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ABSTRACT

Handling editor: Adrian Covaci

There is solid evidence that haze pollution threatens human health owing to the abiotic pollutants it contains.
However, the characteristics of airborne bacterial communities in indoor and outdoor environments exhibiting
haze occurrence are still unknown. Thus, we examined variations in both indoor and outdoor airborne bacterial
communities in Beijing from December 9–27, 2016, a period which included three haze events. The outdoor
airborne bacterial communities were clustered into two main groups (Groups I and II), and they shifted between
two typical bacterial communities regardless of the haze event. The Chao1, Shannon, and phylogenetic diversity
indexes and abundance of dominant classes changed significantly, as did airborne bacterial community type. The
indoor airborne bacterial community closely tracked the outdoor bacterial community type, forming two obvious groups supported by Adonis analysis, changes in dominant classes, and bacterial diversity compared to the
outdoor group. Furthermore, we found that the airborne bacterial community type could affect the morbidity of
respiratory diseases. Daily pneumonia cases were significantly higher in Group I (p = 0.035), whereas daily
amygdalitis cases were significantly higher in Group II (p = 0.025). Interestingly, the enriched classes in the
indoor environment were quite different from those in the typical airborne bacterial community environment,
except for Clostridia, which had significantly higher abundance in both indoor environments. In conclusion, we
found that the two indoor and outdoor airborne bacterial community types changed independently of haze
events, and the special airborne bacterial community type was closely related to the incidence of pneumonia in
the heavy haze season.
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1. Introduction
The annual concentrations of PM2.5 have increased by 48% in China
and an increasing trend was observed in 87.9% of the country according to data from 1999 to 2016 (Zhao et al. 2019). High PM2.5 levels
were mainly located in the Beijing-Tianjin-Hebei region in North China,
East China, and the Henan province (Lin et al. 2014). The annual PM2.5
concentrations in >10% of this area have been > 35 μg/m3 since 2003
(Zhaoet al. 2019). A total of 83% of the population lives in areas where
the annual PM2.5 level exceeds 35 μg/m3 (Liu et al. 2016). A coal cap
policy was implemented in the Beijing-Tianjin-Hebei region, and SO2,

⁎

NOx, CO, VOCs, PM10, and PM2.5 emissions were reduced by 20–40% in
2020 (Guo et al. 2018). Many other measures have been implemented
to reduce the level of air pollution. However, there is still a long way to
go. The level of air pollution in China is substantially higher than that in
developed countries, and its threat to public health has attracted a large
amount of attention, particularly in relation to haze events (Guan et al.
2016).
Haze pollution, and especially fine particulate matter (PM2.5), can
increase mortality from heart disease (Pope et al. 2009; Pope et al.
2004), stroke, respiratory disease (Zhang and Cao 2015), and lung
cancer (Lepeule et al. 2012; Pope et al. 2011), and can shorten
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Fig. 1. Sampling details. (a) Distribution of sampling sites. The room (307, 311, 315) represents the indoor environment, and balcony (Y) represents the outdoor
environment. (b) Mean concentrations of PM2.5 and PM10 for each month between April 2016 and March 2017. (c) Concentrations of PM2.5 and PM10 at each
sampling interval between December 9 and 27, 2016. TC: time interval < 75 μg/m3; TP: time interval > 75 μg/m3 (note: time intervals were numbered in
chronological order).

lifespans. Data from six low- and middle-income countries showed that
each 10 μg/m3 increase of PM2.5 corresponded to a 0.72 increase in
overall disability scores based on the World Health Organization Disability Assessment Schedule (Lin et al. 2017). PM2.5 exposure caused
4.2 million deaths (7.6% of total global deaths) and 103.1 million
disability-adjusted life-years (DALYs) (4.2% of global DALYs) in 2015
(Cohen et al. 2017). Premature mortalities attributed to PM2.5 in China
amounted to 1.37 million in 2013 (Liuet al. 2016).
Airborne microorganisms are crucial components of the atmosphere, with bacterial cells exceeding 1 × 104 m−3 (Burrows et al.
2009), and they can threaten human health by disseminating allergens
and pathogens (Griffin 2007). Many researchers have investigated
structural variation in the airborne bacterial community during haze
events (Du et al. 2018; Sun et al. 2018; Yan et al. 2018; Zhen et al.
2017). However, comparisons of the airborne bacterial community on
haze and non-haze days have yielded inconsistent results. Fan et al.
screened several dominant genera in PM2.5 on heavy or severe pollution
days (Fan et al. 2019), and Sun et al. found that the dominant genera
varied under different concentrations of PM including Rhizobium, Propionibacterium and Comamonadaceae (Abd Aziz et al. 2018; Sunet al.
2018), while no correlation between dominant genera and pollution
levels was observed in other studies (Duet al. 2018; Wei et al. 2016; Xu
et al. 2017b; Yanet al. 2018). These inconsistent results may be largely
due to the limited numbers of samples and lack of continuous sampling
(Dong et al. 2016; Duet al. 2018), as data on unsampled days might
help explain the correlation between airborne bacterial communities
and air pollution. Therefore, a better understanding of the dynamic
variation in airborne bacterial communities throughout the haze process is important for human health risk evaluation.
Indoor airborne microorganisms are also an important consideration in human health risk evaluations during haze events, because humans spend most of their time indoors (up to 90% in industrialized
countries [(Hoppe and Martinac 1998; Klepeis et al. 2001)]). The indoor airborne bacterial community is influenced by ventilation type,
and the relative number of several operational taxonomic units (OTUs)
(similarity to human pathogens > 97%) is higher indoors than

outdoors (Kembel et al. 2012). Our knowledge of indoor microbial
communities has greatly increased in recent years owing to the development of high-throughput sequencing technology. This technology has
shown that the indoor microbial community is affected by building
factors, which govern the entry behavior of outdoor microorganisms, as
well as by occupants, who release human-associated microorganisms
and re-suspend microbes residing on floors and surfaces (Leung and Lee
2016). Therefore, both the outdoor environment and occupants act as
major sources of indoor microorganisms (Adams et al. 2015; Hospodsky
et al. 2012; Leung and Lee 2016; Stephens et al. 2015).
In Beijing, severe haze pollution occurs frequently in winter, when
pathogenic bacteria and fungi are more abundant (Duet al. 2018). Although microbial composition varies between settings, bacteria are
generally the most abundant microbes (approximately 80%), followed
by fungi (Zhai et al. 2018). Therefore, in this study, we investigated
variations in airborne bacterial communities in indoor and outdoor
environments in Beijing from December 9–27, 2016, a period which
included three haze cycles. In addition, we explored the reason for the
shift in the bacterial community and the relationship between bacterial
community structure and respiratory disease. Our results have important implications for health care during haze events.
2. Material and methods
2.1. Exposure experiment
In this study, we sampled the indoor and outdoor environments on
the third floor of a three-story building at approximately 10 m above
the ground (116°26′35.86″E, 39°52′22.30″N). We selected four sampling sites: one in each of three different student dormitories (307, 311,
and 315), and one on a balcony (Y) (Fig. 1a). The balcony was open to
the outdoor air, with no barriers. The samples collected from 307, 311,
and 315 were designated as indoor samples. The samples collected from
the balcony represented the outdoor environment. There was no mechanical ventilation indoors. Indoor and outdoor air exchange in these
rooms is normally conducted through natural ventilation. The windows
2
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of rooms were kept closed during the experiment. There were stairs at
both ends of the corridor. The corridor connected the rooms and the
outdoor environment. Occupants worked and rested as usual during the
experiment and forbade people from other dorms to enter. The trend of
PM2.5 and PM10 from April 2016 to March 2017 shows that the most
serious haze pollution occurred in the winter, especially in December
(Fig. 1b). Thus, we collected samples from December 9–27, 2016. In the
ambient air quality standards in China (GB 3095–2012), a 24-hour
average concentration of 75 μg/m3 is considered the threshold of the
second function areas, including dwelling district. Three haze events
(>75 μg/m3) occurred during the sampling period (TP2, TP4, and
TP6); these were interspersed with non-haze periods (TC1, TC3, TC5,
and TC7) (Fig. 1c).
We used natural sedimentation to collect samples covering the
whole time period. At each site, we placed four uncovered disposable
sterile cell culture dishes (φ90 mm) without agar medium at a height of
1.5 m above the ground and left them for 12 h. Samples were then
collected by smearing the inner surface of each dish with a sterile swab
that had been dipped in 100 μL of sterile normal saline, and the swabs
were stored individually in sterile 2 mL tubes at − 80 °C until further
processing. We then replaced the cell culture dishes for the next 12 h
sampling period. We placed dishes and collected samples at 08:00 and
20:00 h from December 9–27, 2016, wearing masks and gloves at all
times. We also recorded the environmental conditions outdoors (PM2.5,
PM10, SO2, NO2, NO, O3, temperature, moisture, and wind scale) and
indoors (temperature and moisture) during the sampling period.

using the Ribosomal Database Project classifier (confidence
threshold = 70%) (Wang et al. 2007). Each sample was rarefied to
19,363 sequences, and the Chao1 richness estimator, Shannon index,
and Faith’s phylogenetic diversity index (PD index) (Faith and Baker
2007) were calculated using mothur software. We used PICRUSt to infer
the function of the bacterial community.
2.4. Collection of records from a fever clinic
For the collection of patient records, we selected Beijing
Chuiyangliu Hospital (1.6 km from the sampling sites), where there is
no delay in registration to see a doctor, so actual disease occurrence is
apparent. Data were collected from the fever clinic during the experiments to represent the daily disease cases in the area. The records
provided patient data, including gender, age, date of visit, and diagnosis. We screened all cases related to respiratory disease and classified
them as pneumonia, amygdalitis, or pharyngitis. Finally, we summarized the cases of each disease for each day and studied the relationship
between bacterial community type and disease morbidity.
2.5. Statistical analysis
We performed canonical correspondence analysis (CCA), principal
coordinate analysis (PCoA), and a permutational multivariate analysis
of variance (Adonis) in the “vegan” package as well as a Mann-Whitney
U test (two-tailed) and Pearson correlation analysis (two-tailed) in the
“state” package in the R environment. A significance level of p < 0.05
was used for all analyses. CCA was performed to explore the relationships in the outdoor airborne bacterial community based on the OTU
matrix and outdoor environmental variables (PM2.5, PM10, SO2, NO2,
NO, O3, temperature, moisture, and wind scale). The variables that
significantly affected the distributions of bacterial communities were
included in the CCA model. PCoA with Bray–Curtis distances was used
to explore the similarities between samples. Adonis analysis with
Bray–Curtis distances was performed to partition distance matrices
among sources of variation. We used the Mann-Whitney U test to
compare the abundance of taxa in different bacterial community types
and different taxa between indoor and outdoor environments. Pearson
correlation analysis was used to explore the relationships between
biodiversity at the sampling sites (307, 311, 315, Y) and the relationship between bacterial taxa and daily disease cases. In order to describe
OTU fluctuations over time, we introduced the concept of appeared and
disappeared OTUs. The appeared OTUs were those that were detected
in a sample but not detected in the sample from the previous 12 h. The
disappeared OTUs were those that were detected in the sample of a
previous 12 h but not detected in the current sample. Appeared and
disappeared OTUs of each outdoor samples were calculated except the
first one (12.9a) without data of the previous 12 h. The counts of the
appeared and disappeared OTUs and their abundance were used to
track their changes over time.

2.2. Next-generation sequencing
Genomic DNA was extracted from each sample using a PowerSoil®
DNA Isolation Kit (MO BIO Laboratories, Inc., Carlsbad, CA, USA) according to the manufacturer’s recommendations. The extracted DNA
was diluted to a concentration of 1 ng/μL and stored at − 20 °C until
further processing. The diluted DNA was used as a template for PCR
amplification of the bacterial 16S rRNA gene using barcoded primers
and HiFi HotStart ReadyMix (KAPA). The V3–V4 variable regions of the
16S rRNA gene were amplified with the universal primers 343F
(TACGGRAGGCAGCAG) and 798R (AGGGTATCTAATCCT). The amplicon quality was visualized by gel electrophoresis. Next, the amplicons were purified with AMPure XP beads, amplified for another round
of PCR, and then re-purified with AMPure XP beads. The final amplicon
concentration was quantified using a Qubit™ dsDNA Assay Kit. Equal
amounts of the purified amplicons were then pooled for subsequent
sequencing using the MiSeq Sequencing System (Illumina, Inc., San
Diego, CA, USA).
2.3. Sequence processing
Raw sequencing data were stored in the FASTQ format. Paired-end
reads were preprocessed using Trimmomatic software (Bolger et al.
2014) to detect and cut off ambiguous bases (N) as well as low-quality
sequences with an average quality score of < 20 using the sliding
window trimming approach. Following trimming, paired-end reads
were assembled using FLASH software (Reyon et al. 2012) with the
following parameters: 10 bp and 200 bp of minimum and maximum
overlap, respectively, and 20% maximum mismatch rate. Further denoising of the sequences was conducted; this involved abandoning
reads with ambiguous homologous sequences and those with < 200 bp.
Reads with 75% of bases above Q20 were retained, and on further
detection any reads with chimera were removed using QIIME software
(version 1.8.0) (Caporaso et al. 2010).
Clean reads were subjected to primer sequence removal and clustering to generate OTUs using UPARSE software with a 97% similarity
cut off (Edgar 2013). A representative read of each OTU was then selected using the QIIME package. All representative reads were annotated and blasted against the SILVA database version 123 (16 s rDNA)

2.6. HYSPLIT trajectory model
The National Oceanic and Atmospheric Administration (NOAA)
HYSPLIT model of backward trajectories of airflow over 72 h at the
study sites for each day was built based on GFSG meteorological data
(https://ready.arl.noaa.gov/HYSPLIT.php), which was used to determine the source and vertical motion of airflow.
2.7. Nucleotide sequence accession
All bacterial 16S rRNA gene sequences generated in the present
study were deposited in the National Center for Biotechnology
Information Sequence Read Archive (http://www.ncbi.nlm.nih.gov/
sra) under accession number PRJNA503826.
3
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Fig. 2. Analysis of the outdoor airborne bacterial community. (a) Canonical correspondence analysis (CCA) of the outdoor airborne bacterial community based on the
OTU matrix and outdoor environmental variables. (b) Proportion of the total variation of the outdoor airborne bacterial community explained by significantly
affected environmental variables. (c) Principal coordinate analysis (PCoA) of outdoor airborne samples collected between December 9 and 27, 2016, based on
Bray–Curtis distances. Different colors represent different time intervals in terms of air pollution levels. Point sizes represent the PM2.5 concentration. (d) Changes in
abundance of dominant classes (mean abundance > 0.001) in the outdoors over time. (e) Appeared and disappeared OTU counts over time. (f) Abundance of total
appeared and disappeared OTUs over time. (g) Changes in the Chao1, Shannon, and Faith’s PD indexes over time.

3. Results

3.1. Shift in outdoor airborne bacterial communities

We collected 145 samples in total from December 9–27, 2016 (Table
A.1). Data from next-generation sequencing showed that each sample
contained > 19,363 reads and had a coverage of > 0.976, indicating
that the samples adequately represented the actual bacterial communities (Table A.1).

CCA was performed based on the outdoor airborne bacterial OTU
matrix and environmental parameters. Variables PM2.5 and CO significantly affected the airborne bacterial community (Fig. 2a). However, PM2.5, and CO could only explain 7.5% of the total variation of the
outdoor airborne bacterial community (Fig. 2b), which indicates that
the outdoor airborne bacterial community was largely shaped by
4
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Fig. 3. Comparison of different outdoor bacterial community types. (a) Appeared and disappeared OTU counts and their abundance. (b) Chao1, Shannon, and Faith’s
PD indexes. (c) Abundance of dominant classes (mean abundance > 0.001). * p < 0.05; ** p < 0.01; *** p < 0.001 (Mann-Whitney U test). A green star indicates
that the class was significantly higher in Group I than in Group II; red stars indicate that the class was significantly higher in Group II than in Group I.

undetected parameters. PCoA analysis showed that the outdoor samples
were mainly clustered into two groups (Groups I and II; GI and GII)
(Fig. 2c). The airborne bacterial community shifted between the two
groups (Table A.2). Transformation of GI to GII occurred in 12.15a and
12.15p (in TC3), and transformation from GII to GI occurred in 12.25a
and 12.25p (in TP6) (Table A.2). Thus, the outdoor samples collected
from December 9–14 and December 26–27 were assigned to GI, and
outdoor samples collected from December 16–24 were assigned to GII.
Temporal trends of abundance of dominant classes, counts of appeared/
disappeared OTUs, abundance of total appeared/disappeared OTUs,
and bacterial diversity all showed sharp changes in TC3 and TP6
(Fig. 2d, 2e, 2f, 2g). The appeared and disappeared OTU species were
significantly higher in GI than in GII (p < 0.001), while the abundance
of appeared and disappeared OTU species was significantly lower in GI
than in GII (p < 0.001) (Fig. 3a), which confirmed that the shift of
bacterial communities in GI and GII differed. Bacterial diversity, as
shown in the Chao1, Shannon, and PD indexes, was significantly higher
in GI than in GII (Fig. 3b). Several classes were found to significantly
differ between GI and GII, and the two dominant classes (Bacteroidia
and Clostridia) showed different trends (Fig. 3c).

Interestingly, the assignment of G1 and GII types could well explain the
airborne bacterial community structure at a single site and at all sites
analyzed (R2: 0.252–0.35) (Table A.3). The dominant classes were similar in each room and outdoors (Fig. 4b & Fig. 3c). Seventeen classes
in the indoor environment were significantly different in GI and GII (12
higher in GI and 5 higher in GII, p < 0.05) (Fig. 4b). We selected the
classes that significantly differed between GI and GII in the indoor
environment and compared them with the classes in the outdoor environment. The total abundance of consistently significantly different
classes was 0.46 and 0.42 in the indoor and outdoor environment, respectively (Fig. 4b & Table A.4). In addition, we observed the changing
trends of each class from GI to GII in the indoor environment and selected the classes with the same trend compared to the outdoor environment. The total abundance of classes with same trend amounted to
0.94 and 0.91 in the indoor and outdoor environment, respectively
(Fig. 4b & Table A.4). Moreover, comparisons of the Chao1, Shannon
and PD indexes between time intervals showed that all three changed in
a similar “U”-like pattern (Fig. A.2). The values of the Chao1, Shannon,
and PD indexes in the indoor environment were significantly correlated
with those of the outdoor environment (p < 0.001) (Fig. 4c, 4d, 4e).
The shift in bacterial community, Adonis analysis, changing trend of
classes, and bacterial diversity all showed that the indoor airborne
bacterial community tracked the outdoor environment (Fig. 4).

3.2. Shift in indoor airborne bacterial communities
Based on the results of outdoor sampling, the indoor samples collected from Dec. 9–14 and Dec. 26–27 were assigned to GI, and the
samples collected from Dec. 16–24 were assigned to GII. PCoA analysis
of all samples from four sites showed that the samples were clustered
into two obvious groups, consistent with Fig. 2c (Fig. 4a).
The indoor and outdoor airborne bacterial community both changed
in a single bacterial community transformation cycle (Fig. A.1). Adonis
analysis of all samples with variables showed that the sample source
significantly affected the airborne bacterial community structure
(R2 = 0.015, p < 0.05) (Table A.3). Adonis analysis of each indoor and
outdoor site showed that PM2.5 concentration and haze period did not
significantly affect airborne bacterial community structure (Table A.3).

3.3. Relationship between the airborne bacterial community type and
respiratory diseases
Two major airborne bacterial community types were identified in
outdoor and indoor environments (Fig. 4a). Thus, bacteria with these
two airborne bacterial community types entered the respiratory tract of
people. We wanted to determine whether these bacterial community
types affected human health in different ways. To assess this, we collected data on respiratory diseases, including pneumonia, amygdalitis,
and pharyngitis, from a nearby hospital (Table A.5). We selected disease data from Dec. 9–24 covering GI and GII and deleted the data from
5
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Fig. 4. Comparison of indoor and outdoor samples. (a) Principal coordinate analysis (PCoA) of samples collected between December 9 and 27, 2016, based on
Bray–Curtis distances. Different colors represent different time intervals in terms of PM2.5 pollution levels. Different shapes represent the sample sites: 307, 311 and
315 were indoors, Y was outdoors. (b) Abundance of dominant classes in each room indoors (307, 311, 315). Classes that significantly differed between Group I and
Group II indoors are indicated by stars. * p < 0.05; ** p < 0.01; *** p < 0.001 (Mann-Whitney U test). A green star indicates that the class was significantly higher in
Group I than in Group II; a red star indicates that the class was significantly higher in Group II than in Group I. Comparing the classes between the indoors and
outdoors. SC: the classes that were significantly higher/lower in Group I than in Group II in indoor or outdoor environment were selected, and the ones consistent in
indoors and outdoors were marked ; TC: the classes that were consistently higher/lower in Group I than in Group II both indoors and outdoors were marked. The total
abundance of classes in SC and TC indoors and outdoor are shown separately below. (c-e) Correlations between the Chao1, Shannon, and phylogenetic diversity
indexes among sampling sites, shown as correlation coefficient maps. The proportion of the pie chart that is colored represents the correlation coefficient. A darker
color represents a higher correlation coefficient. * p < 0.05; ** p < 0.01; *** p < 0.001.

Fig. 5. Daily cases of pneumonia, amygdalitis, and pharyngitis from December 9 to 24, 2016, in a nearby hospital. Number of residents suffering within<1 day (a), at
least 1 day (b), and at least 2 days (c) by special bacterial community type. A Mann-Whitney U test was performed.

transition days (Dec. 15, 25). We also deleted the data from Dec. 26–27
to avoid combining it with the disease data from Dec. 9–14 in GI, which
would result in inaccuracy owing to the complexity of human adaptation to changes in the airborne bacterial community and the limited

number of days. We found that the number of daily pneumonia cases
was significantly higher in GI than in GII (p = 0.035), whereas the
number of daily amygdalitis cases was significantly higher in GII than
in GI (p = 0.025) (Fig. 5a). However, there was no difference in the
6
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significantly higher in Group I than in Group II; red stars show that the class was significantly higher in Group II than in Group I. The classes/genera that were
consistently significantly higher/lower indoors than outdoors in both Group I and Group II are marked by a red circle.

morbidity of pharyngitis between groups. To consider the case of delayed onset, we compared the daily disease cases suffered one day or
two days later to the special airborne bacterial community in G1 and
GII. The daily pneumonia cases were higher in GI than in GII after one
day (p = 0.061) and two days (p = 0.050), whereas the daily amygdalitis cases were higher in GII than in GI after one day (p = 0.008) and
two days (p = 0.017) (Fig. 5b, 5c). This showed that the morbidity of
pneumonia and amygdalitis was significantly different in GI and GII
(Fig. 5).

Table 1
Adonis analysis of airborne bacterial communities in indoor and outdoor environments according to different variable types in Groups I and II.
Indoor

Group I

Group II

Sample source
Room
Sampling time
PM2.5(ug/m3)
Sample source
Room
Sampling time
PM2.5(ug/m3)

Y

All samples

R2

p

R2

p

R2

p

–
0.116
0.025
0.036
–
0.031
0.058
0.017

–
0.001***
0.278
0.079
–
0.849
0.001***
0.652

–
–
0.037
0.072
–
–
0.072
0.061

–
–
0.530
0.126
–
–
0.207
0.318

0.073
–
0.014
0.024
0.030
–
0.040
0.014

0.001***
–
0.352
0.054
0.008**
–
0.001***
0.489

3.4. Characteristics of the indoor airborne bacterial community in GI and
GII
Although the indoor airborne bacterial community tracked the
outdoor airborne bacterial community to form two obvious groups, it
was valuable to explore the characteristics of bacterial community
composition in the indoor and outdoor environments for the same
outdoor bacterial community type. PCoA analysis of G1 and G2 showed

Sample source: indoor, outdoor; Room: 307, 311, 315; Sampling time: a
(20:00–8:00), p (8:00–20:00).
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that the room and sampling time affected the indoor airborne bacterial
community differently (Fig. 6a, 6b). Adonis analysis showed that
sampling source significantly affected the airborne bacterial community
for both types (p < 0.01) (Table 1). Room significantly affected the
indoor airborne bacterial community in GI (p = 0.001), and sampling
time affected the indoor airborne bacterial community in GII
(p = 0.001) (Table 1). Comparisons of the abundance of taxa in the
indoor and outdoor environments in G1 and G2 showed that the significantly different classes were Actinobacteria, Bacteroidia, Clostridia,
Erysipelotrichia, Fusobacteria, Gammaproteobacteria, and Mollicutes
(Fig. 6c & Table A.6); the significantly different genera were Alistipes,
Allobaculum, Alloprevotella, Anaeroplasma, Anaerotruncus, Blautia, Citrobacter,
Clostridium_sensu_stricto_1,
Haemophilus,
Lachnospiraceae_NK4A136_group, Lachnospiraceae_UCG_006, Lactococcus, Odoribacter, Oscillibacter, Parabacteroides, Prevotella_1, Prevotella_9,
Prevotellaceae_UCG_001, Romboutsia, Roseburia, and Streptococcus
(Fig. 6c & Table A.7). Most of the taxa showed an inconsistent trend in
the indoor and outdoor environments with regard to GI and GII except
for two classes and one genus (Fig. 6c). It was showed Clostridia was
with significantly higher abundance in the indoor environment, and
Epsilonproteobacteria was with significantly higher abundance in the
outdoor environment for both GI and GII (p < 0.05) (Fig. 6c & Table
A.6). Helicobacter belonging to Epsilonproteobacteria was consistent
with Epsilonproteobacteria (Fig. 6c & Table A.7).

altitude from December 16–18 (Fig. 7). Thus, a strong shift in the input
airflow direction, distance, and vertical motion between December 16
and 18 might explain the marked change in the bacterial community
(Fig. 7).
Indoor airborne bacterial community structure and bacterial diversity both closely tracked those found outdoors (Fig. 4), supporting
the findings of Meadow et al. (Meadow et al. 2014). The abundance of
Clostridia was significantly higher in the indoor environment in both GI
and GII, making up > 20% of the bacterial community (Fig. 6c & Table
A.6). However, the taxa that significantly differed between the indoor
and outdoor environment were quite different in G1 and G2 (Fig. 6c &
Table A.6 & A.7). This may be the result of a combination of different
bacterial compositions entering the interior from outside and respiratory emissions from indoor residents. Since human health is influenced by both the indoor and outdoor environments, and>60% of
viable bioaerosols are in the respirable size range under all weather
conditions (Li et al. 2017b), it is important to consider the relationship
between the airborne bacterial community and respiratory disease
during haze events. Microbial patterns in the nearby air environment
strongly affect the nasal microbiota of animals and humans in similar
ways (Kraemer et al. 2018). In the present study, we found that the two
different bacterial community types could result in significantly different numbers of daily pneumonia and amygdalitis cases (Fig. 5). Examination of the correlation of the classes in all samples and respiratory
diseases showed that Clostridia and Deltaproteobacteria were significantly negatively correlated with pneumonia, Gammaproteobacteria was significantly positively correlated with pneumonia, and
Clostridia was significantly positively correlated with amygdalitis
(Table 2). At the genus level, we found that ten genera were significantly positively correlated with pneumonia and four genera were
significantly positively correlated with amygdalitis (Table 3). These
genera could be recognized as indicators for pneumonia or amygdalitis.
The above selected classes and genera were mostly consistent with the
significantly different taxa in G1 and G2 (Table A.9 & A.10).
During the course of the disease, the bacterial community composition often shifted toward Gammaproteobacteria, which contains many
common lung-associated gram-negative pathogens such as Haemophilus
influenzae (Burke et al. 1991), Klebsiella (Juan et al. 2020), Pseudomonas aeruginosa (Garau and Gomez 2003), Legionella pneumophila
(Newton et al. 2010), and Escherichia coli (Okimoto et al. 2010) that
benefit from airway inflammation, potentially leading to a cyclical inflammatory mechanism (Huffnagle et al. 2017). By contrast, Clostridia
rarely causes pleuropulmonary infections in the absence of penetrating
chest injuries (Bayer et al. 1975; Patel and Mahler 1990), suggesting
that the pathogenicity of Clostridia is lower than that of Gammaproteobacteria for pneumonia. However, there was no clear evidence regarding the relationship between Clostridia and amygdalitis. Pneumonia is an important cause of morbidity and mortality. However, its
etiology is only identified in approximately 50% of cases of communityacquired pneumonia and in approximately 35% of cases of nosocomial
pneumonia (Thomas et al. 2006). In our study, there was no evidence of
a relationship between our indicated genera and pneumonia or amygdalitis. By investigating the literature, we found that more of the
pneumonia-indicated taxa in our study were related to gastrointestinal
disease, nervous system disease, and coronary artery disease, including
Alistipes (De Angelis et al. 2013; Petrov et al. 2016; Schirmer et al.
2018), Escherichia_Shigella (de Paiva et al. 2016; Shen et al. 2017; Wang
et al. 2012), Faecalibacterium (de Paivaet al. 2016; Zhu et al. 2018),
Pseudobutyrivibrio (de Paivaet al. 2016; Kvasnovsky et al. 2018), and
Roseburia (Petrovet al. 2016; Raman et al. 2013). Most of the indicated
genera were gram-negative (8/14) and/or anaerobic (10/14) suggesting that these bacteria may be of high risk to human health.
Meteorological factors are known to affect air pollution and the
bacterial community (Zhenet al. 2017). Our data showed that these
changes in the bacterial community could also lead to human disease.
The consequences of pneumonia are much more serious than those of

4. Discussion
Although the abiotic pollutants that are present during haze events
have been characterized in detail (Guanet al. 2016; Huang et al. 2014;
Sun et al. 2013; Wang et al. 2016), we still have limited knowledge of
the airborne bacterial community, with different trends reported (Chan
et al. 2015; Donget al. 2016; Gao et al. 2015; Gao et al. 2016; Xu et al.
2017a). A continuous dataset from nine haze events showed that the
airborne bacterial concentration was significantly positively correlated
with the concentrations of the main pollutants (PM2.5, PM10, SO2, NO2,
and CO) and the relative humidity in Beijing (Li et al. 2018). Thus, the
influence of haze events on airborne bacteria is not negligible. In the
present study, the bacterial community structure did not change with
the haze cycle (Fig. 1c), which was consistent with the findings of
previous studies (Duet al. 2018; Liet al. 2018). The outdoor airborne
bacterial communities in our samples were clearly clustered into two
groups (Fig. 2c). Examination of the appearance and disappearance of
OTUs in these groups showed that they had significantly different behaviors (p < 0.001) (Fig. 3a). We found that although there were significant differences in physiochemical parameters between GI and GII,
including PM2.5, PM10, NO2, and CO (Table A.8), these could not explain the sharp change in OTUs and the quite significant shift in bacterial community structure that occurred on December 15, 2016
(Fig. 2c). Beijing entered the central heating period during the experimental period. Major sources of PM2.5/PM10 did not show an obvious
change. Near-surface meteorological conditions with stable pressure
field, high humidity, and low wind speed were the primary cause of the
haze event during this period (Xu et al., 2016). Therefore, these differences must have been due to a sudden change in bacterial inputs. We
tracked the source of airflow that could input bacteria from another
area on each sampling date. Backward trajectories over 72 h showed
that the airflow was mainly from the northwest from December 9–14
(Fig. 7a). However, from December 16 on, there was an obvious input
from the west, with all inputs arriving from this direction by December
18 (Fig. 7b). The input area then returned to the north on December 22
(Fig. 7c). We also found that the maximum distance from which air
arrived was > 2,200 km from December 9–14, indicating that bacterial
inputs were received from much farther away during this period than
from December 16–24 (Fig. 7). The frequency of vertical airflow motion
at > 2,500 m was also greater from December 9–14 than from December 16–24 (3/6 VS 2/9), and the vertical motion changed to a lower
8
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Fig. 7. National Oceanic and Atmospheric Administration (NOAA) HYSPLIT model of the backward trajectories of airflow at the study sites using GFSG meteorological data. a. December 9 to 14, 2016. b. December 14 to 19, 2016. c. December 19 to 24, 2016. In each map, each line represents the 72-hour backward
trajectories of airflow for one day and lines with same color represent the same day. The upper map shows the trajectory of the airflow in a horizontal direction. An
equidistant circle centered on Beijing is marked on the map. The lower map shows the trajectory of the airflow in the vertical direction. The source was in Beijing
(39.93 N, 116.28E, 200 m above ground level).

children, the elderly, and hospital patients.

Table 2
Correlations between respiratory diseases and taxa at the class level.
Class

Pneumonia

Amygdalitis

5. Conclusions

Actinobacteria
Alphaproteobacteria
Bacilli
Bacteroidia
Betaproteobacteria
Clostridia
Deltaproteobacteria
Epsilonproteobacteria
Erysipelotrichia
Gammaproteobacteria

0.36
−0.25
0.19
0.3
−0.33
−0.54 *
−0.6 **
−0.41
−0.39
0.52 *

−0.26
0.31
−0.43
−0.06
0.04
0.5 *
0.42
0.25
0.23
−0.42

Two outdoor airborne bacterial community types were observed
during the central heating period from December 9–27, 2016 in Beijing.
The formation was possibly due to a strong shift in input airflow direction, distance, and vertical motion. Indoor airborne bacterial community structure and bacterial diversity both closely tracked those
found outdoors. Importantly, the airborne bacterial community type
was closely related to the incidence of human respiratory diseases,
particularly pneumonia.
Finally, we found that the outdoor airborne bacterial community
type had a strong impact on the distribution of bacteria in both indoor
and outdoor environments. Clostridia was an indicated class in the indoor environment with higher abundance.

* p < 0.05; ** p < 0.01(Pearson correlation analysis)

amygdalitis. Thus, the health risk of the bacterial community was
higher in GI. However, the air pollution in G1 was significantly lower
than that in GII (Table A.8). Therefore, the finding that the bacterial
community was a lower risk to human health during the time period
with higher pollution levels was unexpected. Comprehensive consideration of the health risk of the airborne bacterial community and air
pollution is important to public health. Airborne bacterial concentrations and community composition are shaped by many factors, including relative humidity, carbon monoxide and ozone concentrations,
temperature, ultraviolet (UV) radiation, and PM fractions (Bowers et al.
2013; Duet al. 2018; Franzetti et al. 2011; Gaoet al. 2016; Qi et al.
2014; Qian et al. 2012). The relative humidity of the atmosphere in
particular is vital for the survival of airborne microbes and can shape
bacterial community structure (Dannemiller et al. 2017; Liet al. 2018).
In addition, changes in bioaerosols during haze events are season-dependent (Liet al. 2018). Thus, in the future, we could obtain more
samples and build models that comprise the risks of PM2.5 and the
bacterial community, both of which can be predicted by the values of
the abovementioned parameters, to develop more useful guidelines for
policymakers dealing with air pollution. Our knowledge of the relationship between airborne bacterial community structure and disease
occurrence is still in its infancy, but our results provide important implications for health care during haze events, particularly for those
members of the population with greater susceptibility, including
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Faecalibacterium
Flavobacterium
Lachnospiraceae NK4A136 group
Lachnospiraceae UCG-001
Mucispirillum
Pseudobutyrivibrio
Roseburia
Ruminiclostridium_9
Subdoligranulum

Anaeroplasma
Brevundimonas
Butyricimonas
Escherichia_Shigella

IBD: inflammatory bowel disease; PD: Parkinson’s disease; PDD: pervasive developmental disorder; GD: Graves’ disease; NAFLD: non-alcoholic fatty liver disease; DS: gut disease; ASD: autism spectrum disorder; CRC:
human colorectal cancer; SS: Sjogren’s syndrome; CAD: coronary artery disease; CD: columnaris disease; ADI: acute diverticulitis; NDP: neurological diseases except PD; SLE: systemic lupus erythematosus; PsA: psoriatic
arthritis; “-“: none reported. Pearson correlation analysis was performed.

−0.43
0.52 *
−0.22
−0.25
−0.54 *
−0.4
−0.21
0.48 *
−0.15
0.65 **
−0.38
0.6 **
0.71 ***
0.58 **
0.65 **
0.64 **
−0.68 **
0.5 *
GD(Ishaqet al. 2018), CAD(Zhuet al. 2018)
–
–
–
–
SLE(Heet al. 2016), PsA(Scheret al. 2015)
CRC(Wanget al. 2012), IBD(Imhannet al. 2018), CAD(Zhuet al. 2018)
–
–

G+, aerobic
G−,aerobic
Anaerobic
Anaerobic
Anaerobic
G−, anaerobic
G+, anaerobic
Anaerobic
G−, anaerobic

−0.22
0.51 *
0.5 *
−0.51 *
0.46 *
−0.49 *
−0.38
0.56 *
G−, anaerobic
G−, aerobic
G−,anaerobic
G−, facultative aerobic

−0.29
0.61 **
G−, anaerobic

IBD(Schirmeret al. 2018), PD(Petrovet al. 2016), PDD(De Angeliset al.
2013)
–
IBD(Suchodolskiet al. 2010)(dog)
ASD(Zhanget al. 2018)
PD(Liet al. 2017a; Qianet al. 2018), NAFLD(Shenet al. 2017),
CRC(Wanget al. 2012), SS(de Paivaet al. 2016)
SS(de Paivaet al. 2016), CAD(Zhuet al. 2018)
CD(Declercqet al. 2013)(fish)
–
–
Inflammation(Loyet al. 2017) (mouse)
ADI(Kvasnovskyet al. 2018), SS(de Paivaet al. 2016)
NDP(Petrovet al. 2016), NAFLD(Ramanet al. 2013),
–
–
Alistipes

GD(Ishaqet al. 2018), NAFLD(Jiang et al. 2015), DS(Mancabelliet al.
2017), IBD(de Meijet al. 2018)
–
–
–
–

Positively correlated diseases
Genus

Table 3
Genus-level taxa that were significantly positively correlated with respiratory diseases.

Negatively correlated diseases

Characteristics

Pneumonia

Amygdalitis
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