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The lower respiratory tract (LRT) microbiome impacts human health, espe-
cially among critically ill patients. However, comprehensive characterizations
of the LRT microbiome remain challenging due to low microbial mass and host
contamination. We develop a chelex100-based low-biomass microbial-
enrichment method (CMEM) that enables deep metagenomic profiling of LRT
samples to recover near-complete microbial genomes. We apply the method
to 453 longitudinal LRT samples from 157 intensive care unit (ICU) patients in
three geographically distant hospitals. We recover 120 high-quality metagen-
ome-assembled genomes (MAGs) and associated plasmids without culturing.
We detect divergent longitudinal microbiome dynamics and hospital-specific
dominant opportunistic pathogens and resistomes in pneumonia patients.
Diagnosed pneumonia and the ICU stay duration were associated with the
abundance of specific antibiotic-resistance genes (ARGs). Moreover, CMEM
can serve as a robust tool for genome-resolved analyses. MAG-based analyses
reveal strain-specific resistome and virulome among opportunistic pathogen
strains. Evolutionary analyses discover increased mobilome in prevailing
opportunistic pathogens, highly conserved plasmids, and new recombination
hotspots associated with conjugative elements and prophages. Integrative
analysis with epidemiological data reveals frequent putative inter-patient
strain transmissions in ICUs. In summary, we present a genome-resolved
functional, transmission, and evolutionary landscape of the LRT microbiota in
critically ill patients.

Lower respiratory tract infections (LRTIs) are a major global health microbiota have been demonstrated between patients and healthy
concern, causing at least three million deaths in 2019 as the world’s individuals, suggesting that the LRT microbiome is essential in main-
deadliest communicable disease'”. Patients in ICUs face 3-10times taining immune homeostasis as a novel therapeutic target®®. However,
increased susceptibility to hospital-acquired LRTIs, substantially our understanding of the LRT microbiome is limited, especially in
increasing mortality rates*’. Significant differences in the LRT critically ill patients. Few studies examined the longitudinal LRT
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microbiome dynamics, the interactions between the LRT microbiome
and host factors, and the evolutionary adaptations of pathogens in
clinical settings'. Experimental challenges included contamination
from oral commensals" and host DNA", low microbial biomass®, and
longitudinal LRT sample collection™.

Consequently, most LRT microbiome studies used targeted
amplicon sequencing (e.g., 16S rRNA), with many limitations, such as
PCR bias, difficulties in pan-domain species detection, and functional
and evolutionary analyses”". Collecting LRT samples longitudinally is
also challenging. The sputum samples are contaminated by oral
commensals'®, and the bronchoalveolar lavage fluids (BALFs) are too
invasive to be frequently collected”.

Researchers have traditionally relied on culture-based methods
for diagnosis, whole-genome information, and functional character-
ization of specific LRT microbial species. However, culture-based
approaches require the knowledge of species-specific media and
extensive efforts, leading to few species being thoroughly investi-
gated. In contrast, with sufficient sequencing depth, metagenome-
based approaches can generate high-quality MAGs that approximate
the genomic information of diverse species’®*’. However, the MAG-
based studies of the LRT microbiota were limited due to the afore-
mentioned difficulties.

We present a multi-center longitudinal study of the LRT micro-
biome in 157 patients (Supplementary Data 1), totaling 453 samples.
Utilizing the developed method, we acquired sufficient amounts of
microbial DNA for deep metagenomic next-generation sequencing
(NGS). With CMEM, we achieved comprehensive species-level profiling
of the microbial species in the LRT of critically ill patients. We found
hospital-specific and diverging longitudinal patterns of microbiome
among pneumonia patients. We reconstructed hundreds of high-
quality MAGs without the need for labor-intensive culturing. Further
analyses of MAGs revealed the genome-resolved functional, evolu-
tionary, and transmission landscapes in the ICU LRT microbiome.

Results

The development of CMEM enabled the deep-sequencing of LRT
microbiomes

We developed CMEM that improves microbial DNA yield after
host DNA removal (Methods; Fig. 1a). This substantially improved
detectable microbial DNA recovery (as measured by Qubit) and
DNA yield (Supplementary Fig. 1a, b). Briefly, we employed a modified
saponin-based differential lysis method to remove the human
nucleic acids, optimizing with a reduced saponin concentration to
minimize the potential loss of microbial communities”**. To further
address the low microbial biomass challenges in LRT samples, we
incorporated ultrasonic beating to improve microbial cell lysis. Next,
Chelex100, commonly used in forensic investigations, was leveraged
for extracting very low amounts of microbial DNA, ultimately produ-
cing high-quality DNA suitable for in-depth metagenomic sequen-
cing (Fig. 1a).

Head-to-head comparisons with Qiagen Power Water and Qiagen
Allprep DNA/RNA kits demonstrated that CMEM produced sig-
nificantly higher final DNA yield and markedly increased detectable
DNA recovery (as measured by Qubit, Supplementary Fig. 1a, b). Due to
CMEM’s high efficiency in DNA recovery, we were able to use an
average of 5 amplification cycles for constructing sequencing libraries
for LRT samples, substantially minimizing the biases introduced by
PCR amplifications when dealing with low-biomass samples in pre-
vious studies. Additionally, the CMEM is implemented in a streamlined
single-tube protocol to minimize DNA loss and the risk of introducing
potential contamination during transfers.

To assess the impact of the host-depletion step on the LRT
microbial community, we collected 32 endotracheal aspirate (ETA)
samples and divided each sample into two aliquots: one assigned to
the treatment group (processed with CMEM) and the other control

group (processed with the same steps but without the host depletion).
The host-depletion introduced noticeable variances in the relative
abundance of individual taxa, and we observed no significant differ-
ence in the overall beta diversity between the two groups (PERMA-
NOVA, p>0.05 in Supplementary Fig. 1c, d and Supplementary
Data 2 and 3). We further compared the microbiome alpha diversity
and total abundance of ARGs and found no significant difference
between the two groups (Supplementary Fig. 1e, f).

To further validate our approach, we observed a 92.2% con-
sistency between microbial species detected via clinical culture and
CMEM for samples with available clinical microbiology data (Supple-
mentary Data 4). These data suggest that our approach can be a robust
tool for characterizing the LRT microbiota in clinical samples with low
microbial biomass and significant human nucleic acid contamination.

Characterization of LRT microbiota in ICU patients

The understanding of LRT microbiomes has been limited, especially in
ICUs. We collected 453 LRT samples from 157 intubated patients from
three hospitals in different cities in China (Fig. 1a and Supplementary
Data 1). We successfully sequenced 442 LRT samples with the CMEM
method, yielding an average of 7.09 x 10 high-quality reads per sam-
ple. An average of 14.8% microbial reads were obtained in the
sequencing data (median 12.1%, interquartile range 9.7%-16.4%; Sup-
plementary Fig. 1g). To minimize the influence of contamination from
the ICU environments and medical equipment, we also collected ten
environmental sampling controls from each hospital, and the identi-
fied species in these controls were highly consistent and excluded
from further analysis (Supplementary Data 5 and 6). Consequently,
CMEM facilitated a comprehensive species-level characterization of
the microbiota in the LRT of critically ill patients. Two hundred and
four microbial species were identified, including 196 bacteria, 2 fungi,
and 6 viruses (Fig. 1b and Supplementary Data 7). Twenty-five oppor-
tunistic pathogen species were observed across hospitals, encom-
passing well-known opportunistic pathogens such as Klebsiella
pneumoniae, Acinetobacter baumannii, and Pseudomonas aeruginosa.
Additionally, we uncovered several less well-known opportunistic
pathogens, such as Slackia exigua, Delftia acidovorans, and Aggrega-
tibacter segnis (Supplementary Data 7). Our analysis indicated that
Corynebacterium striatum, Acinetobacter baumannii, and Klebsiella
pneumoniae were highly prevalent across hospitals (Fig. 1c and Sup-
plementary Fig. 1h).

Consistent with previous findings>?®, our results revealed that the
microbiome alpha diversity in samples from pneumonia patients was
significantly lower than that of those without pneumonia (Wilcoxon,
p=0.00012, Supplementary Fig. 1i, Methods). Furthermore, we noted
a significantly higher total abundance of ARGs in samples from pneu-
monia patients (Wilcoxon, p=0.0011, Supplementary Fig. 1j). Collec-
tively, these findings confirmed the ability of CMEM to characterize
ecological diversity and ARG abundance in LRT samples effectively.

De-novo assembly of microbial reads and binning at the individual
level resulted in 433 metagenome-assembled genomes (MAGs),
of which 120 MAGs were high-quality based on the MIMAG (Minimum
Information about a Metagenome-Assembled Genome, completeness
>90% and contamination < 5%) standards” (Methods; Fig. 1d). Among
these genomes, 108 MAGs were not annotated to any references,
289 MAGs were annotated to the species level, and 36 MAGs failed to
meet the Genome Taxonomy Database (GTDB) quality standards.
The identified MAGs were parsed into four major phyla, including
Proteobacteria, Actinobacteria, Firmicutes, and Bacteroidetes. We
identified 45 species with more than one MAG, of which the most
common species were Corynebacterium striatum (12.5%, 36 MAGs),
Acinetobacter baumannii (11.1%, 32 MAGs), and Klebsiella pneumoniae
(5.5%, 16 MAGs) (Fig. 1d and Supplementary Data 8). Crucially, the
quality of the reconstructed MAGs was comparable to that of
sequenced isolates, exhibiting an average nucleotide identity of
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99.945% (Supplementary Data 9). This high level of concordance fur-
ther validates the reliability of these MAGs recovered directly from ETA
samples. The diversity of MAGs and the substantial number of unan-
notated genomes underscore the urgent need to characterize the LRT
microbial communities with microbial-enrichment deep metagenomic
approaches.

LRT microbiomes of pneumonia patients show significant site-
specific signatures

We performed variation decomposition analysis to identify factors
contributing to the dynamics of microbiome profiles (microbiota,
resistome, and functional profiles; Methods). Among all factors, the
sampling site was identified as the most important factor contributing
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Fig. 1| Schematic representation of the optimized experimental pipeline and
overview of the multi-center LRT microbiome study. a General schematic
representation of the study design and experimental pipeline. The workflow
included sample liquefying, human DNA removal, ultrasonic beating to improve
microbial cell lysis, DNA extraction using Chelex 100, DNA and protein precipita-
tion, and the final steps of library preparation and sequencing. See the methods for
detailed information. The plot was created with BioRender.com (citation: https://
biorender.com/j76b222). b Venn diagram showing the total number of species
detected in each hospital. ¢ Percentage of detected samples for the top 10 pre-
valent microbial species present in the LRT microbiome from Hospital A (red),

Hospital B (yellow), and Hospital C (blue), respectively. d Phylogenetic tree of 289
annotated metagenome-assembled genomes (MAGs). Bacterial species names are
colored according to their phylum: The stars, circles, and squares indicate the
collection sites. The bars in the outermost circle indicate the fraction of the query
genome that aligns with the reference genome (up to 100%). Prevalent species with
more than 3 MAGs are highlighted by colored arcs and labels. e Bar plot indicating
the demographic and clinical factors significantly associated with the variation of
the LRT microbiome profiles. Source data are provided as a Source Data file.
Abbreviation: ARG, antibiotic resistance gene.

to the variations in microbiome profiles (Fig. le), with the number of
antibiotic classes administered and duration of ICU stay also playing
important roles (Fig. le). Moreover, microbiome profiles showed
greater variation between ICUs than within the same ICU (Supple-
mentary Fig. 1k), indicating that ICU-specific microbial factors influ-
enced patient microbiome profiles.

We further analyzed microbial profiles in patients with diagnosed
pneumonia across three hospitals at the species level. Principal coor-
dinate analysis (PCoA) revealed site-specific heterogeneity (Adonis
p=0.001; Fig. 2a, b). Specifically, we observed a significantly higher
abundance of Klebsiella pneumoniae in Hospital A; Hospital B had a
higher abundance of Corynebacterium striatum; Acinetobacter bau-
mannii was overrepresented in Hospital C (Fig. 2b and Supplementary
Fig. 2a). Variations in significantly enriched microbial pathways among
hospitals existed (Methods; Supplementary Fig. 2b), including the fatty
acid and lipid biosynthesis and degradation pathways, highlighting the
diverse metabolic capacities upon distinct environmental pressures
among hospitals.

Temporal dynamics of LRT microbiomes

Next, we explored the temporal dynamics of the LRT microbiome. For
patients with over one week of ICU stay and diagnosed pneumonia, we
found that the dominant species could remain consistent during
intubation (n=12), in line with previous studies®’, or be replaced by
other dominant species over time (n = 31). For example, the dominant
taxon remained stable for P68, with Pseudomonas aeruginosa persist-
ing as the most abundant species throughout nearly a one-month ICU
stay. However, for P23, the dominant taxon changed from Acineto-
bacter baumannii to Prevotella bivia after approximately two weeks
(Fig. 2c, d). We further compared the oxygenation index (Ol, Methods)
and the percentage of neutrophils between patients with a consistent
dominant species and dynamically changing dominant species over
time. Our findings showed that patients with changing dominant
species exhibited a significantly lower OI (p = 0.016) and a significantly
higher percentage of neutrophils (p=0.00014) compared to those
with a single stable dominant species (Supplementary Fig. 2c). This
highlights the possibility that dynamically changing dominant species
could be associated with more severe pulmonary dysfunction and
stronger inflammatory responses for pneumonia patients in the ICU.

Associations between clinical variables and the LRT resistomes
The high abundance of ARGs in opportunistic pathogens significantly
contributes to the complexity and severity of LRTIs***. Our deep
sequencing data extensively characterized the resistome profiles in
patients with diagnosed pneumonia. A total of 20 ARG types and 716
ARG subtypes were observed in pneumonia patients across three
hospitals (Supplementary Data 10). The most abundant ARG types
included Multidrug, Beta-lactam, and Aminoglycoside, followed by
Macrolide-Lincosamide-Streptogramin (MLS), Tetracycline, and Sul-
fonamide (Fig. 2e). Furthermore, specific ARGs were associated with
the most prevalent ARG types in each hospital. For example, within the
Beta-lactam ARGs, c¢fxa2, oxa-225, and shv-39 were identified as the
most predominant in each hospital, respectively (Supplementary
Fig. 3a). We next evaluated the resistome variation among hospitals.

Except for Macrolide-Lincosamide-Streptogramin (MLS), the most
predominant ARG types were significantly more abundant in Hospital
C than in Hospital B (Fig. 2f and Supplementary Fig. 3b). We applied
nonmetric multidimensional scaling (NMDS) to normalized ARG
abundance, again showing significant site-specific differences of
resistomes (Supplementary Fig. 3c; Adonis p=0.001 and NMDS2;
Methods). Key resistance-contributing genes were identified with
sparse partial-least-squares discriminant analysis (sPLS-DA; Supple-
mentary Fig. 3d, e).

Using the multivariate linear mixed models, we observed 67 sig-
nificant associations between 58 ARG subtypes and 3 clinical variables
(FDR < 0.05; Supplementary Fig. 3f). In addition to the observed higher
total abundance of ARGs in pneumonia patient samples (Supplemen-
tary Fig. 1j), the abundances of Tetracycline genes such as tetA, tetB,
Multidrug genes (mexB), as well as aminoglycoside gene (aph(3)-1Ib),
were significantly higher in pneumonia patient samples (Fig. 2g, h and
Supplementary Fig. 3g). The increased abundance of a variety of ARGs
in pneumonia patient samples underscores the broad-spectrum
resistance in pneumonia-associated pathogens in ICU settings. Nota-
bly, the abundances of multidrug genes such as mexE, smeB, and smeC,
as well as the aminoglycoside gene aph(3)-1Ib, were significantly higher
in patients with over 28 days of stay (Fig. 2i,j and Supplementary
Fig. 3h). The significant association between the abundance of
multidrug-resistant genes and the duration of ICU stay highlights that
colonization by multidrug-resistant opportunistic pathogen species
may be associated with prolonged ICU stay.

The strain-resolved dynamic resistome and virulome
Strain-level antibiotic resistance and virulence are critical in studying
pathogens. Conventionally, this type of analysis would require culture-
dependent genome sequencing approaches. We dissected 91 high-
quality MAGs of five prominent opportunistic pathogen species, each
MAG derived from an individual patient. The number of ARGs
observed in Acinetobacter baumannii, Klebsiella pneumoniae, and
Pseudomonas aeruginosa was drastically higher than in Corynebacter-
ium striatum and Stenotrophomonas maltophilia (Fig. 3a), which may
lead to the enhanced capacity to withstand antibiotic treatments.
Intriguingly, the ARG profiles of the five species showed little over-
lap (Fig. 3b).

Notably, we observed intra-species significant variations in resis-
tome, especially in Acinetobacter baumannii, Corynebacterium stria-
tum, and Klebsiella pneumoniae (Fig. 3c). At the higher pathway level,
Corynebacterium striatum strains displayed diverging resistance, with
several strains conferring resistance against tetracycline and ami-
noglycoside antibiotics, while others don’t (Supplementary Fig. 4a).
Some Stenotrophomonas maltophilia strains exhibited strong resis-
tance against tetracycline and fluoroquinolone antibiotics, while oth-
ers demonstrated resistance against aminoglycoside antibiotics
(Supplementary Fig. 4a).

Next, we profiled the virulence genes (VFs) of these strains. Con-
sistent with previous findings®**', Pseudomonas aeruginosa harbored
an overwhelming number of VFs (Fig. 3d). Conversely, a significantly
smaller number of VFs were identified in Corynebacterium striatum and
Stenotrophomonas maltophilia (Fig. 3d). Overall, the number of ARGs
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and VFs showed strong positive correlations, indicating that highly
antibiotic-resistant strains are more virulent (Supplementary Fig. 4b).
Interestingly, the virulome also showed little overlap (Fig. 3e). The
distribution of VFs among strains in Acinetobacter baumannii, Kleb-
siella pneumoniae, and Pseudomonas aeruginosa also exhibited strain-
specific signatures (Fig. 3f).

Days in the ICU Days in the ICU

Importantly, we found no substantial hospital-specific impact on
the strain-level resistome, virulome, and average nucleotide identity
(ANI) (Supplementary Fig. 4c-e). This suggests that these strains are
widely distributed across distinct hospital environments. Our genome-
resolved analysis highlights the feasibility of directly profiling resis-
tome and virulome without culturing isolates.
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Fig. 2 | The dynamic and site-specific LRT microbiomes and resistomes.

a Principal coordinate analysis (PCoA) demonstrating hospital-specific variation in
microbial profiles. Individual profiles for pneumonia patients in each hospital are
illustrated in red (Hospital A; n=33), green (Hospital B; n =182), and blue (Hospital
C; n=124), respectively. Arrows represent contributions of the four most abundant
species (arrow length is proportional to mean abundance). The F-ratio and asso-
ciated p-value calculated with Adonis analysis are shown (p=0.001, p-value was
calculated by one-way PERMANOVA with 999 permutations). b PCoA highlighting
the relative abundance of four species in (a). ¢, d Panels represent an example of
temporal patterns in patients with one consistent dominant species and multiple
dominant species during intubation. e The circos plot showing the mean relative
abundance of the top 10 ARG types in pneumonia patients in each hospital. The
colored arcs in the outermost circle indicate the percentage of mean ARG type (left
half) or the percentage of each hospital contributed to each ARG type (right half).
f Panels showing the total ARG abundance of the top 3 ARG types (multidrug, beta

-lactam, and aminoglycoside) in samples (n =342) collected from pneumonia
patients in each hospital. Significance was determined using the two-sided Wil-
coxon rank sum test. The exact p-values are directly annotated on the plot. g, h Box
plots show the abundance of (g) tetA and (h) mexB genes in samples collected from
patients without pneumonia (n = 66) and with pneumonia diagnosis (n =356).
Significance was determined using the two-sided Wilcoxon rank sum test. The exact
p-values are directly annotated on the plot. i, j Box plots showing the abundance of
(i) mexE and (j) smeB genes with days in the ICU (n =297). Time points are indicated
in the brackets. Significance was determined using the two-sided Wilcoxon rank
sum test. The exact p-values are directly annotated on the plot. Figures (f-j) include
a center line (median), box limits (upper and lower quartiles), and whiskers (1.5x
interquartile range). Source data are provided as a Source Data file. Abbreviation:
MDS multidimensional scaling, ICU intensive care unit, MLS Macrolide-
Lincosamide-Streptogramin.

Increased mobilome and highly conserved plasmids in prevalent
opportunistic pathogen species

ARGs and VFs are frequently transmitted among microbes due to
mobile genetic elements (MGEs). We classified MGEs into seven cate-
gories based on the criteria of MobileElementFinder (Methods),
including insertion sequence (88.96%), composite transposon (5.79%),
unit transposon (2.83%), and others (2.42%). The three most abundant
MGEs were 526, ISAbal, and ISCx1, which were reported to be associated
with antibiotic resistance (Supplementary Fig. 5a)***'. Additionally, we
found that OXA-23, tet-M, and LpsB were the three most abundant ARGs
closely related to the MGEs (Supplementary Fig. 5b). We next char-
acterized the mobilome in the prominent opportunistic pathogen spe-
cies using MAGs. We observed that the more prevalent opportunistic
pathogen species displayed a substantially higher number of MGEs
(Fig. 4a, b and Supplementary Fig. 6¢c-e). The length distribution of their
MGEs also showed significant differences (Fig. 4c). ARGs associated with
MGEs primarily confer resistance to aminoglycoside, macrolide, and
cephalosporin antibiotics (Fig. 4d). The increased mobilome may con-
tribute to the elevated prevalence of these species.

Besides short MGEs, plasmids are the primary vehicle for hor-
izontally transferring genetic materials. Our deep sequencing data
allowed us to directly identify 68 plasmids using the Plasmid Database
(PLSDB). The plasmids were primarily circular, with lengths up to tens
of kilobases (Fig. 4e as an example; Supplementary Data 11). Upon
comparing some of our abundant plasmids with references, we noted
remarkable conservation in the plasmid sequence. Weisberg et al. and
Wein et al. reported unexpected conservation and stability during
plasmid transmission and evolution in plants or under non-selective
conditions**, We focused on a plasmid commonly isolated from
Acinetobacter baumannii in clinical specimens and observed a striking
similarity among the analyzed plasmids spanning 40 years from dif-
ferent countries. The ANI between the plasmid in 2021 (our sample)
and 1982 was 99.992%, or less than 1 SNP (Fig. 4f, g and Supplementary
Fig. 5f). Similarly, a plasmid frequently isolated from Klebsiella pneu-
monia remained stable over 8 years, with a 99.955% ANI, or 3 SNPs,
observed between 2022 and 2014 (Supplementary Fig. 5g, h). Inter-
estingly, it appears that isolates of plasmids underwent extensive
rearrangement events (Fig. 4g and Supplementary Fig. 5f, g). These
observations starkly contrast the idea that plasmid generally mutates
faster than host genomes**, Their long-term evolutionary stability in
clinical specimens worldwide suggests a crucial role in bacterial fitness
under restrictive and clinical conditions.

Identification of SNP and recombination hotspots in LRT
opportunistic pathogen species

We further utilized our high-depth sequencing data and MAGs to
investigate the evolution of bacterial lineages. Phylogenetic trees
were constructed by integrating newly constructed MAGs with all
available references, and the genetic variants were identified using the

references within the same cluster (Methods). The SNPs were found to
be homogeneously distributed in the genomes of some species, such
as Corynebacterium striatum, Pseudomonas aeruginosa, and Steno-
trophomonas maltophilia (Supplementary Fig. 6a). However, SNP-
dense regions were observed in strains of Acinetobacter baumannii
and Klebsiella pneumoniae (Fig. 5a, b). We were intrigued by the
underlying causes of these regions.

Phylogenetic analysis based on 1,917 conserved proteins shows that
all our Acinetobacter baumannii strains belonged to a single cluster
dominated by clinical isolates (Supplementary Fig. 6b). Three SNP-dense
regions, especially a conserved region near 3,000,000 bp, were present
(Fig. 5a). We calculated the genome-wide nucleotide diversity (1), which
unveiled elevated genetic diversity in the three regions (Fig. 5c). SNP-
dense regions are a well-known signature for recombination®*°, a major
driving force behind the evolution of bacteria®. We calculated the
recombination rate (r/m) and identified recombination hotspots in
these three SNP-dense regions (Fig. 5c, d and Supplementary Fig. 6d).
Similarly, we also observed three SNP-dense regions for Kilebsiella
pneumoniae strains within the same cluster (Fig. 5b). However, the
recombination hotspots did not strictly correspond to the SNP hotspots
(Supplementary Fig. 6e, f), suggesting that Klebsiella pneumoniae may
acquire SNPs through non-recombining mechanisms, such as mutations.

Exploring the functional impact of the recombination hotspots
The recombination hotspot in bacteria is likely driven by selective pres-
sure, such as host immunity and clinical practices. We observed con-
sistently elevated missense SNPs in the SNP-dense regions, indicating
that the functions of genes may be directly impacted (Fig. 5a, b). We
analyzed the associated functions of the genes in the recombination
hotspots of Acinetobacter baumannii and Klebsiella pneumoniae. Most
genes were associated with critical metabolic pathways, such as carbo-
hydrate metabolism, glycan biosynthesis and metabolism, and amino
acid metabolism (Supplementary Fig. 6g, h). Other pathways were mainly
related to cellular processes and environmental information processing,
indicating the roles of these proteins in environmental adaptations.

Specifically, in one of the shared SNP-dense regions of Acineto-
bacter baumannii (Locus 25-34, Fig. 5e), we identified genes associated
with bacterial conjugation, the toxin-antitoxin (TA) system, and
recombination (Supplementary Data 12). For example, we found the
gene with the highest SNPs (Locus 33) to be virBS, a protein involved in
the type IV secretion systems (T4SSs), and the adjacent gene is asso-
ciated with the ParE toxin of type Il toxin-antitoxin system, both
essential to bacterial survival and bacterial interactions with the
environmental biotic and abiotic stresses in ICU settings***.

Chaguza et al. reported that SNP hotspots in Streptococcus pneu-
moniae could be associated with phage DNA*. Interestingly, we found
a near-complete putative prophage in the shared SNP-dense region of
Klebsiella pneumoniae (Fig. 5f). These genes encode phage attachment
proteins, including tail tape measure, tail, and head-tail adapter
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Fig. 3 | Strain-level analysis showing the functional landscapes of antibiotic
resistance and virulence genes for predominant species in ICU. a Box plot
showing the number of ARGs identified in the five predominant species (n=91).
The number of ARGs in each species was normalized by its genome length. Sig-
nificance was determined using the two-sided Wilcoxon rank sum test. The exact p-
values are annotated on the plot. The plot includes a center line (median), box
limits (upper and lower quartiles), and whiskers (1.5x interquartile range). Indivi-
dual data points are shown using overlaid dot plots. b Heatmap depicting the
distribution of antibiotic resistance genes across strains for the five predominant
species. ¢ Panels showing the variations of ARG content among strains in Acineto-
bacter baumannii, Corynebacterium striatum, and Klebsiella pneumoniae. The
F-ratio and associated p-value calculated with Adonis analysis are shown (p = 0.001,
p-value was calculated by one-way PERMANOVA with 999 permutations). Ellipses
represent 90% confidence regions. d Box plot showing the number of virulence

genes identified in the five predominant species (n = 91). The number of virulence
genes in each species was normalized by its genome length. Significance was
determined using the two-sided Wilcoxon rank sum test. The exact p-values are
annotated on the plot. The plot includes a center line (median), box limits (upper
and lower quartiles), and whiskers (1.5x interquartile range). Individual data points
are shown using overlaid dot plots. e Heatmap depicting the distribution of viru-
lence genes across strains for the five predominant species. f Panels showing the
variations of virulence gene content among strains in Acinetobacter baumannii,
Klebsiella pneumoniae, and Pseudomonas aeruginosa. The F-ratio and associated p-
value calculated with Adonis analysis are shown (p = 0.001, p-value was calculated
by one-way PERMANOVA with 999 permutations). Ellipses represent 90% con-
fidence regions. Source data are provided as a Source Data file. Abbreviation: PCoA,
principal coordinate analysis.

proteins. In total, our results demonstrated frequent regional recom-
binations as a driving force behind genetic variation in A. baumannii
and K. pneumoniae, with associated genes involved in key metabolic,
stress response, and survival pathways, suggesting their role in adap-
tation to clinical environments.

The whole-genome comparisons reveal putative strain trans-
mission events within a single ward and between wards

Based on analysis of clinical cultured isolates, it has been previously
demonstrated that putative patient strain transmission events
were associated with specific room types and environmental
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microbiomes* . Here, using whole-genome SNP comparisons and
longitudinal sampling, we provide robust evidence for 12 putative
strain transmission events among three centers for Acinetobacter
baumannii and Klebsiella pneumoniae, utilizing high-quality MAGs
directly recovered from LRT samples (Methods; Fig. 6a; Supplemen-
tary Data 13 and 14). Additionally, we used in vitro cultured isolates

recovered from the corresponding samples to validate the genome-
wide average nucleotide identity (ANI) for 8 out of 12 putative strain
transmission events (Supplementary Data 14). We observed strikingly
high 99.9995% to 100% average nucleotide identity (ANI) within 0-16
SNPs differences between strains from patients in single- or multi-
occupancy ICU wards. Moreover, of the 12 putative transmission
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Fig. 4 | Mobilome and the ultraconserved plasmids in the LRT microbiome.

a Bar plot showing the prevalence of the top six most abundant mobile genetic
elements (MGEs) identified in the LRT microbiome (n=105). The plot includes
vertical bars representing the mean values. Whiskers extend upward from the top
of each bar, with the upper end of the whisker representing the mean plus one
standard error (SD). b Panels indicating the average number of each type of MGEs
for each species identified in our MAGs (n =105). EHMOS represents a group of less
prevalent opportunistic pathogens, including Elizabethkingia anophelis (E), Hae-
mophilus influenzae (H), Prevotella melaninogenica (M), Prevotella oris (0), and
Neisseria subflava (S). The plot includes a center line (median), box limits (upper
and lower quartiles), and whiskers (1.5x interquartile range). Individual data points
are shown using overlaid dot plots. Significance was determined using the two-
sided Wilcoxon rank sum test. The exact p-values are directly annotated on the plot.
¢ An analysis of the length distribution of the identified MGEs in each species. The x-
axis indicates the length of MGEs, and the y-axis indicates the count. Significance

was determined using the two-sided Kolmogorov-Smirnov test. The exact p-values
are annotated on the plot for significant comparisons. d Sankey diagram showing
the distribution of different types of MGEs (middle) identified in the five pre-
dominant species (left) linking to the antibiotic resistance genes (ARGs; right).

e The schematic map for the representative plasmid identified in our samples. The
gene names are labeled based on the annotation using eggNOG. f Pairwise average
nucleotide identity (ANI) analysis of a highly conserved plasmid in Acinetobacter
baumannii. Additional metadata, including the NCBI RefSeq ID, sampling site, and
collection time of each plasmid sequence, are annotated on the plot. g The align-
ment map showing the whole-genome comparisons for two Acinetobacter bau-
mannii plasmids discovered in 1982 and 2021 (the latter identified in our samples),
respectively. The e-value for the two major regions was calculated using Blast.
Source data are provided as a Source Data file. Abbreviation: IS, insertion sequen-
ces; MITE, miniature inverted repeats; ICE, integrative conjugative elements; ANI,
average nucleotide identity.

events involving 15 patients, longitudinal sampling data were available
for 10 patients. To further substantiate the putative transmission
events, we investigated the temporal changes in the relative abun-
dance of transmitted species. For at least 5 patients, the species of
interest was undetected upon ICU admission but identified on sub-
sequent sampling days (Supplementary Fig. S7). The remaining
patients acquired the transmitted species before the first sampling
point, indicating they were possibly infected earlier. This temporal
pattern provides additional evidence supporting the putative trans-
mission events. Notably, the frequent putative transmission events
observed between patients in two separate single-occupancy rooms
indicate that these opportunistic pathogens could be widespread in
ICU environments, possibly disseminating through the staff or venti-
lation systems (Supplementary Data 13). For instance, P25 and P77
were hospitalized in two single-occupancy ICU rooms with a ten-day
overlapping hospitalization period; however, their Acinetobacter bau-
mannii strains shared a 100% ANI with O SNPs (Supplementary
Data 13). Interestingly, in five putative transmission events, there were
gaps up to dozens of days between hospitalization periods (Supple-
mentary Data 13), suggesting indirect transmission events through a
potential microbial reservoir, such as bed rails, door handles, and sink
traps**S, Importantly, in direct and indirect transmission events, ANI
and SNPs showed little difference (Fig. 6b, c).

These results demonstrated the feasibility of directly tracing
between-patient transmission events with our approach, indicating
that patients in the ICU are subjected to acquiring pathogens from
other patients and potential environmental microbial reservoirs. A
systematic investigation of microbial transmission events and envir-
onmental microbiomes is critical for evaluating the biomedical safety
of clinical setups.

Discussion

Due to the challenges associated with LRT sampling and processing,
the LRT microbiome has yet to be markedly underexplored compared
with the gut, skin, and oral microbiomes*’. Most recent LRT studies
used targeted amplicon sequencing approaches, such as 16S rRNA,
which have inherent limitations in genomic, functional, and evolu-
tionary analyses™. Therefore, there is a desperate need for an efficient
microbial-enrichment processing method.

With the introduction of Chelex100, we developed a highly effi-
cient experimental method to enrich low microbial biomass from host-
rich samples. Using this method, we systematically profiled the long-
itudinal LRT microbial community, resistome, and strain-based func-
tional, genomic, and evolutionary dynamics in critically ill patients.
The abundance of several opportunistic pathogen species among
pneumonia patients significantly varied across ICUs (Fig. 2a, b). Fur-
thermore, the total abundance of each ARG in these pneumonia
patients also showed notable variation (Fig. 2f and Supplementary
Fig. 3b). The distinct site-specific signatures of microbiomes and

resistomes in pneumonia patients across ICUs may be associated with
their disparate environmental prevalence in the respective ICU envir-
onments, supporting the critical need for comprehensive profiling of
environmental microbiomes in ICU settings. We also observed that
specific multidrug resistance genes accumulated in patients with ICU
stays exceeding 28 days (Fig. 2i,j), indicating that the increased abun-
dance of multidrug genes may contribute to antibiotics treatment
failure and prolonged ICU stay.

We acquired 433 MAGs (including bacteria, viruses, and fungi)
directly from the metagenomic sequencing data at the individual level,
108 of which were unknown. Compared to conventional culture-based
methods, CMEM enables the simultaneous characterizations of dif-
ferent species without laborious culturing. Additionally, the successful
recovery of MAGs for several rare opportunistic pathogenic species
(such as Aggregatibacter segnis and Anaeroglobus geminatus; Supple-
mentary Data 8) demonstrates CMEM'’s potential in recovering gen-
omes of undescribed or difficult-to-culture microbes directly from
critically ill patients.

Importantly, high-quality MAGs, in lieu of isolates’ genomes, can
be directly exploited to investigate the strain-level resistome, vir-
ulome, mobilomes, inter-patient transmissions, and evolutionary
dynamics. For example, based on the MAGs, we parsed strain-level
resistome and virulome variations associated with individual patients,
which may be critical for tailored treatments. Interestingly, we also
recovered plasmids that showed remarkable SNP-level conservation
over decades across countries. The frequent chromosomal rearran-
gements instead of mutations in these plasmids may have profound
implications for plasmid evolution, calling for more systematic inves-
tigations into the evolution of pathogen-related plasmids in clinical
settings.

Previous studies utilizing culture-based isolates have demon-
strated that frequent recombination is the major evolutionary driver
for opportunistic pathogen species, allowing them to evolve rapidly in
response to selective pressures such as antibiotic treatment® 44152,
In this study, we used MAGs directly recovered from LTR samples to
identify frequent recombinations at previously unknown genomic
regions as one of the major evolutionary driving forces for A. bau-
mannii and K. pneumoniae strains, which are widespread in the ICU
environment. Finally, we detected frequent putative patient-to-patient
strain transmission events by genome-wide comparisons (Fig. 6a).
Some showed a gap period of at least a few days, suggesting a hospital-
specific reservoir may exist. There is a pressing need to understand
better how microbial reservoirs can affect patients’ LRT microbiomes
in clinical settings, again calling for investigating how the environ-
mental microbial species transmit to and eventually inflict harm on
patients®.

Our study has several limitations. Firstly, our approach is limited
by its potentially reduced ability to characterize viruses from
LRT samples with the host-removal step. The host-removal step

Nature Communications | (2024)15:8361


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-024-52713-8

a . N b ) )
Acinetobacter baumannii Klebsiella pneumoniae
604 — Nonsynonymous - 604 -
401 — Synonymous % 40 %
20+ 2 20+ 3
0- 0- N
g g 2
4 ) ] o
g 604 3 §400 3
c (] c (]
o 304 ‘ S g 2007 ‘ =
[ E [ E !
pood D 200 .
300 3 S
200+ g 1 9
1001 ‘ S 100 ‘ :
0+ — r — — 0+ — r
0 1,000,000 2,000,000 3,000,000 4,000,000 0 2,000,000 4,000,000
Genomic position Genomic position
Cc
0.020
0.015 1
o 0.010 o
0.005 A }\L M
T T " T T L T
d 0 1,000,000 2,000,000 3,000,000 4,000,000
c
S Cluster 1 r/m=525
29 Clster2 tim=15.09
870
€9
8§ Cluster3 rm=2852
m T T T T
o 0 1,000,000 2,000,000 3,000,000 4,000,000
Position on Chromosome
e r——-=n
P gg K] o | .
LT TXY ® eobe
P174 . . Percentage
P156 . . * 10
P141 . . ® 20
P17l . 040
P ?8 i ' Percentage
£143 B4
P1441s . 30
P1124 . %8
P136+ .
P774 .
pesl. Sampling st
*  Sampling site
ngg .. M Hospital B
P26 « M Hospital C
P157 . . . . .
f . Locus tag

\:hypothetical protein} \:phage tail protein}

\:tail assembly protein}

\:C4O family peptidase}

\phage minor tail protein L\

\:phage tail protein}

\:hypothetical protein \

\'hypothetical protein}
[head-tail adaptor protein|

[head-tail connector protein|

\'hypothetical protein} \'phage major capsid protein} \'phage portal protein}
L — L L J

[HK97 gp10 family phage protein| (549 family peptidase|

0.2
T

0.0
3317571 3319571 3321571

3323571

3325571 3327571 3329571

P116
P47
P20
P1
P155
P136
P6

also led to noticeable changes in the relative abundance of microbial
taxa. While the most abundant species in the samples maintained
their dominance, measurements of very low-abundance taxa (average
relative abundance<0.5%) may be inaccurate. The performance
of CMEM in handling other types of respiratory specimens, such
as sputum or BALF, may differ and warrants further evaluation.

|

Secondly, the complexity of our cohorts, such as the heterogeneity of
the health conditions of these critically ill patients, the diverse treat-
ment they received, and differences in commodities may have con-
tributed to additional variances in their respiratory microbiomes.
Thirdly, our study only included ETA samples. The utilization of
alternative respiratory specimen types, such as bronchoalveolar
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Fig. 5 | Evolutionary and functional analyses of the frequent recombining
regions in Acinetobacter baumannii and Klebsiella pneumoniae strains. a, b Bar
plots showing the distribution of synonymous (blue) and nonsynonymous (red)
single-nucleotide polymorphisms (SNPs) in coding regions of Acinetobacter bau-
mannii (a) and Klebsiella pneumoniae (b). Shared SNP hotspot regions are shaded in
light blue. ¢, d Nucleotide diversity and detected recombination blocks across the
genome of Acinetobacter baumannii are shown in (c) and (d), respectively. e A
combination of the phylogenetic tree and balloon plot showing the distribution of
missense SNPs in the shared dense SNP region (near 3,000,000 bp) for Acineto-
bacter baumannii strains in the study. Each specific node in the phylogenetic tree is

labeled with the patient ID, indicating the host of the corresponding Acinetobacter
baumannii strain. The color of the patient ID indicates the hospital. Each locus tag
represents an identified gene. The size and color of each circle indicate the per-
centage of the missense SNPs. The red dashed box highlights the region with dense
missense SNPs, as described in the main text. f Schematic representation of the
putative prophage identified in the SNP hotspot of Klebsiella pneumoniae, showing
gene features, nucleotide diversity, and SNP distribution. The boxes indicate the
presence (filled) or absence (open) of identified SNPs within the corresponding
genes for each patient’s MAG. Source data are provided as a Source Data file.
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Fig. 6 | Strain-level analysis showing the frequent putative strain transmission
events in ICU. a The chart represents putative strain transmission events in the
ICUs of three hospitals. Each row represents an individual patient, and the length of
the segment represents the length of stay (from admission to discharge). The
segment color indicates the hospital. A line connecting two patients represents a
transmission event. A solid line denotes a potential direct transmission event with
an overlapping hospitalization period between two patients (direct transmission);
A dashed line denotes transmission events that cannot be explained by overlapping

hospitalization periods (indirect transmission), which may result from a potential
microbial reservoir in the hospital. b, ¢ Violin plots showing the ANI (b) and SNP
number (c) comparisons for the strains in patients with direct (n=7) or indirect
transmissions (n =S5). The plot includes a center line (median), box limits (upper
and lower quartiles), and whiskers (1.5x interquartile range). Significance was
determined using the two-sided Wilcoxon rank sum test. The exact p-values are
directly annotated on the plot. Source data are provided as a Source Data file.

lavage fluid (BALF) or bronchial brushings, may yield varying findings.
Finally, our primary findings were predominantly derived from the
metagenomic sequencing data and MAGs, with several findings vali-
dated with the cultured isolate approach. However, some results, such
as the observed associations between various temporal dynamics
patterns of LRT microbiomes and pulmonary functions, require
more detailed mechanistic experiments to verify the potential causal
relationships.

To conclude, we developed a highly efficient microbial-
enrichment experimental pipeline to deep sequence and directly
reconstruct high-quality MAGs from LRT samples without culturing,
enabling further sophisticated analyses. We provided longitudinal
profiling of the microbiome and resistome, as well as a rare genome-
resolved functional, evolutionary, and transmission perspective of the
LRT microbiota in ICU pneumonia patients. We believe the CMEM
method will be a powerful tool for in-depth LRT microbial surveillant,
functional, evolutionary, and clinical research.

Methods

Study cohort

This multicenter, retrospective study was conducted at the ICUs of the
First Affiliated Hospital of Zhejiang University of School of Medicine

(general ICU; Hangzhou), Peking University Third Hospital (surgical
ICU; Beijing), and the Second Xiangya Hospital of Central South
University (respiratory ICU; Changsha) in China. Samples were
collected longitudinally from 157 intubated patients in the ICU
between February 2021 and July 2022. The study was approved by the
Clinical Research Ethics Committee of the First Affiliated Hospital
(reference: 1T20221227A), Peking University Third Hospital Medical
Science Research Ethics Committee (reference: IRBO0006761-
M2022419), and the Medical Ethics Committee of the Second Xiangya
Hospital (reference: LYG2020093). The written informed consent was
obtained from all the participants for the collection of respiratory
samples and the use of their relevant clinical data. Patients admitted to
the ICU were screened based on the following criteria: (1) adult
(>18 years of age) with an index admission to ICU; (2) requirement for
mechanical ventilation, with an anticipated need for continuous
mechanical ventilation (>72 h) as judged by the treating ICU specialist;
and (3) absence of any pre-existing and transmissible diseases.

From the 157 enrolled patients, 453 endotracheal aspirates (ETA)
were initially collected for downstream analysis. Of these, 11 samples
were excluded due to insufficient DNA yielding, making the final
sample size 442. Sixty-three patients were sampled more than three
times, 32 were sampled twice, and 62 were sampled once. Patient
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demographic and clinical data were recorded at the time of admission
to the ICU and are detailed in Supplementary Data 1.

The status of LRTI was adjudicated by the clinicians referenced on
the previously reported criteria®**, classifying the patients into (1)
Diagnosed pneumonia, defined as clinically documented pneumonia
in the medical record system, with clinical positive microbiological
culture results or computed tomography (CT) images (2) Non-pneu-
monia, defined as no clinically documented pneumonia in the medical
records and the lack of microbiological or CT evidence of respiratory
infection. (3) Undefined LRTI status, assigned to patients without
clinically relevant records to determine LRTI status. To mitigate the
potential influence of antibiotic usage, all patients included in the
comparisons between the pneumonia and non-pneumonia groups
were treated with antibiotics during the ICU stay. The oxygenation
index (OI) was calculated by dividing the partial pressure of arterial
oxygen (Pa02) by the fraction of inspired oxygen (FiO2).

Optimized LRT microbial-enrichment DNA extraction method
We first attempted reported host DNA removal methods for 26 of our
samples”. However, the low microbial biomass resulted in undetectable
DNA concentrations (measured by Qubit) for approximately half of the
samples, making it impractical for metagenomic sequencing. Hence, we
developed an experimental method with the following procedures:

Host DNA depletion. Respiratory samples (400 uL), including ETAs
and BALF, were first treated with a 1:1 mixture of sputasol and incu-
bated for a minimum of 15 min at 37 °C. Sputasol-treated samples were
then subjected to the procedure for host DNA depletion, modified
from a previously reported saponin-based differential lysis method®.
Briefly, the mixture of respiratory samples and sputasol was cen-
trifuged at 15,000 g for 5 min, and the supernatant was removed while
not disturbing the pellet. The pellet was resuspended in 250 uL of PBS
supplemented with saponin (Tokyo Chemical Industry, Tokyo, Japan)
to a final concentration of 2% and incubated at room temperature for
10 min. After the incubation, 350 pL of nuclease-free water was added
and incubated for 30s, after which 12uL of 5M NaCl was added.
Samples were next centrifuged at 10,000 g for 5 min, with the super-
natant removed and the pellet resuspended in 100 L of PBS. Subse-
quently, 100 uL of HL-SAN buffer (5.5M NaCl and 100 mM MgCl, in
nuclease-free water) and 12yl of HL-SAN DNase (ArcticZymes,
Tromsg, Norway) were added and incubated for 15 min at 37 °C with
shaking at 800 rpm. After the incubation, samples were washed twice
with PBS (800 pL and 1 mL) and centrifuged at 8,000 g for 5 min after
each wash. Finally, the supernatant was discarded, and the pellet was
resuspended in 100 uL of PBS.

DNA extraction. Following the host DNA depletion, the resuspended
pellet underwent an additional 30 min sonication at 65 °C (Scientz
Biotechnology, Ningbo, China) to promote microbial cell lysis®. A 5%
Chelex 100 solution (Bio-Rad, Hercules, USA) was subsequently added
in a volume of 120 pL. The mixture was thoroughly mixed and then
incubated at 65 °C for 20 min in a heating block. The mixture was
vortexed for 30 s and heated at 95 °C for 10 minutes. After the heating
process, the tube was vortexed again for 30s and centrifuged at
15,000 g for 2 min. The supernatant was pipetted into a new tube.

Precipitation of proteins and DNA. After the DNA extraction with
Chelex 100, ammonium acetate was introduced to precipitate pro-
teins, after which sodium acetate was added to concentrate the final
DNA. The supernatant was then treated with a 7.5 M stock solution of
ammonium acetate to achieve a final working concentration of 2.5M
and then promptly incubated for 5 minutes on ice. The sample was
vortexed for 5s and centrifuged at 15,000 g for 10 min at room tem-
perature, after which the supernatant was carefully transferred to a
new tube. Subsequently, 10% of the 3 M sodium acetate (pH 5.5) and

two volumes of 100% ethanol were added to the supernatant and
incubated at —20 °C for 3 h. The solution was centrifuged at 15,000 g
for 30 min at 4 °C, and the supernatant was pipetted out. The pellet
was then washed with 200 L of 70% ethanol and stored at —20 °C. The
solution was vortexed for 15 s and centrifuged at 15,000 g for 15 min at
4 °C, after which the supernatant was carefully removed. Finally, the
pellet was allowed to air dry for 5min and resuspended in 100 uL of
nuclease-free water, and the clear supernatant containing genomic
DNA was collected. The quantity of DNA was measured using the Qubit
dsDNA HS Assay Kit (Vazyme #EQ121, Nanjing, China) on the Qubit 3.0
Fluorometer (Thermo Fisher Scientific, Waltham, USA).

Metagenomic sequencing library preparation and sequencing
data pre-processing

According to the manufacturer’s protocol, metagenomic libraries with
an insert size of 350 bp were prepared using a VAHTS Universal Plus
DNA Library Prep Kit (Vazyme #ND617, Nanjing, China). The quantity
and quality of libraries were assessed using the Qubit dsSDNA HS Assay
Kit (Vazyme #EQI21, Nanjing, China) and Qsepl00 (BiOptic, New Tai-
pei City, China). The final libraries were sequenced for 2x150 bp
paired-end sequencing on the Illlumina NovaSeq 6000 platform. The
raw sequencing reads were processed with Fastp® to remove adapter
sequences and trim low-quality bases. Human reads were removed
using a high-performance two-stage bioinformatics approach”, in
which reads were first aligned to human genome GRCh38 using
Bowtie2*® and underwent a secondary alignment using HISAT2’.

Negative controls

For each hospital, ten negative environmental sampling control sam-
ples were collected. Sterile saline solution (Hospital A: Kelun Pharma-
ceutical Co., Ltd, H43020456, China; Hospital B: Otsuka Pharmaceutical
Co., Ltd, H12020024, China; Hospital C: Kelun Pharmaceutical Co., Ltd,
H43020456, China) was collected by aspiration through the sputum
aspirator as a negative sampling control. Ten reagent controls (DNA
extraction blanks) were collected at the laboratory that handles study
samples. All thirty negative sampling controls and ten reagent controls
were included for library preparation and sequencing. Bacterial species
identified in more than two negative controls with relative abundance
>0.001 were considered potential contaminants and excluded from
downstream analyses (Supplementary Data 5, 6, 15, and 16). The
sequencing data from our samples were remapped against the MAGs
recovered from the negative controls using Bowtie2. The average
proportion of mapped reads across our samples is 0.31% (median
0.12%, interquartile range 0.06%-0.48%).

Bacterial culture and isolation

ETA samples were diluted and homogenized in phosphate-
buffered saline (PBS), followed by inoculation onto Columbia
Blood Agar (Hopebio, Qingdao, China) and Blood Agar Plates
(Hopebio, Qingdao, China). For samples with a high abundance of
Pseudomonas aeruginosa, the CN Agar Plates (Hopebio, Qingdao,
China) were used for selective isolation to isolate Pseudomonas
aeruginosa. Plates were incubated at 37 °C for 48 h under ambient
air conditions. Single colonies were picked and streaked onto
fresh plates under the same culture conditions to obtain pure
isolates. Isolate DNA was extracted and purified using Chelex-100
(Bio-Rad, Hercules, USA), following the same procedure as for
ETA samples. Library construction and sequencing of isolates
were performed identically to the ETA sample processing.

Microbial community profiling and metrics

Taxonomic profiling and relative abundance of species were deter-
mined based on the exact alignment of unique clade-specific markers
with MetaPhlAn3 v.3.0.13°° on human-removed sequences. Functional
profiling was performed using HUMANN3 v.3.7°°, with the abundance
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of functional pathways classified against UniRef90®' and ChocoPhlAn
databases. We normalized raw count values for sequencing depth and
merged multiple tables using the ‘humannrenormtable’ and
‘humannjointables’ utility scripts. Diversity metrics and Bray-Curtis
(BC) distances were calculated based on MetaPhlAn3 profiling outputs
using the phyloseq v.1.40.0°* and vegan v.2.6.4 (https://github.com/
vegandevs/vegan) package.

Analysis of antibiotic resistance genes

For the read-based identification of ARGs, all processed reads were
classified and annotated against the SARG database using ARG-OAP
v.2.5% with default parameters. ARGs were categorized into ARG types
(the class of antibiotics targeted by the gene) and subtypes (functional
gene annotation). ARG abundance was normalized by the number of
16S reads, and richness was calculated as the total number of ARGs.
The dissimilarity matrix based on the Bray-Curtis distance was created
from the normalized ARG abundance using the vegan package. For the
contig-based profiling of ARGs in metagenomic assemblies, contigs
were annotated against CARD v.3.2.5° using Resistance Gene Identifier
(RGI) v.6.0.1 available as a command-line tool downloaded from the
CARD website with default parameters.

Linear mixed effect (LME) modeling

We explored the relationship between microbial features and demo-
graphic and clinical variables using LME models. The LME models
treated the subjects (participants) and time points (sampling date) as
the random effect. The multivariate LME model was established
between the normalized microbiome features and demographic and
clinical variables using the ‘Imer()’ function of the R package Imer4
v1.1.32, with age, sex, BMI, and sampling site adjusted as covariates:
dependent variable ~(intercept) +independent variable + age +sex +
BMI +sampling site + (1| time point) + (1| subject). The continuous
variables were scaled before LME modeling to calculate the standar-
dized beta coefficients. The Benjamini-Hochberg procedure was
applied to control FDR.

De novo genome assembly, quality assessment, binning, and
annotation

The pre-processed reads were assembled into draft genomes using
MEGAHIT v.1.2.9% at the individual level, and the quality of genome
assemblies was assessed with CheckM v.1.1.5°. All assemblies were
initially binned using MaxBin v.2.2.7%’, with a secondary binning pro-
cess using MetaWRAP v.1.3.0°® employed if the contamination rate of
the desired bins exceeded 5%. The species-level taxonomic classifica-
tion of assemblies was performed using GTDB-Tk v.2.0.0° against
GTDB’. Genomic bins that met the criteria (completeness >90% and
contamination < 5%) were classified as high quality and were subjected
to further strain-level analysis. Genes were identified using Prodigal™
with ‘meta’ mode and annotated using KofamKOALA’> to search
against the Kyoto Encyclopedia of Genes and Genomes (KEGG)”.
Virulence genes were screened against VFDB”* using ABRicate v.1.0.1
(https://github.com/tseemann/abricate).

Detection of putative strain-transmission events

To investigate the possible strain-transmission events, we integrated
both genetic and epidemiological information and referenced the
previously reported methodologies*®’>’¢. Raw reads corresponding to
genomes for potential outbreak species were jointly analyzed with
their respective high-quality draft genomes using inStrain v.1.5.77° to
detect the SNPs and ANI through whole-genome pairwise alignment.
Specifically, a potential transmission event was confirmed when
meeting the criteria: (1) a highly stringent cutoff of 99.9995% ANI
between two compared genomes; (2) the fraction of compared bases
higher than 90%; and (3) an overlapping hospitalization period
recorded in clinical data for patient-to-patient transmission.

Phylogenetic analysis and SNPs calling

First, to estimate the genetic distance and overall population structure
for these predominant opportunistic pathogens detected in our sam-
ples, we downloaded all available reference genomes for these species
from NCBI. Second, a set of core marker genes belonging to each
species, downloaded from Uniref90, were used to construct a high-
resolution phylogenetic tree for each species. The alignment and
concatenation of core marker genes were performed using Phy-
loPhlAn3 v.3.0.6”, and the final phylogenetic tree was inferred using
the maximum-likelihood method with RAXML v.8.2.127%, incorporating
our draft genome, publicly available reference genomes, and out-
groups. All trees were visualized using the ggtree package’. Pair-end
reads for each species derived from the individual patient were aligned
to a closely related reference genome, selected based on the phylo-
geny result demonstrating it was within the same cluster of our draft
genomes and its geographical proximity to our sampling site. Variant
calling was performed using Snippy v.4.6.0 (https://github.com/
tseemann/snippy) with default parameters, requiring a minimum of
10-fold read depth for calling alleles. Samples with a breadth of cov-
erage for the reference below 90% were additionally excluded.

Recombination hotspot detection and population genetics
metrics

The homologous recombination regions were detected using Gubbins
v.3.2.1%° based on the whole genome sequence alignments generated
by Snippy. We calculated evolutionary parameters, including the
relative substitution rate due to recombination versus mutation (r/m)
and the number of recombination blocks relative to the number of
SNPs outside the recombination blocks (p/6) based on the Gubbins
output files. Population genetic metrics, such as nucleotide diversity
(), were calculated using VCFtools v.0.1.16% based on the VCF files
generated with samtools v.1.11%? and bcftools v.1.15.1%. Genes annota-
tion was performed using eggNOG-mapper v.2.0%* to search against
the eggNOG 5.0 database®. Recombination blocks and reference
genomes were visualized using phandango®, and gene features were
generated using DNA Features Viewer package®’.

Mobile genetic element identification

All the assembled contigs from our samples were analyzed to explore
the full spectrum of MGEs using MobileElementFinder v.1.0.3%, which
categorized MGEs into Miniature Inverted Repeats (MITEs), Insertion
Sequences (ISs), Composite Transposons (ComTns), Unit Transposons
(Tns), Integrative Conjugative Elements (ICEs), Integrative Mobilizable
Elements (IMEs) and Cis-Mobilizable Elements (CIMEs). Species-level
characterization of MGEs was performed using high-quality genomic
bins. Only high-quality MGEs were retained if the identity >90% and
coverage > 95%. An antibiotic resistance gene was considered asso-
ciated with MGEs if located within an MGE or with an interval <5 kb*’.

Plasmid identification

Complete plasmid sequences were retrieved from the PLSDB
v.20210623 v2°°, and Mash v.2.3°! sketches were generated following
the instructions on the PLSDB website. Plasmid sequences were
screened from our assembled contigs using Mash dist, with the Mash
distance < 0.001. Plasmids were annotated using Prokka v.1.14.6°%, and
ANI comparisons were performed using FastANI v.1.33°% with a smaller
fragment length (500 bp). Pairwise genome alignments of similar plas-
mids were conducted using Mauve v.2.4.0°*, and comparative graphics
were visualized using Kablammo® and genoPlotR package’. The
angularplasmids package (https://github.com/vixis/angularplasmid)
was used to visualize representative plasmid sequences.

Statistics & Reproducibility
Microbiome and resistome alpha diversity metrics were analyzed
using the phyloseq v.1.40.0 and vegan v.2.6.4 package. Microbiota
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B-diversity was calculated on the Bray-Curtis dissimilarity by PERMA-
NOVA using the ‘adonis’ function in the vegan v.2.6.4 package. Statis-
tical analyses of NMDS of total ARG abundance among three hospitals
were performed using multivariable PERMANOVA in the vegan v.2.6.4
package. A two-tailed Wilcoxon (paired) or Mann-Whitney U-test
(unpaired) test was used for two-group comparisons. The ‘splsda’
function of the mixomics v.6.20 package was used to identify ARGs
positively or negatively associated with resistome profile variations
among three hospitals. Correlations were assessed using the ‘cor.test’
function of the stats v.4.2.3 package. Kolmogorov-Smirnov test was
used for the MGE length distribution comparisons. All statistical tests
and associated diagrams generation were conducted in R v.4.2.0. No
data were excluded from analyses and no statistical method was used
to predetermine sample size.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All human-removed metagenomic sequencing data and cultured iso-
late sequencing data generated in this study have been deposited in
the European Nucleotide Archive (https://www.ebi.ac.uk/ena/browser/
home) under the project accession number PRJEB64676. The pro-
cessed data and analytical code are available at the Github repository:
https://github.com/processbys/LRT_microbiomes_critical_illness
[https://zenodo.org/doi/10.5281/zenodo.13627161]”. The source data
generated in this study for the figures are provided in the Source Data
file. Source data are provided with this paper.

Code availability

The analytical code is available at https://github.com/processbys/LRT_
microbiomes_critical_illness [https://zenodo.org/doi/10.5281/zenodo.
13627161]".
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