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ARTICLE INFO ABSTRACT

Edited by: Peifang Wei Asthma, a chronic respiratory disease with a global prevalence of approximately 300 million individuals, presents

a significant societal and economic burden. This multifaceted syndrome exhibits diverse clinical phenotypes and

ig:;;ds. pathogenic endotypes influenced by various factors. The advent of omics technologies has revolutionized asthma
Genomics research by delving into the molecular foundation of the disease to unravel its underlying mechanisms. Omics
Transcriptomics technologies are employed to systematically screen for potential biomarkers, encompassing genes, transcripts,
Epigenomics methylation sites, proteins, and even the microbiome components. This review provides an insightful overview
Metagenomics of omics applications in asthma research, with a special emphasis on genetics, transcriptomics, epigenomics, and

Multi-omics integration the microbiome. We explore the cutting-edge methods, discoveries, challenges, and potential future directions
in the realm of asthma omics research. By integrating multi-omics and non-omics data through advanced sta-

tistical techniques, we aspire to advance precision medicine in asthma, guiding diagnosis, risk assessment, and

personalized treatment strategies for this heterogeneous condition.

Introduction

Asthma, a chronic respiratory disease characterized by airway
inflammation and hyperresponsiveness, encompasses diverse clinical
symptoms including wheezing, coughing, and dyspnea.'-? Over the past
few decades, there has been a substantial global increase in asthma
prevalence across both pediatric and adult populations.®:* Current re-
search indicates that approximately 300 million individuals worldwide
are affected by asthma.® The overall prevalence of asthma in chil-
dren, adolescents, and adults was estimated to be 9.1%, 11.0%, and
6.6%, respectively.? Asthma poses a significant burden on society and
the economy due to the costs associated with medical care and the
impact on work or school attendance.®! Furthermore, severe acute
exacerbations of asthma can lead to hospitalization and even mor-
tality.!!-'* Thus, there is an urgent need for effective personalized
clinical management strategies and preventive measures to mitigate
the impact of asthma, particularly in vulnerable populations such as
children.

As a heterogeneous syndrome, asthma has diverse clinical pheno-
types and pathogenic endotypes which are influenced by multiple fac-
tors such as age, gender, and complex interactions of genetic and en-
vironmental components.'® !¢ The traditional classification of asthma
into allergic or non-allergic categories is deemed overly simplistic for
efficacious clinical management.!” Allergic asthma is characterized by

a T helper 2 (Th2) cell-mediated response in which allergen-specific
Th2 cells generate type 2 cytokines (e.g., interleukin [IL]-4, IL-5, and
IL-13), resulting in significant eosinophil infiltration in the airway wall
and elevated immunoglobulin E (IgE) synthesis.'® T cell inflammatory
pathways are considered to play a vital role in the pathogenesis of
asthma. The development of novel treatments targeting type 2 inflam-
mation pathways highlights the need for clinical management strate-
gies that consider underlying asthma endotypes driving the disease in
individuals.'®-20 Previous studies have identified two main endotypes
of asthma based on the degree of type 2 inflammation, Th2-high (T2-
high) and Th2-low (T2-low/Non-T2), each exhibiting distinct responses
to therapeutic interventions.?! 2> Omics research offers in-depth molec-
ular assessments of asthma patients, identifying biomarkers associated
with endotypes, uncovering novel mechanisms involving genes, pro-
teins, metabolites, or microbiota in asthma progression, and facilitating
the development of precise treatment.> Fig. 1 illustrates how multi-
omics and non-omics data are integrated through statistical methods to
boost precision medicine in asthma, guiding diagnosis, risk assessment,
and tailored treatments.

Omics techniques have significantly enhanced our understand-
ing of the molecular mechanisms underlying asthma. For example,
genome-wide association studies (GWASs) have identified numer-
ous asthma susceptibility loci relevant to specific populations.?>-28
Epigenome-wide association studies (EWASs) have revealed distinct
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Fig. 1. Overview of multi-omics in asthma, which aids in assessing the risk of asthma, defining endotypes, and predicting responses to specific treatments. Figure
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deoxyribonucleic acid (DNA) methylation patterns associated with
asthma.?®~32 During the course of asthma, levels of proteins associated
with inflammation, cell apoptosis, and proliferation also change.
Through analyzing protein expression, proteomics offers a deeper
understanding of the pathophysiological mechanisms behind bronchial
asthma.?®> The U-BIOPRED project has employed transcriptomics, pro-
teomics, lipidomics, metabolomics, and clinical phenotypes in asthma
patients to identify multiple asthma endotypes and genes that are
associated with inflammatory pathways.?*¢ Omics approaches have
demonstrated the capacity to provide unprecedented insights into the
identification of asthma endotypes and associated biomarkers, which is
especially important for pediatric asthma.

In this article, we aim to provide an overview of omics approaches
utilized in current asthma research, primarily focusing on genetics, tran-
scriptomics, epigenomics, microbiome, as well as their integration. We
summarize the state-of-the-art advances in omics for asthma research,
discussing cutting-edge research methods, discoveries, challenges, and
potential future directions.

Genetics

The asthma genetics studies mainly focus on the role of DNA in
disease onset, progression, drug responses, and prognosis. Genetic re-
search samples could be obtained from any nucleated tissue, typi-
cally using blood or saliva, which are convenient to obtain.?* Indi-
vidual genotyping is typically performed using microarrays or next-
generation sequencing (NGS) methods, such as whole-genome sequenc-
ing (WGS) and whole-exome sequencing (WES). Due to the high cost

of NGS, microarray-based genotyping remains the most commonly used
method.®”

GWASs in asthma research

Over the past decade, GWASs have been widely employed to iden-
tify risk variants associated with complex diseases. GWASs typically use
hundreds of thousands to millions of single-nucleotide polymorphisms
(SNPs) as molecular genetic markers to compare the frequency of com-
mon genetic variations between individuals and identify phenotype-
associated genetic variations through statistical methods.>® GWASs can
help screen high-risk individuals for disease, enhance disease predic-
tion models using genetic information, and ultimately improve patient
outcomes through early detection, prevention, or treatment. Commonly
used software and packages include: GWAtoolbox,*° qqman,*® Gen-
ABEL,*! PLINK,*? and METAL.*3

In 2007, Moffatt et al.?® conducted a GWAS involving 994 patients
with childhood-onset asthma and 1243 non-asthmatics, genotyping
over 317,000 SNPs. For the first time, they identified susceptibility vari-
ants for childhood asthma located in the chromosomal region 17q21.
The strong association between the 17q21 region and asthma has been
replicated in multiple GWASs involving different ethnicities among both
adults and children.*4-*> Subsequent research expanded the focus to the
17q12-21 asthma locus, with orosomucoid like 3 (ORMDL3), gasdermin
B (GSDMB), and post-glycosylphosphatidylinositol (GPI) attachment to
proteins phospholipase 3 (PGAP3) being identified as prime candidate
asthma genes.*® A recent asthma GWAS based on the UK Biobank
(UKB) analyzed 64,538 asthma cases and 329,321 controls, identifying
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145 asthma-associated loci, including 41 newly discovered loci. They
further harmonized the results with GWAS summary statistics from the
Trans-National Asthma Genetic Consortium (TAGC) and performed a
meta-analysis. This comprehensive investigation ultimately identified
66 previously unknown asthma-associated loci and replicated 143 out
of 146 previously known genomic regions.*”

In addition to studying asthma susceptibility, GWAS research can
also be used to investigate asthma disease progression and response to
drug treatment. Yan et al.?” conducted a GWAS meta-analysis on 4010
Latino youth with asthma from four independent cohorts, finding that
the SNP rs2253681 in FLJ22447 was significantly associated with se-
vere asthma exacerbations. Tantisira et al.*® identified the SNP rs37972
through GWAS, which was related to the response to inhaled glucocorti-
coids in asthma. SNP rs37972 was found to be in complete linkage dise-
quilibrium with the glucocorticoid-induced transcript 1 gene (GLCCI1),
revealing novel pharmacogenetic determinants of the response to in-
haled glucocorticoids.

With the acquisition of large-scale GWAS data, significant SNPs can
be employed to construct polygenic risk score (PRS) models to esti-
mate the genetic susceptibility of asthma. Namjou et al.*’ used PRS-
CS, a Bayesian regression framework method, in the summary statis-
tics from TAGC, to build childhood asthma PRS. The PRS can predict
individual disease risk based on genotype, identify high-risk popula-
tions, and offer early monitoring and intervention for these groups, pro-
viding an effective reference for individualized precision treatment of
asthma.

Over the past decade, the development of high-throughput sequenc-
ing technologies, increased data availability, and the emergence of high-
performance computational tools have greatly advanced GWASs, lead-
ing to the discovery of an increasing number of related genetic varia-
tions. Despite the identification of hundreds of genetic variations poten-
tially associated with asthma, several challenges still exist in this field.
GWASs can only explain a small portion of the overall heritability for
asthma.*’-°0 Ferreira et al.>! found that GWAS-identified risk variations
explained 25.6% of childhood asthma heritability and 10.6% of adult
asthma heritability.

There are several possible explanations for the low proportion of
heritability explained by these variations. GWASs only incorporate
common variations, not rare variations or copy number variations.>?
WGS and WES can identify disease susceptibility structural variations
not captured by GWASs, which potentially could address these is-
sues. Additionally, the impact of a single genetic variation on asthma
risk is low.>® Environmental factors may play a significant role in
asthma susceptibility and progression through stable and potentially
heritable genomic modifications, which could be investigated in com-
bination with epigenetics.>* Gene-gene and gene-environment inter-
actions are expected to explain some of the missing genetic contri-
butions.® Finally, most asthma GWAS participants are from Euro-
pean populations, and more non-European GWASs or more effective
cross-ancestry prediction models are needed to decipher shared ge-
netic variations in asthma susceptibility among different populations.>®
In summary, more asthma risk variations await discovery, requiring
larger research samples, more advanced sequencing methods, and more
effective statistical models to explore the polygenic architecture of
asthma.

Mendelian randomization

Based on the results of GWASs, an increasing number of researchers
have recently begun to use Mendelian randomization (MR) to inves-
tigate the causal relationship between the exposure of interest and
asthma. MR studies use genetic variations (most commonly SNPs) as
instrumental variables (IVs) to determine whether the observed associ-
ation between exposure and disease is likely to be causal.>” IVs need to
meet three assumptions:! IVs are associated with exposure (relevance
assumption);* IVs are related to the outcome only through the stud-
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ied exposure (exclusion restriction assumption); and® IVs must not be
related to confounders associated with both the exposure and the out-
come (independence assumption).>® Common MR research methods in-
clude inverse variance weighted (IVW), MR-Egger, and weighted me-
dian (WM). IVW estimates the causal effect by weighting the IVs based
on their inverse variances and works best when all IVs are valid.>® MR-
Egger considers potential horizontal pleiotropy and provides an inter-
cept term to indicate the presence of such pleiotropy.°® WM considers
the median of the weighted IV estimates, which is robust to the presence
of invalid genetic instruments.®’ The TwoSampleMR R package is the
most commonly used tool for MR analysis.®?

MR analyses include methods like single-sample MR, two-sample
MR, bidirectional MR, two-stage MR, and multivariable MR. Bidirec-
tional MR stands as a more in-depth approach built upon single-sample
MR or two-sample MR. It operates by conducting two MR analyses, in-
verting exposures and outcomes for a given phenotypic pair, which aids
in deciphering the directionality of causality.®® In situations where ex-
posures and outcomes might reciprocally influence each other, their in-
tertwined causal relationships can be analyzed using bidirectional MR.
For example, Sun et al.®% initially used 73 SNPs as IVs to assess the
causal effect of body mass index (BMI) on asthma in 56,105 adults
through single-sample MR. Following this, a reverse MR analysis was un-
dertaken. The study ultimately ascertained a unidirectional causal link
between genetically determined increases in adult BMI and an elevated
risk of asthma.

Transcriptomics

Transcriptomics examines the complete set of RNA transcripts pro-
duced by an organism’s genome. This includes messenger RNA (mRNA),
which carries the genetic information from DNA to the ribosomes for
protein synthesis, as well as other types of RNA molecules such as
non-coding RNA and splice variants.®> As second-generation sequenc-
ing technology has emerged and the cost of sequencing-based tech-
nology has decreased, research in transcriptomics has become increas-
ingly popular. This popularity can be attributed to the ability of tran-
scriptomic analysis to provide comprehensive information on gene
expression patterns and regulatory mechanisms in various biological
systems.

Transcriptomic analysis involves the measurement and quantifica-
tion of gene expression levels, alternative splicing events, and post-
transcriptional modifications. Two primary techniques used for tran-
scriptomic studies are microarray-based and RNA-sequencing (RNA-
Seq) based. Statistical models, including differential gene expression
(DE) analysis, co-expression network analysis, and pathway analysis,
are commonly employed to analyze samples. To increase the power and
reproducibility of results, it is common to replicate findings using addi-
tional independent datasets by meta-analysis. Commonly used software
including DESeq2,°® limma,’” edgeR®® for DE analysis, weighted corre-
lation network analysis (WGCNA)®° for co-expression network analysis,
and Gene Set Enrichment Analysis (GSEA),”° Ingenuity Pathway Anal-
ysis (IPA)”! for pathway enrichment analysis.

During the research process, confounding factors may affect the anal-
ysis. For example, ethnicity and ancestry can be controlled by selecting
the first few principal components (PCs). Batch effect introduces biases
to the analysis that also need to be addressed. Additionally, the cellular
composition of bulk samples can be a confounding factor that affects the
interpretation of results. To account for this, cell deconvolution methods
are used to adjust for the cellular composition.

Most childhood asthma studies analyze samples from blood, nasal ep-
ithelium, or sputum since those are readily accessible and non-invasive
ways to study the underlying mechanisms of asthma. Blood samples
provide information on immune responses and systemic inflammation.
Nasal epithelial samples are useful for studying airway inflammation
and epithelial function; some studies have suggested that nasal samples
can serve as a good surrogate for lower respiratory samples in the study
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of lung diseases. Sputum samples contain a mixture of mucus, saliva,
and cells from the lower respiratory tract that provide a direct represen-
tation of the airway secretions and cellular components that are present
in the lungs. More invasive sampling methods such as bronchoalveolar
lavage (BAL)”%72 and endobronchial biopsy,”* both of which require
bronchoscopy, have also been employed in asthma transcriptomic
research. During a BAL, saline is instilled through the bronchoscope
into a lobe of the lung then collected via suctioning for analysis, while
endobronchial biopsies involve taking small samples of tissue from the
airway lining. Detailed studies can be referenced in a review.”>

Th2/Th17 asthma subtypes

Asthma is caused by diverse pathogenic mechanisms which con-
tribute to the variability in clinical presentation and treatment response.
Th2 and Th17 immune pathways are important in the development and
progression of asthma and are considered key endotypes of the disease.
Recently, transcriptomic analysis has been increasingly used to investi-
gate the biological mechanisms underlying the Th2 and Th17 endotypes
of asthma. This approach has yielded valuable insights into the gene
expression patterns and signaling pathways involved in these immune
pathways and has helped to identify potential therapeutic targets for
asthma treatment.

Th2-driven inflammation is a type of immune response that is char-
acterized by the activation of Th2 cells and the production of cytokines
such as interleukin IL-4, IL-5, and IL-13.7° In 2006, Woodruff et al.””
first defined the three Th2 gene markers, chloride channel, calcium-
activated, family member 1 (CLCA1), serine peptidase inhibitor, clade
B (ovalbumin), member 2 (SERPINB2), and periostin (POSTN), by us-
ing microarray from airway epithelial samples. The three genes are
highly expressed in asthma compared to controls and are downregu-
lated by corticosteroid treatment. The presence of three Th2 markers
was confirmed by assessing 27 endobronchial biopsy samples.”® The
Th2-high and Th2-low subtypes exhibit contrasting features in relation
to eosinophilic inflammation, mucin composition, subepithelial fibrosis,
and corticosteroid sensitivity. A similar gene expression pattern was also
found by examination of sputum samples obtained from 104 participants
afflicted with moderate-to-severe asthma and 16 healthy volunteers.”®
The Th2 endotype was identified in these studies, and it was established
that it correlates with elevated eosinophil counts, fractional exhaled ni-
tric oxide (FeNO) levels, and IgE levels.

Th17 cells are a distinctive subset of CD4* T helper (Th) cells that
can induce neutrophilic inflammation by producing interleukin-17 (IL-
17), interleukin-22 (IL-22), and interleukin-6 (IL-6).8° In 2008, McKin-
ley et al.8! demonstrated the potential involvement of Th17 cells in
steroid-resistant asthma using a mouse model. The IL-17 pathway has
been associated with the expression of CXC chemokines, granulocyte
colony-stimulating factor (GCSF), and IL-6. IL-17A and IL-17F have
been shown to upregulate the expression of colony stimulating factor
3 (CSF3), a hematopoietic factor that promotes neutrophil production,
and the chemokines chemokine (C-X-C motif) ligand (CXCL) 1, CXCL2,
CXCL3, and IL8, which attract neutrophils. These molecules were first
used as a marker panel for Th17 cells. Additionally, a significant neg-
ative correlation between Th2 and Th17 gene expression has been es-
tablished. This reciprocal suppression was observed in bronchial epithe-
lial cells, where the Th2 signature transcripts were modestly suppressed
by IL-17A + TNF-qa, and Th17 signature transcripts were suppressed by
IL-13. It is noteworthy that Th2 and Th17 subtypes are mutually ex-
clusive in many studies,”®%%-83 but eosinophilic inflammation has been
detected in both Th2-high and Th17-high asthma.®?

ILC2 asthma subtypes

A relatively new asthma endotype, known as the ILC2 (type 2 in-
nate lymphoid cells) asthma endotype, is garnering increasing attention
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from researchers.®4 Innate lymphoid cells (ILCs) generate numerous cy-
tokines commonly associated with Th cells, yet they lack the cell surface
markers linked to other immune cell lineages (referred to as lineage-
negative or Lin—) and do not possess a T-cell receptor (TCR). In response
to allergic reactions, ILC2s rapidly produce a variety of type 2 cytokines
such as IL-4, IL-5, IL-13, IL-9, and amphiregulin (Areg). They also en-
gage in intercellular communication to regulate immune responses. In
the context of asthma, when activated by alarm cytokines released by
epithelial cells, ILC2s contribute to pulmonary inflammation by secret-
ing type 2 cytokines like IL-4, IL-5, and IL-13.8% These cytokines fur-
ther exacerbate asthma symptoms by enhancing smooth muscle contrac-
tion, mucus production, and the recruitment of inflammatory cells in the
lungs.8¢ Currently, there are some challenges in the research related to
ILC2. Unlike some other immune cells, ILC2s do not have widely rec-
ognized surface markers, making their identification and analysis rela-
tively challenging. Furthermore, although there has been some progress
in the study of ILC2s, there is relatively limited research in the field of
transcriptomics.

In summary, transcriptomics continues to evolve, and its integration
with other omics disciplines holds promise for uncovering the molec-
ular mechanisms of asthma and advancing personalized medicine ap-
proaches.

Epigenomics

Epigenomics is a field of study that explores the various chemi-
cal modifications and molecular processes that influence gene expres-
sion and regulation. These modifications, known as epigenomic varia-
tions, have the ability to modulate gene expression without altering the
DNA sequence itself. They are specific to particular cell types and tis-
sues and can respond to various environmental exposures.®” Examples
of these modifications include DNA methylation and histone modifica-
tions. Epigenomics aims to understand how these modifications control
gene activity and play a crucial role in a wide range of biological pro-
cesses, including development, aging, and environment-related asthma
pathogenesis.®® By deciphering the epigenetic landscape, researchers
can gain valuable insights into the mechanisms underlying gene reg-
ulation and potentially uncover novel insights into the pathogenesis of
childhood and adulthood asthma.

DNA methylation is a fundamental epigenetic modification that in-
volves the addition of a methyl group to the cytosine at position 5’
in cytosine-phosphate-guanine (CpG) sites.>> DNA methylation plays
a crucial role in gene regulation by influencing gene expression pat-
terns. Generally, high levels of DNA methylation in promoter regions
are associated with gene silencing, preventing the binding of transcrip-
tion factors and other regulatory proteins to the DNA. In contrast, lower
levels of DNA methylation, particularly in gene body regions, are asso-
ciated with gene activation.””

DNA methylation is commonly assessed using DNA methylation
chips, such as the Infinium Human Methylation 450K beadchip, which
covers around 450,000 CpG sites, or the Infinium Methylation EPIC
Beadchip, which extends the coverage to approximately 850,000
CpG sites across the entire genome.’! Bisulfite pyrosequencing is a
sequencing-based technique commonly used to analyze DNA methyla-
tion patterns at single-nucleotide resolution.?? Although bisulfite py-
rosequencing provides high-resolution methylation data, it is a more
costly approach compared to microarray-based technologies. Conse-
quently, the majority of epigenomics analyses have been performed us-
ing array-based methods due to their cost-effectiveness.

In statistical analysis, the primary data format is the Beta-value,
which represents the ratio of the methylated probe intensity to the
overall intensity (sum of methylated and unmethylated probe inten-
sities). Another commonly used data format is the M-value, calcu-
lated as the log2 ratio of the intensities of the methylated probe com-
pared to the unmethylated probe. The Beta-value method provides
a direct biological interpretation, as it represents the proportion of
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methylation at a specific CpG site. On the other hand, the M-value
method is more statistically valid, particularly in differential and other
statistical analyses, because it exhibits approximately homoscedastic
properties.3

EWASs serve as a key analysis structure in the field of epigenomics.”*
These studies aim to identify associations between epigenetic varia-
tions and diseases or phenotypes of interest. Additionally, differential
DNA methylation region analysis helps identify regions of the genome
where DNA methylation patterns differ significantly between different
groups or conditions.”® These regions are referred to as differentially
methylated regions (DMRs). DMRs often correspond to regulatory re-
gions, such as promoters or enhancers, and their differential methy-
lation can influence gene expression and cellular processes. Similarly,
meta-analysis among multiple studies is usually considered for consol-
idating findings. Popular statistical packages include Minfi,’® limma,%”
and methylKit.%”

As with genome studies, samples are usually from blood, airway, or
sputum. Yang and Schwartz’® conducted a study using blood samples
and identified DMRs in genes such as IL13, IL4, and RUNX3, which are
well-established to be associated with asthma and atopy. Xu et al.>°
identified hypomethylated whole-blood DNA CpG sites on genes in-
volved in activating eosinophils and cytotoxic T cells. In a meta-analysis
of eight cohorts of newborns, Reese et al.”® identified 9 specific CpG
sites and 35 genomic regions that have implications for the develop-
ment of asthma. Hoang et al.'?° found hundreds of differently methy-
lated CpG sites in blood among adults with non-atopic or atopic asthma
compared to those without asthma or atopy. Blood methylation pat-
terns also proved to be a useful proxy for studying atopic asthma in
nasal tissue, with practical research implications. Herrera-Luis et al.'0!
found consistent DNA methylation patterns in the blood associated with
lung function in pediatric asthma among Mexican Americans and Puerto
Ricans. These patterns revealed population-specific associations shared
among different Latino subgroups. Recto et al.'%? identified 490 sta-
tistically significant differentially methylated CpGs associated with IgE
in adult blood samples. Thiirmann et al.'?® found 158 DMRs in chil-
dren with asthma compared to controls, and 37% of these DMRs were
associated with eosinophil content. Their study unveiled a global hy-
pomethylation pattern predominantly impacting enhancer regions re-
sponsible for regulating immune genes such as IL4, IL5RA, and EPX.
This highlights the dysregulation of enhancer regions as a distinctive
feature of childhood asthma. In nasal epithelial tissue, an EWAS dis-
covered several DMRs associated with asthma and atopy-related genes
including ALOX15, CAPN14, HNMT, and POSTN using nasal brush-
ings.!%4 In a nasal epithelial EWAS meta-analysis, Yan et al.>? identi-
fied 12 genes that exhibited methylated CpG sites associated with ex-
posure to violence and chronic stress. Furthermore, these genes were
linked to childhood atopic asthma. An EWAS of Puerto Rico children
with atopic asthma identified differentially methylated genes relevant
to epithelial barrier function, airway epithelial integrity, and immune
regulation.!0%

Future directions include single-cell epigenomics, multi-omics inte-
gration, environmental epigenomics, and epigenetic-based therapies, of-
fering promising insights into asthma’s molecular mechanisms and per-
sonalized treatments.

Microbiome and metagenomics

While asthma has traditionally been considered primarily driven by
immune responses to allergens and irritants, emerging evidence suggests
that the respiratory microbiome may play a crucial role in asthma patho-
genesis and exacerbation.!?%-108 The microbiome encompasses a diverse
community of microorganisms residing within the human body, includ-
ing bacteria, viruses, and fungi. Metagenomics, defined as the study
of genetic material extracted directly from environmental samples, in-
volves a comprehensive analysis of this genetic material, enabling the
identification and characterization of various microorganisms without
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the need for cultivation.'%% 110 Researchers have increasingly recog-
nized the potential influence of the microbiome on the development,
progression, and exacerbation of the disease. Alterations in the compo-
sition and diversity of the airway microbiota have been linked to airway
inflammation and immune dysregulation observed in individuals with
asthma,106,111-114

Common quantification methods include 16S, 18S, and Whole
Metagenome Shotgun Sequencing (WMGS). 16S sequencing targets a
conserved region of the 16S ribosomal RNA gene, a genetic marker
found in bacteria and archaea.!'® On the other hand, 18S targets the
18S ribosomal RNA gene, commonly found in eukaryotic microorgan-
isms like fungi and protists, enabling researchers to assess the diver-
sity of these eukaryotic organisms.!'® WMGS involves sequencing all
the genetic material present in a sample, including both microbial and
host DNA, providing a comprehensive view of the genetic diversity
and functional potential of all microorganisms present. Most asthma
studies have focused on the gut and respiratory tract samples, in-
cluding BAL, sputum, bronchial biopsies, or nasal swabs/lavage. Ex-
tensive research has demonstrated that an imbalance in the gut mi-
crobiota, known as dysbiosis, significantly enhances susceptibility to
asthma. This phenomenon, termed the “gut-lung axis,” underscores
the pivotal role of the gut microbiome in the realm of respiratory
ailments.!”

These microbiome studies, challenging traditional views that fo-
cused solely on immune responses, hold the potential to uncover novel
biomarkers, therapeutic targets, and interventions that could better
manage and treat asthma. Further research is needed to unravel the in-
tricate interactions between the respiratory microbiome, host immune
responses, and the pathogenesis of asthma, ultimately leading to im-
proved diagnostic and therapeutic strategies for this complex respiratory
condition.

Integrative omics analysis

The integration of multi-omics sequencing data provides a compre-
hensive framework for understanding the molecular regulatory mech-
anisms of asthma. As is shown in Fig. 2, starting from the identifica-
tion of genetic variations like SNPs, we delve deeper into their func-
tional implications. Expression quantitative trait loci (eQTL) has been
developed to explore the associations between genomics and transcrip-
tomics,?° while methylation quantitative trait loci (mQTL) associates
these SNPs to specific methylation patterns. One particularly reveal-
ing approach within this context is expression quantitative trait methy-
lation (eQTM), which associates methylation patterns with transcript
levels.

In a previous study we conducted, eQTL analysis was employed to
examine genomic and transcriptomic associations in whole blood from
121 Puerto Rican children. This study led to the discovery of several
asthma-related genes influenced by specific genetic variations, such as
SCGB3A1, IPO8, CHURC1, and FAM118A.''® By connecting genomics to
transcriptomics, researchers can gain deeper insights into how genetic
variations influence gene expression, potentially unraveling the molecu-
lar mechanisms driving the complex disease process of asthma.!'® Simi-
larly, mQTL analysis can be used to identify genetic loci associated with
site-specific DNA methylation of CpGs.'2°

Parallelly, eQTM studies can be used to explore the distant epige-
netic regulation of gene expression in asthma.'?! eQTM refers to the
association between DNA methylation patterns and gene expression lev-
els. It aims to identify DNA methylation sites (often CpG sites) that are
correlated with gene expression levels and provide insights into the reg-
ulatory mechanisms underlying gene expression directly. There are two
main types of eQTM analysis, defined by the gene-CpGs distance. Cis-
eQTM refers to the association between DNA methylation at genetic loci
near a gene. It focuses on DNA methylation sites within the vicinity of
the target gene, typically within a certain genomic distance, such as the
promoter region or nearby cis-regulatory elements. In contrast, trans-
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Fig. 2. Multi-omics integration enables a comprehensive understanding of asthma. Figure was created with Biorender.com. eQTL: Expression quantitative trait loci;
eQTM: Expression quantitative trait methylation; EWAS: Epigenome-wide association study; GWAS: Genome-wide association study; mQTL: Methylation quantitative
trait loci; SNP: Single-nucleotide polymorphism; TWAS: Transcriptome-wide association study.

eQTM examines the relationship between DNA methylation at genetic
loci distant from a gene and the expression of that gene. Trans-eQTM
analysis identifies associations between DNA methylation and gene ex-
pression that occur across chromosomes.

Kim et al.'?! utilized nasal epithelium samples and identified a to-
tal of 16,867 significant pairs of methylation-gene expression associ-
ations. Notably, the majority of these associations were characterized
as trans-eQTM signals. They also identified 5934 paths that represent
potential pathways connecting the effects of methylation markers on
gene expression to the development of atopic asthma through mediation
analysis.

To further integrate multiple layers of information, colocalization
studies can be utilized to integrate multi-omics data, such as combining
GWAS with eQTL and mQTL, to investigate the regulatory effects of
asthma risk variants.'?> These approaches hold promise for providing
new insights into the regulatory mechanisms of asthma.

Summary and prospects

As the field of asthma omics research continues to advance rapidly,
there are several promising directions for future exploration. To our
knowledge, most of the current asthma omics research is based on bulk
sequencing, such as bulk RNA-seq, which detects the average expres-
sion level of genes at the tissue level, thereby masking cellular het-
erogeneity. Single-cell sequencing offers the possibility of identifying
molecular variances exclusively associated with specific cell types, en-
abling the detection of rare cell subsets and key cellular processes in-
volved in disease development, which is crucial for studying the mecha-
nisms of asthma.'?® For example, Tibbitt et al.'>* conducted single-cell
RNA sequencing (scRNA-seq) on Th cells isolated from BAL samples in
mouse models of allergic airway inflammation and identified previously
undescribed Th cell subpopulation. Liu et al'?> conducted scRNA-seq
analysis on mouse lung immune cells and identified Creb5 and CD11b-
DCs as regulatory factors in asthma exacerbation. These studies demon-
strate the successful application of single-cell sequencing in asthma
research.

Moreover, recent developments in single-cell omics technologies
such as CITE-seq (cellular indexing of transcriptomes and epitopes
by sequencing)'?® and DOGMA-seq, an adaptation of CITE-seq for
measuring gene activity across the central dogma of gene regulation,'%’
enable multi-modalities measurements for the same cell at the genome,
transcriptome, or epigenome scale, which are anticipated to provide
unprecedented insight and resolution for asthma research. In addition,

the emerging spatial transcriptomics technology, capable of providing
whole transcriptome data with spatial information, offers opportunities
for investigating the spatial location of asthma immune cells in the
future.!28:129

Table 1 presents a curated list of publicly available genomics datasets
related to asthma. These datasets serve as vital foundations for sci-
entists, clinicians, and researchers worldwide, offering valuable infor-
mation for us to deepen our understanding of this chronic respiratory
condition. Researchers can leverage these resources to identify novel
biomarkers, unveil intricate disease mechanisms, and develop person-
alized treatment strategies. Although advancements in high-throughput
sequencing technologies have generated increasingly high-dimensional
multi-omics data, the integration of multi-omics analyses in asthma re-
search remains in the primary stage. The future challenge will involve
analyzing and integrating these multi-omics datasets, requiring more
efforts to develop various multi-omics integration analysis methods, in-
cluding machine learning and deep learning approaches, to gain deeper
and more comprehensive insights into the molecular processes underly-
ing asthma pathogenesis and progression.”>:130

Omics has immense potential to become a precision medicine tool
used in the clinical care of individuals with asthma. Despite the abun-
dance of knowledge derived from asthma omics research, asthma omics
approaches are not yet routinely employed in the clinical setting.”> 131
For omics testing to translate to clinical practice, ideally, testing should
be inexpensive, non-invasive, readily available, and indicated for spe-
cific clinical questions (e.g., for asthma diagnosis, phenotyping, moni-
toring, or therapeutic decision-making), and results should be simple to
interpret in the context of the clinical question and should impact medi-
cal decision-making. Because asthma control fluctuates in an individual
patient, short wait time for results would also greatly enhance the feasi-
bility of employing omics testing for disease monitoring or therapeutic
decision-making. High sensitivity, specificity, accuracy, and precision
are also ideal qualities of tests routinely employed in clinical practice.
Further research will be needed to establish which specific omics ap-
proaches can and should be applied in the routine clinical care of indi-
viduals with asthma.

In sum, our understanding of asthma, a highly complex and preva-
lent disease, has been greatly enhanced through omics techniques ex-
amining the genome, transcriptome, and epigenome. Ongoing omics
research, including studies that utilize emerging technologies such
as scRNA and multi-omics approaches, has immense potential to
further elucidate valuable information on asthma pathogenesis and
progression.
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Table 1
Public available genomics datasets of asthma.
Study Data type Sample Sample Size GSE/EGA ID
Genes-environments & Admixture in Latino Americans (GALAII) Gene expression (RNA-seq) Nasal brushes 695 GSE152004
University of Chicago Asthma & COPD Center Gene expression (RNA-seq) Airway epithelial cells 85 GSE85568
(AECs)
Prevention and Incidence of Asthma and Mite Allergy (PIAMA) Gene expression (RNA-seq) Nasal brushes 186 EGAD00001008767
Chronic Rhinosinusitis Integrative Studies Program (CRISP) Gene expression (RNA-seq) AECs 190 GSE172367
Severe Asthma Research Program (SARP) Gene expression (Microarray) Bronchial biopsy 108 GSE43696
Mechanistic Indicators of Asthma (MICA) Gene expression (Microarray) Peripheral blood 131 GSE35571
AllerGen Clinical Investigator Collaborative (CIC) Gene expression (Microarray) Peripheral blood 28 GSE40240
GSE41649 Gene expression (Microarray) Bronchial biopsy 8 GSE41649
The Nationwide Study on Problematic Severe Asthma in Sweden Gene expression (Microarray) White blood cells 54 GSE27011
GSE18965 Gene expression (Microarray) AECs 112 GSE18965
GSE16032 Gene expression (Microarray) Peripheral blood 50 GSE16032
mononuclear cells
(PBMCs)
Mechanisms of Acute Viral Respiratory Infection in Children Gene expression (Microarray) Nasal swab specimen 106 GSE103166
(MAVRIC)
The Unbiased Biomarkers for the Prediction of Respiratory Disease Gene expression (Microarray) Blood 216 GSE123750
Outcomes (U-BIOPRED)
Inner City Asthma Consortium (ICAC) Gene expression (Microarray) PBMCs 194 GSE40736
Swedish Abbreviation for Children, Allergy, Milieu, Stockholm, Gene expression (Microarray) Whole blood 256 GSE141623
Epidemiology (BAMSE)
INfancia y Medio Ambiente (Environment and Childhood) (INMA) Gene expression (Microarray) Whole blood 201 GSE141631
Inner City Asthma Consortium (ICAC) DNA methylation (Microarray) PBMCs 194 GSE40736
University of Chicago Asthma & COPD Center DNA methylation (Microarray) AECs 115 GSE85568
GSE109446 DNA methylation (Microarray) Nasal epithelial cells 29 GSE109446
(NECs)
Chronic Rhinosinusitis Integrative Studies Program (CRISP) DNA methylation (Microarray) AECs 206 GSE172365
Genes-environments & Admixture in Latino Americans (GALAII) DNA methylation (Microarray) Whole blood 573 GSE77716
Prevention and Incidence of Asthma and Mite Allergy (PIAMA) DNA methylation (Microarray) Nasal brushes 696 EGAD00010002263

COPD: Chronic obstructive pulmonary disease; RNA-seq: RNA-sequencing.

Declaration of competing interest

The authors declare that they have no known competing financial

interests or personal relationships that could have appeared to influence
the work reported in this paper.

References

10.

11.

12.

13.

14.

15.

. Hsu J, Qin X, Beavers SF, Mirabelli

. Control

. Global Initiative for Asthma (GINA). Global strategy for asthma management and

prevention. 2022. Available from: http://www.ginasthma.org/. [Last accessed on
January 2, 2024].

. The Global Asthma Report 2022. Int J Tuberc Lung Dis. 2022;26(Supp 1):1-104.

doi:10.5588/ijtld.22.1010.

. Serebrisky D, Wiznia A. Pediatric asthma: a global epidemic. Ann Glob Health.

2019;85:6. doi:10.5334/a0gh.2416.

. Enilari O, Sinha S. The global impact of asthma in adult populations. Ann Glob Health.

2019;85:2. doi:10.5334/a0gh.2412.

. Network GA. The Global Asthma Report. New Zealand: Auckland; 2018.
. Pate CA, Zahran HS, Qin X, Johnson C, Hummelman E, Malilay J. Asthma

surveillance—United States,
doi:10.15585/mmwr.ss7005al.

2006-2018. MMWR Surveill Summ. 2021;70:1.

MC. Asthma-related school absen-
teeism, morbidity, and modifiable factors. Am J Prev Med. 2016;51:23-32.
doi:10.1016/j.amepre.2015.12.012.

for Disease Control and Prevention. AsthmaStats:
missed school days among children aged 5-17 years.

http://www.ginasthma.org/. [Last accessed on January 2, 2024].

asthma-related
Available from:

. Braman SS. The global burden of asthma. Chest. 2006;130(1 Suppl):4S-12S.

doi:10.1378/chest.130.1_suppl.4S.

Bahadori K, Doyle-Waters MM, Marra C, et al. Economic burden of asthma: a sys-
tematic review. BMC Pulm Med. 2009;9:1-16. doi:10.1186/1471-2466-9-24.
Castillo JR, Peters SP, Busse WW. Asthma exacerbations: pathogenesis,
prevention, and treatment. J Allergy Clin Immunol Pract. 2017;5:918-927.
doi:10.1016/j.jaip.2017.05.001.

Jackson DJ, Sykes A, Mallia P, Johnston SL. Asthma exacerbations: ori-
gin, effect, and prevention. J Allergy Clin Immunol. 2011;128:1165-1174.
doi:10.1016/j.jaci.2011.10.024.

Puranik S, Forno E, Bush A, Celedén JC. Predicting severe asthma ex-
acerbations in children. Am J Respir Crit Care Med. 2017;195:854-859.
doi:10.1164/rccm.201606-1213PP.

Fleming L. Asthma exacerbation prediction: recent insights. Curr Opin Allergy Clin
Immunol. 2018;18:117-123. doi:10.1097/ACI1.0000000000000428.

Stern J, Pier J, Litonjua AA. Asthma epidemiology and risk factors. Semin Im-
munopathol. 2020;42:5-15. doi:10.1007/s00281-020-00785-1.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

Carr TF, Bleecker E. Asthma heterogeneity and severity. World Allergy Organ J.
2016;9:41. doi:10.1186/540413-016-0131-2.

Lambrecht BN, Hammad H. The immunology of asthma. Nat Immunol. 2015;16:45—
56. doi:10.1038/ni.3049.

Hammad H, Lambrecht BN. The basic immunology of asthma. Cell. 2021;184:1469-
1485. doi:10.1016/j.cell.2021.02.016.

Golebski K, Kabesch M, Melén E, et al. Childhood asthma in the new omics
era: challenges and perspectives. Curr Opin Allergy Clin Immunol. 2020;20:155.
doi:10.1097/ACIL.0000000000000626.

Lotvall J, Akdis CA, Bacharier LB, et al. Asthma endotypes: a new approach to clas-
sification of disease entities within the asthma syndrome. J Allergy Clin Immunol.
2011;127:355-360. doi:10.1016/j.jaci.2010.11.037.

Wenzel SE, Schwartz LB, Langmack EL, et al. Evidence that severe asthma can
be divided pathologically into two inflammatory subtypes with distinct physio-
logic and clinical characteristics. Am J Respir Crit Care Med. 1999;160:1001-1008.
doi:10.1164/ajrcem.160.3.9812110.

Humbert M, Busse W, Hanania NA, et al. Omalizumab in asthma: an
update on recent developments. J Allergy Clin Immunol Pract. 2014;2 525-536.e1.
doi:10.1016/j.jaip.2014.03.010.

Fahy JV. Type 2 inflammation in asthma—present in most, absent in many. Nat Rev
Immunol. 2015;15:57-65. doi:10.1038/nri3807.

Donovan BM, Bastarache L, Turi KN, Zutter MM, Hartert TV. The current state of
omics technologies in the clinical management of asthma and allergic diseases. Ann
Allergy Asthma Immunol. 2019;123:550-557. doi:10.1016/j.anai.2019.08.460.
Moffatt MF, Kabesch M, Liang L, et al. Genetic variants regulating ORMDL3 ex-
pression contribute to the risk of childhood asthma. Nature. 2007;448:470-473.
doi:10.1038/nature06014.

Hancock DB, Romieu I, Shi M, et al. Genome-wide association study im-
plicates chromosome 9q21. 31 as a susceptibility locus for asthma in
Mexican children. PLoS Genet. 2009;5:e1000623. doi:10.1371/annota-
tion/dde89c4c-03f7-4747-8426-180c4ecee5d5.

Yan Q, Forno E, Herrera-Luis E, et al. A genome-wide association study of
severe asthma exacerbations in Latino children and adolescents. Eur Respir J.
2021;57:2002693. doi:10.1183/13993003.02693-2020.

Yan Q, Forno E, Herrera-Luis E, et al. A genome-wide association study of
asthma hospitalizations in adults. J Allergy Clin Immunol. 2021;147:933-940.
doi:10.1016/j.jaci.2020.08.020.

Gilad Y, Rifkin SA, Pritchard JK. Revealing the architecture of gene reg-
ulation: the promise of eQTL studies. Trends Genetics. 2008;24:408-415.
doi:10.1016/j.tig.2008.06.001.

Xu CJ, Soderhdll C, Bustamante M, et al. DNA methylation in childhood
asthma: an epigenome-wide meta-analysis. Lancet Respir Med. 2018;6:379-388.
doi:10.1016/52213-2600(18)30052-3.

Jiang Y, Forno E, Han YY, et al. A genome-wide study of DNA methylation in white
blood cells and asthma in Latino children and youth. Epigenetics. 2021;16:577-585.
doi:10.1080/15592294.2020.1809872.


http://www.ginasthma.org/
https://doi.org/10.5588/ijtld.22.1010
https://doi.org/10.5334/aogh.2416
https://doi.org/10.5334/aogh.2412
http://refhub.elsevier.com/S2772-5588(24)00003-3/sbref0005
https://doi.org/10.15585/mmwr.ss7005a1
https://doi.org/10.1016/j.amepre.2015.12.012
http://www.ginasthma.org/
https://doi.org/10.1378/chest.130.1_suppl.4S
https://doi.org/10.1186/1471-2466-9-24
https://doi.org/10.1016/j.jaip.2017.05.001
https://doi.org/10.1016/j.jaci.2011.10.024
https://doi.org/10.1164/rccm.201606-1213PP
https://doi.org/10.1097/ACI.0000000000000428
https://doi.org/10.1007/s00281-020-00785-1
https://doi.org/10.1186/s40413-016-0131-2
https://doi.org/10.1038/ni.3049
https://doi.org/10.1016/j.cell.2021.02.016
https://doi.org/10.1097/ACI.0000000000000626
https://doi.org/10.1016/j.jaci.2010.11.037
https://doi.org/10.1164/ajrccm.160.3.9812110
https://doi.org/10.1016/j.jaip.2014.03.010
https://doi.org/10.1038/nri3807
https://doi.org/10.1016/j.anai.2019.08.460
https://doi.org/10.1038/nature06014
https://doi.org/10.1371/annotation/dde89c4c-03f7-4747-8426-180c4ecee5d5
https://doi.org/10.1183/13993003.02693-2020
https://doi.org/10.1016/j.jaci.2020.08.020
https://doi.org/10.1016/j.tig.2008.06.001
https://doi.org/10.1016/S2213-2600(18)30052-3
https://doi.org/10.1080/15592294.2020.1809872

M. Yue, S. Tao, K. Gaietto et al.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

Yan Q, Forno E, Cardenas A, et al. Exposure to violence, chronic stress, nasal DNA
methylation, and atopic asthma in children. Pediatr Pulmonol. 2021;56:1896-1905.
doi:10.1002/ppul.25372.

Xu P, Wang L, Chen D, et al. The application of proteomics in the di-
agnosis and treatment of bronchial asthma. Ann Transl Med. 2020;8:132.
doi:10.21037/atm.2020.02.30.

Shaw DE, Sousa AR, Fowler SJ, et al. Clinical and inflammatory characteristics of the
European U-BIOPRED adult severe asthma cohort. Eur Respir J. 2015;46:1308-1321.
doi:10.1183/13993003.00779-2015.

Bigler J, Boedigheimer M, Schofield JPR, et al. A severe asthma disease signature
from gene expression profiling of peripheral blood from U-BIOPRED cohorts. Am J
Respir Crit Care Med. 2017;195:1311-1320. doi:10.1164/rccm.201604-08660C.
Wilson SJ, Ward JA, Sousa AR, et al. Severe asthma exists despite suppressed tissue
inflammation: findings of the U-BIOPRED study. Eur Respir J. 2016;48:1307-1319.
doi:10.1183/13993003.01129-2016.

Uffelmann E, Huang QQ, Munung NS, et al. Genome-wide association studies. Nat
Rev Methods Primers. 2021;1:59. doi:10.1038/543586-021-00056-9.

Tam V, Patel N, Turcotte M, Bossé Y, Paré G, Meyre D. Benefits and lim-
itations of genome-wide association studies. Nat Rev Genet. 2019;20:467-484.
doi:10.1038/541576-019-0127-1.

Fuchsberger C, Taliun D, Pramstaller PP, Pattaro C; CKDGen consortium. GWAtool-
box: an R package for fast quality control and handling of genome-wide association
studies meta-analysis data. Bioinformatics. 2011;28:444-445. doi:10.1093/bioinfor-
matics/btr679.

Stephen DT. ggman: an R package for visualizing GWAS results using Q-Q and man-
hattan plots. bioRxiv 2014:005165. doi:10.1101/005165.

Aulchenko YS, Ripke S, Isaacs A, van Duijn CM. GenABEL: an R library for genome-
wide association analysis. Bioinformatics. 2007;23:1294-1296. doi:10.1093/bioin-
formatics/btm108.

Purcell S, Neale B, Todd-Brown K, et al. PLINK: a tool set for whole-genome asso-
ciation and population-based linkage analyses. Am J Hum Genet. 2007;81:559-575.
doi:10.1086/519795.

Willer CJ, Li Y, Abecasis GR. METAL: fast and efficient meta-analysis of genomewide
association scans. Bioinformatics. 2010;26:2190-2191. doi:10.1093/bioinformat-
ics/btq340.

Sleiman PM, Flory J, Imielinski M, et al. Variants of DENND1B associated with
asthma in children. N Engl J Med. 2010;362:36-44. doi:10.1056/NEJM0a0901867.
Qiu R, Zhao H, Wang A, Gong Y, Liu Q. Association of genetic variants in chromo-
some 17921 and adult-onset asthma in a Chinese Han population. BMC Med Genet.
2011;12:1-7. doi:10.1186/1471-2350-12-133.

Stein MM, Thompson EE, Schoettler N, et al. A decade of research on the 17q12-21
asthma locus: piecing together the puzzle. J Allergy Clin Immunol. 2018;142: 749-
764.e3. doi:10.1016/j.jaci.2017.12.974.

Han Y, Jia Q, Jahani PS, et al. Genome-wide analysis highlights contribution of
immune system pathways to the genetic architecture of asthma. Nat Commun.
2020;11:1776. doi:10.1038/541467-020-15649-3.

Tantisira KG, Lasky-Su J, Harada M, et al. Genomewide association between GLCCI1
and response to glucocorticoid therapy in asthma. N Engl J Med. 2011;365:1173~
1183. doi:10.1056/NEJMo0a0911353.

Namjou B, Lape M, Malolepsza E, et al
score for pediatric asthma. J Allergy Clin Immunol.
doi:10.1016/j.jaci.2022.03.035.

Mathias RA. Introduction to genetics and genomics in asthma: genetics of asthma.
Adv Exp Med Biol. 2014;795:125-155. doi:10.1007/978-1-4614-8603-9_9.

Ferreira MAR, Mathur R, Vonk JM, et al. Genetic architectures of childhood-
and adult-onset asthma are partly distinct. Am J Hum Genet. 2019;104:665-684.
doi:10.1016/j.ajhg.2019.02.022.

Ober C. Asthma genetics in the post-GWAS era. Ann Am Thorac Soc. 2016;13(Suppl
1):585-590. doi:10.1513/AnnalsATS.201507-459MG.

Dijk FN, Folkersma C, Gruzieva O, et al. Genetic risk scores do not improve
asthma prediction in childhood. J Allergy Clin Immunol. 2019;144: 857-860.e7.
doi:10.1016/j.jaci.2019.05.017.

Stikker BS, Hendriks RW, Stadhouders R. Decoding the genetic and epigenetic basis
of asthma. Allergy. 2023;78:940-956. doi:10.1111/all.15666.

Aschard H, Chen J, Cornelis MC, Chibnik LB, Karlson EW, Kraft P. Inclusion
of gene-gene and gene-environment interactions unlikely to dramatically im-
prove risk prediction for complex diseases. Am J Hum Genet. 2012;90:962-972.
doi:10.1016/j.ajhg.2012.04.017.

Tsuo K, Zhou W, Wang Y, et al. Multi-ancestry meta-analysis of asthma identifies
novel associations and highlights the value of increased power and diversity. Cell
Genom. 2022;2:100212. doi:10.1016/j.xgen.2022.100212.

de Leeuw C, Savage J, Bucur IG, Heskes T, Posthuma D. Understanding the as-
sumptions underlying Mendelian randomization. Eur J Hum Genet. 2022;30:653—
660. doi:10.1038/541431-022-01038-5.

Boef AG, Dekkers OM, Le Cessie S. Mendelian randomization studies: a review of
the approaches used and the quality of reporting. Int J Epidemiol. 2015;44:496-511.
doi:10.1093/ije/dyv071.

Lin Z, Deng Y, Pan W. Combining the strengths of inverse-variance weighting and
Egger regression in Mendelian randomization using a mixture of regressions model.
PLoS Genet. 2021;17:€1009922. doi:10.1371/journal.pgen.1009922.

Burgess S, Thompson SG. Interpreting findings from Mendelian random-
ization using the MR-Egger method. Eur J Epidemiol. 2017;32:377-389.
doi:10.1007/510654-017-0276-5.

Bowden J, Davey Smith G, Haycock PC, Burgess S. Consistent estimation in
Mendelian randomization with some invalid instruments using a weighted median
estimator. Genet Epidemiol. 2016;40:304-314. doi:10.1002/gepi.21965.

Multiancestral polygenic risk
2022;150:1086-1096.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

Chinese Medical Journal Pulmonary and Critical Care Medicine 2 (2024) 1-9

Hemani G, Zheng J, Elsworth B, et al. The MR-Base platform supports sys-
tematic causal inference across the human phenome. Elife. 2018;7:€34408.
doi:10.7554/eLife.34408.

Sanderson E, Glymour MM, Holmes MV, et al. Mendelian randomization. Nat Rev
Methods Primers. 2022;2:6. doi:10.1038/s43586-021-00092-5.

Sun YQ, Brumpton BM, Langhammer A, Chen Y, Kvalgy K, Mai XM. Adiposity and
asthma in adults: a bidirectional Mendelian randomisation analysis of the HUNT
study. Thorax. 2020;75:202-208. doi:10.1136/thoraxjnl-2019-213678.
Transcriptomics — An overview | ScienceDirect Topics. Available from: https://www.
sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/
transcriptomics. [Last accessed on May 10, 2023].

Love MI, Huber W, Anders S. Moderated estimation of fold change and
dispersion for RNA-seq data with DESeq2. Genome Biol. 2014;15:550.
doi:10.1186/513059-014-0550-8.

Ritchie ME, Phipson B, Wu D, et al. Limma powers differential expression analy-
ses for RNA-sequencing and microarray studies. Nucleic Acids Res. 2015; 43:e47.
doi:10.1093/nar/gkv007.

Robinson MD, McCarthy DJ, Smyth GK. edgeR: A bioconductor package for differen-
tial expression analysis of digital gene expression data. Bioinformatics. 2009;26:139-
140. doi:10.1093/bioinformatics/btp616.

Langfelder P, Horvath S. WGCNA: an R package for weighted correlation network
analysis. BMC Bioinformatics. 2008;9:559. doi:10.1186,/1471-2105-9-559.
Subramanian A, Tamayo P, Mootha VK, et al. Gene set enrichment analysis: a
knowledge-based approach for interpreting genome-wide expression profiles. Proc
Natl Acad Sci U S A. 2005;102:15545-15550. doi:10.1073/pnas.0506580102.
Krémer A, Green J, Pollard Jr J, Tugendreich S. Causal analysis approaches in in-
genuity pathway analysis. Bioinformatics. 2014;30:523-530. doi:10.1093/bioinfor-
matics/btt703.

Seumois G, Ramirez-Sudstegui C, Schmiedel BJ, et al. Single-cell transcriptomic anal-
ysis of allergen-specific T cells in allergy and asthma. Sci immunol. 2020;5:eaba6087.
doi:10.1126/sciimmunol.aba6087.

Liu W, Liu S, Verma M, et al. Mechanism of TH2/TH17-predominant and neu-
trophilic TH2/TH17-low subtypes of asthma. J Allergy Clin Immunol. 2017;139:
1548-1558.e4. doi:10.1016/j.jaci.2016.08.032.

Yick CY, Zwinderman AH, Kunst PW, et al. Transcriptome sequencing (RNA-Seq) of
human endobronchial biopsies: asthma versus controls. Eur Respir J. 2013;42:662—
670. doi:10.1183/09031936.00115412.

Gautam Y, Johansson E, Mersha TB. Multi-omics profiling approach to asthma: an
evolving paradigm. J Pers Med. 2022;12:66. doi:10.3390/jpm12010066.

Zhu J. T helper 2 (Th2) cell differentiation, type 2 innate lymphoid cell (ILC2) de-
velopment and regulation of interleukin-4 (IL-4) and IL-13 production. Cytokine.
2015;75:14-24. doi:10.1016/j.cyt0.2015.05.010.

Woodruff PG, Boushey HA, Dolganov GM, et al. Genome-wide profiling iden-
tifies epithelial cell genes associated with asthma and with treatment re-
sponse to corticosteroids. Proc Natl Acad Sci U S A. 2007;104:15858-15863.
doi:10.1073/pnas.0707413104.

Choy DF, Modrek B, Abbas AR, et al. Gene expression patterns of Th2 inflammation
and intercellular communication in asthmatic airways. J Immunol. 2011;186:1861—
1869. doi:10.4049/jimmunol.1002568.

Kuo CS, Pavlidis S, Loza M, et al. T-helper cell type 2 (Th2) and non-Th2 molecular
phenotypes of asthma using sputum transcriptomics in U-BIOPRED. Eur Respir J.
2017;49:1602135. doi:10.1183/13993003.02135-2016.

Tesmer LA, Lundy SK, Sarkar S, Fox DA. Th17 cells in human disease. Immunol Rev.
2008;223:87-113. d0i:10.1111/j.1600-065X.2008.00628.x.

McKinley L, Alcorn JF, Peterson A, et al. TH17 cells mediate steroid-resistant airway
inflammation and airway hyperresponsiveness in mice. J Immunol. 2008;181:4089-
4097. doi:10.4049/jimmunol.181.6.4089.

Diver S, Sridhar S, Khalfaoui LC, et al. Feno differentiates epithelial gene expression
clusters: exploratory analysis from the MESOS randomized controlled trial. J Allergy
Clin Immunol. 2022;150:830-840. doi:10.1016/j.jaci.2022.04.024.

Choy DF, Hart KM, Borthwick LA, et al. TH2 and TH17 inflammatory pathways are
reciprocally regulated in asthma. Sci Transl Med. 2015;7:301ra129. doi:10.1126/sc-
itranslmed.aab3142.

McKenzie AN. Type-2 innate lymphoid cells in asthma and allergy. Ann Am Thorac
Soc. 2014;11:5263-5270. doi:10.1513/AnnalsATS.201403-097AW.

Elemam NM, Hannawi S, Maghazachi AA. Innate lymphoid cells (ILCs) as media-
tors of inflammation, release of cytokines and lytic molecules. Toxins. 2017;9:398.
doi:10.3390/toxins9120398.

Peebles RS Jr, Aronica MA. Proinflammatory pathways in the pathogenesis of
asthma. Clin Chest Med. 2019;40:29-50. do0i:10.1016/j.ccm.2018.10.014.

Wang KC, Chang HY. Epigenomics: technologies and applications. Circ Res.
2018;122:1191-1199. doi:10.1161/CIRCRESAHA.118.310998.

Yang IV, Schwartz DA. Epigenetic mechanisms and the development of asthma. J
Allergy Clin Immunol. 2012;130:1243-1255. doi:10.1016/j.jaci.2012.07.052.

Moore LD, Le T, Fan G. DNA methylation and its basic function. Neuropsychophar-
macology. 2013;38:23-38. doi:10.1038/npp.2012.112.

Dhar GA, Saha S, Mitra P. Nag Chaudhuri R. DNA methylation and regu-
lation of gene expression: guardian of our health. Nucleus. 2021;64:259-270.
do0i:10.1007/s13237-021-00367-y.

Solomon O, Maclsaac J, Quach H, et al. Comparison of DNA methylation measured
by Illumina 450K and EPIC BeadChips in blood of newborns and 14-year-old chil-
dren. Epigenetics. 2018;13:655-664. doi:10.1080/15592294.2018.1497386.

Li Y, Tollefsbol TO. DNA methylation detection: bisulfite genomic
sequencing analysis. Methods Mol Biol. 2011;791:11-21. doi:10.1007/978-1-61779-
316-5_2.


https://doi.org/10.1002/ppul.25372
https://doi.org/10.21037/atm.2020.02.30
https://doi.org/10.1183/13993003.00779-2015
https://doi.org/10.1164/rccm.201604-0866OC
https://doi.org/10.1183/13993003.01129-2016
https://doi.org/10.1038/s43586-021-00056-9
https://doi.org/10.1038/s41576-019-0127-1
https://doi.org/10.1093/bioinformatics/btr679
http://10.1101/005165
https://doi.org/10.1093/bioinformatics/btm108
https://doi.org/10.1086/519795
https://doi.org/10.1093/bioinformatics/btq340
https://doi.org/10.1056/NEJMoa0901867
https://doi.org/10.1186/1471-2350-12-133
https://doi.org/10.1016/j.jaci.2017.12.974
https://doi.org/10.1038/s41467-020-15649-3
https://doi.org/10.1056/NEJMoa0911353
https://doi.org/10.1016/j.jaci.2022.03.035
https://doi.org/10.1007/978-1-4614-8603-9_9
https://doi.org/10.1016/j.ajhg.2019.02.022
https://doi.org/10.1513/AnnalsATS.201507-459MG
https://doi.org/10.1016/j.jaci.2019.05.017
https://doi.org/10.1111/all.15666
https://doi.org/10.1016/j.ajhg.2012.04.017
https://doi.org/10.1016/j.xgen.2022.100212
https://doi.org/10.1038/s41431-022-01038-5
https://doi.org/10.1093/ije/dyv071
https://doi.org/10.1371/journal.pgen.1009922
https://doi.org/10.1007/s10654-017-0276-5
https://doi.org/10.1002/gepi.21965
https://doi.org/10.7554/eLife.34408
https://doi.org/10.1038/s43586-021-00092-5
https://doi.org/10.1136/thoraxjnl-2019-213678
https://www.sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/transcriptomics
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1093/bioinformatics/btt703
https://doi.org/10.1126/sciimmunol.aba6087
https://doi.org/10.1016/j.jaci.2016.08.032
https://doi.org/10.1183/09031936.00115412
https://doi.org/10.3390/jpm12010066
https://doi.org/10.1016/j.cyto.2015.05.010
https://doi.org/10.1073/pnas.0707413104
https://doi.org/10.4049/jimmunol.1002568
https://doi.org/10.1183/13993003.02135-2016
https://doi.org/10.1111/j.1600-065X.2008.00628.x
https://doi.org/10.4049/jimmunol.181.6.4089
https://doi.org/10.1016/j.jaci.2022.04.024
https://doi.org/10.1126/scitranslmed.aab3142
https://doi.org/10.1513/AnnalsATS.201403-097AW
https://doi.org/10.3390/toxins9120398
https://doi.org/10.1016/j.ccm.2018.10.014
https://doi.org/10.1161/CIRCRESAHA.118.310998
https://doi.org/10.1016/j.jaci.2012.07.052
https://doi.org/10.1038/npp.2012.112
https://doi.org/10.1007/s13237-021-00367-y
https://doi.org/10.1080/15592294.2018.1497386
https://doi.org/10.1007/978-1-61779-\penalty -\@M 316-5_2

M. Yue, S. Tao, K. Gaietto et al.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

110.

111.

112.

Du P, Zhang X, Huang CC, et al. Comparison of Beta-value and M-value meth-
ods for quantifying methylation levels by microarray analysis. BMC Bioinformatics.
2010;11:1-9. doi:10.1186/1471-2105-11-587.

Flanagan JM. Epigenome-wide association studies (EWAS): past, present, and future.
Methods Mol Biol. 2015;1238:51-63. doi:10.1007/978-1-4939-1804-1_3.
Kurdyukov S, Bullock M. DNA methylation analysis: Choosing the right method.
Biology. 2016;5:3. doi:10.3390/biology5010003.

Aryee MJ, Jaffe AE, Corrada-Bravo H, et al. Minfi: a flexible and comprehensive
bioconductor package for the analysis of infinium DNA methylation microarrays.
Bioinformatics. 2014;30:1363-1369. doi:10.1093/bioinformatics/btu049.

Akalin A, Kormaksson M, Li S, et al. methylKit: A comprehensive R package for
the analysis of genome-wide DNA methylation profiles. Genome Biol. 2012;13:R87.
doi:10.1186/gb-2012-13-10-r87.

Yang IV, Pedersen BS, Liu A, et al. DNA methylation and childhood asthma in the
inner city. J Allergy Clin Immunol. 2015;136:69-80. doi:10.1016/j.jaci.2015.01.025.
Reese SE, Xu CJ, den Dekker HT, et al. Epigenome-wide meta-analysis of DNA
methylation and childhood asthma. J Allergy Clin Immunol. 2019;143:2062-2074.
doi:10.1016/j.jaci.2018.11.043.

Hoang TT, Sikdar S, Xu CJ, et al. Epigenome-wide association study of DNA
methylation and adult asthma in the agricultural lung health study. Eur Respir J.
2020;56:2000217. doi:10.1183/13993003.00217-2020.

Herrera-Luis E, Li A, Mak ACY, et al. Epigenome-wide association study of lung
function in Latino children and youth with asthma. Clin Epigenetics. 2022;14:9.
doi:10.1186/5s13148-022-01227-5.

Recto K, Kachroo P, Huan T, et al. Epigenome-wide DNA methylation association
study of circulating IgE levels identifies novel targets for asthma. EBioMedicine.
2023;95:104758. doi:10.1016/j.ebiom.2023.104758.

Thiirmann L, Kl6s M, Mackowiak SD, et al. Global hypomethylation in childhood
asthma identified by genome-wide DNA-methylation sequencing preferentially af-
fects enhancer regions. Allergy. 2023;78:1489-1506. doi:10.1111/all.15658.

Yang IV, Pedersen BS, Liu AH, et al. The nasal methylome and child-
hood atopic asthma. J Allergy Clin Immunol. 2017;139:1478-1488.
doi:10.1016/j.jaci.2016.07.036.

Forno E, Wang T, Qi C, et al. A genome-wide study of DNA methylation in nasal
epithelium and atopy and atopic asthma in children. Lancet Respir Med. 2019;7:336.
doi:10.1016/52213-2600(18)30466-1.

Campbell CD, Gleeson M, Sulaiman I. The role of the respiratory microbiome in
asthma. Front Allergy. 2023;4:1120999. doi:10.3389/falgy.2023.1120999.

Sullivan A, Hunt E, MacSharry J, Murphy DM. The microbiome and the pathophys-
iology of asthma. Respir Res. 2016;17:163. doi:10.1186/512931-016-0479-4.
Herbst T, Sichelstiel A, Schér C, et al. Dysregulation of allergic airway inflammation
in the absence of microbial colonization. Am J Respir Crit Care Med. 2011;184:198-
205. doi:10.1164/rccm.201010-15740C.

. Kunin V, Copeland A, Lapidus A, Mavromatis K, Hugenholtz P. A bioinfor-

matician’s guide to metagenomics. Microbiol Mol Biol Rev. 2008;72:557-578.
doi:10.1128/mmbr.00009-08.

Thomas T, Gilbert J, Meyer F. Metagenomics — a guide from sampling to data anal-
ysis. Microb Inform Exp. 2012;2:1-12. doi:10.1186,/2042-5783-2-3.

Perez-Garcia J, Gonzdlez-Carracedo M, Espuela-Ortiz A, et al. The upper-
airway microbiome as a biomarker of asthma exacerbations despite in-
haled corticosteroid treatment. J Allergy Clin Immunol. 2023;151:706-715.
doi:10.1016/j.jaci.2022.09.041.

Fazlollahi M, Lee TD, Andrade J, et al. The nasal microbiome in asthma. J Allergy
Clin Immunol. 2018;142:834-843.e2. doi:10.1016/j.jaci.2018.02.020.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

131.

Chinese Medical Journal Pulmonary and Critical Care Medicine 2 (2024) 1-9

Lee JH, Choi JP, Yang J, et al. Metagenome analysis using serum extracellu-
lar vesicles identified distinct microbiota in asthmatics. Sci Rep. 2020;10:15125.
doi:10.1038/541598-020-72242-w.

Huang YJ, Nariya S, Harris JM, et al. The airway microbiome in patients with se-
vere asthma: associations with disease features and severity. J Allergy Clin Immunol.
2015;136:874-884. do0i:10.1016/j.jaci.2015.05.044.

Clarridge 3rd JE. Impact of 16S rRNA gene sequence analysis for identification
of bacteria on clinical microbiology and infectious diseases. Clin Microbiol Rev.
2004;17:840-862. doi:10.1128/cmr.17.4.840-862.2004.

Banos S, Lentendu G, Kopf A, Wubet T, Glockner FO, Reich M. A compre-
hensive fungi-specific 18S rRNA gene sequence primer toolkit suited for di-
verse research issues and sequencing platforms. BMC Microbiol. 2018;18:190.
doi:10.1186/512866-018-1331-4.

Frati F, Salvatori C, Incorvaia C, et al. The role of the microbiome in asthma: the
gut~lung axis. Int J Mol Sci. 2018;20:123. doi:10.3390/ijms20010123.

Chen W, Brehm JM, Lin J, et al. Expression quantitative trait loci (eQTL) map-
ping in Puerto Rican children. PLoS One. 2015;10:e0122464. doi:10.1371/jour-
nal.pone.0122464.

Abdel-Aziz MI, Neerincx AH, Vijverberg SJ, Kraneveld AD, Maitland-van der
Zee AH. Omics for the future in asthma. Semin Immunopathol. 2020;42:111-126.
do0i:10.1007/s00281-019-00776-x.

Huan T, Joehanes R, Song C, et al. Genome-wide identification of DNA methylation
QTLs in whole blood highlights pathways for cardiovascular disease. Nat Commun.
2019;10:4267. doi:10.1038/541467-019-12228-z.

Kim S, Forno E, Zhang R, et al. Expression quantitative trait methylation analysis
reveals methylomic associations with gene expression in childhood asthma. Chest.
2020;158:1841-1856. doi:10.1016/j.chest.2020.05.601.

Soliai MM, Kato A, Helling BA, et al. Multi-omics colocalization with genome-wide
association studies reveals a context-specific genetic mechanism at a childhood onset
asthma risk locus. Genome Med. 2021;13:1-22. doi:10.1186/513073-021-00967-y.
Tang W, Li M, Teng F, Cui J, Dong J, Wang W. Single-cell RNA-sequencing in asthma
research. Front Immunol. 2022;13:988573. doi:10.3389/fimmu.2022.988573.
Tibbitt CA, Stark JM, Martens L, et al. Single-cell RNA sequencing of the T helper cell
response to house dust mites defines a distinct gene expression signature in airway
Th2 cells. Immunity. 2019;51:169-184.e5. doi:10.1016/j.immuni.2019.05.014.

Liu X, Netto KG, Sokulsky LA, et al. Single-cell RNA transcriptomic analysis identi-
fies Creb5 and CD11b-DCs as regulator of asthma exacerbations. Mucosal Immunol.
2022;15:1363-1374. doi:10.1038/541385-022-00556-1.

Stoeckius M, Hafemeister C, Stephenson W, et al. Simultaneous epitope and
transcriptome measurement in single cells. Nat Methods. 2017;14:865-868.
do0i:10.1038/nmeth.4380.

Mimitou EP, Lareau CA, Chen KY, et al. Scalable, multimodal profiling of chro-
matin accessibility, gene expression and protein levels in single cells. Nat Biotechnol.
2021;39:1246-1258. doi:10.1038/s41587-021-00927-2.

Li X, Wang CY. From bulk, single-cell to spatial RNA sequencing. Int J Oral Sci.
2021;13:36. doi:10.1038/541368-021-00146-0.

Hinks T. From spirometry to spatial omics in pursuit of asthma endotypes. Clin Transl
Med. 2022;12:e878. doi:10.1002/ctm2.878.

Kabesch M, Tost J. Recent findings in the genetics and epigenetics of asthma and
allergy. Semin Immunopathol. 2020;42:43-60. doi:10.1007/500281-019-00777-w.
Bush A. Translating asthma: dissecting the role of metabolomics, ge-
nomics and personalized medicine. Indian J Pediatr. 2018;85:643-650.
doi:10.1007/512098-017-2520-0.


https://doi.org/10.1186/1471-2105-11-587
https://doi.org/10.1007/978-1-4939-1804-1_3
https://doi.org/10.3390/biology5010003
https://doi.org/10.1093/bioinformatics/btu049
https://doi.org/10.1186/gb-2012-13-10-r87
https://doi.org/10.1016/j.jaci.2015.01.025
https://doi.org/10.1016/j.jaci.2018.11.043
https://doi.org/10.1183/13993003.00217-2020
https://doi.org/10.1186/s13148-022-01227-5
https://doi.org/10.1016/j.ebiom.2023.104758
https://doi.org/10.1111/all.15658
https://doi.org/10.1016/j.jaci.2016.07.036
https://doi.org/10.1016/S2213-2600(18)30466-1
https://doi.org/10.3389/falgy.2023.1120999
https://doi.org/10.1186/s12931-016-0479-4
https://doi.org/10.1164/rccm.201010-1574OC
https://doi.org/10.1128/mmbr.00009-08
https://doi.org/10.1186/2042-5783-2-3
https://doi.org/10.1016/j.jaci.2022.09.041
https://doi.org/10.1016/j.jaci.2018.02.020
https://doi.org/10.1038/s41598-020-72242-w
https://doi.org/10.1016/j.jaci.2015.05.044
https://doi.org/10.1128/cmr.17.4.840-862.2004
https://doi.org/10.1186/s12866-018-1331-4
https://doi.org/10.3390/ijms20010123
https://doi.org/10.1371/journal.pone.0122464
https://doi.org/10.1007/s00281-019-00776-x
https://doi.org/10.1038/s41467-019-12228-z
https://doi.org/10.1016/j.chest.2020.05.601
https://doi.org/10.1186/s13073-021-00967-y
https://doi.org/10.3389/fimmu.2022.988573
https://doi.org/10.1016/j.immuni.2019.05.014
https://doi.org/10.1038/s41385-022-00556-1
https://doi.org/10.1038/nmeth.4380
https://doi.org/10.1038/s41587-021-00927-2
https://doi.org/10.1038/s41368-021-00146-0
https://doi.org/10.1002/ctm2.878
https://doi.org/10.1007/s00281-019-00777-w
https://doi.org/10.1007/s12098-017-2520-0

	Omics approaches in asthma research: Challenges and opportunities
	Introduction
	Genetics
	GWASs in asthma research
	Mendelian randomization

	Transcriptomics
	Th2/Th17 asthma subtypes
	ILC2 asthma subtypes

	Epigenomics
	Microbiome and metagenomics
	Integrative omics analysis
	Summary and prospects
	Declaration of competing interest
	References


