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HIGHLIGHTS GRAPHICAL ABSTRACT

e Microbial diversity in PMy 5 was influ-
enced by varying aerial routes.

e Geographic and chemical factors play a
crucial role in microbial community
assembly.

e Community assembly in PM; 5 was sto-
chastic over ocean and deterministic in
arid soil.

e Pirellula and Nocardiopsis were in-
dicators of aerial routes from distinct
origins.
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ARTICLE INFO ABSTRACT

Editor: Pavlos Kassomenos This study explored the assembly mechanisms and physicochemical dynamics of microbial communities within
atmospheric bioaerosols, focusing on the influence of different aerial trajectories. Over two years, samples near

Keywords: Seoul were classified into ‘North’, ‘Southwest’, and ‘Others’ categories based on their aerial trajectories. Phys-

Bioaerosol icochemical analysis of the PM 5 particles revealed distinct ion compositions for each cluster, reflecting diverse

Backward trajectory
Community assembly
Neutral community model

environmental influences. Microbial community analysis revealed that shared dominant bacterial phyla were
present in all clusters. However, distinct taxonomic profiles and biomarkers were also evident, such as coastal
bacteria in the ‘Southwest’ cluster correlating with wind speed, and arid soil-originated bacteria in the ‘North’
cluster correlating with cations. These findings demonstrate that biomarkers in each cluster are representative of
the distinct environments associated with their aerial trajectories. Notably, cluster ‘Southwest’ the highest mi-
crobial diversity and a strong alignment with the neutral community model, suggesting a large influence of
passive dispersal from marine environments. Contrarily, ‘North’ and ‘Others’ were more influenced by niche-
dependent factors. This study highlights the complex interplay between environmental factors and microbial
dynamics in bioaerosols and provides important insights for environmental monitoring and public health risk
assessment.
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1. Introduction

Microbial community assembly has been a focus of ecological
research, providing insights into the factors that shape bacterial com-
munity structure in complex environments, including soil and aquatic
systems (Tripathi et al., 2018; Wang et al., 2020). These studies have
built a crucial foundation for elucidating the influence of deterministic
and stochastic factors on the shape of microbial communities, thereby
providing a framework for interpreting microbial diversity and function.
However, few relevant studies have focused on the atmospheric envi-
ronment, particularly bioaerosols. This research gap is significant
because the atmosphere is a complex and transient environment deter-
mined by the convective mixing of bacterial communities from different
geographical origins (Zhai et al., 2018). This indicates that stochastic
processes can significantly affect the assembly of microbial communities
in the atmosphere (Zhao et al., 2022). However, conclusive empirical
evidence supporting this hypothesis is lacking.

The lack of research on bacterial community assembly in bioaerosols
is not just an academic deficiency but has far-reaching implications for
our understanding of environmental science and public health. Airborne
bacteria can serve as agents for disease transmission and can signifi-
cantly impact air quality (Duchaine and Roy, 2022). Potentially infec-
tious bioaerosols are relevant to a broad array of pathogens, including
those that are endemic and can cause rare infections and outbreaks such
as Mycobacterium tuberculosis and Legionella pneumophila (Hamilton
et al,, 2018; Wurie et al., 2016). Anthropogenic activities have a
demonstrable impact on airborne microbial ecosystems, particularly
increasing the richness and diversity of communities and the relative
abundance of potential pathogenic organisms (Jiang et al., 2022).
Furthermore, increased mortality rates from respiratory diseases corre-
late positively with the presence of specific pathogenic genera, partic-
ularly  Acinetobacter,  Corynebacterium, = Mycobacterium,  and
Staphylococcus, suggesting a public health impact of anthropogenic in-
fluences on airborne microbial communities. Therefore, the study of the
mechanisms underpinning the formation of microbial communities in
atmospheric environments is not simply an extension of existing theory
of microbial ecology, but a critical missing piece in a puzzle with sig-
nificant social consequences, thus providing a basis for future in-
terventions in the public health sector.

Geographic origin may serve as a noticeable factor influencing the
microbial community structure in bioaerosols through localized abiotic
and biotic conditions such as humidity, temperature, vegetation, and
other microbial and host interactions (Zhai et al., 2018). Bioaerosols
experience a “journey” through the atmosphere, and their microbial
constituents may undergo significant shifts through microbial in-
teractions, attachment on particulate matter (PM) (Gong et al., 2020),
and adaptation to varying atmospheric conditions (Smets et al., 2016).
Such movements may involve complex microbial interactions, such as
competition, cooperation, and niche partitioning (Dussud et al., 2018;
Peipoch et al., 2019), imposing both biotic and abiotic selection pres-
sures that may generate deterministic microbial assemblage patterns. In
contrast, the following passive dispersion of microbial cells on the sur-
face of bioaerosols, the assembly of the microbial community may occur
in a stochastic manner, driven by processes such as colonization,
reproduction, mortality, and speciation (Zhou and Ning, 2017).
Although the geographic origins of bioaerosol composition have been
researched, the specific mechanisms underlying microbial community
assembly during aerial transit remain under-researched.

In this study, we investigated the microbial community structure and
physicochemical properties of atmospheric bioaerosols. Using back-
trajectory analysis, we categorized bioaerosols based on three distinct
aerial trajectories to test the hypothesis that varying geographic origins
result in substantial differences in both physicochemical characteristics
and microbial assemblages. To further disentangle the underlying
drivers of community assembly, we employed neutral community model
analyses to quantify the roles of deterministic and stochastic forces in
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shaping these microbial communities. We argue that the balance be-
tween deterministic and stochastic factors is influenced by the
geographical origin and aerial trajectories of the bioaerosol samples.
Our study provides fundamental insights into the mechanism of the
microbial community assembly in bioaerosols, thereby providing a
framework for future air quality risk assessment.

2. Materials and methods
2.1. Sample collection

Total of 60 samples were collected on the roof of a 5-story building
(37.34°N, 127.27°E, 167 m above sea level, 20 m above ground level),
approximately 35 km southeast of Seoul, from October 2016 to April
2018. The sampling site was in a rural area with low-rise buildings and
scattered farmland, as well as a four-lane road and a river, while the
eastern side of the site was a rising valley. PMj 5 was sampled using low-
volume sampler (16.7 LPM) consists of a cyclone (2.5 pm size cut, URG-
2000-30EH) and single stage filter package. Three different types of
filters were used for each purpose. Polytetrafluoroethylene (PTFE)
membranes (Pall, Port Washington, USA) and quartz microfiber
(Whatman, Kent, UK) filters were used to analyze the total mass/ion
concentration and carbonaceous aerosol concentration, respectively. A
polycarbonate (PC) membrane filter (Merck Millipore, Massachusetts,
USA) was used to isolate DNA from microorganisms associated with
PM, 5. Before the PMj 5 sampling, the PTFE filter was dried in desiccator
(relative humidity at ~40 %) for 24 h and quartz filter was pre-baked at
550 °C for 4 h to remove organic carbon residues. For microbiological
purposes, PMy 5 was collected on the PC membrane filter for 72 h (3
days), and the filter was replaced when the flow rate fell below 10 L/
min. The remaining two filters for chemical analysis were replaced every
24 h during the 72 h bioaerosol sampling period. After sampling, the
quartz filter was wrapped in an aluminum foil and stored at —20 °C
while PTFE and PC membrane filter was immediately subjected to
further analyses.

2.2. Analysis of PM3 5 chemical composition

The mass concentration of PMy 5 was determined by weighing the
PTEFE filter before and after sampling. The filtered PTFE filter was soaked
in a 15 mL solution of 1 mL ethanol and 14 mL distilled water and then
sonicated for 30 min to dissolve the soluble ions. Impurities in the
samples were removed by syringe filtration. The concentrations of the
three anions (Cl~, NO3, and SO3") and five cations (Nat, NHJ, K+,
Mg?*, and Ca?") were determined by ion chromatography (IC;
Advanced Modules, Metrohm). The cations were analyzed using a
Metrosep C4-150/4.0 column with 4 mM HNOj3 as an eluent, and for
anion analysis, a Metrosep A Supp 5-150/4.0 column with 3.2 mM
NayCO3 and 1.0 mM NaHCOs3 were used. The minimum detection limits
for IC analysis were determined by repeatedly analyzing the standard
solutions of the minimum concentrations used for IC calibration seven
times. The values in pg/L (with uncertainties in parentheses as %) were
4.4 (2.0) for C1™, 9.8 (2.7) for NO3, 8.1 (2.2) for SOF~, 6.2 (3.1) for Na™,
11.9 (6.1) for NHY, 14.1 (5.1) for K*, 10.3 (3.6) for Mg?*, and 5.3 (6.5)
for Ca*.

A quartz filter for organic carbon (OC) and elemental carbon (BC)
analysis was used after baking overnight at 450 °C. OC and BC were
analyzed according to National Institute of Occupational Safety and
Health (NIOSH) Method 5040 using thermal optical transmission (TOT).

2.3. Backward trajectory analysis and meteorological data

Three-dimensional air mass transport pathways were calculated
using the Hybrid Single Particle Lagrangian Integrated Trajectory
(HYSPLIT) model version 4 (Draxler et al., 2018). Meteorological data
were obtained from the Global Data Assimilation System (GDAS; 1° x
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1°) as inputs to the HYSPLIT model. The starting altitude and time for
the backward trajectory calculations were 500 mabove ground level (a.
g.1.) at the receptor site and on the middle of the bioaerosol sampling
period (~3 d), respectively. The simulation time was past 72h, which
was sufficient to consider the lifetime of the aerosols owing to dry and
wet deposition (Choi et al., 2020; Kanaya et al., 2016).

To classify similar geographic origins using the backward trajectories
which reflect similar chemical histories, we used an angle-based clas-
sification which is a measure of how similar two back trajectory points
are in terms of their angle from the starting location of the back tra-
jectories (Carslaw, 2019). Air-mass origins were distinguished using an
R function, calculating clusters for back trajectories (trajClust) included
in the ‘openair’ R package. The optimal number of clusters was selected
into three such as North, Southwest, and Others. With an increase of the
number of clusters to four, ‘other’ cluster was divided into two clusters,
whose distances were long and short each. The last division appeared to
be relatively insignificant, so three was chosen as the optimum number
of clusters.

Seasons for the samples were defined as follows: Spring encompasses
March to May; Summer, June to August; Fall, September to November;
and Winter, December to February. Meteorological parameters were
obtained from the Suwon Weather Station (SWS; 37.27°N, 126.98°E,
34.5 m asl; see Fig. 1 for the location), about 26 km to the west-
southwest. These had the highest correlation with the on-site data
from the automatic weather station compared with those from nearby
weather stations (Lee et al., 2016).

2.4. DNA extraction and quantitative gPCR

gDNA was extracted from the PC membrane filters using a minor
modification of a previously described method (Jiang et al., 2015). After
aerosol sampling, the PC membrane filter was incubated in 5 mL PBS
(phosphate buffer saline) at 60 °C for 2 h for better DNA recovery by
inactivating nuclease activity. The following steps were carried out
using a MO-BIO PowerSoil DNA isolation kit (Carlsbad, CA, USA) ac-
cording to the manufacturer's instructions. The sample volume used in
the experiment was 5 mL, which exceeds the specified maximum ca-
pacity of 1 mL. Accordingly, the quantity of bead material and reagents
was increased fivefold, and the final elution volume was adjusted to 50
pL. The quantity and purity of the gDNA were measured using the
NanoDrop 2000 spectrophotometer (Thermo Fisher Scientific, Wil-
mington, DE, USA), and 42 samples with DNA concentration above 5
ng/pL were used. Extracted gDNA samples were stored at —80 °C until
analysis.

Bacterial abundance was quantified through the assessment of 16S
rRNA gene copy numbers, employing quantitative PCR with the
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bacterial universal primer set EUB338F (5-ACTCCTACGGGAGGCAG-
CAG-3) and BAC515R (5-TTACCGCGGCKGCTGGCAC-3"). qPCR pro-
cedures, including amplification, signal normalization, and copy
number calculation, were performed using the same methods as those
used in previous study (Hong and Cho, 2015).

2.5. Bacterial 16S rRNA sequencing and sequence analyses

The V3-V4 region of the bacterial 16S rRNA gene was amplified
using 338F (5-ACTCCTACGGGAGGCAGCAG-3') and 806R (5-GGAC-
TACHVGGGTWTCTAAT-3") primers with overhang adapter sequences
which are compatible with Illumina index and sequencing primers.
Index PCR, library pooling, and sequencing were performed on an
[llumina MiSeq platform (Illumina, San Diego, USA) and at Macrogen
Inc. (Seoul, Republic of Korea). The 16S rRNA gene sequence data were
processed using the Quantitative Insights into Microbial Ecology (QIIME
2020.8) program (Bolyen et al., 2019). Paired-end reads were joined and
demultiplexed using plugins in QIIME. The reads were subjected to
quality control using a three-step process. First, the sequences were
filtered based on the Phred minimum quality score (> 10) and the
maximum number of ambiguous sequences (< 6). Near-error-free and
maximum 450 bp length sequences were obtained based on the [llumina
error profile using Deblur (Amir et al., 2017). Finally, sequences clas-
sified as Archaea, mitochondria, or chloroplasts were excluded from
analysis. Using the subsampled open reference operational taxonomic
unit (OTU) clustering approach (Rideout et al., 2014) with the SILVA
(release 138) reference database, sequences showing >97 % identity
with the mapped reference sequences were clustered into a single OTU,
and the representative feature sequence per OTU was retrieved. Only
OTUs with a relative abundance of >0.05 % in at least one sample
remained in the dataset. The sequence data used in this study are
available in the NCBI SRA (Sequence Read Archive) database under
accession number PRJINA749884.

2.6. Statistical analyses

All statistical analyses and visualizations were performed using R
software (ver. 4.2.1) packages, and vegan (ver. 2.6-4) software (Oksanen
et al.,, 2019). Alpha diversity metrics, including species richness and
Shannon's diversity index, were calculated using the OTU relative
abundance table and the taxonomic positions of feature sequences were
classified using a scikit-learn multinomial naive Bayesian classifier
trained using SILVA reference sequences (Bokulich et al., 2018). Dif-
ferences in bacterial community composition between clusters were
visualized using non-metric multidimensional scaling (nMDS) based on
the Bray-Curtis dissimilarity matrix, and the significance of these
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Fig. 1. Using angle-based cluster from ‘openair’ package in R, the mean three days backward trajectory (BT) of each sample, based on the middle of the sampling
periods, was calculated using HYSPLIT model and meteorological data of the GDAS 1°. Samples were grouped into three BT-clusters (a, b, and c, respectively) and the
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differences was tested using Analysis of Similarities (ANOSIM) with 999
permutations. The envfit function of the vegan package was used to
calculate the correlation between significant variables and microbial
communities.

A normality test was conducted using the Shapiro-Wilk test to assess
the distribution of the variables. Depending on the normality of the data,
either analysis of variance (ANOVA) or the Kruskal-Wallis test was
employed to evaluate the significance of the differences observed among
the variables. The significance of pairwise differences was also tested
using Tukey's HSD or the MCTP test according to normality. The
Spearman's rank correlation coefficient was used to determine the cor-
relation between variables.

The neutral community model was calculated at the genus level to
test the contribution of stochastic processes in shaping bacterial com-
munity assembly using the minpack.lm package in R (Chen et al., 2019;
Sloan et al., 2006). The 95 % confidence intervals for all goodness of fit
statistics were calculated using 1000 bootstrap replicates. Linear
discriminant analysis effect size (LEfSe) analysis was performed to
identify the significant biomarker genera using ‘microbiomeMarker’
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package in R (Segata et al., 2011). Differently abundant bacterial groups
were defined using an LDA score (log;o) of >4. The Kruskal-Wallis test
(P < 0.05) or pairwise Wilcoxon test (P < 0.05) was applied as a factorial
test for the classes.

3. Results
3.1. Bioaerosol clustering by aerial trajectories and PM> 5 properties

Using back-trajectory analysis, we classified bioaerosols into three
groups based on their aerial trajectories (Fig. 1). They were designated
as ‘N (North, n=16)’, ‘S (Southwest, n=15)’, and ‘O (Others, n=11)".
Notably, all three clusters had a significant portion of their trajectories
over oceanic areas (43.0 %, N: 46.3 %, S: 47.2 %, O) (Fig. 1). In terms of
geographic influence, while the North Korean region affected clusters N
and O, they also traversed different regions in northern China and
Northeast China for clusters N and O (Fig. 1A and C), respectively. In
contrast, cluster S was predominantly influenced by East China (Fig. 1B).
Clusters N, S, and O predominantly consisted of samples collected in

Table 1
Physico-chemical characteristics of PM, 5 according to its aerial route.
.. b
N (n=16) S (n=15) 0 @m=11) Significance
(P value)
Seasons (Spring; Summer; Fall; Winter) 3,0;3;10 1,0;10;4 6;1;4;0 n.a.
Meterological o 4 + <
» 0.05
variablos Temperature (°C) 2.1£6.9 84+69 13.0£6.7
Precipitation (mnvd) 0.5+1.0 0.5+0.9 04+0.7 0.9
Wind speed (nmvs) 2.0+£0.7 1.6£0.5 1.9+£0.7 0.3
Relative humidity (%) 60.3+98 673+128 68.3+838 0.1
Chemical variables Mass concentration
) R (33+12)x10 (38+86)x10 (3.7+2.0)x 10 0.1
(proportional to PM, 5 mass) (ng/m’)
ocC 31.6 £ 15.6%° 26.2 £ 6.4% 27.8+10.4% 0.9
EC 33+£2.1% 2.8+ 0.8% 34+1.4% 0.5
Cr 22+1.3% 2.4+ 1.9% 0.9 +1.0% 0.1
NO;’ 22.5+£9.8%" 19.6 +6.9%' 12.1+9.6%' <0.05
SO42' 13.1 £4.6% 15.8+5.7% 20.4 +£9.0% 0.1
Na* 0.2+0.8%" 0.7+3.6%"" 1.8+3.7%" <0.05
NH," 12,6 +2.0% 124 + 4.0%" 103 +3.2%" <0.05
K’ 12+03%" 1.1+02%" 1.5+ 0.5%" <0.05
Mg 0.3+0.2% 0.3+02% 0.9+ 1.0% 0.2
ca®’ 03+03% " 02+0.1% 0.5+0.4%" <0.05

Clusters decided based on the backward trajectory analysis.
bSignificance of difference tested by Kruskal-Wallis test.
‘Mean =+ standard deviation.

dFraction of concentration to PM, 5 mass concentration.
*'Post hoc pairwise comparison using mctp test.
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winter (62.5 %), fall (66.7 %), and spring (54.5 %) seasons, respectively
(Table 1). While other meteorological parameters did not differ by aerial
route, N, which was sampled at a higher rate in winter, had significantly
lower temperatures compared to S and O (Table 1).

The physicochemical properties of PM; 5 along the aerial route were
compared (Table 1). Mass concentrations (pg/m>) and OC proportions of
PM; 5 were not significantly different between samples (Kruskal-Wallist
test, P > 0.05). In the ionic physicochemical indicators, the proportions
of NO3, Na™, NHZ, K*, and Cca®t in PM, 5 were significantly different
between samples along the aerial route (mctp test, P < 0.05). NO3
emerged as the dominant species within both cluster N (22.5 + 9.8 %)
and cluster S (19.6 + 6.9 %), whereas the proportion of NO3 in O (12.1
+ 9.6 %) was significantly low. The proportional concentration of NHZ
in N (12.6 £ 2.0 %) was significantly higher compared to cluster O (10.3
=+ 3.2 %) (Table 1). For minor constituents of PMy s, significant differ-
ences in the proportional concentrations of K, Na*, and Ca®" were
evident across clusters, with the highest concentrations of these ions
found within O. The back-trajectory analysis revealed that bioaerosols in
this study can be divided into three distinct clusters with different ionic
composition of PM, 5 along the aerial trajectories.

3.2. Comparing bacterial diversity across different aerial trajectories

We compared the bacterial diversity in PMjy 5 by aerial trajectories.
DNA concentrations and 16S rRNA gene copy numbers showed no sig-
nificant differences between clusters (Fig. 2A and B; Kruskal-Wallis test,
P > 0.05). In total, 824,747 quality-filtered sequences were obtained
and classified into 4801 OTUs. Both alpha-diversity indices in S (7.1 +
1.0, Shannon; 323.9 + 84.0, richness) were significantly higher (mctp
test, P < 0.05) than those in N (4.6 + 2.2; 100.1 £ 90.3) and O (5.0 &+
0.9; 72.7 + 21.3) (Fig. 2C and D). Although the total amount of mi-
croorganisms in PM> 5 did not differ between clusters according to aerial
route, the bacterial diversity of S was particularly high.
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To pinpoint the effects of meteorological and chemical parameters
on bacterial diversity, correlation coefficients were calculated, and the
results showed distinctive relationships according to the aerial trajec-
tories (Fig. S1). Bacterial abundance of cluster N showed significantly
negative correlation (Spearman, P < 0.05) with RH (rho = —0.7), NO3
(rho = —0.7), NHJ (rho = 0.6), and OC (rho = —0.5) (Fig. S1). In cluster
S, the alpha diversity indices were positively correlated with wind speed
(rho = 0.6, richness) and Cl~ (rho = 0.6, richness; rho = 0.6, Shannon)
(Spearman, P < 0.05) (Fig. S1). In cluster O, biological parameters were
significantly positively correlated (Spearman, P < 0.05) with cations,
such as Na® (rho = 0.78, bacterial abundance), Ca®t (rho = 0.66, rich-
ness), K™ (rho = 0.69, Shannon), and Mngr (rho = 0.69, Shannon).

To determine the differences in the microbial communities at the
genus level in each cluster, we compared their beta diversity using
nMDS (Fig. 3). In the nMDS plot, S was tightly clustered and was clearly
separated from N and O (Fig. 3A; ANOSIM, R = 0.27, P = 0.001). The
average inter-cluster distance of S to remaining two clusters were
comparable (0.80 + 0.12 for S-N; 0.78 + 0.06 for S-O). It is noteworthy
that despite O comprising samples from diverse aerial trajectories, it
exhibited more cohesive clustering on the nMDS plot compared to N. We
found that the two diversity indices (Shannon, R? = 0.78, P < 0.05;
richness, R = 0.85, P < 0.05) and CI~ (R* = 0.15, P < 0.05) had a
significant impact on this variation in beta diversity. Further examina-
tion of the inter-sample relationships on the nMDS plot with gradient
shading reflecting Shannon's diversity index confirmed a division within
cluster N into two groups (Fig. 3B). Although the proportion of Cl™ in
PM; 5, showed no significant differences between clusters (Table 1), it
exerted a significant influence on the variability of microbial community
composition within individual samples.

3.3. Dominant bacterial taxa in PM 5 across various clusters

All PM, 5 samples across clusters shared three consistent bacterial
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Fig. 2. Box plot displaying the variations in quantitative biological factors (A and B) and bacterial diversity indices (C and D) within the bacterial community
associated with PMy 5. The clusters labeled as N, S, and O correspond to back trajectory clusters. Lowercase letters displayed above the plots highlight significant
differences (P < 0.05) as determined by post hoc pairwise comparisons using the mctp test.
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phyla, Gammaproteobacteria, Bacteroidota, and Firmicutes, as the top
dominant members accounting for 65.2 (+25.8)%, 75.6 (+2.1)%, and
73.9 (£13.4)% of bacterial communities of each cluster N, S, and O
(Fig. S2). The differences in the relative abundances of these phyla be-
tween clusters were not significant (Kruskal-Wallis test, P > 0.05). Apart
from these dominant phyla, the abundance profiles of the remaining
bacterial phyla demonstrated a source-specific distribution, exhibiting
significant differences according to cluster (Fig. S2 and Table S1). The
abundance of the phylum Acidobacteriota was significantly higher
(Tukey's HSD test, P < 0.05) in cluster N than in cluster S (Table S1),
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mainly due to its remarkably high abundance in samples N09 (89.9 %),
NO5 (74.2 %), and N10 (67.6 %) (Fig. S2). The relative abundance of the
phylum Planctomycetota in cluster S was significantly higher (mctp test,
P < 0.05) than in the other two clusters (Fig. S2 and Table S1). The
abundance of Verrucomicrobia was also significantly higher (mctp test, P
< 0.05) in cluster S than in cluster N (Fig. S2 and Table S1). The phylum
Actinobacteriota was significantly more abundant (Tukey's HSD test, P <
0.05) in cluster O than in cluster S (Fig. S2 and Table S1). While the
dominance patterns of bacterial phyla were distinct across clusters, it is
important to acknowledge that the surrounding microbial communities
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Fig. 4. LDA scores (log1o LDA > 4) from the LEfSe analysis reflecting bacterial community distinctions. Pairwise comparisons are shown (A) across all clusters, and
between (B) clusters N and O, (C) clusters N and S, and (D) clusters O and S. Bar color signifies the cluster indicated by each biomarker.
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could also impact bioaerosol communities. This influence is subject to
variations in aerosolization potential, which are dictated by factors such
as relative humidity, wind speed, and precipitation.

Using LEfSe analysis with an LDA score above four, we identified
bacterial taxa that could serve as biomarkers to distinguish between the
clusters and elucidate the injection of endemic bacterial genera from the
environments in each aerial route. In the pairwise comparisons, more
bacterial taxa emerged as biomarkers when two individual clusters were
compared to comparisons involving all three clusters (Fig. 4). In the
three-cluster comparison, only two biomarkers related to Staphylococcus
indicating S were identified (Fig. 4A). However, in the two-cluster
comparisons, 10 biomarkers for N-O (2 for N; 8 for O), 28 biomarkers
for N-S (7 for N; 21 for S), and 25 biomarkers for S-O (18 for S; 7 for O)
were identified (Fig. 4B-D). These results revealed that cluster S had
relatively more biomarkers than the other clusters. In the pairwise
comparison, S was commonly enriched with 11 biomarkers, including
NBJ1-j, unclassified NBJ-j, unclassified Pectobacteriaceae, CCD24, un-
classified CCD24, unclassified Incertae_Sedis, unclassified Nitro-
somonadaceae, Candidatus Ovatusbacter, MNDI1, unclassified
Porticoccaceae, SAR92 clade, and Unclassified Cellvibrionales. N con-
tained two different taxa, unclassified Cyclobacteriaceae, and Belliella
whereas O was rich in Unclassified Hydrogenophilaceae. Interestingly,
when O and S were analyzed pairwise with N, two and three biomarkers
associated with Staphylococcus, respectively, were determined to be the
indicators classifying these two clusters.
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3.4. Microbial community assembly influenced by the aerial trajectories

The neutral community model (NCM) successfully estimated 55.4 %
of the variation in the frequency of genus occurrences within the total
PM, 5 associated community (Fig. 5A). Furthermore, when extended to
specific clusters, the NCM explained a larger variance in cluster S (76.4
%) (Fig. 5C), while its predictive accuracy decreased to 57.6 % and 44.9
% for clusters N and O, respectively (Fig. 5B and D). Despite the
remarkable difference in the goodness of fit between clusters N and O,
their mitigation rates (m), as predicted by the NCM, were comparable
(Fig. 5B and D). The highest mitigation rate was observed for NMC of
cluster S (Fig. 5C).

Although cluster S exhibited the highest goodness of fit for NCM,
cluster O manifested the highest cumulative relative abundance (53.6 +
17.5 %; n = 140) of bacterial genera which followed neutral model
(Fig. S3). This was in contrast to clusters S and N, which showed 44.8 +
8.0 % (n = 160) and 41.0 + 24.4 % (n = 166) respectively (Fig. S3).
Nonetheless, the pronounced variance within cluster O rendered this
difference statistically insignificant (Kruskal-Wallis test, P > 0.05). In
cluster N, the NCM identified an average of 50 % (+ 27.7 %; n = 23) of
the cumulative abundance of genera as under-representative outliers,
while the relative abundance of under-representative genera in cluster S
(25.4 £ 13.0 %; n = 29) was significantly (mctp test, P < 0.05) lower
than cluster N (Fig. S3). For the over-representative genera, the cumu-
lative abundance across the clusters was observed as cluster S (29.7 +
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Fig. 5. Fit of neutral model for bacterial communities in (A) all, (B) cluster N, (C) cluster S, and (D) cluster O. Point represents for bacterial genus classified from
sequence analysis process, and different colors indicate over- (green) and under- (yellow) representative outliers from the predicted by the neutral model. The R?
indicates the goodness of fit to neutral model. N indicates the metacommunity size and m indicates immigration rate.
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8.9 %; n = 40) > cluster O (16.4 &+ 8.0 %; n = 32) > cluster N (9.0 4 4.9
%; n = 27), with each cluster differing significantly from the others
(mctp test, P < 0.05). These results highlight the complex interplay of
neutral and niche-dependent forces in the assembly of bacterial com-
munities in PMy 5 across different aerial trajectories. In clusters S and N,
a broader array of bacterial genera was dispersed, each with a lower
abundance, whereas in cluster O, fewer genera were dispersed, but in
higher abundance. Within cluster N, the majority of niche-dependent
assembled genera appeared to be negatively influenced, in contrast to
clusters S and O, which indicated a positive impact on their niche-
dependent assembled genera.

3.5. Physicochemical factors influencing microbial community assembly

To evaluate the impact of the physico-chemical factors of PMj 5 on
differential community assembly, we aligned the NCM prediction status
of each biomarker with its correlation coefficient with the relevant
physicochemical factors (Table 2). The genus Belliella, a cluster N
biomarker, was predicted to be under-represented in the NCM of cluster
N (Table 2). Significantly, it was negatively correlated with temperature
(Table 2). The genus Nocardiopsis was fit to NCM of cluster N; however,
it was predicted to be over-representative of the NCM of cluster O. This
genus showed a significant positive correlation with the Ca?t levels
(Table 2). Among the cluster S biomarkers, the genera Pirellula and
Staphylococcus and the uncultured genus MND1 were well fitted to the
NCM of cluster S. Genus Staphylococcus and MND1 demonstrated sig-
nificant positive correlations with Na™ and mass concentration,
respectively. Genus CCD24 and Pseudomonas were over-representatives,
while the remaining four cluster S biomarkers were under-represented
in the NCM of cluster S. Notably, the genus Pirellula and all over-
representatives showed no significant correlation with any factor
(Table 2). In contrast, under-representatives, including the uncultured
genus SAR92 clade, Candidatus genus Ovatusbacter, and Chrys-
eobacterium showed significant positive correlations with major com-
ponents of PMy 5 (NO3, SO?{, NH{, and OC) as well as ion components
(Table 2). Both cluster O biomarkers, Thiobacillus and Colwellia, were
underrepresented. While Thiobacillus showed significant positive corre-
lation with SO3~, cations (Mg?*, Ca?", K*, and Na™), and temperature,
Colwellia negatively correlated with SO%’ as well as NHj (Table 2). It
was noted that no biomarker showed significant seasonal differences,
highlighting that biomarker distribution is more influenced by aerial
trajectories than by the seasons.

Table 2
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4. Discussion

Our results have provided a comprehensive background for the un-
derstanding of the assembly mechanisms of microbial communities
associated with PMy 5. We highlighted the complex balance between
stochastic and deterministic processes that vary according to aerial
trajectories. These findings significantly improve our understanding of
atmospheric environment as dynamic ecological niches for microor-
ganisms and elucidate the complex interactions between microorgan-
isms and atmospheric environmental factors. Our research goes beyond
the traditional focus on seasonal variations or nearby urban environ-
ments, as emphasized in previous studies (Feng et al., 2021; Li et al.,
2023; Zhang et al., 2023; Zhou et al., 2021), to illuminate the impact of
aerosol trajectory history on microbial dynamics. This novel perspective
in atmospheric microbial ecology not only challenges existing para-
digms but also paves the way for new insights into the consequences of
long-range transport on atmospheric microbial community composition.

The categorization of PM transportation pathways into ‘North (N)’
and ‘Southwest (S)’ aligns with the findings of Choo et al. (2021), who
identified similar long-range aerosol pathways over North Korea and the
Yellow Sea (Choo et al., 2021). The cluster ‘O’ is characterized by its
relative stationarity over the inland areas of the Korean peninsula, as
described by Lee et al. (2016) and Li et al. (2023). Cluster S was slightly
higher in the summation of Na™ and Cl~ (3.1 %) compared to the other
clusters (2.4 % for N and 2.7 % for O), indicating the influence of oceanic
aerosols (e.g., sea salt) (Kim et al., 2019). Moreover, the wind speed was
low as 1.6 m/s and moderate temperature (8.4 °C) can easily stimulate
secondary formation of NH4NO3 (Kim et al., 2015; Lee et al., 2016);
therefore, the cluster S can be represented the oceanic and secondary
formation characteristics. Cluster N, which indicated ‘anthropogenic
aerosol,” consists of the dominant westerly passed through Beijing-
Tianjin-Hebei (BTH) regions showing the highest proportion of carbo-
naceous aerosols (31.6 % for OC and 3.3 % for EC) along with highest
NO3 portion (22.5 %). This might be due to air masses passing through
urban areas, where is dominant of anthropogenic aerosol from coal-fired
power plants and vehicles. The impact of these anthropogenic aerosols
generated in the BTH region on the Korean Peninsula has been
frequently reported in previous studies (Wang et al., 2005). Cluster N
was mainly sampled during winter (the cold season), resulting in favor
conditions for secondary formation between NH3 and HNO3 which were
emitted from the vehicles. High OC and EC concentrations were mainly
explained by heating during the cold season (Ghim et al., 2017; Zheng

Predicted frequency of LEfSe biomarkers from NCM models and its correlation with physico-chemical variables of PMy s.

Abundance prediction in NCM®

Correlation coefficient®

. a
Genus Biomarker All Cluster N Cluster S Cluster O Temp|Mass | OC | EC |NO, [NH, [SO,~| CI' [ Na' | K" |Mg™ | Ca™
Belliella N under? under neutral neutral -0.32
Nocardiopsis N/O neutral neutral over over 0.33
NBI1-j S neutral neutral under neutral 0.38
CCD24 S neutral neutral over neutral
MNDI S under neutral neutral over 0.31
SAR92 clade S under neutral under neutral 0.44 [ 0.36 | 0.35 [ 0.45 | 0.51 | 0.45
Candidatus Ovatusbacte: S under neutral under - 0.37 | 0.36 0.42 | 0.41 0.44
Chryseobacterium S neutral neutral under neutral 0.41 [ 0.31 | 0.41
Pirellula S neutral over neutral under
Staphylococcus S under neutral neutral neutral 0.33
Pseudomonas S neutral neutral over over
Thiobacillus (6] under -© neutral under 0.43 0.36 0.53 | 0.46 | 0.54 | 0.43
Colwellia (6] under - under under -0.331-0.35

Cluster for which respect genus was revealed as biomarker from LEfSe analysis.

bNeutral community models constructed using all samples, cluster N, cluster S, and cluster O, respectively.

“Only significant correlation coefficient (Spearman, rho) is summarized.

dNeutral, well fitted to neutral model; under, under-representative outlier; over, over-representative outlier in NCM.

€., not available due to absence from respect cluster.
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et al., 2018). Cluster O consists of a complicated air mass pathway that
does not pass through a specific region. As a result, the PMj 5 chemical
characteristics in cluster O showed a mixture of various emission sour-
ces, especially biomass burning (1.5 % for K™ and 3.4 % for EC) and
mineral dust (0.5 % for Ca®* and 0,9 % for Mg?"). As the mean tem-
perature in cluster O was the highest compared to the other clusters,
ammonium sulfate ((NH4)2SO4) could be a major secondary ion result-
ing from the photo-disassociation of NH4NO3 into NH3 and HNO3 (Kim
et al., 2015). Therefore, cluster O can be represented as a mixture of
aerosols.

The observed differentiation in PM, s-associated bacterial commu-
nities across aerial trajectories, coupled with variations in alpha di-
versity, highlights the complex interplay between stochastic and
deterministic forces in microbial community assembly. In particular, the
higher alpha diversity and distinct community structure in cluster S, as
well as its better fit to the neutral community model, suggested a com-
munity assembly primarily influenced by passive dispersal mechanisms,
likely shaped by the surrounding marine environments. This finding is in
contrast to research, suggesting lower microbial diversity in oceanic
aerosols (Archer et al., 2020). The increased bacterial richness in cluster
S may be attributed to the dynamics of sea salt aerosolization, which is
linearly correlated with ocean surface wind speed (Prijith et al., 2014).
This is also evidenced by the higher proportion of over-representative
genera in cluster S, indicating that a diverse range of microorganisms
were passively dispersed from the surrounding marine environment.
This unique interaction could explain the increased microbial diversity
despite oceanic influence.

In contrast, clusters N and O, characterized by a less distinct sepa-
ration and a broader alpha-diversity spectrum, appeared to be more
strongly influenced by niche-dependent factors. The negative correla-
tion between microbial diversity and nitrogenous compounds (NH} and
NO3) in cluster N, and the positive correlation with mineral dust indi-
cator (Ca®" and Mg?") in cluster O, suggests that chemical influences
control community composition. These results are consistent with
existing research, underscoring the significant contribution of bio-
aerosols to the atmospheric nitrogen cycle and their interactions with
secondary organic aerosols (Archer et al., 2020; Shen and Yao, 2023).
This finding highlights the need to consider both natural and anthro-
pogenic factors to understand atmospheric microbial dynamics (Mu
et al., 2019; Shen et al., 2016).

This study also provides insights into the roles of particular bacterial
taxa as biomarkers in the assembly of bioaerosol communities. The
presence of Pirellula, Ca. genus NB1-j, and the SAR92 clade in cluster S,
which are typical members of coastal environments (Ciraolo et al., 2023;
Morris et al., 2006; Stingl et al., 2007), indicate a significant influence of
the marine ecosystem on this cluster. The different roles of these bio-
markers, as evidenced by their varied fitness in the neutral community
model and distinct correlations with chemical factors, suggest a multi-
faceted interaction with PMs 5 components. For example, the DMSP (Di-
Methyl Sulfonio-Propionate) catabolic activity of Ca. genus SAR92 clade
and its correlation with SO7 and other secondary organic aerosol
highlights its metabolic interactions with these communities (He et al.,
2023; Oduro et al., 2012). Over-representative biomarkers in cluster S,
such as Pseudomonas, show enhanced aerosolization capabilities in
marine environments, a notion supported by previous reports on mi-
crobial aerosolization rates and capsule production (Michaud et al.,
2018). For clusters N and O, the presence of genus Nocardiopsis and its
correlation with mineral dust indicator (such as Ca®' and Mg2+) is
consistent with its known prevalence in desert ecosystems (Alsharif
et al., 2020), reinforcing the influence of niche-dependent processes in
these clusters. The predominance of under-representative biomarkers in
clusters N and O suggests that niche-dependent processes may reduce
microbial diversity in these clusters.

Interestingly, Staphylococcus, recognized as an opportunistic patho-
genic bacterium, was highly dispersed across all clusters, exhibiting a
positive correlation with the mass concentration of PM. This indicates
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that high PM concentration may increase health risks, a notion sup-
ported by previous studies (White et al., 2020). Employing PMj 5 cluster
analysis to predict the spread of potential pathogens such as Staphylo-
coccus is critical for public health monitoring and risk assessment. For
instance, an assessment based on urban aerosol samples from kinder-
gartens revealed seasonal variations in health risks associated with
pathogenic bacterial assembly mechanisms (Li et al., 2022). Imple-
menting such approaches can aid the development of targeted air
quality management and early warning systems, particularly in urban
settings or areas prone to dust storms.

Although this study provides important insights into the assembly
mechanisms of microbial communities in bioaerosols and their in-
teractions with the physicochemical dynamics of the atmosphere, there
are still many gaps that need to be filled and researched further. A pri-
mary limitation is the spatial and temporal variability inherent in bio-
aerosol studies. Our sampling, which was restricted to a single location
over a limited timeframe, may not have fully captured the complex and
dynamic nature of bioaerosol transport and microbial diversity across
various atmospheric conditions and seasons. This highlights the need for
more comprehensive and diverse sampling strategies in future studies to
gain a comprehensive understanding of the spatiotemporal dynamics of
bioaerosol communities. Furthermore, the current focus on bacterial
communities overlooks the roles of other microbial entities such as
fungi, viruses, and microeukaryotes, which are integral to the atmo-
spheric microbiome. Incorporating these groups into future research
could provide a more holistic view of atmospheric microbial ecology.
The integration of metagenomic and metatranscriptomic approaches
would be beneficial to further elucidate the functional and metabolic
profiles of these microbial communities. Such approaches could improve
our understanding of the ecological roles and impacts of bioaerosols,
particularly in terms of atmospheric processes and public health.
Finally, this study opens the door for further investigations into how
anthropogenic pollutants and climate change may affect microbial
communities in bioaerosols. These significantly affect the chemical
composition of organic carbon, which is vital for microbial resource
availability. This importance highlights the need for detailed studies on
how these changes influence bioaerosol composition, function, and
dispersal, with recent FT-ICR-MS advancements offering a way to
closely examine bioaerosol organic matter's chemical characteristics
(Zhang et al., 2024). With current environmental challenges, it is critical
to understand the impact of these factors on bioaerosol composition,
function, and dispersal patterns. Future research in these areas will
advance understanding of atmospheric microbial ecology and inform
strategies for air quality management and public health protection in the
face of global environmental change.

5. Conclusion

This study advances our understanding of the complex dynamics that
control the microbial community assembly and physicochemical in-
teractions in atmospheric bioaerosols. Through a detailed analysis of
samples collected over a two-year period, we clarified the important role
of both deterministic and stochastic processes in shaping these com-
munities, influenced by their different aerial trajectories and complex
interaction with environmental factors. Our results highlight the
importance of geographic origin and atmospheric journey in deter-
mining the composition and diversity of microbial communities in bio-
aerosols. The use of advanced molecular techniques and neutral
community model analyses allowed us to analyze the subtle balance
between passive dispersal mechanisms and niche-dependent factors and
to highlight the pronounced associations between environmental con-
ditions and microbial interactions in the atmosphere. Furthermore, the
different microbial signatures associated with different aerial trajec-
tories underscore the potential of bioaerosols as indicators of air quality
and as vectors for pathogen spread, which has significant implications
for environmental monitoring and public health risk assessments. This
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opens new avenues for research and provides a foundation for future
studies aimed at understanding the environmental and health impacts of
bioaerosols in the atmosphere.
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