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A B S T R A C T   

The study of the respiratory microbiome has entered a multi-omic era. Through integrating different omic data 
types such as metagenome, metatranscriptome, metaproteome, metabolome, culturome and radiome surveyed 
from respiratory specimens, holistic insights can be gained on the lung microbiome and its interaction with host 
immunity and inflammation in respiratory diseases. The power of multi-omics have moved the field forward 
from associative assessment of microbiome alterations to causative understanding of the lung microbiome in the 
pathogenesis of chronic, acute and other types of respiratory diseases. However, the application of multi-omics in 
respiratory microbiome remains with unique challenges from sample processing, data integration, and down
stream validation. In this review, we first introduce the respiratory sample types and omic data types applicable 
to studying the respiratory microbiome. We next describe approaches for multi-omic integration, focusing on 
dimensionality reduction, multi-omic association and prediction. We then summarize progresses in the appli
cation of multi-omics to studying the microbiome in respiratory diseases. We finally discuss current challenges 
and share our thoughts on future promises in the field.   

1. Introduction 

The human lungs harbor a consortium of microorganisms including 
bacteria, fungi, and viruses that collectively are known as the respiratory 
or lung microbiome [1,2]. The lung microbiome alters in respiratory 
diseases and could be involved in disease pathogenesis, and has received 
increasing attentions over the past decade [3,4]. Sequencing of bacterial 
16S rRNA gene and fungal internal transcribed spacer (ITS) allows the 
taxonomic classification and is routinely used to assess the composition 
of the bacterial and fungal components of the lung microbiome. Shotgun 
metagenomic sequencing provides a more in depth characterization of 
microbial composition to the species and possibly strain levels [5], with 
unique insights into microbial functional capabilities. The advancement 
of next-generation sequencing and mass spectrometry technology has 
enables the characterization of additional multi-omic features along the 
axis of microbial-host interaction, including metatranscriptome, meta
proteome, and metabolome, together enabling a holistic view of 
microbiome metabolic activities and its interaction with host activities 
[6]. Novel, mathematical-based approaches have been applied to 
studying the microbiome, with a clinical and translational focus [7]. The 
emergence of additional, clinical relevant omic data types such as 

radiome has allowed further insights into the clinical manifestation and 
pathophysiology of respiratory diseases [8]. The study of the respiratory 
microbiome has reached a multi-omic era. However, the advent of the 
multi-omics, with the generation of massive and complex datasets, is 
met with unique challenges in particular in the capability of multi-omic 
data integration to understand microbial-host interaction and disease 
biology. Here, we review the current progress of multi-omics in studying 
the microbiome in respiratory diseases (Fig. 1). We begin by introducing 
the respiratory sample types and the omic data types relevant for res
piratory microbiome studies. We then summarized the current 
state-of-the-art methods for integrating multi-omic data, their advances 
and limitations, followed by a description on the applications of the 
multi-omics to chronic, acute and other types of respiratory diseases. We 
finally share our views on current challenges and future promises for the 
use of multi-omics toward a more in-depth and comprehensive view of 
the microbiome in respiratory diseases. 

2. The respiratory sample types for multi-omics 

In comparison to the gut microbiome where fecal samples have been 
routinely investigated, there is no ‘gold standard’ specimen for sampling 
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the lung microbiome. Naso- and oropharyngeal swabs are convenient 
ways in sampling the upper respiratory tract, while sampling the lower 
respiratory tract can be more difficult. Sputum has been commonly used 
as a proxy to study the lung microbiome. As a non-invasive approach, 
sputum has its unique advantage in its ability for large-scale and serial 
sampling of the lung microbiome, in particular for healthy individuals. 
For individuals unable to produce sputum spontaneously, sputum in
duction can be performed using nebulized saline, which is a clinically 
safe and routine procedure [9]. However, sputum represents an inherent 
admixture of upper, lower airways and oral materials, and its distinction 
from the lower airways or the lung should always be considered [10]. 
Additional more invasive sampling approaches, such as bronchoalveolar 
lavage (BAL), bronchial brushing, and tracheal aspirate, can be per
formed for patients with such clinical needs. Essentially, these sample 
types should more accurately represent the lower airway environment 
with less contaminations from upper airways and oral cavity. Lung tis
sue is generally impractical to obtain unless surgically justified (lung 
resection or transplantation), but can provide the possibly most direct 
insight into the local environment with unique merit in capturing 
topographic distribution of the microbiome [11]. 

3. The multi-omics for the lung microbiome 

3.1. Amplicon-based microbiome 

Amplicon-based sequencing has been widely applied in character
izing the bacterial and fungal members of the lung microbiome, by 
targeting 16S rRNA gene or ITS region, respectively. The 16S rRNA gene 
comprises nine hypervariable regions (V1-V9) and one or a few of them 

were often sequenced by next-generation sequencing, enabling the 
characterization of bacterial taxa in general to the genus level. The full- 
length 16S rRNA gene sequencing using long-read sequencing in PacBio 
or Nanopore platform has revealed additional variations at the species 
or strain level in the lung microbiome that is otherwise unseen by reg
ular short-read sequencing [12,13]. The sequence of V4 or V3V4 region 
has been the most common choice for lung microbiome studies, 
although a recent analysis by us suggests that the V4 region could be 
sub-optimal in capturing the diversity of the airway bacterial commu
nity [13]. For fungal community, often a portion of ITS1 or ITS2 
sequence was characterized. By amplification of the ITS1–5.8S-ITS2 
region followed by fragmentation and sequencing using a 
metagenomic-like approach, Mac Aogain et al. obtained the full-length 
ITS sequences from sputum samples, which led to the identification of 
Aspergillus species in association with clinical characteristics in bron
chiectasis [14]. In light of the unique characteristics of the microbiome 
data (i.e. compositionality, hierarchical taxonomic classification) 
compared with the other omic data types, specialized algorithms and 
approaches have been developed to analyzing the microbiome data (i.e. 
Bray-Curtis dissimilarity matrix for ordination, LEfSe for differential 
analysis, SparCC for network analysis, etc). 

3.2. Metagenome 

Metagenomic sequencing, by shotgun sequencing of the DNA frag
ments in the microbial community, has its advantage in in-depth taxo
nomic characterization as well as identification of microbial functional 
genes, thereby enabling the answering of not only ‘who are there’ but 
also ‘what they can do’ [15]. However, the application of metagenomics 

Fig. 1. A summary for the use of multi-omics in studying respiratory microbiome, including 1) respiratory sample types, 2) multi-omic data types, 3) multi-omic data 
analyses, and 4) multi-omic applications to respiratory diseases. 
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in the lung microbiome remains sporadic, which is largely limited by the 
low microbial biomass and high host-to-microbe ratio in most airway 
samples. As host sequences often comprise the bulk of the metagenomic 
reads for airway samples (~90%), an ultra-deep sequencing is necessary 
to achieve sufficient microbial coverage. Host cell depletion prior to 
sequencing has been applied in airway samples but with varied perfor
mance and risk of simultaneous modification of the microbial commu
nities [16–18]. 

3.3. Metatranscriptome 

Metatranscriptome has been employed to sequencing the total RNA 
in the microbial community, thereby moving one step further from 
‘what they can do’ to ‘what they are doing’ [19]. Metatranscriptome 
provides a more refined landscape on the microbiome by profiling 
transcriptionally active microbial taxa and functions. However, as RNA 
can degrade more rapidly than DNA, airway sample collection and 
preservation approaches could be crucial for adequate metatran
scriptomic readouts. Metatranscriptomics suffers from the same limita
tion as metagenomics in terms of the predominance of host reads. 
However, it could have the unique benefit in simultaneously charac
terizing gene expression for both microbiome and host, which can 
provide valuable information for biologically active microbial-host 
interaction [20]. Sulaiman et al. characterized the functional features 
of the airway microbiome through metatranscriptome and showed that 
it efficiently captured transient active microbial metabolism [21]. The 
same team further analyzed the airway microbiome in COVID-19 pa
tients through combined metagenomics and metatranscriptomics and 
found specific microbiome and host transcriptome profiles as associated 
with poor clinical outcome [22]. In a recent study, they further inves
tigated airway microbiome in chronic obstructive pulmonary disease 
(COPD) through 16S rRNA gene sequencing, whole genome, RNA met
atranscriptome and host RNA transcriptome, and showed that lower 
airway dysbiosis contributes to inflammatory injury early in COPD [23]. 

3.4. Metaproteome 

Downstream to transcription, protein biosynthesis is essential for the 
functionality of microbiome and host, which could be characterized by 
metaproteomic approaches via a range of techniques such as two- 
dimensional gene electrophoresis, liquid chromatography mass spec
trometry, and antibody/protein microarrays [24,25]. In principle, 
metaproteome can be employed to simultaneously determine the pro
tein composition of microbiome and host. However, in practice, this can 
be challenging due to the high microbial species diversity and high 
sequence homology at the protein level in particular between closely 
related species [26]. The lack of appropriate databases for proteome 
analysis aggravates the challenge. Due to these technical limitations, 
metaproteome has been applied only on a limited basis to the lung 
microbiome studies [27]. However, microarray-based assays (i.e. 
SOMAscan) have been employed to characterize a set of host proteins to 
understand microbiome-host interactions in respiratory microbiome 
studies [28–30]. Employing microbiome and host proteome, Dicker 
et al. identified associations between Proteobacteria dominance and 
neutrophil activation in COPD sputum [31]. Keir et al. identified 
neutrophil extracellular trap (NET) as a key marker of bronchiectasis 
severity and treatment response [32]. Hull et al. identified protein 
markers associated with severity and treatment response in non
tuberculous mycobacterial lung disease [33]. 

3.5. Metabolome 

The airway microbiome communicates with host through producing 
metabolites that interact with host ligands and influence downstream 
signaling processes [34]. The assessment of this process requires the 
measurement of metabolites in biological samples through 

metabolomics. Nuclear magnetic resonance and high-resolution mass 
spectrometry are two main analytical techniques for metabolomics, with 
the latter coupled with liquid or gas chromatography. Given the central 
role of metabolites in bridging the activities of microbiome and host, 
metabolomics have been increasingly applied to the lung microbiome 
studies in recent years [29,35,36], where numerous microbial metabo
lites were identified to interact with host immunity and influence dis
ease phenotypes. Of note, it is generally difficult to differentiate the 
exact microbial or host origin of the metabolites if they can be produced 
by both microbiome and host. However, prediction of microbial origin 
of metabolites may be possible via integrating microbiome and metab
olome data through bioinformatic approaches [37,38]. 

3.6. Virome 

In addition to bacteria and fungi, viruses are a crucial player in 
respiratory health and diseases. Although specific viral pathogens that 
cause clinical lung infection have been well characterized through PCR- 
based approaches, much less is understood for the composition of 
commensal virus communities or the virome in the lung [39]. This is 
largely because of the small proportion of viruses compared to bacteria 
and host cells in the lung, the difficulty in isolating viral particles from 
airway specimens, and the instability of viral DNA or RNA after sample 
collection. Viral reads can be identified from metagenomics or meta
transcriptomics; however, the proportion of viral reads from these data 
is remarkably low and can be insufficient to achieve adequate viral 
coverage. By using a viral purification and enrichment approach, recent 
studies have begun to uncover the virome in the airways. Li et al. 
characterized the respiratory virome associated with recurrent acute 
respiratory tract infections (ARTIs) in children and found specific bac
teriophages could be a predictor for ARTIs [40]. Choi et al. characterized 
the virome profiles in sputum from asthma and healthy individuals, and 
found that viral taxa had greater associations with asthma severity and 
exacerbations [41]. Mac Aogain et al. characterized the virome in 
bronchiectasis patients and found that the integrated multi-biome, 
including bacterial, fungal and viral communities, better associated 
with key clinical characteristics than a single microbial group [42]. 

3.7. Culturome 

Although the lung bacterial taxonomy and functions can be well 
characterized through sequencing-based approaches, being able to 
obtain pure bacterial culture is essential for downstream functional and 
mechanistic studies [43]. Currently it remains incompletely clear how 
much proportion of the airway microbes can be cultured. Using a 
combination of multiple culture conditions and media, Whelan et al. 
showed that an average of 82.13% of bacterial OTUs from sputum of 
cystic fibrosis patients can be cultured [44]. Through a comprehensive 
cultivation effort, Muggeo et al. found an enrichment of Enterobacterales 
was associated with deteriorated clinical symptom in COPD patients 
[45]. Sun et al. have characterized the lung and oral microbiota using 
culturomics and 16S rRNA gene sequencing and found site and 
pathology-dependent alterations in patients with lung cancer [46]. 
Compared with gut microbiome for which culturomics have been 
extensively applied, there remains a lack of specific media and condi
tions optimized for the cultivation of microbes in the airways. 

3.8. Radiome 

Radiological changes (i.e. in computed tomography or CT) are a 
prominent manifestation or diagnostic criteria for many lung diseases 
such as COPD, bronchiectasis, and lung cancer [47]. The radiological 
features are potentially associated with the alteration of the lung ecol
ogy. As a high-throughput quantitative imaging approach, radiomics 
aim to extract high-dimensional features from medical images in CT 
scans, thereby yielding data in similar settings to other omics data [48]. 
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Zhou et al. created a radiogenomic map linking radiological features 
with transcriptomic data, and identified non-invasive features associ
ated with molecular pathways in patients with non-small cell lung 
cancer [49]. By integrating radiomic features and sputum bacterial and 
fungal microbiota, Wang et al. identified microbial taxa that are asso
ciated with key radiological features including emphysema and airway 
structural lesions in COPD, revealing radiological markers that can 
potentially reflect changes in airway microbiome [50]. 

4. Strategies for integrative multi-omic analyses 

A central question for the multi-omic studies is how to integrate the 
multi-omic datasets to answer the biological or clinical questions 
regarding the microbiome, i.e. to test a biological hypothesis for 
microbial-host interaction, or to develop a clinical diagnostic model 
with the identification of disease biomarkers. The high-dimensionality 
of the multi-omic data poses a critical challenge to identify the signifi
cant associations between different omic data, as direct correlations 
between hundreds to thousands of omic features are often prone to false- 
positive observations. It is therefore paramount that the massive multi- 
omic associations be adjusted for multiple comparison (i.e. using Bon
ferroni or Benjamin-Hochberg procedure). A grand sample size is often 
required to achieve sufficient statistical power, if we aim to identify 
significant associations directly from high dimensional multi-omic data 
after multiple comparison adjustment [51]. Therefore, dimensionality 
reduction (DR) is often an important first step for a statistically rigorous 
analysis of the multi-omic data. Here we introduce the commonly used 
approaches for multi-omic dimensionality reduction, which are mainly 
categorized into data-driven clustering methods or methods utilizing 
prior biological knowledge (Table 1). 

4.1. Multi-omic dimensionality reduction 

4.1.1. Data-driven approaches 
Unsupervised approaches were often employed to achieve data- 

driven DR. For instance, for microbiome and host multi-omic data, 
principle component analysis (PCA, or principle coordinate analysis 

[PCoA] for microbiome data) can be performed to reduce the dimension 
space from features to a couple of principle components (PCs) that 
capture the majority of data variance. Other DR approaches such as non- 
metric multidimensional scaling (NMDS) and linear discriminant anal
ysis (LDA) can be applied for similar purpose. For metabolomic and 
transcriptomic data, co-abundance clustering approaches such as 
weighted correlation network analysis (WGCNA) can be performed to 
collapse the metabolites and host genes into a set of co-abundant clusters 
[52]. For microbiome, using algorithms that combine information such 
as sequence composition and coverage, metagenomic species or 
genomic bins can be constructed from the assembled metagenomic data, 
essentially reducing the dimensionality from millions of microbial genes 
into bacterial genomes [53]. Different combinations of DR approaches 
can be applied to the various omic data types, according to the biological 
questions and statistical properties of the data at hand. 

4.1.2. Knowledge-derived approaches 
In comparison to the unsupervised data-driven DR, knowledge- 

derived DR can be achieved through annotation of the omic data ac
cording to existing domain knowledge for the specific type of data in a 
supervised manner. For instance, the massive microbial genes in the 
metagenomic data can be annotated to gene families in KEGG database 
(KEGG orthologs or KOs) [54], which can be further aggregated to the 
module or pathway level. Other more specialized databases focusing on 
a specific type of functions can also be employed, such as CAZy for 
carbohydrate metabolism [55], CARD for antibiotic resistant genes [56], 
and VFDB for bacterial virulence factors [57], mobileOG-db for mobile 
genetic elements [58], and sequences for environmental allergens [59]. 
For human transcriptome and proteome, gene sets can be obtained ac
cording to the pathway information from additional databases such as 
KEGG [54], Reactome [60] and WikiPathways [61], and can be utilized 
to obtain gene-set-level expression profiles using approaches such as 
single-sample gene set enrichment analysis (GSEA) [62] or gene set 
variation analysis (GSVA) [63]. Custom gene sets can also be established 
through literature mining. While the main advantage of data-driven DR 
lies in its capability in capturing the variance of the original high 
dimensional data, the benefit of knowledge-derived DR is the biological 
interpretability of the dimensionality reduced data. In practice, both 
types of approaches can complement each other to achieve DR of 
multi-omic data. 

4.2. Multi-omic data integration 

Following DR, the dimension-reduced multi-omic data can be further 
analyzed and integrated to tackle specific biological or clinical questions 
(Table 2). For example, statistical analysis (i.e. Wilcoxon rank-sum test, 
general linear model) can be performed on each type of dimension- 
reduced omic data features, to identify differentially abundant omic 
features between disease and control groups and specific disease sub
groups of interest. Correlation analysis (i.e. Spearman’s rank correla
tion) can also be performed between dimension-reduced multi-omic 
features and specific demographic and clinical features with a contin
uous distribution. In regard to these analyses, the dimension reduction 
provides the unique benefit in achieving adequate statistical power by 
reducing the number of features subject to the penalty of statistical 
correction for multiple hypothesis testing [51]. 

In addition to single-omic association, multi-omic integration can be 
further performed to generate potential hypotheses of microbial-host 
interactions. Correlation-based univariate analysis can be performed 
for paired omic features. Multivariate regression models can be estab
lished to assess combinatory associations of multiple omic features of 
interest. Population confounders such as age and gender often need to be 
accounted for in the multivariate model. Alternatively, a regression can 
be initially performed between each omic feature and the confounders, 
to obtain the feature residues for downstream analyses [64]. Other more 
sophisticated approaches, such as mediation analysis, can be employed 

Table 1 
Examples for approaches, tools, databases and applications for multi-omic 
dimensionality reduction, including data-driven and knowledge-derived 
dimensionality reduction.  

Multi-omic data 
analysis 

Approaches/ 
Tools 

Databases Applications 

Data-driven 
dimensionality 
reduction 

PCA, PCoA, 
NMDS, LDA, 
WGCNA[52], 
metagenomic 
binning (i.e. 
MetaWRAP 
[113]) 

Not available NMDS and LDA in 
microbiome[51], 
metagenomic 
binning in 
microbiome[29, 
114], WGCNA in 
metabolome[29, 
115], PCA and 
LDA in 
transcriptome 
[51], WGCNA in 
transcriptome 
[29], PCA in 
transcriptome and 
proteome[28] 

Knowledge- 
derived 
dimensionality 
reduction 

Single-sample 
GSEA (ssGSEA) 
[62], GSVA[63] 

KEGG[54], CAZy 
[55], CARD[56], 
VFDB[57], 
mobileOG-db[58], 
environmental 
allergens[59], 
Reactome[60], 
WikiPathways[61] 

ssGSEA in 
microbiome[29], 
ssGSEA and GSVA 
in metabolome 
[116], ssGSEA in 
transcriptome 
[117], GSVA in 
transcriptome 
[118,119], GSVA 
in proteome[120]  
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for three or more types of omic data, to explore potential causal asso
ciations between them. We recently proposed a sequential mediation 
analysis approach, by assessing the multi-omic associations in a stepwise 
manner along the microbial-host axis, from metagenome, metabolome, 
to host transcriptome and proteome [29]. The associated multi-omic 
modules or features can be further mined to identify 
microbiome-metabolite-host interactions, leveraging knowledge from 
existing databases (i.e. KEGG [54], MetaCyc [65], STITCH [66]). As 
direct correlation of the massive features in the omic data suffers from 
high penalty from multiple comparison adjustment of P-values, a hier
archical framework named HAllA has been developed for structured 
association testing, which effectively increases statistical power for as
sociations between paired high-dimensional datasets [67]. 

In addition, multi-omic prediction can be performed to identify 
biomarkers for disease diagnosis and phenotyping using machine 
learning approaches (i.e. random forest, support vector machine). The 
cutting-edge deep learning algorithms such as neural networks and auto- 
encoders, which better account for heterogeneity and high dimension
ality of the multi-omic data, have also been proposed for multi-omic 
biomarker discovery [68,69]. Some of the above mentioned methods 
have been implemented in an R package called mixOmics, which pro
vides a wide range of multivariate methods for multi-omic integration 
[70]. In addition, network-based approaches such as weighted similarity 
network fusion (wSNF) have also been applied in respiratory micro
biome studies for patient stratification and biomarker identification [42, 
71,72]. 

5. Application of multi-omics to microbiome studies in 
respiratory diseases 

With its unique power in enabling a holistic perspective for the 
microbiome, host and their interactions, integrated multi-omics have 
been increasingly applied in microbiome studies in respiratory health 
and diseases. Here we summarize the current literature in application of 
multi-omics in studying the respiratory microbiome, focusing on 
chronic, acute and other types of lung diseases (Table 3). 

5.1. Asthma 

Asthma is a chronic respiratory disease characterized by wheezing, 
shortness of breath, chest tightness, and cough, affecting individuals of 
all ages [73]. The lung microbiome alters in asthma [74–76], and 
multi-omics have been applied to characterizing the lung 
microbial-microbial, and microbial-host interactions in relation to 
asthma phenotypes [77,78]. Chiu et al. identified specific connections 
between airway microbiome and circulating metabolites in 
mite-sensitized pediatric asthmatic children through an integrated 
analysis of airway metagenome and serum metabolome [79]. Through a 
co-profiling of bacterial and fungal microbiota in paired endobronchial 
brush and BAL samples from 39 asthma patients and 19 healthy controls, 

Sharma et al. characterized the multi-kingdom microbiota in asthma 
associated phenotypes, where Aspergillus in BAL was associated with 
T2-high and lung function, and Penicillium in EB was associated with 
atopy. A distinct inter-relationship between bacterial and fungal 
microbiome was observed for different sample types [80]. By charac
terizing the sputum microbiome, metabolome (eicosanoids), tran
scriptome, and proteome in 97 severe, 46 mild and moderate asthma 
patients and 47 healthy controls, Abdel-Aziz et al. identified two clusters 
of patients defined by the microbiota with distinct multi-omic profiles 
[30]. In particular, the microbiome-driven cluster 2 had reduced mi
crobial diversity, enrichment of Haemophilus influenzae and Moraxella 
catarrhalis, elevated levels of 11-dehydrothromboxane B2 and prosta
glandin E2, downregulated pathways for cell growth, proliferation, 
metabolism and DNA repair, and worse clinical outcomes, suggesting 
that this cluster might be amenable to microbiome-targeted therapy 
[30]. Multi-omics have been applied to characterize the molecular sig
natures of childhood asthma [81,82]. In an integrative analysis of the 
nasal and bronchial microbiome and transcriptome in 27 healthy and 27 
asthmatic children, Chun et al. identified site-specific microbial features 
associated with genes in ciliary function and inflammation, providing a 
window for assessing host-microbiome associations in childhood asthma 
[83]. Raita et al. identified four distinct biological endotypes for 221 
infants with respiratory syncytial virus bronchiolitis through airway 
microbiome, transcriptome, and metabolome, with one specific subtype 
showing a high risk for developing asthma [84]. Wang et al. systemat
ically benchmarked the methods in combining six omic data type 
(GWAS, miRNA, mRNA, microbiome, metabolome, DNA methylation) 
of 748 child participants, and showed that specific omic combinations 
can reach the optimal prediction of childhood asthma development 
[85]. 

5.2. COPD 

COPD is chronic lung disease characterized by irreversible lung 
function decline, airway inflammation and emphysema, and is a leading 
cause of morbidity and mortality worldwide [86,87]. An altered airway 
microbiome is implicated in COPD [13,28,76], associates with its phe
notypes and endotypes [88–90], and could mechanistically contribute to 
host inflammation and disease progression [29,36,91]. Using an 
approach of multi-omic meta-analysis that integrates publicly available 
airway microbiome and host transcriptomic data, we previously estab
lished potential ‘microbiome-metabolite-host’ interaction links for 
COPD and found that about 69.9% of these links can be validated in a 
pilot cohort. Building upon this analysis, we conducted a more detailed 
multi-omic characterization on COPD patients and healthy individuals. 
A combination of data-driven (i.e. WGCNA) and knowledge-derived (i.e. 
ssGSEA) dimensionality reduction approaches were applied to the 
multi-omic data. Sequential mediation analysis were then employed to 
identify microbiome-host interaction from the multi-omic data. 
Together with in vivo animal models and in vitro cellular assays, we 

Table 2 
Examples for approaches, tools, databases and applications for multi-omic integration, including multi-omic association and multi-omic prediction.  

Multi-omic 
integration 

Approaches/Tools Databases Applications 

Multi-omic 
association 

Correlation analysis (Pearson correlation, Spearman’s rank 
correlation, HAllA[67]), Multivariate regression (mixOmics[70], 
MaAsLin2[121]), Sequential mediation analysis[29], 
Network-based approaches (wSNF[42], CoNet[122], SPEIC-EASI 
[123], SparCC[124]) 

KEGG[54], 
MetaCyc[65], 
STITCH[66] 

Multi-omic association with clinical characteristics[36,64], 
Microbiome-host interactions[28,29,36,51], Microbial-microbial 
interactions[42,125] 

Multi-omic 
prediction 

Machine learning approaches, including random forest (R caret 
[126], randomforest[127] packages), support vector machine (R 
caret package[126]), etc., Deep learning approaches, including 
neural network (MOGONET[128], AutoGGN[129]), auto-encoder 
(MOVE[130], AIME[131], MAE[132]), etc, Network-based 
approaches (wSNF[42]), Cox proportional hazards regression (R 
survival package[133]) 

Not available Disease diagnosis[96], Prediction of disease progression[36,106], 
response to therapies[134,135], and prognosis[101,103,136], 
Disease phenotyping[30,42,84,105,137], Biomarker identification 
[30,42,85,137]  
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Table 3 
Summary of key studies on the application of multi-omics to studying the respiratory microbiome in chronic, acute, and other types of lung diseases.  

Disease Study Specimens Design and sample size Omic data types Key findings 

Asthmaa Sharma et al. 2019 
[80] 

BAL, endobronchial brush 39 asthma patients, 19 healthy 
controls 

16 S rRNA gene microbiome, ITS 
microbiome  

• Fungal diversity decreased in asthma patients with T2-high 
inflammation.  

• Clear differences in bacterial and fungal microbioa in asthma-associated 
phenotypes. 

Asthmaa Abdel-Aziz et al. 
2022[30] 

Sputum 97 severe, 46 mild asthma 
patients, 47 
healthy controls 

16 S rRNA gene microbiome, eicosanoids, 
transcriptome, proteome  

• Two patient clusters were identified based on sputum microbiome (C1 
and C2).  

• C2 had airway dysbiosis, increased neutrophilia, downregulated cell 
growth and proliferation pathways, and worse clinical outcomes. 

Asthmaa Chun et al. 2020 
[83] 

Bronchoscopy, nasal brushing 27 asthma patients, 27 healthy 
controls 

16 S rRNA gene microbiome, transcriptome  • Moraxella and Alloiococcus are hub genera in the nasal microbiome of 
asthmatic children.  

• Asthmatic children express more nasal genes for ciliary function with 
more nasal Streptococcus. 

COPDa Wang et al. 2020 
[138] 

Sputum 1666 microbiome samples,1340 
human transcriptome samples 

16 S rRNA gene microbiome, metagenome, 
transcriptome  

• 29.6% of differentially expressed human pathways were predicted to be 
targeted by microbial metabolites in COPD.  

• Butyrate, homocysteine, and palmitate were the microbial metabolites 
showing strongest interactions with COPD-associated host genes. 

COPDa Yan et al. 2022[29] Sputum 99 COPD patients, 36 healthy 
controls 

Metagenome, transcriptome, proteome, 
metabolome  

• Airway microbiome-derived IAA mitigates neutrophilic inflammation, 
apoptosis, emphysema and lung function decline.  

• Intranasal inoculation of two airway lactobacilli restored IAA and 
recapitulated its protective effects in mice. 

COPDa Liang et al. 2023 
[36] 

Sputum 181 COPD patients (UK), 61 COPD 
patients (Guangazhou, China) 

Metagenome, metabolome, transcriptome  • Airway dysbiosis at baseline associates with accelerated lung function 
decline in COPD patients.  

• Staphylococcus aureus promotes lung function decline through 
homocysteine-AKT1-S100A8/A9 axis. 

COPDa Madapoosi et al. 
2022[92] 

BAL 137 COPD patients 16 S rRNA gene microbiome, metabolome  • Lower lung function and COPD diagnosis associated positively with 
Streptococcus, Neisseria, and Veillonella.  

• Prevotella, together with metabolites such as sialic acid and glutathione, 
associated with better lung function or less symptoms. 

COPDa Dicker et al. 2021 
[31] 

Sputum 253 COPD patients 16 S rRNA gene microbiome, proteome  • Proteobacteria predominance and lower diversity associated with 
increased COPD severity and mortality.  

• A significant correlation was found between Haemophilus and 
neutrophil activation pathway in sputum. 

COPDa Sulaiman et al. 
2023[23] 

BAL 26 COPD patients, 31 smoker 
controls 

16 S rRNA gene sequencing, metagenome, 
metatranscriptome, host transcriptome  

• COPD lower airways were enriched with common oral commensals with 
differences in markers of inflammation and tumorigenesis.  

• Lower airway dysbiosis augments the inflammatory injury in a COPD 
pre-clinical murine model. 

Bronchiectasisa Mac Aogain et al. 
2021[42] 

Sputum 217 bronchiectasis patients 16 S rRNA gene microbiome, ITS 
microbiome, metagenome  

• Patients at greatest risk of exacerbation have less complex microbial co- 
occurrence networks.  

• Pseudomonas interactome networks, rather than abundance alone, are 
associated with exacerbation risk. 

Bronchiectasisa Li et al. 2022[35] Sputum, lung tissue (mouse), 
serum (mouse) 

225 bronchiectasis patients 16 S rRNA gene microbiome, metagenome, 
transcriptome, metabolipidome  

• Bronchiectasis bacteriomes defined by the presence of Neisseria spp. 
associate with poor clinical outcomes.  

• The culturable species N. subflava weakens barrier integrity and induces 
inflammation. 

Bronchiectasisa Narayana et al. 
2023[95] 

Sputum, stool 57 bronchiectasis patients 16 S rRNA gene microbiome, ITS 
microbiome, metagenome  

• Microbial communities in stable bronchiectasis demonstrate a 
significant gut-lung interaction. 

• A high gut-lung interaction cluster is associated with increased exac
erbations and greater disease severity. 

Lung fibrosisa Molyneaux et al. 
2017[96] 

BAL, blood 60 IPF patients, 20 healthy 
controls 

16 S rRNA gene microbiome, transcriptome  • Two gene modules strongly associated with IPF, BAL bacterial burden, 
and specific microbial taxa and neutrophilia.  

• The modules involve genes in host defense response and antimicrobial 
peptides. 

Lung fibrosisa Huang et al. 2017 
[97] 

BAL, blood 68 IPF patients 16 S rRNA gene microbiome, transcriptome  • Down-regulation of immune response pathways was associated with 
worse progression-free survival. 

(continued on next page) 
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Table 3 (continued ) 

Disease Study Specimens Design and sample size Omic data types Key findings  

• Increased abundance of Streptococcus correlated with increased NOD- 
like receptor signaling. 

Lung fibrosisa O’Dwyer et al. 
2019[98] 

BALF 68 IPF patients 16 S rRNA gene microbiome, Proteome 
(cytokine measurements)  

• Disruption of the lung microbiome predicts disease progression, and 
correlates with local host inflammation.  

• Lung dysbiosis precedes peak lung injury and is persistent. 
COVID-19b Sulaiman et al. 

2021[101] 
Bronchoscopy 142 COVID-19 patients Metagenome, metatranscriptome  • Poor clinical outcome was associated with lower airway enrichment 

with Mycoplasma salivarium.  
• Increased SARS-CoV-2 abundance and a distinct airway transcriptomic 

profile is predictive of mortality. 
COVID-19b Zhong et al. 2021 

[102] 
Sputum, nasal swab, throat 
swab, anal swab and feces 

23 COVID-19 patients Metatranscriptome  • Co-detection of other human respiratory viruses was demonstrated in 
30.8% of the severely ill patients.  

• The predominant respiratory microbial taxa of severely ill patients are 
Burkholderia cepacia complex, Staphylococcus epidermidis and 
Mycoplasma spp. 

COVID-19b Ren et al. 2021 
[103] 

Oropharyngeal swab 192 COVID-19 patients, 95 
healthy controls 

Metatranscriptome  • The upper airway microbiota in patients with COVID-19 differed from 
that in healthy controls.  

• The abundance of S. parasanguinis on admission was correlated with 
prognosis in nonsevere patients. 

COVID-19b Lloréns-Rico et al. 
2021 

Nasopharyngeal swabs, BAL 58 patients (upper airway), 35 
patients (lower airway) 

16 S rRNA gene microbiome, single-cell 
transcriptome  

• Patient confounders such as ICU stay and type of oxygen support could 
explain the microbiome variation.  

• Mechanistic ventilation is linked to altered microbiome and shifts in 
COVID-19-associated oral taxa. 

Lung 
transplantationc 

Das et al. 2021 
[105] 

BAL 64 lung transplant recipients 16 S rRNA gene microbiome, culturome  • The lung microbiota post-transplant can be categorized into four 
distinct ‘pneumotypes’.  

• The predominant pneumotype is characterized by a diverse bacterial 
community, moderate viral loads, and host gene expression in immune 
tolerance. 

Lung 
transplantationc 

Watzenbock et al. 
2022[106] 

BAL 78 lung transplant recipients and 
donors 

16 S rRNA gene microbiome, metabolome 
and lipidome  

• Recipient-specific and environmental factors, rather than donor 
microbiome, shpe the long-term recipient lung microbiome.  

• Multi-omic data, in particular microbial profiles can predict future 
changes in FEV1. 

Lung cancerc Greathouse et al. 
2018[109] 

Lung tissue 143 lung cancer patients, 33 
controls 

16 S rRNA gene microbiome, transcriptome  • A lower alpha diversity in normal lung as compared to non-tumor 
adjacent or tumor tissue.  

• Acidovorax exhibit higher abundance among the subset of squamous cell 
carcinoma cases with TP53 mutations. 

Lung cancerc Tsay et al. 2021 
[110] 

Bronchoscopy 83 lung cancer patients 16 S rRNA gene microbiome, transcriptome  • Veillonella parvula drives the association between lower airway 
dysbiosis and upregulation of the IL17, PI3K, MAPK,and ERK pathways.  

• V. parvula led to decreased survival, increased tumor burden, IL-17 
inflammation, and activation of checkpoint inhibitor markers in a lung 
cancer mouse model.  

a Chronic lung diseases, 
b Acute lung diseases, 
c Other lung diseases 
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showed that airway lactobacilli may ameliorate COPD inflammation and 
epithelial apoptosis through producing indole-acetic acid that interacts 
with host IL-22 signaling [29]. Through multi-continental cohorts, 
multi-omic analysis and murine and cellular experiments, we recently 
found that airway dysbiosis with enrichment of Staphylococcus aureus 
could accelerate COPD lung function decline through 
homocysteine-AKT1-S100A8/A9 axis [36]. Through integrated analysis 
of microbiome (16 S rRNA gene sequencing) and metabolomics, 
Madapoosi et al. identified the combination of the multi-omic features in 
relation to clinical outcomes in milder COPD [92]. In a recent study, 
Sulaiman et al. characterized the 16 S rRNA gene microbiome, meta
genome, metatranscriptome and host transcriptome of 26 COPD patients 
and 31 smoker controls and found that COPD lower airways were 
enriched with oral commensals and had differences in markers of 
inflammation and tumorigenesis in host transcriptome [23]. In 
conjunction with a pre-clinical model, they showed that lower airway 
dysbiosis augments the inflammatory injury early in COPD. Together, 
these studies demonstrate the power of multi-omics in elucidating the 
mechanistic role of the airway microbiome in COPD. 

5.3. Bronchiectasis 

Bronchiectasis is another primary chronic lung disease characterized 
by progressive and irreversible dilation of the airways resulting from 
damages to the airway wall [93]. Recurrent airway microbial infection 
with a perturbation in the airway microbiome is implicated in bron
chiectasis [94]. By using an integrative microbiomic approach, Mac 
Aogain et al. characterized the bacterial, viral, and fungal communities 
in the airways of bronchiectasis patients [42]. They present an approach 
to integrate these microbial multi-omic data through weighted similar
ity network fusion (wSNF) and found that the interactome better asso
ciated with exacerbation risk than the use of abundance alone, thereby 
demonstrating the power of multi-omics in capturing microbial in
teractions in association with clinical characteristics. Through further 
integrating microbiome, transcriptome, metabolome and lipidome data 
together with murine assays, Li et al. identified Neisseria species as a key 
airway pathobiont invoking host inflammatory responses and the loss of 
epithelial integrity in bronchiectasis [35]. By integrating microbial 
multi-omics from concurrent stool and sputum samples through wSNF, 
Narayana et al. further showed a dysregulated gut-lung axis, driven by 
lung Pseudomonas, was associated with a worse clinical outcome in 
bronchiectasis [95]. 

5.4. Lung fibrosis 

The multi-omics have been utilized to characterize the airway dys
biosis in fibrotic lung diseases such as idiopathic pulmonary fibrosis 
(IPF). By performing dimensionality reduction of host transcriptome 
using WGCNA, followed by integration with 16 S rRNA gene-based 
microbiome data in 60 IPF patients and 20 controls, Molyneaux et al. 
identified two co-expression gene modules associated with IPF diag
nosis, bacterial burden, neutrophilic inflammation and specific micro
bial taxa, providing evidence for a host response to the alteration of 
microbiota in IPF [96]. Huang et al. obtained paired microarray gene 
expression and microbiome data in the COMET-IPF study [97]. By using 
WGCNA for dimensionality reduction of the host transcriptome data, 
followed by a network analysis to integrate the multi-omic data, they 
identified host-microbiome interactions that could influence 
progression-free survival and fibroblast responsiveness. By examining 
the lung microbiota and cytokines in 68 IPF patients along with a 
germ-free murine model study, O’Dwyer et al. found that the airway 
dysbiosis was correlated with IPF symptoms, high levels of surfactant 
protein-D and lactate dehydrogenase in the serum and elevated alveolar 
profibrotic cytokines [98]. 

5.5. COVID-19 

COVID-19, caused by the SARS-CoV-2 virus infection, has resulted in 
a public health emergency worldwide and remains to be a global 
epidemic [99]. Acute respiratory distress syndrome and respiratory 
failure are the main clinical manifestations associated with mortality for 
severe COVID-19 patients [100], where an airway dysbiosis could be 
implicated. Sulaiman characterized the lower airway metagenomics, 
metatranscriptomics, and host immune response profiling in 142 
COVID-19 patients [101]. Through multi-omic integration using multi
scale embedded co-expression network analysis, followed by prediction 
analysis using Cox proportion hazards regression model, they showed an 
association between an oral commensal Mycoplasma salivarium and poor 
clinical outcome, and an increased SARS-CoV-2 abundance and a 
distinct airway transcriptomic profile were predictive of mortality. By a 
co-profiling of lung microbiome and virome through a metatran
scriptomic sequencing in 27 COVID-19 patients, Zhong et al. found ev
idence for the enrichment of antibiotic-resistant pathogens in COVID-19 
patients in relation to disease severity, which underscored the need of 
detection, tracking and prevention of antimicrobial resistance for pa
tient management [102]. By an in-depth metatranscriptomic sequencing 
on 588 oropharyngeal swabs from 192 COVID-19 patients and 95 
healthy controls, Ren et al. found the upper airway dysbiosis, in 
particular the loss of S. parasanguinis, to be associated with increased 
mortality, suggesting the potential use of the upper airway microbiota as 
a biomarker for COVID-19 prognosis [103]. By analyzing the upper and 
lower airway microbiome in COVID-19 patients in combination with 
host immunoprofiling, Lloréns-Rico et al. showed that potential clinical 
confounders, in particular ICU stay and type of oxygen support, may 
explain the variation of the microbiome in the patients [104]. Despite 
these progresses, a mechanistic link remains to be established between 
airway dysbiosis and COVID-19. 

5.6. Lung transplantation 

Lung transplantation is the ultimate treatment for patients with end- 
stage respiratory diseases. A characterization of the lung microbial-host 
multi-omics may help understand the pathogenesis leading to compli
cations post lung transplantation. Das et al. characterized the microbial 
communities through a combined 16 S rRNA gene amplicon sequencing 
and culturome in 234 BAL samples from 64 lung transplant recipients 
and established their links to host transcriptome data [105]. They 
identified distinct ‘pneumotypes’ through an unsupervised machine 
learning algorithm and established links to viral loads, host gene 
expression, lung function, and transplant health through a combination 
of classification and regression models. By analyzing the temporal dy
namics of the 16 S rRNA gene sequencing-based microbiome, metab
olome, lipidome, and the cellular composition using flow-cytometry in 
78 patients post lung transplantation, Watzenbock et al. showed that the 
integrative multi-omic data could predict future changes in the lung 
function [106]. Given the need of the recipients in undergoing frequent 
surveillance of lung infection and post-transplantation complications, 
lung transplantation presents a unique opportunity to study the longi
tudinal dynamics of lung microbiome and microbiome-host interaction 
[107]. 

5.7. Lung cancer 

Lung cancer is the leading cause of cancer incidence and mortality 
worldwide [108]. The local microbiota may play a role in the patho
genesis of tumor development and could be a novel marker in the 
initiation, progression and treatment outcome of lung cancer. Through a 
16 S rRNA gene sequencing on the lung tissue from lung cancer patients 
along with the RNA-sequencing data from the Cancer Genome Atlas as 
validation, Greathouse et al. demonstrated an association between 
Acidovorax and lung squamous cell carcinoma with TP53 mutations 
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[109]. Through an integration of the airway microbiome and host 
transcriptome, together with lung cancer murine models, Tsay et al. 
showed that oral commensal members Veillonella parvula was causally 
associated with decreased survival, increased tumor burden, IL-17 
inflammation and activation of checkpoint inhibitor markers [110]. 
These studies demonstrate a role of the lung microbial-immune crosstalk 
in lung cancer development. 

6. Current challenges and future directions in respiratory multi- 
omics 

Despite advances in utilizing multi-omics at the lung microbiome- 
host interface, the field is still in its infancy. There remain critical 
challenges from sample preparation, to data analysis and validation. 
These challenges are mainly caused by the limitations in physically 
sampling the airway environment and the inherent complexity of the 
multi-omic data generated from heterogeneous methods and platforms. 
With respect to sample preparation, the specimens (i.e. sputum, BAL 
fluid) collected from the airways often need to be processed in fresh (i.e. 
by liquefaction, separating cell pellets and supernatants), to generate 
concurrent samples for the multiple types of omics (metagenomics, 
metatranscriptomics, metabolomics, and metaproteomics). A standard
ized approach in processing the airway samples for multi-omics is 
lacking. With respect to data analysis, most of the multi-omic studies for 
the respiratory microbiome are correlation-based and are therefore 
descriptive. Approaches have been developed to further mine the evi
dence of biological interaction from the correlations leveraging public 
databases. However, as these databases are built upon existing domain 
knowledge (i.e. on microbial genetics and metabolite-host interactions), 
they could inherently limit the possibility on identifying novel hypoth
eses and pathways for microbiome-host interactions. With respect to 
validation, compared to the gut microbiome where approaches such as 
fecal microbiome transplantation are routinely applied in animal 
models, there remain a lack of approach to precisely manipulate the lung 
microbiome. Although transplantation of the microbiome in mouse BAL 
fluid has been applied in a few recent studies [91,111,112], a stan
dardized procedure for effective lung microbiome manipulation is 
lacking. 

In light of these challenges, future studies are warranted to establish 
a standardized methodology in sampling, processing and analyzing the 
respiratory multi-omic data, to develop novel approaches leveraging 
machine learning and the state-of-the-art artificial intelligence algo
rithms to mine the multi-omic associations without the limitation of 
existing databases, and to leverage cutting-edge experimental ap
proaches to understand the causative and mechanistic role of the lung 
microbial ecosystems. Ultimately, through efforts in overcoming these 
challenges, there are foreseeable promises for using multi-omics toward 
a better understanding the lung microbiome and its potential as a 
biomarker or therapeutic target for respiratory diseases. 
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