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• Most bacteria found in the bronchioles
can be sourced from local ambient air.

• There are differences between lung al-
veolar and bronchiolar microbiomes.

• The environment influences bacteria
found at the bronchiolar level but not
alveolar.
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Previous studies of the lung microbiome have focused on characterizing the community and attempts to under-
stand the role of communitymembership concerning disease or exposures such as cigarette smoke. However, we
still lack an understanding of two critical aspects of the lung microbiome: the origin of the community members
and their fate. As we continue to better understand how the lung microbiome influences human health, it is es-
sential to determine how the environment shapes the lung microbiome membership. Using a pig model, we ex-
plored the relationship that the surrounding environment has on the resident lung bacteria by collecting
environmental samples (soil, air, water, feed) to compare with lung samples (swab, lavage, and tissue). Results
suggest that airborne bacteria make up the highest portion of the lung microbiome. Furthermore, bacteria
from samples taken from the bronchioles can be correctly identified by which farm they originated, whereas
those from alveolar samples are indistinguishable. The findings suggest that while the environment may shape
the microbiome of the bronchioles, a distinct community exists within the alveoli. Our findings expand upon
the current understanding of the lung microbiome and provide a model of how microbial communities within
the lung relate to their surrounding environment.

© 2020 Elsevier B.V. All rights reserved.
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1. Introduction

Lungs were long thought to be sterile, absent of a bacterial commu-
nity (Dickson and Huffnagle, 2015). This belief persisted contrary to ev-
idence that pathogens such as Pseudomonas could not only survive in
the lung but could actively replicate and thrive. However, at the time,
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this finding was never extrapolated to include commensal bacteria.
While it is believed that themajority of this community of lung bacteria
are mostly transient and not actively replicating (Dickson et al., 2015)
the existence of a bacterial community residing within the lower respi-
ratory system has been established and the important role these com-
plex bacterial communities in lung health have been the subject of
extensive research (Beck et al., 2012; Dickson et al., 2018; Carney
et al., 2020).Recently, studies have been able to find specific community
members that are associated with increased inflammation or disease
progression in chronic obstructive pulmonary disorder (COPD) (Wang
et al., 2016; Mayhew et al., 2018), asthma (Huang and Boushey, 2015;
Durack et al., 2017) and pulmonary fibrosis (Tong et al., 2019; Han
et al., 2014). Still, this information has yet to be translated into clinical
practice as there are still many unknowns (Caverly et al., 2019).

The increased understanding of the importance of the lung
microbiome community structure and its implications for humanhealth
has coincided with humans' transition to a largely urban dwelling, in-
door species. Urban indoor spaces have decreased microbial diversity
compared to rural spaces (Parajuli et al., 2018), potentially decreasing
thediversity ofmicrobes humans interactwith. Interactionswith higher
microbial diversity have been associated with beneficial health out-
comes, particularly for respiratory diseases (Ruokolainen et al., 2017;
Morgan et al., 2018). Most studies linking respiratory disorders with
changes in the microbiome have relied on the inspection of gut or skin
bacterial diversity for their analyses. This is likely due to the ease of sam-
pling. However, the respiratory track is an important exposure site.
There are approximately 105 bacterial like particles per cubic meter of
air in indoor spaces (Prussin 2nd et al., 2015) and the average respira-
tion rate for an adult at rest is approximately 12 to 18 breaths per min-
ute (Brrett et al., 2012). Therefore, the lung represents a significant
point of contact for human-microbe interactions that has been
understudied in comparison to the gut. This topic has also been of recent
interest as the National Academies of Science, Engineering, and Medi-
cine brought together a committee dedicated to reviewing and propos-
ing a future research agenda concerning Microbiomes of the Built
Environment (National Academies of Science, E., and Medicine, 2017).
One of these major objectives is to “Characterize interrelationships
among microbial communities and built environment systems of air,
water, surfaces, and occupants.” Accordingly, this study seeks to deepen
the understanding of how the surrounding microbial environment af-
fects and relates to the microbial community in the lung.

Several animal models have been used in the study of the lung
microbiome including mice (Dickson et al., 2018), horses (Fillion-
Bertrand et al., 2019), and pigs (Huang et al., 2019). While animal
models have provided insights into the functions of resident pulmonary
microbiota in the lung, the pig lung model provides several advantages
in comparison to other animal models. Pig lungs more closely replicate
the human lung immune system and physical structure. They also share
susceptibility to some of the same pathogens (Meurens et al., 2012;
Mair et al., 2014; Rogers et al., 2008). Another advantage is that pigs
are commonly reared in a single, contained environment. This facilitates
study of lung-environment interactions that may be difficult to capture
in humans due to them traveling through multiple distinct environ-
ments throughout the day. As a result, the pig lung model may provide
insights into how the environment influences the lung bacterial
community.

While there have been studies published on the composition of the
pig lung bacterial microbiome, these studies have been principally fo-
cused on how specific microbiome components alter disease (Huang
et al., 2019; Siqueira et al., 2017; Megahed et al., 2019). Fewer studies
focus on the impact of housing environment on baseline microbiome
community composition which have shown that the type of feed or
flooring can play significant roles in impacting community structure
(Fillion-Bertrand et al., 2019; Megahed et al., 2019). It has also been
shown that mouse lung communities cluster by vendor and cage with
the with the similarity increasing as cohousing time increases;
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suggesting that the local environment has a strong influence on com-
munity composition (Dickson et al., 2018). However, to our knowledge,
no studies have performed detailed environmental sampling to deter-
mine how distinct environmental conditions determine community
microbial structure in the lungs. The question of howmicrobial commu-
nities are impacted by distinct environments is critical to define. Given
increased urbanization and indoor living, defining these effects has im-
portant implications for microbiome-mediated human diseases. In the
present study, we performed 16S rRNA gene amplicon sequencing on
samples obtained from proximal and distal locations within each pig
lung and the surrounding environmental media from two different
farms. We then used this data to determine compositional differences
in the bacterial community between these distinct locations and the ex-
tent to which each location is influenced by the local environment.

2. Methods

2.1. Site selection

Samples were obtained from two distinct farms. The first was a farm
owned and operated by North Carolina A&T University (NCAT) located
inGreensboro, NC. At NCAT, the swine housingwas covered, and the an-
imals were separated by sex. Each pen consisted of a concrete space
where feed and water were available along with a larger bedding area
with soil and straw. The water was piped in from the local municipal
water treatment plant, and the diet was a commercial feed. The second
farm in this study was a family-owned farm (FOF) located near Chapel
Hill, NC. The swine housing was similar to NCAT, where it consisted of
a covered concrete area with straw bedding but unlike NCAT included
an uncovered area for access to feed and water. Water was sourced
through the local municipal water treatment plant and the diet
consisted of commercial feed but also incorporated vegetable scraps
and milk from the farm.

2.2. Sample collection

All lung samples were collected at the slaughterhouse during pro-
cessing, immediately placed on ice, and brought back to the lab for
DNA extraction. From each pair of pig lungs (n = 6 FOF, n = 25
NCAT), three different sample types, each targeting different lung re-
gions: lavage (n = 6 FOF, n = 24 NCAT), swab (n = 9 FOF, n = 50
NCAT), and tissue (n = 12 FOF, n = 32 NCAT) (Fig. 1). Lavage samples
were obtained using a vacuum-driven serological pipet. A total of 50mL
of 0.5× normal saline solution was injected through the bronchiole and
then withdrawn. In addition, proximal, swab samples of the trachea
(proximal A) and bronchioles (proximal B) were collected. Distal tissue
samples were excised using a sterile scalpel from two different areas of
the lung, the upper (distal A) and lower (distal B) lobes. After the sam-
ples were collected, they were frozen at -20 °C until their DNA was
extracted.

2.3. Preparation for molecular analysis

The DNA from the lavage samples was extracted using Qiagen
PowerWater kit (QIAGEN,Hilden, Germany). The swabswere processed
using theQiagenBacteremia kitwith the protocol alterations performed
in a previous study (Volkoff et al., 2020). The distal samples were ex-
cised with a sterile scalpel and processed using Qiagen DNeasy Blood
and Tissue kit. We selected these extraction kits as they have been de-
signed to be efficient for DNA extraction for the samples in our study.

Environmental samples of the feed (n= 4 FOF, n = 6 NCAT), water
(n= 2 FOF, n = 6 NCAT), soil (n= 8 FOF, n = 6 NCAT), and air (n= 4
FOF, n = 4 NCAT) were collected at each farm on two separate days
prior to the pigs being sent for processing. A total volume of 50 mL of
the feed and water samples were collected directly from the water
and feed troughs. Topsoil samples were collected by removing
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Fig. 1. Outline of sample collection. Boxes indicate approximate location of sample collection.
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vegetation from the top of a 2 by 2-inch square and removing the top
1 cm of soil. These soils were later homogenized prior to extraction.
Air samples were collected upwind and downwind using a Bobcat
ACD-200 (INNOVAPrep, Drexel, Missouri) operated at 100 L/min for
1 h. The air sample was collected on a filter and bacteria were collected
by using Bobcat rapid filter elution kit with 1× phosphate buffer saline
solution. The eluent was subsequently passed through a 0.2 μm filter
prior to beginning the extraction protocol. The feed and soil samples
were processed with Qiagen PowerSoil kit. The water and air samples
were processedwith Qiagen's PowerWater kit. Isolated DNAwas stored
at −20 °C until further processing.

2.4. High throughput sequencing analysis

The isolated genomic DNA was subsequently used as a template for
PCR amplification of the v4 region (515F FWD: GTGYCAGCMGCCGCG
GTAA; 806R REV: GGACTACNVGGGTWTCTAAT, Earth Microbiome Pro-
ject) of the 16S rRNA gene. Samples were prepared using the standard
Illumina workflow protocol for 16S amplicon library preparation
(Illumina, San Diego, California). Then, 250 paired-end sequencing
was performed on an IlluminaMiSeq using v3 chemistry at theDuke Se-
quencing Center (DUGSIM, Duke University, Durham, NC). The raw
FASTQ files were demultiplexed and split by sample ID using QIIME.
The files were then quality filtered, trimmed, denoised, merged,
checked for chimeras, and assigned taxonomy to generate amplicon se-
quence variants (ASVs) using DADA2 (Callahan et al., 2016). Taxonomic
assignments were made using the Silva v132 database (Quast et al.,
2013). Removal of contaminating sequences was completed using the
R package Decontam (Davis et al., 2018). The sequencing data for this
project is available under project number: PRJNA650559. The code
used to generate results can be accessed via GitHub through the follow-
ing url: https://github.com/alexmccumber/PigLungs.

2.5. Data analysis

All data analysis was performed using the R programming suite. Sev-
eral R packages were used for data analysis including: phyloseq for gen-
erating ordination plots and computing alpha and beta diversity, vegan
for the generation of rarefaction curves to determine proper sequencing
depth was obtained, stats for running statistical analyses, and ggplot2
for the generation of visual plots. linear discriminant analysis (LDA) ef-
fect size (LEfSe) (Segata et al., 2011) was used to identify significant
3

differences between the differential abundances of sample groups. The
LEfSe algorithm utilizes taxonomic and classification inputs to identify
statistical relevance and biological significance between given input
conditions. LEfSe was accessed through the Galaxy web interface. The
diversity of themicrobeswithin a sample (alpha) and between different
samples (beta) were calculated using vegan (Jari Oksanen et al., 2018).
SourceTracker was operatedwith default parameters to assess bacterial
environmental origin in the lung samples.

Alpha diversity scores were tested for normality using the Shapiro-
Wilkes test prior to statistical testing. For these analyses, normally dis-
tributed data significance testingwith ANOVAwas followed by pairwise
testing with Tukey's HSD. If data was not normally distributed, signifi-
cance testing was conducted with a Kruskal-Wallis test followed by
pairwise testing via theWilcoxon Ranked Sign test with False Discovery
Rate (Benjamini-Hochberg) corrected p-values. Beta diversity ordina-
tion plots were examined for significance via PERMANOVA followed
by pairwise PERMANOVA testing with Bonferroni corrected p-values.

2.6. Classifier development

The support vector machine (SVM) model classifier was built using
the R package caret (Kuhn, 2008). To reduce the number of features,
ASVs that were not present in at least 20% of the samples with more
than 3 counts were removed. The resulting dataset had 291 ASVs. The
count table was then transformed using Philr (Silverman et al., 2017).
Next the environmental data was split form the pig lung data and
used to build the SVM. The best model was selected using 5-fold re-
peated cross validation as well as tuning the cost and gamma parame-
ters. After training, the model was used to predict the farm origin of
the pig lung samples.

3. Results

3.1. The majority of amplicon sequence variants (ASVs) within the lung
originate from air sources

From the 180 samples analyzed, after removing contaminating se-
quences through the R package Decontam, 21,193 ASVs were identified
in 12,079,285 reads from the lung and environmental samples. These
ASVs represent 1313 different genera. A breakdown of the number of
ASVs by farm and sample type can be found in Table S1. The number
of ASVs located at NCAT was greater than those at FOF in all samples
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except for soil. The three phyla found in highest average relative abun-
dance in the lung samples, listed in decreasing order, were Firmicutes,
Proteobacteria and Bacteroidetes. A figure of the relative abundance of
each phylum is provided in the supplementary information as Fig. S1.
An ASV and taxonomic assignment table are provided as
supplementary data.

SourceTracker (Knights et al., 2011)was utilized to identify the envi-
ronmental origin of the ASVs found in the lung. SourceTracker uses a
Bayesian approach to determine the origin of ASVs in “sink” samples
from “source” samples. SourceTracker also allows for ASVs to be classi-
fied as having an unknown source when the model is not able to confi-
dently classify them. SourceTracker was run on each set of lung samples
(lavage, proximal A and B, and distal A and B), which were defined as
sinks while the environmental samples were defined as sources.
Among these potential sources, air was identified as the potential origin
for the greatest proportion of the bacterial community in the lungs
(Fig. 2). This was observed consistently at both farms and pairwise
Wilcoxon testing showed that the median relative abundance value
for air was significantly different (p < 0.05) from food, water, and soil.
A stacked bar plot of the average source proportion of ASVs for each
sample type is shown in Fig. 3. One difference between the two farms
was the proportion of feed associated bacteria, which were found to
comprise a greater proportion of the lung bacterial community at FOF
Food
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compared to NCAT. Also, the distal samples at FOF had a higher propor-
tion of feed associated ASVs compared to both the lavage and proximal
samples. As forwater and soil ASVs, theywere not found to be the origin
for a large portion of the lungmicrobiome at either farm. A notable pro-
portion of the bacterial community in all samples from both farms was
identified as having an unknown origin.

After finding that air was the origin of most bacteria within the
lungs, the alpha diversity, or the total diversity found within each sam-
ple, wasmeasured to determine if observed differences in environmen-
tal diversity would be reflected within the lung bacterial community
(Fig. 4). The two alpha diversity metrics calculated were Faith's PD
(FPD), which accounts for phylogeny (Faith, 1992), and the Shannon
index, which accounts for the evenness of species across the sample
(Abrahamsson et al., 2014). For the lung samples, a Shapiro-Wilk test
indicated that the FPD values were not normally distributed
(p < 0.05) whereas the Shannon values were (p = 0.24). Due to the
non-normal distribution of the FPD values, a Kruskal-Wallis test with
False Discovery Rate (FDR) corrected p-value pairwise testing via the
Wilcoxon Ranked Sign test was applied which indicated that the me-
dian values of the proximal samples between farms were significantly
different (p < 0.05). No difference in median alpha diversity was ob-
served between the two farms lavage or distal samples. Contrary to
the finding that significant differences existed for the FPD values, testing
Soil Unknown Air

Soil Unknown Air

Prox B Distal B Distal A Lavage Prox A Prox B Distal B Distal A Lavage Prox A Prox B Distal B Distal A
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each environmental sample by lung sample type for A) NCAT and B) FOF.
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with ANOVA showed that there are no significant differences for the
Shannon values by farm, sample type, or farm by sample type. This sug-
gests that while the phylogenetic make-up of those bacteria from NCAT
may be more diverse, the species distribution is likely similar as mea-
sured by Shannon indexwithin the proximal samples.When comparing
the sample types between farms, the environmental samples showed
no significant difference in either diversitymetric. Due to the lack of ob-
servable differences in environmental diversity, no association between
environmental bacterial alpha diversity and lung bacterial alpha diver-
sity could be drawn.

While overall diversity within the lungs was not reflective of overall
environmental diversity, beta diversity measures were calculated to ex-
amine overall differences between the farm and sample type'smicrobial
composition. A principal coordinate (PCoA) plot was generated using
theUniFrac beta diversitymeasurement (Fig. 5). The plot shows distinct
clustering by sample type (lung vs environment) and by farm (NCAT vs
FOF). Statistical testing using PERMANOVA revealed that the clustering
due to differences in community compositions of the sample type by
farm were significantly different (p < 0.05, R2 = 0.20). PERMANOVA
was re-run using only the environmental samples, but split by the
respective media type (water, soil, air). The resulting pairwise testing
showed that community composition did not meet statistical signifi-
cance (p = 0.064). Interestingly, when running this analysis using the
lung microbiome samples, significant differences (p < 0.05) were
observed between the two farms. This result was further backed by
analyzing the similarity of the microbial communities using ANOSIM.
For the environmental samples, comparisons were found to be
significantly different by farm (p < 0.001, R = 0.43) but not by sample
type (p = 0.066, R = 0.08) whereas lung samples were significantly
different by sample type (p < 0.001, R = 0.40) and farm (p < 0.001,
R=0.52). Altogether, thesefindings suggest that the observed environ-
mental differences may lead to distinct communitymembership within
the lungs.

3.2. SVMmodels can successfully predict lung sample origin using environ-
mental samples

With observed differences in beta diversity established between the
farms, a support vectormachine (SVM)model was developed using the
environmental samples. This model was created to determine whether
those taxa driving the environmental differences could be used to suc-
cessfully classify the lung samples from which farm they originated.
After data transformation using Philr and model optimization, the
5

model achieved an overall accuracy of 86% (0.79–0.92, 95% CI) with a
sensitivity of 0.99 and specificity of 0.60. For NCAT, 89 of 90 samples
were correctly classified. For FOF, 26 of 43 samples were correctly clas-
sified. A confusion matrix, or table showing the number of samples by
the class that were correctly or incorrectly classified, is shown in
Table 1. The high accuracy achieved by this model suggests that the dif-
ferences in the environmental taxa are being reflected within the lung
microbiome. Overall, the model performed better for NCAT than FOF,
though sample type was found to influence model accuracy more than
sample location. Compared to the lavage and proximal samples
(0.89–0.99 Accuracy, 95% CI), the distal samples were more difficult
for the model to predict (0.50–0.80 Accuracy, 95% CI) and accounted
for 15 of the 17 misclassifications for FOF and the one NCAT misclassifi-
cation. A summary of the top 20 features and their relative importance
are presented in Table S2.

3.3. Expansion of the lung-environment model

The bacterial-lung origin model was further expanded by
reprocessing the distal samples through SourceTracker and using the
Proximal and Lavage samples as a source. To remove effects occurring
unique to each farm, only the samples from NCAT were used. This anal-
ysis was completed with two assumptions. First, previous models of
particle deposition in the lungs have shown that separation occurs in
the lungs based on size. Those particles with a diameter greater than
3 μm are primarily removed in the primary and secondary bronchi,
whereas particles with diameters between 0.5 and 3 μm are found in
the tertiary bronchi and removed by sedimentation then moved to the
alveoli via Brownian diffusion (Klinger-Strobel et al., 2015). Therefore,
it is likely that the bacteria are not transiting the airspace; rather they
are being transported through settling and/or diffusion. Secondly,
while the proximal samples only sampled primary or secondary bron-
chi, we hypothesize but did not directly test that the lavage samples in-
clude mainly those ASVs found in higher order bronchi and not the
alveolar space. This assumption is due to the lung being collapsed dur-
ing sampling and the intrapleural pressure no longer being present.
Thus, upon re-running SourceTracker with these assumptions, the
known origin of ASVs in the distal sample increased with the primary
source being identified as proximal/lavage samples. This simulta-
neously eliminated nearly all those ASVs previously identified as origi-
nating from the air (Fig. 6). Additionally, the unknown origin for many
ASVs decreased (from 73% to 60% for Distal A samples and from 41%
to 17% for Distal B samples).
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3.4. Identification of biomarker taxa through LEfSe

Using the results from SourceTracker, which indicated that most of
the bacteria in the lungs originated from upstream in the airway,
LEfSe was utilized to identify potential biomarker taxa that were differ-
ent between the proximal and lavage samples from the distal lung sam-
ples. LEfSe identified 16 genus level biomarker taxa in the proximal and
lavage samples and 7 genus level biomarker taxa in the distal samples.
Fig. 7 provides the list of these 23 taxa and their associated LDA scores.

4. Discussion

Overall, this study has shown that differences in lung commu-
nity membership are significantly influenced by the local
6

environment. This was concluded due to observed differences in
beta diversity between the environmental and pig lung samples by
farm and the SVM model where the differences in the microbiota
in the environmental samples differentiate between the origin of
the lung samples. Differences in human lung community member-
ship due to geographical factors has been previously suggested as
one study found significant differences between US and UK lung
microbiomes (Stressmann et al., 2011). This effect has also been ob-
served to occur between households that do or do not have dogs, as
dogs appear to facilitate transport of outdoor microbes into the
home (Fujimura et al., 2010). These studies, however, did not in-
clude detailed environmental sampling and therefore could not di-
rectly identify that the local environment was a factor in the
observed differences.
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The influence of the local environment was confirmed using
SourceTracker. SourceTracker analysis indicated that the principal envi-
ronmental source of most lung associated ASVs in the proximal and la-
vage samples were air samples. This is an important to consider as we
begin to understand how microbial communities in the lungs influence
overall health; particularly as the world continues to urbanize (Cohen,
2006) and people begin spending most of the time indoors (Ruiz-
Calderon et al., 2016). Studies have already shown that the outdoor and
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indoor airbornemicrobial communities differ (Miletto and Lindow, 2015;
Shin et al., 2015), and the implications of the resulting long-term expo-
sure to indoor microbial communities are not understood, but have
been posited as the underlying cause for some diseases (Adams et al.,
2016).

This study has also shown that the distal airspace supports a
distinct microbial community fed by the proximal airways. Running
SourceTracker using the environmental samples as the source revealed
a large proportion of ASVs in the distal lung samples as being of unknown
origin. This suggests that the distal lung samples are not being directly in-
fluences by the external environment. To address potential sources of the
distal lung ASVs, we reran SourceTracker using the proximal and lavage
samples as the source of the distal lung ASVs. In this setting, the number
of unknown ASVs decreased; supporting that the proximal lung ASVs are
an important source of the distal ASVs. This agrees with previous models
of particle deposition suggesting that bacteria found in the distal samples
likely do not originate directly from the air but arrive at the alveolar space
through diffusion or sedimentation from the airway (Heyder, 2004;
Asgharian et al., 2016). During this transiting process likely a combination
of host environmental factors and properties intrinsic to the bacteria
allow for their survival at the alveolar space create related, but distinct
communities. This is observed through the finding that the total number
and phylogenetic diversity of the ASVs found in the distal samples is
lower than those found in the proximal samples. LEfSe also found poten-
tial biomarkers, or significant taxa for the proximal and distal airways.
8

This was included for comparisons with future and previous studies, as
it is beneficial to know which taxa are likely driving the differences be-
tween the sample types; however, the answer to the question as why
some taxa are found in specific sample types is beyond the scope of this
study and is likely better answered through shotgun metagenomic or
metatranscriptomic studies, which may explain what is driving the sur-
vivability of those groups at the alveolar level.

One of the main limitations with this study is the small sample size,
which limited the ability of the study to draw conclusions as to the influ-
ence of total environmental diversity being reflected within the lung and
distinguish significantly the beta diversity between the farms respective
environmental media. Additionally, there are still gaps to fill in this
model such as our large unknown ASV proportion. One prevailing theory
for this is thatmost lung bacteria aremicroaspirated (Dickson et al., 2017)
from themouth into the lung; therefore, in future studies, includingmore
upstream samples such as the mouth as potential sources could further
reduce the unknown origin category (Bassis et al., 2015). This could also
be accomplished through more intensive environmental sampling.

The novel aspects of this study are that it is the first to our knowl-
edge to attempt to classify lung associated bacterial profiles using envi-
ronmental samples as inputs and the first to compare distal and
proximal samples within the lungs. Overall, this study expands the
knowledge of and provides the framework for a model for how the en-
vironment influences lung community assembly. Airborne bacteria are
inhaled, deposited in the bronchioles, and undergo selection as they
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transit toward the alveoli. The predominate phyla found in the lungs in
this study, Firmicutes, Proteobacteria and Bacteroidetes, is consistent
with what has been observed in previous studies of human (Erb-
Downward et al., 2011; O'Dwyer et al., 2016) and pig (Huang et al.,
2019; Megahed et al., 2019) lung microbiomes, providing confidence
that, while this studywas completed in pigs, these results likely provide
insight into what is also occurring in human lungs.

5. Conclusion

In summary, this work has shown that the environment influences
lung microbiome composition. This is an important consideration as
we continue to further our understanding between the interaction of
the environment and human health. There are still several questions
that exist beyond those already proposed. One assumption in this
study is that the lungs are in equilibrium with the environment, so
those ASVs that are transient versus those that make up a core commu-
nity are unable to be distinguished. This work was completed in a pig
model continually exposed to the same environment. Therefore, turn-
over in populationswere unable to be detected. Futurework should uti-
lize different environments and track temporal changes in the lung
bacterial community to identify and to determine the timeline of turn-
over for those taxa that are transient members.
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