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Abstract 

Background  There is a diverse assemblage of microbes in air in built environments (BEs), but our understanding 
of viruses and their interactions with hosts in BEs remains incomplete. To address this knowledge gap, this study 
analyzed 503 metagenomes isolated from air samples from public transit systems in six global cities, namely Denver, 
Hong Kong, London, New York City, Oslo, and Stockholm. Viral genomes were recovered from samples via metagen-
omic binning, and viruses’ taxonomy, functional potential, and microbial hosts were determined. The study also inves-
tigated correlations between virus and host abundances, the coevolution of clustered regularly interspaced short pal-
indromic repeats (CRISPR)/CRISPR-associated (Cas) systems and anti-CRISPR (Acr) proteins, and the potential impacts 
of auxiliary metabolic genes (AMGs) on hosts.

Results  Airborne viruses in global BEs exhibited biogeographical variations in diversity, composition, function, 
and virus–host interactions. Nearly half of the vOTUs analyzed were from the Caulimoviridae family, while 31.8% 
of them could not be taxonomically classified. Diverse functions were identified within the vOTUs, together with anti-
microbial resistance genes with the potential to confer resistance to various antibiotics and antimicrobial agents. 
Strong correlations were observed between vOTU and host abundances, with clear distinctions between virulent 
and temperate viruses. However, there was limited co-evolution of CRISPR-Cas systems and Acr proteins, which 
was likely due to the oligotrophic and physical conditions in the BEs and the dominance of vOTUs with a virulent life-
style. Phage-encoded AMGs appeared to have the potential to enhance host fitness. These findings highlight biogeo-
graphical variations in airborne viruses in BEs and that physical and oligotrophic conditions in BEs drive virus survival 
strategies and virus–host coevolution.

Conclusion  There are biogeographical variations in airborne viruses in BEs in global cities, as physical and oligo-
trophic conditions in BEs drive virus survival strategies and virus–host coevolution. Moreover, the characteristics 
of airborne viruses in BEs are distinct from those of viruses found in other, more nutrient-rich ecosystems.
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Introduction
The air in built environments (BEs) is oligotrophic and 
influenced by fluctuating physical and environmental 
conditions, yet it harbors a diverse assemblage of bac-
teria, fungi, and viruses [1]. The average concentra-
tions of airborne bacteria and fungi in BEs are as high 
as ~ 1 × 105 particles m−3, and that of viruses is similar 
[2, 3]. However, the compositions and metabolic func-
tions of airborne bacteria and fungi in BEs are generally 
better understood than those of airborne viruses in BEs 
[4]. In previous work [5], different occupied rooms were 
found to contain distinct airborne viral communities, 
with human papillomaviruses and polyomaviruses being 
prevalent. Furthermore, airborne viruses in a mechani-
cally ventilated venue were found to exhibit seasonal 
dynamics, highlighting the influence of season-associated 
factors such as air exchange rate and outdoor weather 
conditions on viral compositions in BEs [6].

As viruses can adapt their lifestyles to prevailing envi-
ronmental conditions, there are substantial variations 
in the abundances of viruses and their hosts, especially 
when virulent predation leads to host cell lysis [7]. The 
equilibria between virus and host abundances in eco-
systems can be described by ecological models, such as 
the Kill-the-Winner and Piggyback-the-Winner models 
[8], which shed light on viral prey strategies and under-
score the complex nature of virus–host interactions [8, 
9]. The lysis of microbial cells trigged by viral virulent 
infections plays a crucial role in the cycling of nutrients 
within natural ecosystems, ultimately benefiting micro-
bial growth and the replication of future viral genera-
tions [10]. Viruses have also evolved the capacity to carry 
auxiliary metabolic genes (AMGs) for adaptation and 
survival [11]. These phage-encoded AMGs can enhance 
viral fitness by augmenting or redirecting host metabo-
lism, such as photosynthesis, carbon metabolism, and 
nutrient cycling [12]. To counter viral infections, micro-
bial hosts have developed clustered regularly interspaced 
short palindromic repeats (CRISPR)/CRISPR-associated 
(Cas) systems to recognize and degrade invading nucleic 
acids [13]. In response, viruses have evolved anti-CRISPR 
(Acr) proteins to evade the activity of CRISPR–Cas sys-
tems [14]. There is extensive evidence that in nutrient-
rich environments, phage-encoded AMGs can hijack and 
manipulate essential metabolic pathways in hosts [15–
17], and diverse CRISPR–Cas systems and Acr proteins 
undergo coevolution [18, 19]. For example, in wastewa-
ter treatment systems, the expression of diverse phage-
encoded AMGs has been observed in microbial hosts, 

suggesting that phages play a role in pollutant removal 
[20, 21]. Similarly, in the human gut, a substantial pro-
portion of viruses were found to be linked to specific 
microbial hosts through spacer sequences, in line with 
the Red Queen hypothesis [22] and indicative of ongoing 
coevolution resulting from a continuous battle of defense 
and counter-defense [23]. Although the host–prey strat-
egies employed by viruses and the dynamics of virus–
host coevolution in low-nutrient environments, such as 
marine [24] and desert ecosystems [25], have been stud-
ied, these processes in environments with continuous air-
flow—such as the air in BEs—are still largely unknown.

To fill the gap in knowledge on airborne viruses in BEs, 
this study analyzed 503 bulk metagenomes from air sam-
ples collected in public transit systems across six major 
global cities: Denver, Hong Kong, London, New York 
City, Oslo, and Stockholm. We aimed to determine the 
(i) diversity, composition, and functional potential of 
airborne viruses across global BEs; (ii) co-evolution of 
CRISPR-Cas systems and Acr proteins among microbial 
hosts and airborne viruses; and (iii) relationships between 
the temperate and virulent lifestyles of airborne viruses 
and host abundance. We hypothesized that the biological 
characteristics of airborne viruses would exhibit biogeo-
graphic patterns and that virus–host interactions would 
be influenced by oligotrophic conditions and the physical 
environments of BEs.

Methods
Sampling, genomic DNA extraction, and metagenomic 
sequencing
Five hundred three air samples were collected from 
public transit systems in Denver (n = 13), Hong Kong 
(n = 159), London (n = 76), New York City (n = 96), Oslo 
(n = 127), and Stockholm (n = 32) between June and July 
in 2018 and 2019 (Table  S1). Except for Denver, where 
samples were collected from the city’s rail and bus sys-
tem, all samples were obtained from subway systems. 
Sampling was performed on weekdays during work-
ing hours, and the selected sampling locations exhibited 
different building characteristics (Table  S1). All sam-
ples were collected using a SASS 3100 Dry Air Sampler 
(Research International; Monroe, WA, USA) equipped 
with an electret microfibrous filter at a flow rate of 300 
L/min for 30 min. The sampler was positioned on a tri-
pod, tilted at a 45° angle facing downward, and placed 
approximately 1.5 m above the floor. All samples were 
stored at − 80 °C until they were processed. Two types 
of negative control samples were prepared, namely field 
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control samples, which were collected in each city by 
placing a new filter on the air sampler and not operating 
the sampler, and laboratory control samples, which were 
prepared by subjecting a new filter to a genomic DNA 
extraction process [26].

All samples were transported on dry ice to the Norwe-
gian Defence Research Establishment (Kjeller, Norway) 
for genomic DNA extraction, which was performed via 
a previously described method [27]. Briefly, the particu-
lates collected on the filters were extracted into NucliS-
ENS Lysis Buffer (BioMérieux; Marcy-l’Étoile, France), 
and the resulting suspension was centrifuged to pellet 
the extracted material. The supernatant and pellet were 
separated, and the pellet was subjected to enzymatic and 
mechanical lysis to release genomic DNA. Inhibitors 
were removed from the lysate using a DNeasy Power-
Soil Kit (QIAGEN; Germantown, MD, USA) according 
to the manufacturer’s protocol and then combined with 
the original supernatant. Genomic DNA was extracted 
from the resulting solution using a NucliSENS Mag-
netic Extraction Reagents Kit (BioMérieux) according 
to the manufacturer’s protocol, except with an increased 
volume of magnetic silica suspension (90 μL) and an 
extended incubation time (20 min) [28]. Alongside the 
air samples, 14 negative control samples and three posi-
tive control samples (ZymoBIOMICS Microbial Com-
munity Standard, Zymo Research; Irvine, CA, USA) 
were processed. Concentrations of genomic DNA were 
determined via Qubit dsDNA high-sensitivity assays 
conducted on a Qubit 3.0 Fluorometer (Thermo Fisher 
Scientific; Waltham, MA, USA). Sequencing libraries 
were constructed and paired-end 150-bp metagenomic 
sequencing of all samples was performed on an Illumina 
HiSeq X System (Illumina Inc.; San Diego, CA, USA) at 
the HudsonAlpha Genome Center (Huntsville, AL, USA) 
following a previously described protocol [26].

Quality control of raw sequences and assembly of reads 
into contigs
Raw reads were subjected to quality control filtering 
using Trim Galore (v0.6.10) [29] with the parameters “–
length 50 –q 20.” Subsequently, filtered reads were pro-
cessed using KneadData (v0.7.4) (https://​github.​com/​
bioba​kery/​knead​data) with the default options and the 
Genome Reference Consortium Human Build 37 [30] as 
the reference to remove human sequences. Thereafter, 
any reads that could be mapped to contigs assembled 
from any of the negative control samples using MEGA-
HIT (v1.1.3) in MetaWRAP (v1.3.2) [31] were removed. 
The remaining reads were analyzed using Kraken2 
(v2.1.3) [32] and Bracken (v2.8) [33] to determine their 
taxonomy and count information, respectively. Potential 
contaminant reads were identified using the R package 

decontam (v1.12) [34] in prevalence mode and with 
a probability threshold of 0.1 and were subsequently 
removed using the Python script “extract_kraken_reads.
py” (https://​github.​com/​jenni​ferlu​717/​Krake​nTools). This 
quality filtering process afforded an average of 18.8 ± 7.2 
million paired-end clean reads per sample. Finally, MEG-
AHIT (v1.1.3) in MetaWRAP (v1.3.2) with the default 
options was used to assemble the reads in each sample 
into contigs.

Recovery of viral genomes
To recover viral genomes from all the contigs, two bin-
ning methods were used (see Fig. 1A for the workflow). 
In the first method, reads were mapped to the assem-
bled contigs using minimap2 (v2.24) [35], followed by 
filtering using samtools (v1.6) [36] and determination 
of contig coverage using the “jgi_summarize_bam_con-
tig_depths” module in MetaBAT2 (v2.12.1) [37]. Sub-
sequently, VAMB (v4.1.3) [38] with the default options 
was used to cluster the metagenomic contigs into bins. 
These bins were further parsed using the recommended 
workflow in PHAMB (v1.0.1) [39] to obtain viral bins. 
In the second method, putative viral contigs were iden-
tified using DeepVirFinder (v1.0) [40] with a score > 0.5 
and p value < 0.05 [41], and VirSorter2 (v2.2.4) [42] with 
a score > 0.5 [43]. These contigs were then processed 
with vRhyme (v1.1.0) [44] to generate viral bins. Given 
the lower accuracy of DeepVirFinder (69–74%) and Vir-
Sorter2 (30–84%) in excluding non-phage bins com-
pared to PHAMB (93–99%) [39], we also tested higher 
viral score thresholds (0.6, 0.7, 0.8, and 0.9) to assess 
their impact on vRhyme binning results. Only viral bins 
that did not contain contigs present in any bins obtained 
from PHAMB were retained. The viral operational taxo-
nomic units (vOTUs) were determined by clustering all 
the viral bins at 95% average nucleotide identity and 85% 
alignment fraction [16], and the longest sequence within 
each cluster was used to represent a vOTU. CheckV 
(v1.0.1) [45] was used to identify proviruses and classify 
the vOTUs into five quality tiers with the default options, 
and only those classified as complete, high quality (> 90% 
completeness), and medium quality (50–90% complete-
ness) were retained [41]. The validity of the derived 
vOTUs was further assessed using DeepVirFinder (v1.0) 
[40], VirSorter2 (v2.2.4) [42], and VIBRANT (v1.2.0) 
[46]. The viral lifestyle of the vOTUs was predicted using 
VIBRANT (v1.2.0) [46] with the “virome” flag, based on 
the following criteria: (1) genomes classified as viruses 
by VIBRANT were categorized as temperate if they con-
tained integrase-like annotations or were identified as 
prophages, while all others were classified as virulent; 
(2) genomes not identified as viruses by VIBRANT were 
assigned an unknown lifestyle.

https://github.com/biobakery/kneaddata
https://github.com/biobakery/kneaddata
https://github.com/jenniferlu717/KrakenTools
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Taxonomic assignment of vOTUs
The open reading frames (ORFs) of vOTUs were pre-
dicted using Prodigal (v2.6.3) [47] with the param-
eter “–p meta.” Species-level taxonomy of vOTUs was 
assigned by searching for the protein coding sequences 
in the IMG/VR database (v4.1) [48] using Diamond 

(v2.6.1) [49] (options: –evalue 1e-5 –max-target-seqs 
10,000 –query-cover 50 –subject-cover 50) [23], and a 
customized Python script was used to retain only the top 
hit. Each vOTU was assigned the most common taxon-
omy based on the annotation of greater than 20% of its 
proteins [50]. Family-level taxonomies of vOTUs were 

Fig. 1  Bioinformatics workflow and biogeography of viral operational taxonomic units (vOTUs) in air samples from built environments in global 
cities. A Bioinformatics workflow for viral bin identification used in this study. B Accumulation curves of vOTUs in relation to the number of samples 
analyzed. C Distribution of the number of vOTUs in samples from a given city and between samples from different cities. The inset figure shows 
the average total and city-specific numbers of vOTUs per sample from each city. D Shannon indices of the viral communities in samples from each 
city over a two-year period. Kruskal–Wallis tests were performed to examine differences between samples from cities regardless of the year, 
while Mann–Whitney tests were performed to examine differences between samples from each city in two different years. E Principal coordinate 
analysis of the Bray–Curtis dissimilarity matrix for the samples from the cities over a two-year period. Points are colored by city and shaped by year. 
Permutational multivariate analyses of variance (PERMANOVA) and permutational multivariate analyses of dispersion (PERMDISP) were performed 
without considering the year in which the samples were collected. The ellipses show the multivariate normal distribution at a 90% confidence 
interval for samples from each city. NS: not statistically significant
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assigned by constructing viral clusters (VCs) using aver-
age amino acid identity (AAI) and the number of shared 
viral proteins, as described previously [23]. Briefly, all 
vOTUs of medium quality or higher were combined with 
reference viral genomes from the NCBI RefSeq database 
(n = 16,398; retrieved on May 4, 2023), and clustering was 
performed based on greater than or equal to 20% AAI 
and either eight viral proteins or greater than 20% of viral 
proteins shared between genomes [23]. Each VC was 
assigned the most common taxonomy based on greater 
than 20% of its reference viral genomes. Singletons and 
VCs without a reference viral genome were novel viral 
families. The vOTUs within VCs were visualized using 
the R package Rtsne (v0.17). The phylogenetic tree of 
vOTUs in a VC, together with reference viral genomes, 
was constructed as previously described [23].

Estimation of vOTU coverage
To account for differences in read depths, the clean reads 
from each sample were rarefied to a uniform depth of 4.5 
million reads, based on the sample with the least num-
ber of reads, using seqtk (v1.4) [51] with the option “–s 
100.” After rarefaction, five samples were excluded from 
further abundance and viral diversity analyses. The rare-
fied reads were then mapped to the vOTUs using Bow-
tie2 (v2.5.1) [52] with the “very-sensitive” model, and 
mappings with low identity were removed using CoverM 
(v0.6.1) (https://​github.​com/​wwood/​CoverM) with the 
parameter “–min-read-percent-identity 95.” All filtered 
mappings were then entered into CoverM (v0.6.1) with 
the “contig” model and a setting of “–min-covered-frac-
tion 0.7” to calculate the reads per kilobase per million 
mapped reads (RPKM) values for each vOTU in a sample 
[53]. The relative abundance of a vOTU in a sample was 
determined by dividing its RPKM value by the sum of the 
RPKM values for all vOTUs in that sample [53]. Similarly, 
the relative abundance of a VC was calculated by sum-
ming the relative abundances of all its vOTUs. A vOTU 
was considered present in the air in a BE in a given city if 
it was detected in at least one air sample from the BE in 
that city.

α‑ and β‑diversity analyses
The R package vegan (v2.6–4) was used to assess the 
α-diversity (in terms of the Shannon index and observed 
species richness) and the β-diversity (in terms of the 
Bray–Curtis dissimilarity) of the viral communities. 
To visualize the dissimilarities in community composi-
tion, principal coordinate analysis was performed using 
the “cmdscale” function in vegan (v2.6–4) based on the 
Bray–Curtis dissimilarity.

Reconstruction of metagenome assembled genomes 
and coverage estimation
Metagenome -assembled genomes (MAGs) in each 
sample were reconstructed using the binning module 
in MetaWRAP (v1.3.2) with the options “–metabat2 –
maxbin2 –concoct” and then further refined using the 
binning-refinement module in MetaWRAP (v1.3.2). 
Only MAGs with a completeness of greater than 50% 
and a contamination of less than 10% were retained [54]. 
These MAGs were then dereplicated using dRep (v3.4.2) 
[55] with the option “–sa 99” to generate representative 
MAGs (rMAGs). Subsequently, the GTDB-Tk (v2.1.1) 
[56] and the Genome Taxonomy Database (Release 208) 
were used to taxonomically assign the rMAGs [57]. Then, 
the ORFs of the rMAGs were predicted using Prodigal 
(v2.6.3) [47] with the parameter “–p meta.” The rarefied 
reads were aligned against the rMAGs using Bowtie2 
(v2.5.1) with the “very-sensitive” model, and mappings 
with low identity were removed using CoverM (v0.6.1) 
with the parameter “–min-read-percent-identity 95.” 
Next, all filtered mappings were entered into CoverM 
(v0.6.1) with the “genome” model to calculate the RPKM 
values for each rMAG in a sample. The relative abun-
dance of an rMAG in a sample was determined by nor-
malizing its RPKM value in the same way as for vOTUs 
[58]. An rMAG was considered present in the air of a BE 
in a city if it was detected in at least one air sample from 
the BE in that city.

The virus-to-host abundance ratio (VHR) in a sample 
was calculated by dividing the abundance of vOTUs (in 
RPKM) by the abundance of their linked hosts repre-
sented by rMAGs (in RPKM) [24, 59]. Additionally, the 
virus-to-microbe abundance ratio in a sample was deter-
mined by dividing the total abundance of all vOTUs (in 
RPKM) by the total abundance of all rMAGs (in RPKM).

Prediction of virus–host links
To gain a comprehensive understanding of the potential 
hosts of airborne viruses, VirHostMatcher-Net [60], a 
network-based computational tool with a default set of 
62,493 prokaryotic genomes, was first used to predict 
ex-situ hosts for the viral genomes. In-situ hosts were 
identified from the rMAGs recovered across all samples, 
using CRISPR spacer matches and similarities in inte-
grated genome regions [16]. CRISPR spacers from all 
rMAGs were extracted, as described previously [23], and 
then mapped to viral genomes using Basic Local Align-
ment Search Tool (BLAST)–Short Nucleotide with the 
parameters “E value ≤ 10−5,” “1 maximum target,” “18 
word-size,” “ ≥ 95% identity,” and “ ≤ one mismatch” [23, 
61]. This mapping process established a link between 

https://github.com/wwood/CoverM
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a mapped viral genome and a spacer-derived rMAG, 
thereby indicating a likely virus–host relationship. Fur-
thermore, viral genome sequences were aligned to in-
situ rMAGs using BLAST–Nucleotide with the settings 
“bitscore ≥ 50,” “E value ≤ 10−5,” and “identity ≥ 96%,” and 
viral genomes with a mapped region of greater than or 
equal to 1000 bp were considered linked to be the corre-
sponding rMAG [23]. Thus, the vOTUs in an air sample 
of a BE from a given city were exclusively linked to the 
in-situ hosts present in air samples from the BE in that 
city, and the links for each city were visualized in a net-
work using Cytoscape (v3.10.0) [62]. vOTUs classified 
as eukaryotic viruses (at the family level) were excluded 
from ex-situ and in-situ host analyses to maintain the 
study’s focus on prokaryotic hosts.

Annotation of viral functions, antibiotic resistance genes, 
and auxiliary metabolic genes
The functions of viral ORFs were annotated using five 
protein family databases (Kofam [63], TIGRFAM [64], 
Pfam [65], the Virus Orthologous Groups Database 
(VOGDB; http://​vogdb.​org), and the Earth’s Virome 
database [66]) through the hidden Markov model search 
method implemented with the hmmsearch utility in the 
HMMER package [67] with the default parameters. Each 
ORF was assigned an annotation based on the top-scor-
ing alignment, which was determined by meeting the 
criteria (an E value ≤ 10−5 and a bitscore ≥ 60) [41]. ORFs 
that did not match any of the databases were classified as 
having an unknown function. The ORFs were clustered 
into gene clusters at 30% AAI and 70% alignment cover-
age [23] using MMseqs2 (v14.7e284) [68]. Gene functions 
were classified into six categories (i.e., DNA binding/
regulation, lysis, replication, structural, transporters, and 
others) based on Pfam annotations, following the frame-
work of Nayfach et al. [23], with the addition of a “trans-
porters” category [41].

Antibiotic resistance genes (ARGs) in viral genomes 
were identified by searching three databases. The Com-
prehensive Antibiotic Resistance Database (v3.2.7) was 
searched using the Resistance Gene Identifier (RGI; 
v5.1.0) [69] with the option “–low_quality.” The NCBI 
Antimicrobial Resistance Finder (AMRFinder) database 
(v3.11) was searched using the NCBI AMRFinder tool 
(v3.11.14) [70] with the default options. The Structured 
Antibiotic Resistance Gene (SARG) Database (v3.0) [71] 
was searched using BLAST–Protein with thresholds 
of 80% identity and 70% coverage [21]. An ARG type is 
a set of genes that confer resistance against a specific 
class of antibiotics, while ARG subtypes are the indi-
vidual ARGs comprising an ARG type [72]. All unique 
ARGs from the three databases were retained, and in the 
six instances in which different subtypes were identified 

for an ARG across the databases, annotations from RGI 
were adopted as they demonstrated greater consistency 
with other tools. The relative abundance of an ARG was 
determined based on the relative abundance of the corre-
sponding viral genome [73], while the relative abundance 
of an ARG subtype in a sample from a BE in a given city 
was determined by summing the relative abundances of 
all the ARGs within that subtype present in samples from 
the BE in that city.

Putative auxiliary metabolic genes (AMGs) in viral 
genomes were detected using DRAM (v1.4.5) [74] by 
applying its “DRAM-v” function, following the recom-
mended workflow. Viral genes were annotated using the 
default databases in DRAM, and those with an auxiliary 
score of 1 or 2 were classified as putative AMGs. The 
relative abundance of viral genomes containing putative 
AMGs was regarded as the relative abundance of putative 
AMGs [73]. The protein structure of a putative AMG was 
predicted using Phyre2 (v2.0) [75] in the normal mode-
ling mode.

Identification of CRISPR–Cas systems and anti‑CRISPR 
proteins
The CRISPR–Cas genes and arrays present in the rMAGs 
were identified using CRISPRCasTyper (v1.8.0) with the 
default options, which identifies CRISPR subtypes based 
on Cas genes and CRISPR repeat sequences [76]. The anti-
CRISPR (Acr) homologs in viral genomes were identified 
using Anti-CRISPR-Associated Protein Finder (AcaFinder) 
[77] and the default Anti-CRISPR Protein Database (Acr-
Database). An Acr homolog was considered to be an Acr 
protein if a helix–turn–helix domain-containing protein 
was detected in at least one direction of the viral contig 
[78]. The resulting identified Acr proteins were mapped 
against the default AcrDatabase in AcaFinder [77] using 
Diamond (v2.6.1) [49] with an E value threshold of ≤ 10−5 
to determine their subtype, and only the hits with a 
bitscore of greater than or equal to 60 were retained. A 
maximum likelihood phylogenetic tree of the identified 
Acr proteins with 339 experimentally validated Acr refer-
ence sequences obtained from the AcrHub database [79] 
was constructed using FastTree (v2.1.11) [80] with the 
default JTT model and using the multiple sequence align-
ment generated by Mafft (v7.520) [81].

Statistical analyses
All statistical analyses were conducted using R (v4.1.1). 
Between-group significance was assessed by conducting 
Mann–Whitney tests for two groups and Kruskal–Wal-
lis tests for more than two groups. To evaluate the dif-
ferences in viral compositions across cities and sampling 
years, permutational multivariate analysis of variance 
(PERMANOVA) was conducted using the “adonis2” 

http://vogdb.org
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function in the R package vegan (v2.6–4) (permuta-
tions = 999, method = “bray”). Permutational multivariate 
analysis of dispersion (PERMDISP) was conducted using 
the “betadisper” function in vegan (v2.6–4). Pearson’s 
correlations and two-sided p values were calculated using 
the “stat_cor” function in the ggpubr package (v0.6.0). A 
p value of less than 0.05 was considered statistically sig-
nificant in all statistical tests.

Results
Biogeography of airborne viruses in BEs
Analysis of the air samples collected from BEs in the six 
cities over a 2-year period included 503 metagenomes, 
from which 303,342 putative viral bins were recovered. 
After further quality filtering and clustering, 5346 vOTUs 
of at least medium quality, including 249 proviruses, 
were obtained, with 3084 (57.7%) classified as high qual-
ity or complete (Table S2). The majority of vOTUs (91.8%; 
n = 4854) were recovered using the PHAMB binning 
method, whereas 492 originated from vRhyme. Given 
the lower accuracy of DeepVirFinder (69–74%) and Vir-
Sorter2 (30–84%) compared to PHAMB (93–99%) [39] in 
excluding non-phage bins, we applied a stricter viral score 
threshold to evaluate its impact on vRhyme results. Rais-
ing the threshold to 0.9 reduced the number of vRhyme-
derived vOTUs to 227 (Table  S3), resulting in only a 
modest 4.9% decrease in the total vOTU count (Fig. S1). 
All 5346 vOTUs met at least medium-quality standards 
according to CheckV and were retained for downstream 
analyses. To further validate their viral identity, we ana-
lyzed the vOTUs using three widely adopted tools—Deep-
VirFinder, VirSorter2, and VIBRANT. Together, these 
analyses confirmed 82.8% of the vOTUs as viral (Table S4), 
reinforcing the reliability of both the vOTUs and the bin-
ning approaches. Of the 5346 vOTUs, 34.3% (n = 1832) 
were classified as virulent, 12.9% (n = 692) as temperate, 
and 52.8% had an unknown lifestyle (Table  S4), consist-
ent with distributions observed in other datasets (Fig. S2). 
The accumulation curves of vOTUs in samples from each 
city were unsaturated (Fig. 1B). City-specific vOTUs were 
found in samples from all cities, with the average number 
ranging from seven (in Stockholm) to 81 (in Oslo), while 
only 148 vOTUs were present in samples from all cities 
(Fig. 1C). Significant differences in α-diversity (the Shan-
non index and the number of observed species) were 
observed between samples from different cities regard-
less of the year (Kruskal–Wallis test, p < 2.2 × 10−16), while 
no significant differences were found between years in 
samples from a given city (Mann–Whitney test, p > 0.05; 
except for the number of observed species in samples 
from Oslo) (Fig.  1D and Fig. S3A). Samples from Hong 
Kong and Oslo showed significantly higher α-diversities 
than those from the other cities (Mann–Whitney test, 

p < 0.05). Samples from cities in North America showed 
significantly lower viral diversities than samples from 
cities on the other two continents in both years (Mann–
Whitney test, p < 0.01) (Fig. S3B and S3C). Regarding 
β-diversity, viral compositions were found to cluster 
by city (permutational multivariate analysis of variance 
(PERMANOVA), R2 = 0.06, p < 0.001), albeit with some 
dispersion (permutational multivariate analysis of disper-
sion (PERMDISP), p < 0.001) (Fig.  1E), and by continent, 
regardless of the year (PERMANOVA, R2 = 0.02, p < 0.001; 
PERMDISP, p = 0.20) (Fig. S3D). Samples from a given 
city (except Denver) or from cities on a given continent 
showed variations in composition between years (pair-
wise PERMANOVA, R2 = 0.04 to 0.12, p < 0.001; Table S5). 
Furthermore, viral community similarity showed a nega-
tive correlation with geographical distance across all cities 
and city pairs (Pearson’s r < − 0.13, p < 0.001), except for 
London–Oslo and Stockholm–Oslo (p > 0.05) (Table  S6). 
Given that the airborne viral communities’ α- and 
β-diversities were significantly influenced by geography, 
whereas their α-diversities were not influenced by time, 
our subsequent analyses focused on geographical differ-
ences rather than temporal differences.

Caulimoviridae and taxonomically unclassified vOTUs were 
dominant in the airborne viruses
Among all the vOTUs of medium quality or higher, only 
3116 (58.3%) could be matched to a known genome in 
the Integrated Microbial Genomes/Virus (IMG/VR) 
database. The majority (95.9%) of the mapped vOTUs 
were taxonomically classifiable at the class level only and 
were primarily members of the Caudoviricetes (83.1%), 
Revtraviricetes (10.1%), or Papovaviricetes classes (1.4%) 
(Fig. S4A). The average relative abundance of viruses 
that were members of Caudoviricetes was highest in 
samples from Hong Kong (73.6 ± 23.4%), while the aver-
age relative abundance of viruses that were members 
of Revtraviricetes was highest in samples from Denver 
(9.2 ± 4.3%) (Fig. S4B). vOTUs from the Papillomaviri-
dae family, including five classified genera (Alphapapil-
lomavirus, Betapapillomavirus, Dyodeltapapillomavirus, 
Dyothetapapillomavirus, and Gammapapillomavirus), 
were detected in samples from all cities, with the high-
est average relative abundance observed in samples from 
Stockholm (2.3 ± 6.2%) (Fig. S4A and S4B). To improve 
the taxonomical assignment of the large number of 
unclassified vOTUs at the family level, all the vOTUs of 
medium quality or higher were clustered with reference 
viral genomes from the National Center for Biotechnol-
ogy Information (NCBI) Reference Sequence (RefSeq) 
database to yield 697 VCs (Table  S7). The accumula-
tion curve of VCs and vOTUs was also unsaturated (Fig. 
S5A). The majority of vOTUs within a given VC were 



Page 8 of 19Lei et al. Microbiome          (2025) 13:193 

closely clustered and thus distinct from those within 
other VCs (Fig. S5B). At the family level, 117 VCs, con-
sisting of 3651 vOTUs, could be taxonomically classified, 
while a family-level taxonomy could not be assigned to 
the remaining vOTUs, which included 471 singletons 
(Table  S7). VC1, the largest and most abundant VC, 
consisted of 2430 vOTUs with an average relative abun-
dance of 46.2 ± 26.4% in samples across cities, and was 
affiliated with the Caulimoviridae family within the 
Riboviria realm [82] (Fig. S5C and Fig. S6). Nine hun-
dred three vOTUs, comprising 266 vOTUs from VC2, 
the second largest cluster, and 637 vOTUs from 79 other 
VCs, were affiliated with an unclassified family in Cau-
doviricetes, accounting for an average relative abundance 
of 10.9 ± 11.5% in samples across cities (Fig. S5C and Fig. 
S6). The corresponding phylogenetic trees of the vOTUs 
affiliated with the Caulimoviridae family and the unclas-
sified Caudoviricetes families, along with their corre-
sponding reference genomes, revealed that many of the 
vOTUs in VC1 and all the vOTUs in VC2 formed a dis-
tinct monophyletic cluster in their respective trees (Fig. 
S7), suggesting that these vOTUs differed from known 
reference viruses. The relative abundances of some VCs 
in samples varied significantly between cities, especially 
VC1 and VC3 (Fig. S6). The average relative abundance 
of VC1 in samples from Hong Kong (19.7 ± 21.3%) was 
significantly lower than the average relative abundances 
of VC1 in samples from Denver (80.1 ± 10.3%), New 
York City (45.4 ± 24.7%), London (52.1 ± 20.5%), Oslo 
(71.3 ± 20.6%), and Stockholm (50.6 ± 15.5%) (Mann–
Whitney test, p < 0.001). In contrast, the average relative 
abundance of VC3 (consisting of 232 vOTUs) in samples 
from Hong Kong (17.0 ± 10.0%) was significantly higher 
than the average relative abundances of VC1 in samples 
from Denver (1.1 ± 1.9%), London (12.3 ± 8.5%), Oslo 
(5.3 ± 5.9%), and Stockholm (10.9 ± 7.1%) (Mann–Whit-
ney test, p < 0.001). For consistency, the family-level tax-
onomy derived from the clustering method was applied 
to all vOTUs in subsequent analyses.

Airborne viruses possessed diverse functions and ARGs
To investigate the functional capabilities of airborne 
viruses, gene annotation was performed on all vOTUs of 
medium quality or higher. This revealed that a significant 
proportion of the 318,966 genes (72.6%) did not have a 
match in any of the five reference databases, suggesting 
that these genes may have novel functions (Fig.  2A and 
B). To improve the functional annotation of the vOTUs, 
all viral genes were clustered into 157,870 viral gene 
clusters. The largest cluster contained 450 genes and 
37.1% of clusters consisted of singletons (Fig.  2C). Like 
the taxonomy results, the accumulation curve of viral 
gene clusters and viral genes was unsaturated (Fig.  2D). 

Across all cities, the most common viral gene functions 
were related to DNA binding/regulation (e.g., LAGLI-
DADG endonuclease and phage integrase family), fol-
lowed by transporters (e.g., ABC transporter) (Fig.  2E). 
Other prevalent functions included lysis (e.g., phage por-
tal), structural (e.g., phage capsid), and replication (e.g., 
DNA polymerase type B), all associated with key viral 
signatures.

While previous studies have found ARGs in viruses 
extracted from the human gut [23], fresh water [83], and 
soil [84], their prevalence in airborne viruses remains 
unclear. A search in three ARG databases identified 326 
unique ARGs from 159 vOTUs in samples across all 
cities, 74% of which were associated with high-quality 
vOTUs (Fig. S8A, S8B, and Table  S8). In terms of ARG 
type, the largest number of ARGs in samples from all 
cities included 80 genes conferring resistance to mer-
cury, 64 genes conferring resistance to glycopeptide 
antibiotics, and 24 genes conferring resistance to disin-
fecting agents and antiseptics. Among all ARG subtypes, 
the most abundant were merP and merR, which confer 
resistance to mercury and had an average relative abun-
dance of 0.7 ± 1.3% in samples across all cities, followed 
by mdeA and adeF, which confer resistance to fluoroqui-
nolone antibiotics and had average relative abundances of 
0.5 ± 1.6% and 0.5 ± 1.5%, respectively, in samples across 
all cities (Fig. S8C). These four ARG subtypes were most 
abundant in samples from Hong Kong, with an average 
relative abundance of 1.8 ± 2.1%, while the msrA subtype 
(conferring multidrug resistance) was exclusively found 
in samples from New York City, with an average relative 
abundance of 1.3 ± 3.8%. The arnA subtype, which con-
fers resistance to polymyxin (an antibiotic considered the 
last line of defense against bacterial multidrug resistance 
[85]), was detected only in a singular vOTU occurring in 
samples from Hong Kong, but its average relative abun-
dance was low, i.e., 0.06 ± 0.3% (Fig. S8C).

Strong correlations between virus and host abundances 
were influenced by viral lifestyle
The survival and persistence of viruses are closely 
tied to their microbial hosts [10]. To shed light on 
virus–host interactions and coevolution mechanisms 
in BEs, both ex-situ and in-situ virus–host links were 
examined to maximize host assignment. Out of all 
vOTUs, ~ 35.8% (1915 vOTUs) could be linked to an 
ex-situ host, while ~ 20.1% (1073 vOTUs) could be 
linked to an in-situ host. Among the predicted in-situ 
virus–host links (n = 1109), the vast majority (95.6%) 
were identified through the genome region matching 
method (n = 1060), with only 49 links derived from the 
CRISPR spacer matching method (Table S9). In samples 
from all cities, the most commonly predicted ex-situ 
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Fig. 2  Functional landscape of the viral operational taxonomic units (vOTUs) in air samples from built environments in global cities. A Percentage 
and number of viral genes identified and shared between the five reference databases. B Percentages of viral genes that could and could 
not be matched, respectively, to any of the five reference databases. C Percentages of viral gene clusters that could and could not be matched, 
respectively, to any of the five reference databases, and the size distribution of viral gene clusters based on the number of genes. D Accumulation 
curve of viral gene clusters. E Functional annotation of viral genes according to the Protein Families (Pfam) database. Only the 50 most common 
viral functions, based on the number of genes matched to the Pfam database, are shown. Gene functions associated with key viral signatures are 
highlighted in red
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hosts were from the Mycobacteriaceae family (num-
ber of links = 695) (Fig. S9), while the most commonly 
predicted in-situ hosts were from the Micrococcaceae 
family (number of links = 225) (Fig.  3A and Table  S9). 
However, the most commonly predicted in-situ hosts 
in samples differed between cities. Specifically, the Mic-
rococcaceae family were the most commonly predicted 
in-situ hosts in samples from Hong Kong, London, and 

New York City (numbers of links = 102, 73, and 41, 
respectively). Meanwhile, the Burkholderiaceae, Rubro-
bacteraceae, and Halalkalicoccaceae families were the 
most commonly predicted in-situ hosts in samples from 
Denver, Oslo, and Stockholm (numbers of links = 31, 
81, and 26, respectively) (Fig. 3B and Fig. S10).

To further elucidate the relationships between air-
borne viruses and their linked hosts, the correlations 

Fig. 3  In-situ virus–host links and correlations between the abundances of viral operational taxonomic units (vOTUs) and hosts in air samples 
from built environments in global cities. A Predicted hosts at the phylum and family levels for vOTUs at the family level in samples from all cities. 
The length of a bar indicates the number of virus–host links. B Network diagram showing the in-situ virus–host links in samples from each city 
at the host-family level. The central nodes represent the hosts, and the surrounding nodes represent the vOTUs linked to those hosts. The same 
virus–host links may appear in multiple cities, depending on the abundance of the virus and host. C Average relative abundances of vOTUs (right 
panel) and their linked hosts (left panel) at the phylum and family levels in samples from each city. The bars are colored according to the taxonomy 
of the linked hosts. D Pearson’s correlations between host abundances and virus-to-host abundance ratios (VHRs) for six families of hosts in samples 
from each city. The families shown were present in greater than or equal to 150 samples across all cities, and there were significant correlations 
between their abundances as hosts and VHRs in samples from at least one city. Only the coefficients and p-values that were significant in samples 
from a given city are shown. *p < 0.05, **p < 0.01, ***p < 0.001
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between the abundances of vOTUs and their linked in-
situ hosts were analyzed (Fig.  3C, D and Fig. S11). The 
average relative abundances of vOTUs that infected hosts 
from the Micrococcaceae family were highest in samples 
from Hong Kong (35.0 ± 17.0%), London (44.4 ± 16.7%), 
New York City (42.3 ± 21.8%), Oslo (42.4 ± 26.9%), and 
Stockholm (52.9 ± 25.4%). However, the average rela-
tive abundances of vOTUs that infected hosts from 
the Enterobacteriaceae family were highest in samples 
from Denver (75.2 ± 22.7%) (Fig.  3C). There were sig-
nificant correlations between host abundances and 
virus-to-host abundance ratios (VHRs) in most host 
families (or phyla) in samples from most cities, although 
the strength of the correlations varied (Fig.  3D and Fig. 
S11). For example, there were significant and negative 

correlations between host abundances and VHRs in 
the Enterobacteriaceae family in samples from Denver 
(Pearson’s r = − 0.96, p = 2.0 × 10−6), Hong Kong (Pear-
son’s r = − 0.30, p = 1.5 × 10−3), New York City (Pearson’s 
r = − 0.62, p = 2.2 × 10−5), and Oslo (Pearson’s r = − 0.55, 
p = 2.3 × 10−8). However, there were significant and posi-
tive correlations between host abundances and VHRs 
in the Micrococcaceae family in samples from all cities 
(Pearson’s r > 0.28, p < 0.032), except for Denver. Further-
more, the average proportions of vOTUs with either a 
temperate or virulent lifestyle varied among lineage-spe-
cific virus-to-host links (Fig. 4A).

To further investigate the influence of viral lifestyle 
on microbial abundance, we analyzed the correla-
tions between virus-to-microbe abundance ratios and 

Fig. 4  Associations between the viral lifestyle and host or microbe abundance in air samples from built environments in global cities. A Proportions 
of viral operational taxonomic units (vOTUs) with a predicted virulent or temperate lifestyle (left axis) and the average virus-to-host abundance 
ratios (VHRs) in different host families in samples from each city (right axis). The proportion of vOTUs with a virulent or temperate lifestyle 
was calculated by dividing the abundance of vOTUs with a virulent or temperate lifestyle by the total abundance of vOTUs with either a virulent 
or temperate lifestyle. The vOTUs without a classified lifestyle and their corresponding linked hosts were excluded. B Average relative abundance 
of vOTUs with a predicted virulent and temperate lifestyle in samples from each city. Mann–Whitney tests were performed to assess the difference 
in the average relative abundance of vOTUs with different lifestyles in samples from each city regardless of the year. C Pearson correlations 
between virus-to-microbe abundance ratios and the abundance (RPKM) of vOTUs predicted to have a temperate (upper) or virulent (lower) lifestyle 
across samples from each city. NS: not statistically significant; ***p < 0.001
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the abundance of vOTUs predicted as virulent (33.5%, 
n = 1791) or temperate (12.8%, n = 687), excluding eukar-
yotic viruses, across all vOTUs and rMAGs in samples 
from each city. In samples from most cities (all but Hong 
Kong and Stockholm), the average relative abundances of 
vOTUs with a virulent lifestyle were significantly higher 
than those of vOTUs with a temperate lifestyle (Mann–
Whitney test, p < 0.001; Fig. 4B). Furthermore, in samples 
from all cities, the abundances of vOTUs with a virulent 
lifestyle were significantly and positively correlated with 
virus-to-microbe abundance ratios (Pearson’s r = 0.60 
to 0.85, p < 1.0 × 10−4), and in samples from Hong Kong, 
London, and Oslo, the abundances of vOTUs with a tem-
perate lifestyle were significantly and negatively corre-
lated with virus-to-microbe abundance ratios (Pearson’s 
r = − 0.78 to − 0.33, p < 3.2 × 10−5) (Fig. 4C).

Evidence of CRISPR–Acr interactions between airborne 
viruses and microbial hosts
Viruses and their microbial hosts can evolve their respec-
tive CRISPR–Cas systems and Acr systems to serve as 
countermeasures against each other [14]. To investi-
gate CRISPR–Acr interactions, CRISPR spacers were 
extracted from all 686 rMAGs in samples across all cit-
ies, resulting in the identification of 1988 CRISPR spac-
ers from 155 rMAGs. However, only 52 (~ 2.6%) of 
the CRISPR spacers could be linked to a vOTU. These 
CRISPR spacers were predominantly derived from the 
Micrococcaceae (39 rMAGs), Rubrobacteraceae (16 
rMAGs), and Halalkalicoccaceae (14 rMAGs) families. 
Furthermore, only 53 (~ 7.7%) of the rMAGs were found 
to carry a CRISPR–Cas system, and a large proportion 
(n = 22) of these rMAGs belonged to the Micrococcaceae 
family (Table  S10). The 61 identified CRISPR–Cas sys-
tems encompassed four CRISPR types (I, II, III, and V) 
and were associated with diverse Cas proteins, with type 
I being the most prevalent (n = 38) (Fig. S12A). Most of 
the identified CRISPR–Cas systems (n = 29) were present 
in samples from all cities, while only some (n = 9) were 
unique to individual cities (Fig. S12B). Specifically, in 
terms of numbers of city-specific CRISPR–Cas systems, 
samples from Oslo had four, those from Stockholm had 
two, those from New York City had two, and those from 
Hong Kong had one.

To counter the CRISPR–Cas systems of hosts, viruses 
have evolved Acr proteins [14]. One hundred fifty-five 
Acr proteins were identified in 79 vOTUs (Table  S11), 
indicating that only ~ 0.015% of all vOTUs encoded a 
detectable variant of this form of countermeasure against 
CRISPR–Cas systems. Maps based on the reference Acr 
protein databases revealed that the Acr proteins of air-
borne viruses had the ability to counteract various types 
of CRISPR–Cas systems. Specifically, 53 Acr proteins 

belonged to subtype II-C, 46 belonged to subtype I-B, 
and 44 belonged to subtype I-C. The broad distribution 
of these Acr proteins in a maximum likelihood phylo-
genetic tree suggested the presence of diverse subtypes 
(Fig. S12C). Only eight Acr proteins were present in 
samples from all cities, as there were a significant num-
ber of city-specific Acr proteins in samples from Hong 
Kong (n = 30), Oslo (n = 27), New York City (n = 20), and 
London (n = 16) (Fig. S12D). Of the vOTUs carrying Acr 
proteins, eight could be linked to a host through CRISPR 
spacer sequences. For example, a vOTU (S5C4_18hk) 
and its linked host (rMAG SL467177_bin.10) carried a 
subtype I-E Acr protein and a subtype I-E CRISPR–Cas 
system, respectively (Fig. 5A).

Phage‑encoded AMGs and their potential impact on host 
fitness in BEs
Phage-encoded AMGs are important regulators of the 
metabolism of microbial hosts that enhance their adap-
tation to diverse environments [8]. In samples from all 
cities, a total of 1247 putative AMGs were identified 
in 281 high-quality and 230 medium-quality vOTUs 
(Table S12), 147 of which had an average relative abun-
dance of 1.7 ± 4.3% and were linked to an in-situ host. Out 
of the vOTUs carrying putative AMGs, 274 (53.3%) were 
predicted to have a virulent lifestyle, while 164 (31.9%) 
were predicted to have a temperate lifestyle. The vOTUs 
carrying putative AMGs with a virulent lifestyle were 
primarily linked to hosts in the families Micrococcaceae 
(14 links) and Mycobacteriaceae (seven links), while the 
vOTUs carrying putative AMGs with a temperate life-
style were primarily linked to hosts in the families Micro-
coccaceae (25 links) and Enterobacteriaceae (eight links). 
Among all the identified putative AMGs, 20% were clas-
sified as having miscellaneous functions, 15% were asso-
ciated with organic nitrogen transformation, and 8.5% 
were associated with carbon utilization (Table  S12). A 
putative AMG encoding a ribonucleotide reductase had 
the highest average relative abundance in samples across 
cities (1.3 ± 5.9%), followed by a putative AMG encoding 
a DNA (cytosine-5-)-methyltransferase (0.64 ± 2.4%) (Fig. 
S13A). Certain putative AMGs, such as those encoding 
aspartate carbamoyltransferase, 2-hydroxyacid dehy-
drogenase, and outer membrane channel protein TolC, 
were present only in one vOTU in samples obtained 
from Hong Kong, indicating the existence of city-specific 
AMGs (Fig. S13A).

Across samples from all cities, some virus-asso-
ciated putative AMGs could potentially influence 
host metabolism and enhance host adaptability. In 
a sample from Hong Kong, a vOTU (vRhyme_2_
S63Ck141_92927_18hk) carried six putative AMGs 
(i.e., large subunit ribosomal protein L28, cinnamic acid 
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dioxygenase, aminotransferase, outer membrane chan-
nel protein TolC, NAD-reducing hydrogenase large sub-
unit, and HycI endopeptidase), and its predicted host 
belonged to the family Methylomonadaceae (SL469770_
bin.18) (Fig.  5B). Furthermore, in samples from Denver, 
London, and New York City, a vOTU (vRhyme_6811_
S78Ck141_122871_19ny) connected to a putative host 
(SL470488_bin.1) from the family Enterobacteriaceae 
carried a putative AMG encoding a glucosyltransferase 
family 2 cellulose synthase, involved in cell wall syn-
thesis. Additionally, in samples from all cities, a vOTU 
(S58C2462_18ny) with a putative AMG encoding a mul-
ticopper oxidase involved in copper tolerance was linked 
to a host (SL469684_bin.3) from the family Xanthomona-
daceae (Fig. S13B). High-confidence protein structure 
predictions (Fig. 5C and Fig. S13C) supported the poten-
tial functions of these putative AMGs, with confidence 
levels ranging from 82 to 100% (Table S13).

Discussion
BEs are characterized by low nutrient availability and 
fluctuating physical and environmental conditions and 
yet they support a diverse community of microbes, 
including bacteria, fungi, and viruses [1]. Airborne 
viruses in BEs have received less research attention 
than airborne bacteria and fungi in BEs [5]. Thus, there 
is a limited understanding of airborne viruses’ distribu-
tion, diversity, functions, and interactions with bacterial 
hosts in BEs in different global locations. This knowl-
edge gap prompted us to collect 503 metagenomic air 

samples from public transit systems in six cities across 
three continents over a two-summer period and subse-
quently analyze these samples. Through metagenomic 
binning methods, we identified 5346 vOTUs in the sam-
ples, including city-specific vOTUs that reflected biogeo-
graphical differences in viral community compositions 
and diversity. Moreover, despite the oligotrophic nature 
of air in BE, the Shannon indices of the viral communi-
ties indicated that they had a high level of diversity. This 
diversity varied significantly across continents, with 
lower levels in North America, likely influenced by dif-
ferences in meteorological conditions, environmen-
tal factors, and transit system design and operation [6]. 
Mapping the vOTUs against the IMG/VR database and 
clustering them with reference viral genomes revealed 
a substantial proportion of taxonomically unclassified 
vOTUs at the species and family levels, suggesting that 
there are many novel viruses within the air of BEs, simi-
lar to other ecosystems [23, 41, 53]. Human-associated 
papillomaviruses [86] were detected in samples from all 
cities, consistent with these viruses’ prevalence in ven-
ues with high occupancy [5]. Additionally, viruses from 
the Caulimoviridae family, a group within Riboviria 
characterized by a DNA phase in their life cycle [82], 
were detected from the air samples, aligning with previ-
ous reports of Caulimoviridae in outdoor urban air [87]. 
Caulimoviridae viruses were found to be ubiquitous 
and dominant in samples from all cities, unlike in other 
ecosystems such as the human gut [23], soil [53] and 
marine environments [73], and BE surfaces (e.g., bollards, 

Fig. 5  Evidence of virus–host interactions via the clustered regularly interspaced short palindromic repeat (CRISPR)/CRISPR-associated (Cas) 
system, anti-CRISPR (Acr) proteins, and potential functions of putative auxiliary metabolic gene (AMG) in air samples from built environments 
in global cities. A Schematic diagram illustrating the linkage between a viral operational taxonomic unit (vOTU) and its host through CRISPR spacer 
matching. The Acr protein (pAcr059398) of the vOTU can evade the CRISPR–Cas system (subtype I-E) of its linked host. Three viral proteins were 
identified within the genome of the linked host. B Schematic diagram illustrating six putative AMGs encoded by a viral genome fragment (~ 33.7 
kb). C High-confidence protein structures of the six putative AMGs indicated in panel B. The colors range from the N terminus to the C terminus 
in a rainbow pattern
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doorknobs, and floors) [41], where viruses of the Sipho-
viridae and Myoviridae families are commonly abundant. 
The distinct viral taxonomies in air samples from BEs and 
the variations in virus abundance between air samples 
from BEs in different cities likely stem from BEs’ diverse 
microbial sources, such as human skin, oral microbiota, 
and pets [5, 88].

The characteristics and dynamics of physical environ-
ments have a significant influence on the interactions and 
functions of viruses with microbial hosts over extended 
periods [89]. In the current study, although the diversity 
of viral functions did not reach saturation, the predomi-
nant gene clusters in airborne viruses in samples exhib-
ited a significant capacity for infection, replication, and 
integration within oligotrophic air environments. For 
example, genes encoding integrases and LAGLIDADG 
endonucleases were prevalent in airborne viruses, sug-
gesting a high potential for these proteins to facili-
tate adaptation, survival, and propagation in BEs. This 
contrasts with the primary functions of viral proteins 
found in human gut viruses (e.g., packing and assembly 
functions) [23] and surface-associated BE viruses (e.g., 
transport functions) [41].While previous studies have 
suggested that ARGs are rarely found in phages [90, 91], 
the current study identified diverse types of ARGs within 
the genomes of airborne viruses. Specifically, there were 
abundant ARGs that confer resistance to antibiotics com-
monly used to treat upper respiratory or skin infections 
(e.g., fluoroquinolones) [92] and to disinfecting agents 
commonly used in air fresheners or surface disinfect-
ants (e.g., triclosan) [93]. There were also variations in 
the spatial distribution of ARGs in samples across cities, 
which is likely partly attributable to differences in antibi-
otic usage and to the microbial compositions unique to 
each city [94]. Of particular concern was the detection of 
the arnA subtype in viruses in samples from Hong Kong, 
albeit at a low relative abundance, which coincided with 
increased usage of polymyxin [95], a last-resort antibiotic 
[85]. These findings indicate that airborne viruses may 
serve as reservoirs of ARGs and possibly contribute to 
the dissemination of antibiotic resistance within BEs [96].

Virus–host interactions play a crucial role in the coevo-
lution of viruses and their linked hosts within microbial 
communities [97]. In this study, microbes from the Myco-
bacteriaceae family were the most frequently predicted 
ex-situ hosts, while they ranked second as predicted in-
situ hosts of airborne viruses. This discrepancy is likely 
due to differences between the rMAGs recovered in this 
study and the public genomes used for ex-situ predic-
tions. Among the diverse in-situ microbial hosts identi-
fied, the Micrococcaceae family was the most commonly 
predicted host. Given the abundance of Micrococcaceae 
in the air of BEs, it is reasonable to posit that this family 

has a higher probability of being infected by viruses than 
other host families, thus leading to the generation of 
virus–host links [98]. However, there were geographical 
variations in virus–host interactions, namely significant 
between-city differences in the most commonly predicted 
host family of virus–host links in samples. This was likely 
due to diverse ecological and environmental factors [99]. 
VHRs, which reflect the dynamics of virus–host interac-
tions, varied significantly between different taxa of virus–
host links in samples and between samples from different 
cities, potentially due to the interplay between virulent 
and temperate viral lifestyles [7]. Among vOTUs with a 
predicted lifestyle, virulent airborne viruses were more 
prevalent than temperate ones in samples from most cit-
ies, with virulent infections often occurring at low micro-
bial abundances, while temperate infections increased 
as microbial abundances increased. This suggests that 
in the oligotrophic conditions typical of BEs, character-
ized by limited microbial growth [28] and low airborne 
microbial concentrations [2], airborne viruses may have 
a greater likelihood of replicating their genomes and lys-
ing host cells upon infection, potentially releasing new 
viral particles and supporting their continued replication 
[24]. Conversely, when microbial abundances increase to 
higher levels, possibly due to improvements in environ-
mental conditions that support the growth of microbial 
hosts, airborne viruses tend to adopt a temperate lifestyle 
and utilize host propagation for replicating their viral 
genomes. The above-described results highlight that vir-
ulent infection is a crucial survival strategy for the major-
ity of airborne viruses under oligotrophic conditions in 
BEs, where carbon sources are extremely limited [100]. In 
contrast, in other ecosystems (e.g., soil [53], marine [101], 
and wastewater treatment ecosystems [102]), virulent 
infection by viruses is more prevalent under conditions 
of high nutrient availability.

Viruses with a virulent lifestyle are predominant in 
BEs, as these viruses can efficiently exploit the cellular 
machinery of their hosts for the production of viral parti-
cles, likely resulting in the rapid lysis of infected host cells 
[103] and preventing the vertical transfer of CRISPR–Cas 
systems to subsequent generations [104]. Furthermore, 
microbial hosts primarily acquire CRISPR spacers from 
non-virulent viruses [105], which rely on the abundance 
of phage sequences within host cells [106]. As a result, 
the evolution of CRISPR–Cas systems in BE hosts may 
be constrained by the low abundance of airborne viruses 
[107] and the high abundance of virulent viruses. In 
addition, the low concentration of airborne microbes in 
BEs means that there is a low virus–host encounter rate 
[98], which may limit virus–host interactions. Moreo-
ver, the constant movement of air in BEs disfavors pro-
longed contact between viruses and hosts, reducing the 
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probability of coevolution of host CRISPR–Cas systems 
and viral Acr proteins [13, 14]. The aforementioned fac-
tors, along with the incompleteness of both viral and host 
genomes, likely explain why only a small proportion of 
vOTUs (~ 0.92%) could be linked to a host through the 
CRISPR spacers extracted from the rMAGs, with this 
proportion being substantially lower than that in the 
human gut (~ 81%) [23], where contacts between viruses 
and hosts are likely to be frequent and persistent. Cer-
tain airborne viruses in BEs can evade CRISPR–Cas sys-
tems by evolving Acr proteins [14], but the majority of 
airborne viruses lack these proteins, likely because Acr 
proteins are primarily derived from temperate phages 
[108], whereas the predominant airborne viruses in BEs 
were predicted to exhibit a virulent lifestyle. However, it 
is possible that the limitations of current Acr databases 
have contributed to the incomplete detection of these 
proteins. Additionally, viruses may employ various strate-
gies (e.g., point mutations [109] and large-scale deletions 
[110]) to minimize phage resistance in microbial hosts 
and ensure successful viral infections in BEs. The limited 
coevolution of CRISPR–Cas systems and Acr proteins in 
oligotrophic BEs may benefit hosts by reducing energetic 
costs through the downregulation of CRISPR–Cas gene 
expression [111], thereby enhancing hosts’ survival and 
adaptive capabilities.

Furthermore, viruses can contribute to host adaptation 
by expressing AMGs upon invading hosts [24]. While 
these AMGs may enhance virion production during viru-
lent infections, those encoded by temperate viruses are 
more likely to improve host fitness within ecosystems 
[112], potentially facilitating the coexistence of viruses 
and hosts. Moreover, in the current study, virus-associ-
ated putative AMGs encoding enzymes such as cinnamic 
acid dioxygenase and aminotransferase may enhance the 
host’s ability to utilize substrates such as amino acids, 
which are likely present in low concentrations in BEs 
[100], thus facilitating phage production [11]. Further-
more, AMGs encoded by airborne viruses may enhance 
the resistance of microbial hosts to adverse conditions 
in BEs. For example, the outer membrane channel pro-
tein TolC could aid in the removal of toxic compounds, 
including antimicrobial agents [113], while multicopper 
oxidase could enhance host resistance to heavy metals 
[114]. Considering the potential for exposure to various 
sources of virulence in BEs, such as antimicrobial agents 
and heavy metals [115, 116], these phage-encoded puta-
tive AMGs could aid the survival of their microbial hosts, 
highlighting that coexistence strategies may be employed 
by viruses and hosts in BEs as they adapt to and thrive in 
their environment.

This study sheds light on the viruses found in air sam-
ples collected from BEs across six global cities. However, 

several methodological limitations in viral identification 
and annotation warrant further investigation. Although 
default parameters or those from previous studies were 
used in the bioinformatic workflow, systematically 
exploring alternative settings could help reduce false 
positives and false negatives in vOTU identification, 
improving the accuracy of viral detection [40, 66]. Cau-
tion should be exercised when interpreting results from 
environmental metagenomes, as technical and analytical 
biases may affect the detection, classification, and quan-
tification of viral populations. Despite the substantial 
number of air samples analyzed, the workflow allowed 
for the discovery of only a limited number of vOTUs. 
To achieve a more comprehensive understanding of 
viral compositions and diversity, it is crucial to improve 
the efficiency of sampling, increase the number of sam-
ples, and enhance the sequencing depth. Furthermore, 
classifying vOTUs at the species and family levels and 
determining viral lifestyles remain challenging due to 
limitations in current viral databases and analysis tools, 
as detailed in recent studies [59, 117, 118]. Optimizing 
bioinformatic approaches for viral genome recovery can 
improve genome completeness, enabling more accurate 
taxonomic identification, gene annotation (e.g., AMGs 
and Acr proteins), provirus detection, and host predic-
tion. Additionally, analyzing bulk metagenomes without 
viral enrichment may have introduced vOTUs not rep-
resentative of free viruses in air samples. Incorporating 
enrichment techniques could improve specificity and 
more accurately profile of airborne viral communities. 
Including airborne RNA viruses would also provide a 
more holistic understanding of airborne viral communi-
ties in BEs.

Beyond methodological challenges, the biogeographic 
patterns of global airborne viruses and the diversity and 
dynamics of viruses in BEs require closer examination. 
This could be achieved by improving the evenness of 
sample sizes between sampling sites, expanding the sam-
pling scope to include additional sites and time points in 
global cities, and investigating environmental factors to 
identify potential drivers of viral diversity and dynam-
ics. Culture-based experiments in controlled settings 
could further validate the field observations regarding 
viral lifestyles, including the switching between tem-
perate and virulent viruses, as well as their interactions 
with hosts and variations in abundance within airborne 
environments. Finally, studying the conditions that trig-
ger virulent or temperate infections and the expression of 
phage-encoded AMGs in host genomes would enhance 
our understanding of virus–host dynamics in BEs.

In summary, this study revealed the distinct biogeo-
graphical characteristics of airborne viruses in oligo-
trophic BEs and identified previously unknown viral 
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clades. The findings indicate significant global varia-
tions in viral diversity, composition, functional poten-
tial, abundance, and host interactions within airborne 
viromes in BEs. The presence of many poorly classified 
viruses underscores the need for further investigations 
to understand these viruses’ novel biological charac-
teristics and taxonomies and to explore their potential 
impact on airborne microbial communities. The study 
also highlighted that airborne viruses predominantly 
adopt a virulent lifestyle and that they are closely asso-
ciated with host abundance, suggesting the presence of 
coevolutionary strategies and coexistence mechanisms 
in oligotrophic BEs. These findings enhance our under-
standing of viromes in the air of BEs, highlighting their 
unique characteristics and survival strategies compared 
with those found in more nutrient-rich ecosystems.
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