airway microbiota in lung cancer and worse survival at 6-months or 1-year was more similar to 1046 

buccal microbiota than with better survival both in the stage IIIB-IV (n=36) and in the stage I-IIIA 1047 

(n=37) groups (p<0.05, Bray Curtis Distance). d. Stage IIIB-IV lung cancer was associated with 1048 

having a higher proportion of subjects whose lower airway microbiota was classified as enriched 1049 

with oral taxa (supraglottic predominant taxa, SPT) vs. background tax (background 1050 

predominant taxa, BPT), p=0.006. e. Enrichment of the lower airway with PneumotypeSPT was 1051 

associated with better survival in stage I-IIIA cancer than enrichment with PneumotypeBPT, 1052 

p<0.05; there was no difference in stage IIIB-IV cancer. f. Bray Curtis Dissimilarity Index 1053 

between lower airway and buccal samples was inversely associated with delta RECIST score 1054 

for stage IIIB-IV NSCLC measured at 6-12 months (Spearman r = -0.48, p=0.03). 1055 

 1056 

Figure 2. Airway transcriptome in NSCLC lung cancer based on lung microbiota. 1057 

Comparisons between microbiome and host transcriptomic signatures were conducted using 1058 

samples where paired matched data was available (n=70). a. Volcano plot of differentially 1059 

expressed genes (FDR<0.25) between PneumotypeSPT vs. PneumotypeBPT in all, stage I-IIIA 1060 

only, or stage IIIB-IV only lower airway samples. b. Unsupervised hierarchical heat-map of 1061 

canonical pathway analysis based on Ingenuity Pathway Analysis (IPA, RRID:SCR_008653) 1062 
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using the airway transcriptome of all subjects and those with stage I-IIIA comparing 1063 

PneumotypeSPT vs. PneumotypeBPT groups. Sub-analysis using samples from patients with 1064 

stage IIIB-IV disease is not presented given the paucity of differentially expressed genes 1065 

between the groups. Orange shows up-regulation of pathway, blue shows down-regulation of 1066 

pathway. c. Network analysis based on conditional co-occurrence probability of microbiome and 1067 

transcriptome data; Microbiome nodes (circles) are colored red for stage IIIB-IV lung cancer, 1068 

green for stage I-IIIA lung cancer (based on a gradient) and sized by relative abundance. Edges 1069 

connect microbiome nodes to pathway nodes and edge width is based on their conditional 1070 

probability. 1071 

 1072 

Figure 3.  Pre-clinical model of lung dysbiosis in lung cancer and cancer survival. a. 1073 

Experimental condition and Kaplan Meier survival showing decrease survival in mice with lung 1074 

cancer and dysbiosis (LC + Dys, n=22) compared with LC (n=20) alone (p<0.001). Dys did not 1075 

affect mice survival in wild-type control (n=10 for each group). b. Quantitative data of tumor 1076 

burden (measured as lumens prior to death or sacrifice normalized to baseline lumens) showing 1077 

that LC + Dys  mice had increased tumor burden (p<0.05, n=5 for each experimental condition).  1078 

c. IPA analysis was used to identify dysregulated transcriptomic pathways. d. Immune profiling 1079 

of lung tissue by FACS and cytokine measurement demonstrates that lower airway dysbiosis 1080 

induces Th17 and PD-1 T-cell phenotype in the lung. e. Immunohistochemistry analysis 1081 

comparing LC and LC+dys shows increase in CD4+, CD8+, neutrophils in the non-tumor region 1082 

after dysbiosis. Minimal difference in immune response was seen within the tumor itself (n=4 1083 

(LC) vs. n=8 (LC+dys) mice/group, each dot represents different regions analyzed color-coded 1084 

by mice). 1085 

 1086 

Figure 4. IL-17 blockade during lung dysbiosis in lung cancer preclinical model. a. 1087 

Experimental conditions (anti-IL-17 or isotype Ab control) were administered to KP mice with 1088 

Research. 
on November 12, 2020. © 2020 American Association for Cancercancerdiscovery.aacrjournals.org Downloaded from 

Author manuscripts have been peer reviewed and accepted for publication but have not yet been edited. 
Author Manuscript Published OnlineFirst on November 11, 2020; DOI: 10.1158/2159-8290.CD-20-0263 

http://cancerdiscovery.aacrjournals.org/


 39 

lower airway dysbiosis induced by Veillonella parvula. b. anti-IL-17 therapy was associated with 1089 

decreased tumor burden change during the 2 weeks of antibody injections as compared with 1090 

isotype control. c. Immune profiling of lung tissue by FACS demonstrates that IL-17 blockade of 1091 

KP mice with lower airway dysbiosis decrease RORyt+ and Neutrophils (n=6-7 for each 1092 

experimental condition). d. Immunohistochemistry analysis shows that IL-17 blockade of KP 1093 

mice with lower airway dysbiosis decrease CD4+/CD8+ T-cells and neutrophils in the non-tumor 1094 

region (p<0.0001 and p=0.0002, respectively). However, a minimal difference in immune 1095 

response was seen within the tumor itself (n=8 (LC+dys) vs. n=6 (LC+dys+anti-IL-17) 1096 

mice/group, each dot represents different region analyzed color-coded by mice).  1097 

 1098 
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