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Abstract

:

Asthma is a complex multifactorial and heterogeneous respiratory disease. Although genetics is a strong risk factor of asthma, external and internal exposures and their interactions with genetic factors also play important roles in the pathophysiology of asthma. Over the past decades, the application of high-throughput omics approaches has emerged and been applied to the field of asthma research for screening biomarkers such as genes, transcript, proteins, and metabolites in an unbiased fashion. Leveraging large-scale studies representative of diverse population-based omics data and integrating with clinical data has led to better profiling of asthma risk. Yet, to date, no omic-driven endotypes have been translated into clinical practice and management of asthma. In this article, we provide an overview of the current status of omics studies of asthma, namely, genomics, transcriptomics, epigenomics, proteomics, exposomics, and metabolomics. The current development of the multi-omics integrations of asthma is also briefly discussed. Biomarker discovery following multi-omics profiling could be challenging but useful for better disease phenotyping and endotyping that can translate into advances in asthma management and clinical care, ultimately leading to successful precision medicine approaches.
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1. Introduction


Asthma is a complex respiratory disease characterized by wheezing and shortness of breath due to airway inflammation and hyper-responsiveness. It is a highly heterogeneous allergic airway disease comprising different pheno- and endo-types, many of which remain to be fully characterized [1]. The phenotypical diversity is mirrored by equally complex etiologies, and a variety of genetic and environmental factors are believed to interact to increase the risk of asthma in children and adults. It has become evident that diagnosis, monitoring, and treatment of asthma require a personalized approach; in order to realize this goal, increased efforts are needed to characterize distinct phenotypes, elucidate underlying mechanisms, and identify associated biomarkers [2,3]. Although hypothesis-based approaches to asthma research have yielded important results, agnostic methodologies are well suited to handle the phenotypical complexity of asthma and have become increasingly important as tools for asthma biomarker discovery. Omics refer to unbiased approaches to the study of different classes of biological molecules, with genomics being the oldest and most established omics methodology. The pathogenesis of complex diseases such as asthma involves several cascades of events at various levels of omics including genomics of risk variants, transcriptomics of gene expression, epigenomics of gene regulation, proteomics, and metabolomics, which may have direct effects on disease etiology. A large number of genome-wide association studies (GWAS) have been conducted in the field of asthma over the last couple of decades, which has led to the identification of numerous candidate asthma risk genes, most notably the 17q12-21 locus which has been replicated in several GWAS studies [4,5] and which harbors a number of likely biologic candidate genes, including ORM1-like 3 (ORMDL3) and gasdermin B (GSDMB). Asthma-associated genetic loci, however, generally explain little of the disease risk, and genomics alone do not provide insights about the broader biological context in which the identified variants and associated genes operate. Other omics-based approaches have been used successfully to characterize the dynamic processes involved in asthma disease development and exacerbation. Transcriptomics, the systematic, unbiased characterization of RNA expression across the genome, has been used to profile distinct asthma endotypes, including T2-high versus T2-low endotypes [6,7]. Epigenomics, the genome-wide study of epigenetic changes, is a very important complement to genomics and can provide mechanistic links explaining interactions between genetic variations and environmental exposures. Proteomics and metabolomics to a large extent both rely on mass spectrometry (MS) to profile the asthma proteome and metabolome, respectively, and, while progress has been made in recent years especially in metabolomics, lack of standardization and the technical limitations of MS are challenges not yet fully overcome. The exposome refers to the totality of environmental exposures occurring to individuals over the course of their lives. Defining and measuring the entire exposome is a daunting challenge that has only begun to be addressed, but one aspect of the exposome, the microbiomes of the intestinal tract, the airways, and the skin, has proven to be crucially linked to the development of allergic disease including asthma, and the field of asthma microbiomics using culture-independent, unbiased methods has generated great interest over the last few decades.



In this review, we examine multiple omics approaches which are used to interrogate asthmatic patients to unravel key molecular signatures of biological processes such as transcription (transcriptome), translation (proteome), regulation of gene expression (epigenome), exposures (exposome and microbiome), their metabolites (metabolome), and their combined synergies (multi-omics). Several reviews on multi-omics of asthma have been previously reported. Kabesch and Tost reviewed recent findings in the genetics and epigenetics of asthma and allergy [8]. Hernandez-Pacheco et al. reviewed the genetics of asthma and treatment response [9]. Recently, Abdel-Aziz et al. reviewed reported major findings from different omics studies of asthma [10]. We aim to provide a comprehensive review on the current state of different omics of asthma. We also discuss the advantages and challenges of integrating individual omics into multi-omics approaches using systems biology and machine learning technologies.




2. Genomics of Asthma


Genomics is the characterization of an organism’s entire genetic content. Asthma has long been known to be heritable (genetic) as underscored by the fact that asthma runs in families, and offspring of asthmatic parents are at higher risk of developing asthma, with a higher rate of co-occurrence among monozygotic twins in comparison to dizygotic twins [11,12,13]. The heritability estimates were as large as 55–74% in adults [14,15] and up to 90% in children [16]. These population-based studies point to genetic risk factors for asthma predisposition. However, the heritability is polygenic in nature with multiple genetic variants contributing to the disease risk. In this section, we overview our current understanding of asthma susceptibility genes/loci, focusing on linkage, candidate gene, genome wide association, admixture analysis, and emerging high-throughput sequencing technologies on asthma.



2.1. Linkage and Candidate Gene Approach of Asthma


Family-based linkage, positional cloning, and subsequent candidate gene association analyses were the early approaches of mapping disease susceptibility genes related to asthma. The first linkage analysis on asthma linked immunoglobulin E (IgE) responses underlying asthma and atopy to chromosome 11q [17]. Linkage analyses usually identify a broader locus encoding several putative genes, which are further explored at a higher resolution through positional cloning and positional candidate genes to narrow down the linkage to a gene or a sequence of interest. Until 2006, linkage and positional cloning analysis identified eight genes of interest ADAM33, DPP10, PHF11, NPSR1, HLA-G, CYFIP1, and OPN3 [18]. The candidate gene association analyses identified several asthma susceptibility genes including highly replicated genes IL4, IL13, ADRB2, TNF, HLA-DRB1, HLA-DQB1, FCER1B, IL4RA, CD14, and ADAM33 [18,19,20]. However, linkage analysis is mainly conducted on trios data, limiting the accessibility of more samples, and it suffers from low power to detect risk variants with a small effect size [21]. Additionally, linkage analysis has limited genomic coverage and is biased toward the loci more likely to exhibit familial segregation, thus missing the unbiased detection of the population-based mutations associated with asthma. Candidate gene association studies provided better resolution than linkage analysis; however, it is mainly limited to refuting or ratifying genes selected with some knowledge-based approaches. Moreover, it is often performed on small samples and, thus, marred by low power and a high false positive rate [21]. As genotyping technology advanced to next-generation sequencing, and efficient computation tools such as PLINK [22] became readily available, the discovery of disease risk variants shifted from linkage studies to case–control genome-wide association studies (GWASs) for polygenic diseases including asthma.




2.2. Genome-Wide Association Studies (GWASs) in Asthma


The main strength of GWASs is their ability to systematically and unbiasedly explore novel variants associated with a disease [23]. Since 2007, GWASs have identified hundreds of genetic variants that potentially contribute to asthma and have provided a rich genome-wide atlas of disease susceptibility variants [24]. The first GWAS on asthma was based on 994 childhood onset asthma patients and 1243 non-asthmatic controls of European ancestry [25]. Over 317,000 SNPs were genotyped, and a novel risk locus on chromosome 17q12-21 was reported [25]. The locus 17q12-21 encodes several genes including ORMDL3, GSDMB, ZBPB2, and IKZF2, which in fact were linked to asthma in subsequent GWAS and eQTL analyses [4,5,26], and it is one of the most replicated asthma loci to date. The locus has been expanded to include flanking regions covering PGAP3, ERBB2, and GSDMA as other potential genes associated with asthma [27].



Over the last 14 years, several large-scale consortium-based GWASs and meta-analyses have improved our understanding of the genetic underpinning of asthma. Such analyses benefited from large sample sizes with improved power to detect the variants with small effects and provided better control of false positive discovery. The GABRIEL Consortium was the first large-scale meta-analysis on asthma which combined data from 23 different studies of European ancestry [5] and included 10,365 asthma cases and 16,110 controls. The Study of African Americans, Asthma, Genes, and Environments (SAGE II) project is a gene environmental interaction study of asthma in African Americans (AAs) with 812 asthma cases and 415 controls [28]. Similarly, the Genes Environments and Admixture in Latinos (GALA II) project (2022 asthma cases and 2135 controls) was focused on asthma and related clinical traits and environmental interactions in Latinos [29]. The EVE Consortium performed multi-ethnic meta-analysis of European ancestry, AAs, and Latinos using nine different studies from North America that included SAGE II and GALA II [30]. The findings included associations in or near the genes IL1RL1, TSLP, HLA-DQ, IL33, SMAD3, GSDMA/GSDMB (17q21), and IL2RB. The EVE study also identified a novel association in AAs at the PYHIN1 gene which was not observed for EA and Latinos [30]. The GWAS of GALA II replicated the 17q12 locus among the Latino population, as did the Latino meta-analysis on the EVE study. The SAGE II study identified one significant locus in the PTCHD3 gene and two suggestive loci SEMA3E and INSR in the AA population. However, the study did not replicate any of the previously known asthma loci. A subsequent follow-up study of the potential association from the EVE Consortium identified the KLK3 gene and an intergenic locus on 13q21 in the EA cohort, but no additional signals were identified in the AAs and Latinos [31]. These studies found a different genetic architecture of asthma for different ethnicities. In particular, they showed the challenge of finding asthma risk loci specific to AAs.



The Trans-National Asthma Genetic Consortium (TAGC) reported a large-scale meta-analysis of 142,000 individuals (23,948 asthma cases, 118,538 controls) of European, African, Latino, and Japanese ancestry [32]. The study identified a total of 18 signals, five of them novel to asthma (5q31.3, 6p22.1, 6q15, 12q13.3, 17q21.33), two independent signals on the previously known asthma signals from Japanese studies (6p21.22, 10p14), and two signals that were reported for asthma and hay fever (8q21.13, 16p13.13), in addition to replicating nine previously known signals. However, all the signals were dominated by the European samples, and no significant signal was detected for ancestry specific meta-analysis of AAs, Latinos, or Japanese. The Consortium on Asthma among African Ancestry Populations (CAAPA; 7009 asthma cases, 7645 controls) reported a meta-analysis of multiple admixed populations with varying degrees of African ancestry [33]. The CAAPA study identified two loci, 8p23 (nearby genes ARHGEF10 and MYOM2) and 8q24 (in the gene TATDN1), that may be specific to African ancestry. The CAAPA study replicated known asthma signals including 17q12-21, but a cross-evaluation of these signals in TAGC study showed that the associations were mostly driven by the European ancestry. In particular, when only the subset of AA data was used, the locus did not identify any significant association with 17q12-21. The AA-only meta-analysis of the eMERGE network identified the PTGES gene as the African-specific locus associated with asthma [34].



The most recent GWAS on asthma was conducted using UK Biobank (UKBB) data with 64,538 cases and 329,321 controls of European ancestry; subsequently a meta-analysis of the UKBB GWAS and the TAGC GWAS was performed [35]. To our knowledge, this is the largest GWAS study of asthma to date. The UKBB GWAS alone identified 145 significant loci, of which 41 loci were novel findings, and the remaining loci overlapped with loci previously associated with asthma or related phenotypes. The meta-analysis identified 167 significant loci, 58 of which were novel findings. Eight loci from the UKBB GWAS did not reach the significance threshold in the meta-analysis. In total, the study reported 66 novel asthma associations. Altogether, the authors reported 212 significant asthma susceptibility loci (Figure 1). Among the previously known 146 asthma loci, 109 loci were replicated at the GWAS significance level, whereas 34 loci were marginally replicated. Only three previously known asthma signals (8q23.3, 4q12, and 14q13.3) failed to replicate.



Two recent large-scale GWASs compared childhood-onset asthma (COA) vs. adult-onset asthma (AOA) [36,37] using the UKBB data on asthma. Both studies showed that childhood-onset asthma (COA) and adult-onset asthma (AOA) had partly diverse and partly shared genetic architectures with higher heritability observed for COA than AOA. There was moderate genetic correlation between the two cohorts (genetic correlation = 0.67) [37]. Both studies showed that the genetic risk factors for AOA were mostly a subset of COA with reduced heritability. Subgroup analysis based on age of onset in most of the large-scale GWAS studies has consistently shown that the most revered asthma locus in the GWAS era 17q12-21 is associated with COA but not AOA [5,36,37].




2.3. Admixture Mapping Analysis in Asthma


GWAS works best with homogeneous samples of single ancestral populations such as the European population. In admixed populations such as AAs or Latinos, differing ancestries may contribute to asthma susceptibility with varying frequency of risk variants. Multiple GWASs have shown that African-specific variants are not associated with asthma in European samples and vice versa. Thus, it is important to study the local ancestry variation and its association to asthma in the study of admixed populations. Admixture mapping is used to leverage the local ancestry variation among admixed samples to identify the ancestry risk variants [38]. The admixture mapping of Latinos in the GALA II study identified Native American ancestry at 6q21, centered on the gene MUC22, as significantly associated with decreased odds of asthma [39]. In the CAAPA study, the admixture mapping identified two genes TCF21 and TBPL1 in the locus 6q22.31–23.2 with increased African ancestry significantly associated with increased risk of asthma [33]. In an admixture mapping meta-analysis of childhood asthma in Latinos, a local ancestry region on locus 18q21 with Native American ancestry was found to be associated with childhood asthma [40]. Further fine mapping of the region localized the association to the SMAD2 gene. Recent admixture mapping study of asthma in samples from the Canary Islanders showed that the North African ancestry in a locus 16q23.3 is associate with increased risk of asthma [41]. A fine mapping with the whole genome sequence localized the association at gene PLCG2 as a novel risk locus of asthma.




2.4. Whole-Genome and Whole-Exome Sequencing in Asthma


Whole-genome sequencing (WGS) and whole-exome sequencing (WES) are emerging technologies in human genome study and could be useful to identify the disease susceptibility structural variants such as copy number variations and rare variants that GWASs do not capture. To our knowledge, few asthma studies have been performed using WGS, and WES is primarily used in rare variant discovery. Campbell et al. [42] performed a WGS on 16 samples from Hutterite families and identified 1960 CNVs, 19 nonsense or splice-site single nucleotide variants (SNVs), and 18 out-of-frame insertions or deletions associated with asthma. WES can be a cost-effective way to screen genetic variation compared to the WGS. An alternative to screening the whole genome for disease-causing variants is to limit the analysis to the exome, the protein-coding part of the genome. Although whole-exome sequencing (WES) has primarily been used for rare monogenic diseases, a few studies have applied WES to the search for genetic variants associated with asthma. Ten novel exonic variants were found to co-segregate with pediatric asthma in a single family [43]. Bogadi et al. [44] used WES to identify 21 exonic variants associated with pediatric asthma, and, of the identified variants, eight were novel. To translate the findings from WGS and WES to clinical implementation and personalized medicine in asthma, further studies with larger sample sizes and robust validation of the findings are required.



Moving asthma GWAS findings into clinical utility has several challenges including determination of the variant, the regulatory effect and associated tissue, the gene, the pathway, and the mechanism. A novel integrative genomics approach that combines GWAS information with gene expression and other multi-omics data for the discovery of potential clinically actionable biomarkers and identification of gene regulatory networks and biological pathways enriched for genetic variants is needed.





3. Transcriptomics Analysis in Asthma


The transcriptomic study of asthma involves profiling the expression of all types of RNA transcripts (e.g., messenger RNA (mRNA), noncoding RNA (ncRNA), microRNA (miRNA)) in a specific cell or tissue type. Two methods are primarily available for transcriptomic study: DNA microarrays and RNA-sequencing (RNA-Seq). Most of the transcriptomic studies of asthma have been conducted using DNA microarrays. RNA-Seq is an emerging technology with a promising outlook; however, it is costlier than the microarray. Sample groups mainly consist of asthmatic cases and healthy controls, and cases can be further divided into subgroups such as mild, moderate, and severe. Meta-analyses of multiple independent studies can improve the power to detect marginal signals and can improve the reproducibility of the results [45,46,47]. Gene set enrichment and network analysis on differentially expressed genes (DEGs) can be performed to identify the pathways and gene networks that the DEGs are most likely to affect. Differential gene expression analysis is used to identify the genes or transcripts that are DEGs between the sample groups utilizing one or more of the analytic tools available such as limma [48], edgeR [49], and DESeq2 [50]. NetworkAnalyst is a web tool that provided a comprehensive platform for differential gene expression analysis, meta-analysis, and network analysis [45].



Over the decades, multiple transcriptome analyses of asthma have been performed, discovering many genes and pathways relevant to asthma and providing many insights into asthma disease mechanisms [51]. As gene expression is known to be cell- and tissue- specific, the transcriptomic profiles vary across different tissues and cells (The GTEX Project [52]). Cell- or tissue-specific transcriptomes are especially important in understanding the roles played by specific cells in asthma pathogenesis and distinguishing different asthma subphenotypes [51,53,54]. Transcriptomic studies of asthma are mainly performed on three classes of cells: blood cells (such as whole blood, peripheral blood mononuclear cells, lymphoblastoid B cells), airway epithelial cells (nasal epithelial, bronchial brushing), and sputum. Bronchoalveolar lavage (BAL) represents the internal environment within the lower respiratory tract. However, only one genome-wide transcriptomic profiling of asthma has been performed on BAL, which identified enrichment of cAMP signaling components in the BAL cell among adult severe asthmatics [55]; this study is not discussed in detail in this review. The whole-genome transcriptomic study of asthma consisted of several hundreds to thousands of DEGs, which are often explored using pathway and network analyses to understand the functional mechanisms of the genes contributing to asthma pathophysiology. Below, we overview the current state of asthma transcriptomic analyses across different classes of tissue types and outline some of the different results in complex tissues.



3.1. Blood Cell Transcriptomics of Asthma


Blood cells are easy to access and can be obtained using less invasive techniques than more relevant specimens from airways; nevertheless, blood cells are known to carry the expression of 80% of genes encoded in the human genome and can act as sentinels of diseases [56]. A recent transcriptomic study on severe asthma revealed that the differentially expressed genes on bronchial epithelial cells and fibroblasts were also dysregulated in peripheral blood mononuclear cells (PBMCs) [57], further validating the use of blood cells as a surrogate of airway cells for the transcriptomic profiling of asthma. Studies of asthma using blood cells are primarily focused on molecular phenotyping, asthma control, and acute exacerbation. Differential gene expression analysis using white blood cells from therapy-resistant severe asthma, controlled asthma, and healthy samples identified significant upregulation of bitter taste transduction receptor (TAS2R) pathways in severe asthma [58]. Another study on white blood cells found that children with controlled asthma and those with severe asthma have distinct gene expression profiles, revealing decreased glucocorticoid receptor signaling and increased activity of the mitogen-activated protein kinase and Jun kinase cascades in patients with severe asthma [59]. Croteau-Chonka et al. reported that two related biologic processes related to activation by TREM-1 (triggering receptor expressed on myeloid cells 1) and lipopolysaccharide were the signature transcriptomic profile on whole blood in 1170 adult asthma with varying asthma control status [60]. A gene expression profiling of PBMCs using a cluster analysis on 133 asthmatic children revealed that Th1/Th17-mediated asthma was associated with high neutrophil count and poor treatment control [61]. Regarding asthma exacerbation, transcriptomic profiling of PBMCs was constructed from 118 asthmatic individuals by comparing the gene expression during exacerbation episodes and during stable periods [62]. Cluster analysis of the DEGs revealed two significant gene signatures associated with exacerbations; the gene signatures related to innate immunity pathways characterized one cluster, and gene signatures related to lymphocyte activation through antigen receptors and subsequent downstream events of adaptive immunity characterized the other cluster [62]. Severe and mild/moderate asthma exhibited similar and highly correlated differential expression profiles in blood cells; however, the effect was stronger among severe asthmatics [63]. Upregulation of chemotaxis, migration, and myeloid cell trafficking and downregulation of B-lymphocyte development, hematopoietic progenitor cells, and lymphoid organ hypoplasia were observed in patients with severe asthma [63]. Hachin et al. studied the blood transcriptome and found that genes GPRC5A, SFN, and ABCA1 were upregulated while genes SERPINE1, GPRC5A, SFN, ABCA1, MKI67, and RRM2 were downregulated in PBMCs from patients with severe uncontrolled asthma [64].




3.2. Airway Epithelial Cell Transcriptomics of Asthma


Airway epithelial cells are primary cell types involved in the onset of inflammatory, hyperresponsiveness, and remodeling changes in asthma manifestation and are directly involved in asthma manifestation. Several transcriptomic studies of asthma have been conducted on airway epithelial cells from different compartments such as nasal epithelia, sputum, bronchial brushing, and bronchoalveolar lavage fluid. The nasal brushing and sputum are less invasive than bronchial brushing and bronchoalveolar lavage fluid. The transcriptomic profile of CD3+ T cells derived from sputum and bronchoalveolar lavage fluid was distinct to that from the endobronchial brushing [65]. Weighted gene co-expression network analysis on adults revealed reduced expression of genes in networks linked to epithelial growth and repair and neuronal function on airway epithelial cells of severe asthma [66]. A distinct signature of immune cell- and epithelial cell-specific expression patterns was observed in a study of gene expression analysis of nasal epithelial in childhood atopic asthma of AA [67]. The study identified 11 differentially expressed genes contributed by immune-specific cells, including B cells (HLA-DMB and HLA-DOA), mast cells (CPA3, CTSG, TPSAB1, and TPSD1), natural killer cells (KLRB1), T cells (CD3G, CD6, and TCRA), and multiple immune cells (CST1) [67]. Differences may suggest the diverse role of tissues in asthma development and the pathological changes of asthma, which may result in different endotypes of asthma.



Hachim et al. identified total of 10 genes (GPRC5A, SFN, ABCA1, KRT8, TOP2A, SERPINE1, ANLN, MKI67, NEK2, and RRM2) related to cell cycle and proliferation to be disturbed in the severe asthmatic bronchial epithelium and fibroblasts [64]. However, their study revealed that gene regulation varied across different tissues and asthma subtypes. For instance, SERPINE1 and RRM2 were upregulated in severe asthmatic bronchial epithelium and fibroblasts, SFN, ABCA1, TOP2A, SERPINE1, MKI67, and NEK2 were upregulated in asthmatic bronchial epithelium, and GPRC5A and KRT8 were upregulated only in asthmatic bronchial fibroblasts. Genes MKI76, RRM2, and TOP2A were upregulated in Th2 high epithelium.



Tsai et al. performed a large-scale meta-analysis of gene expression from different airway epithelial cells, consisting of eight different studies; two were based on childhood asthma with nasal brushing, and six were studies of adult asthmatics using bronchial epithelial brushings [68]. The analysis identified 450 differentially expressed genes with a consistent expression pattern between nasal and airway epithelial cells; however, stronger expression was observed in the airway epithelial cells. The results showed consistent upregulation of Th2 biomarker genes (POSTN, CLCA1, and SERPINB1), genes positively associated with mucus production (IL13, FOXA3, and MUC5AC), and genes related to endoplasmic reticulum stress (AGR2 and ERN1). Downregulated genes included MUC5B, FOXA2, and XBP1. Meta-pathway analysis showed that pathways related to mucin synthesis and post-translational modification of mucins, synthesis of prostaglandins, thromboxanes, and eicosatetraenoic acid derivatives were enriched for upregulated genes, whereas downregulated genes were enriched in pathways related to interferon gamma signaling, tryptophan metabolism, and Notch and Hedgehog signaling [68].



A cross-sectional study on the U-BIOPRED cohort showed that the expression profiles for adult-onset severe asthma were different from those for childhood-onset severe asthma on airway epithelial cells [69]. The study identified that gene signatures related to inflammatory pathways involving eosinophils, mast cells, and group 3 innate lymphoid cells were more enriched for adult-onset severe asthma whereas signatures associated with induced lung injury were less enriched in adult-onset asthma.




3.3. Sputum Transcriptomics of Asthma


Sputum transcriptomic analyses showed increased expression of several genes related to tumor necrosis factor-α (TNF-α) signaling in the sputum of asthma participants with neutrophilic airway inflammation [7,70]. A recent study found that baseline sputum TNF receptor 1 (TNFR1) and receptor 2 (TNFR2) were significantly increased in neutrophilic vs. non-neutrophilic asthma [71]. The study also found increased sputum TNFR1 and TNFR2 in severe asthma, correlated with poorer lung function and worse asthma control, while sputum and serum TNFR2 was correlated with increased frequent exacerbation. Cluster analysis of the sputum transcriptome in elderly asthma identified that the oxidative phosphorylation gene set was significantly enriched on the cluster with low sputum eosinophil and less severe airway obstruction, whereas the epithelial–mesenchymal transition gene set was enriched in more severe asthma [72]. The transcriptome on blood and sputum found that increased sputum-soluble TNF receptor levels in neutrophilic asthma were highly correlated with a number of airway monocytes, suggesting the role of airway monocytes in dysregulation of the TNF pathway in neutrophilic asthma [73].




3.4. RNA Sequencing in Asthma


RNA-Seq is an emerging technology in the field, and several transcriptomic studies of asthma using RNA-Seq data have been reported. A recent whole-genome transcriptomic study with RNA-Seq technology on peripheral blood identified PTGDR2 as a significant biomarker of adult asthma [74]. The study found significant upregulation of PTGDR2 in the subgroups of allergic asthma, asthma with chronic rhinosinusitis with nasal polyposis (CRSwNP), aspirin-exacerbated respiratory disease, eosinophilic asthma, and severe persistent asthma compared with non-asthmatic non-atopic controls. A prospective, longitudinal case–control study was conducted using the RNA-Seq data from nasal lavage and blood to identify changes in gene transcription during cold-associated asthma exacerbations in children [75]. The authors found that, in both viral and nonviral exacerbation, epithelial-associated SMAD3 signaling was upregulated and lymphocyte response pathways were downregulated early in exacerbation, followed by later upregulation of effector pathways including epidermal growth factor receptor signaling, extracellular matrix production, mucus hypersecretion, and eosinophil activation. For the virus-associated exacerbations, additional inflammatory cell pathways were identified, while squamous cell pathways were associated with nonviral exacerbation. Using the RNA-Seq transcriptome in airway smooth muscles from asthmatic and non-asthmatic subjects, Banerjee et al. constructed a gene network using the differentially expressed genes and transcription factors and conducted differential co-expression analysis [76]. Eighty-three genes were found to be upregulated including two SLC family genes (SLC2A12, SLC7A11), and 38 genes were downregulated including several tubulin family genes (TUBA1B, TUBB6, TUBA1A, TUBA1C). The study also identified multiple enriched pathways including the pathways involved with herpes simplex virus infection, Hippo and TGF-β signaling, adherens junctions, gap junctions, and ferroptosis.




3.5. Single-Cell RNA Sequencing (scRNA-Seq) in Asthma


The ability to resolve transcriptional profiles of the entire transcriptome to the individual cell level is one of the most exciting advances in gene expression analysis to date. Cell populations can be differentiated according to the expression of unique transcripts, and differences in cell populations and their transcription across disease states can be compared. Several recent studies started to take advantage of this level of resolution for asthma. Profiling PBMCs of severe asthmatic and healthy controls using scRNA-Seq followed by transcriptomic analysis identified that several proinflammatory genes such as JAK1, NEAT1, and IL32 were highly expressed in CD4+ T cells, CD8+ T cells, NK cells, and B cells of severe asthmatics [77]. Additionally, cell-type-specific heterogeneity of the transcriptomic profile was also observed. For example, the chemerin chemokine-like receptor 1 (CMKLR1) was downregulated in the monocytes of severe asthmatics, whereas it was upregulated in natural killer cells [77]. Single-cell RNA-Seq analysis of the bronchial biopsy from six chronic childhood asthma cases and six healthy controls identified a significantly increased number of goblet cells and mucous ciliated cells [78]. The goblet cell transcriptional analysis identified the upregulation of several proinflammatory and remodeling genes NOS2, CEACAM5, and CST1. In the mucous ciliated cells, the ciliated genes FOXJ1 and PIFO, as well as genes MUC5AC and CEACAM5, were found to be differentially expressed. Mast cells were mainly identified among the asthmatics, and significantly higher expression of genes TPSB2, TPSAB1, PTGS2, and HPGDS was observed in the cluster of mast cells [79]. Li et al. identified a significantly higher proportion of monocytes, CD8+ T cells, and macrophages in the bronchoalveolar lavage fluid of asthmatic patients, and several cytokines and intracellular transduction regulators were shown to be associated with asthma exacerbation across multiple cell lines [80]. Single-cell RNA-Seq is overwhelmingly used for profiling the discrete cell types among asthmatics, and the differential gene expression analysis on the cell types is limited to few sample samples due to complexity and cost of analysis, although larger studies will certainly pave the way for optimizing the data pipeline for analyses of scRNA-Seq in asthmatic samples.





4. Epigenomics of Asthma


Epigenomics addresses genome-wide characterization of reversible chemical modifications of DNA or DNA-associated proteins impacting gene expression and regulation. It describes heritable mechanisms regulating genomic activity that occur in response to the environmental exposures and, hence, may play role in environment-related asthma pathogenesis [81]. Epigenomic variations can regulate gene expression without any change in the DNA sequence, are cell-type and tissue specific, and are responsive to different environmental exposures [82]. Increasing evidence suggests that epigenomic modifications related to asthma are modulated by various environmental exposures, such as air pollution, smoking, and diet, occur in utero and early life, and may have lasting impact in later life [82,83]. Epigenetic marks including DNA methylation, histone modifications, and changes in various noncoding RNAs and enzymes involved in reading, writing, and erasing of such marks have been studied [81,84]. Epigenetic editing might be a promising target both to study the function of those epigenetic modifications and to be used as a promising therapy for diseases such as asthma [85,86]. Studies have shown that different classes of epigenomic modifications play significant roles in the pathogenies of childhood and adulthood asthma.



DNA methylation is a biological process that attaches methyl groups to the cytosine at position 5′ in cytosine–phosphate–guanine (CpG) sites catalyzed by a family of DNA methyltransferases [87]. DNA methylation is often associated with gene expression, which can promote or suppress the gene via hypomethylation or hypermethylation, respectively [67,87]. Histone modifications can regulate the gene expression and are also involved in DNA repair and replication, alternative splicing, and DNA condensation [88,89]. Many forms of histone modification exist; histone methylation and acetylation are the two most commonly involve in regulation of gene expression. Various classes of noncoding RNA (ncRNA) such as miRNAs and long ncRNA are known for regulation of the gene expression, gene stability, and defense against foreign genetic elements [90,91]. Relative to DNA methylation, studies of histone modification and noncoding RNA on asthma are less frequent, but emerging. Studies on these epigenomic variations may bring important insight into asthma development and pathogenesis. Alhamwe et al. [92] reviewed the role of histone modifications in different allergic conditions including asthma. Additionally, Svitich et al. [92] and Weidner et al. [93] reviewed the role of miRNAs in asthma and allergy. Recently, Wasti, Liu, and Xiang reviewed the role of different epigenetic classes including histone modifications and miRNA in asthma [94]. Over decades, the studies on epigenomics of asthma and other allergic disorders were primarily conducted using DNA methylation [81,82]; in this review, we focus on the association of DNA methylation and asthma.



Epigenome-wide association studies (EWAS) investigate associations between asthma and changes in DNA methylation pattern across the whole genome. Infinium MethylationEPIC Beadchip and Infinium Human Methylation 450 k Beadchip are two DNA methylation arrays used for global DNA methylation profiling, which cover 850 K and 450 K CPGs, respectively, across the whole genome. Several bioinformatics tools are available to perform EWAS [95,96,97]. Bisulfite pyrosequencing techniques are available for the study of DNA methylation at single CpG sites [98].



DNA methylation profiles are known to be cell- and tissue-specific [99]. Most DNA methylation studies of asthma are either conducted on blood cells or airways cells. One study reported the methylation of sputum DNA in asthmatic vs. non-asthmatic smokers and showed that hypermethylation of the PCDH20 gene in sputum is associated with asthma [100]. However, the study was conducted on selected candidate genes, and no epigenome-wide methylation of sputum DNA has been reported.



4.1. DNA Methylation of Blood Cells in Asthma


Epigenomic variations including DNA methylation are known to be associated with asthma and atopy at birth and studying epigenomic variations at early life is critical in understanding asthma development at later ages [101]. Several large-scale EWASs investigated the potential effects of maternal exposure to environmental factors during pregnancy on DNA methylation of blood cells in newborn children. A large-scale EWAS meta-analysis of 13 cohorts from the Pregnancy and Childhood Epigenetics (PACE) consortium identified several differentially methylated CpG sites in asthma-related genes [102]. Gruzieva et al. showed that the maternal exposures to inhalable particulate matter during pregnancy is associated with DNA methylation in newborns at several epigenetic markers annotated to genes linked to asthma and lung functions, including NOTCH4 and FAM14 [103].



DNA methylation studies of childhood asthma identified several genes with established roles in asthma and atopy associated with DNA methylation. EWAS of childhood asthma using PMBCs from the participants in the Inner-City Asthma Consortium identified several asthma-related genes such as IL13, IL4, and RUNX3 with differentially methylated regions (DMRs) [104]. DNA methylation in cord blood mononuclear cells from the participants of the Infant Immune Study identified SMAD3 methylation as associated with asthmatic children whose mothers were also asthmatic [105]. A large-scale epigenome-wide meta-analysis identified hypomethylated whole-blood DNA CpG sites on genes involved in the activation of eosinophils and cytotoxic T cells in childhood asthma from the MeDALL consortium [106]. Asthma-associated CpG sites were discovered in children of age 8, with one site replicated in children of age 4 and no replication in infants at birth. Another blood EWAS meta-analysis of eight cohorts of newborns identified nine CpGs and 35 regions with implications for asthma development [107]. In the same study, a cross-sectional meta-analysis of nine cohorts identified 179 CpGs and 36 regions with differential methylation [107]. Both studies showed little overlap between newborn and childhood meta-EWAS, which could suggest postnatal epigenomic changes likely linked to asthma. Chen et al. compared the gene expression and DNA methylation from peripheral blood mononuclear cells (PBMCs) of 97 children with atopic asthma and 97 controls and identified 284 genes that were both differentially expressed and differentially methylated [108]. Network analysis of 130 critical genes (35 genes with hypermethylation and decreased expression and 95 genes with hypomethylation and increased expression) identified multiple enriched pathways including asthma-related cytokine-cytokine interaction pathways [108].



Several EWASs have investigated DNA methylation in adult asthma using blood cells. Adult eosinophilic, paucigranulocytic, and neutrophilic asthma partly shared differential methylation profiles in blood monocytes, with the most distinct profile identified for neutrophilic asthma [109]. Three pathway networks, purine metabolism, calcium signaling, and ECM receptor interaction, were found to be associated with eosinophilic asthma, while two pathway networks, neuroactive ligand–receptor interaction and ubiquitin mediated proteolysis, were found to be associated with paucigranulocytic asthma, and one network with SFRP1 as a key node, was identified in neutrophilic asthma. A recent large-scale EWAS on blood identified differentially methylated novel genes including multiple drug target genes, PDE4B and PPARG in atopic asthma, and PDE4B and AZU1 in nonatopic asthma [110].




4.2. DNA Methylation of Airways Cells in Asthma


An EWAS using nasal brushings identified several asthma- and atopy-related genes such as ALOX15, CAPN14, HNMT, and POSTN associated with DMRs [67]. DMRs or probes were also found in genes related to extracellular matrix, immunity, cell adhesion, epigenomic regulation, and airflow obstruction [67]. In another study, nasal methylomes (CpG sites and regions) were found to be associated with atopic asthma, elevated IgE and FeNO, and bronchodilator responses [111]. Discovered DMRs and CpGs were annotated to genes reported to be associated with allergic asthma, Th2 activation, and eosinophilia (EPX, IL4, IL13), as well as to genes ACOT7 and SLC25A25 implicated in a blood EWAS of asthma and IgE [111]. Yan et al. identified 12 genes (STARD3NL, SLC35F4, TSR3, CDC42SE2, KLHL25, PLCB1, BUD13, OR2B3, GALR1, TMEM196, TEAD4, and ANAPC13) with methylated CpG sites associated with exposure to violence and chronic stress, and they were further linked to childhood atopic asthma in a nasal epithelial EWAS meta-analysis [112]. EWAS followed by pyrosequencing on airway epithelial cells showed that exposure to traffic-related air pollution potentially modulated TET1 methylation among childhood asthmatics [113]. An EWAS of Puerto Rico children with atopic asthma identified differentially methylated genes relevant to epithelial barrier function, including CDHR3 and CDH26, and airway epithelial integrity and immune regulation, including FBXL7, NTRK1, and SLC9A3 [114].



DNA methylation varies across different cell types and may not be directly translated from one cell type into other cell types. Blood cells which consisted of circulating components of immune cells and the cells from the respiratory tract showed distinct patterns of DNA methylation among asthmatics [115]. Recently, Lin et al. compared the differential DNA methylation profiles from asthmatics from PBMCs, nasal epithelial cells, and airway epithelia cells [116]. The authors found that asthma-associated methylation markers from nasal and airway epithelial cells provided better asthma classification than that from the PBMCs, even with a larger set of markers. Using the genes annotated to the top 100 DNAm probes, the authors found distinct methylation profiles across the three cell types with little overlap; however, the tissues shared several enriched pathways. Interestingly, the authors also discovered that the DNAm levels of the CDH6 gene and RAPGEF3 gene might interact with each other to jointly predict the risk of asthma, which suggests the pivotal role of cell–cell junctions in the pathological changes of asthma.




4.3. Whole-Genome Bisulfite Sequencing in Asthma


Although epigenome-wide studies have primarily been conducted using microarrays, whole-genome bisulfite sequencing (WGBS) has emerged in recent years as an option for epigenome-wide analysis [117]. WGBS covers CpG sites at a higher density compared with microarrays, but higher costs and the reduced sequence complexity that results from bisulfite conversion remain limitations. So far, very few studies have used WGBS in the field of asthma. Trump et al. [118] used WGBS in a study of associations between maternal stress and persistent wheezing in children under the age of 5 and found genome-wide alterations in DNA-methylation mainly in enhancer elements. Enrichment analysis for KEGG pathways showed that DMRs in children were enriched in the canonical and calcium-dependent Wnt signaling pathways.





5. Metabolomics of Asthma


Metabolomics characterizes the small molecules (i.e., metabolites) present in a sample or matrix, including amino acids, fatty acids, carbohydrates, and other compounds in biofluids, cells, and tissues resulting from metabolic processes. Since the metabolome is often altered in response to physiological conditions, environmental exposures, disease processes, and medical treatments, metabolomics can be a very useful tool for endotyping and for the identification of biomarkers of disease and treatment response. Metabolites can be considered as the chemical language of interactions between different cells. The main technologies used for systematic analysis of metabolites are gas or liquid chromatography (GC or LC) coupled with mass spectrometry (MS). Nuclear magnetic resonance spectroscopy (NMR) is also used in metabolomic studies; however, since it has lower sensitivity than MS, it requires larger sample sizes.



Metabolomic studies can be either untargeted metabolic profiling or targeted studies of a single class of metabolites, both of which have been applied to the study of metabolites in asthma patients. Untargeted metabolomic profiling has been performed using MS on plasma, urine, stool, and exhaled breath samples from children with asthma [118,119,120,121,122]. In a study using untargeted LC–MS analysis of plasma metabolomes, children with severe asthma were distinguished by metabolic pathways associated with oxidative stress [121], in agreement with observations of increased oxidative stress in asthma exacerbations [123]. An association between plasma levels of ceramides and sphingomyelins at the age of 6 months and an increased risk of subsequent asthma development was found to be modified by 17q21 genotype [119].



The study of metabolomes in exhaled breath condensates is an area of extensive research in part because of the ease of sample collection, particularly suitable for collection from children. Exhaled breath metabolomics has been used to generate metabolite “fingerprints” of volatile organic compounds (VOCs) that could distinguish asthmatic children from healthy controls, as well as severe from non-severe asthma [124]. Exhaled VOCs have also been shown to differentiate children with and without recurrent wheeze [125], and a set of 17 VOCs in exhaled breath related to oxidative stress was shown to predict the subsequent development of asthma in preschool children with wheeze [126].



One limitation of untargeted metabolomics is that detection tends to be biased toward more abundant metabolites, thereby limiting the detection of important metabolites present in lower amounts, and targeted analyses of metabolites have a role in hypothesis-driven studies of the asthma metabolome. Results from observational studies and randomized trials have indicated that polyunsaturated fatty acids (PUFAs) promote immune system maturation and may protect against allergies [127]. Several targeted studies of PUFA plasma levels in children have shown that PUFAs in plasma are inversely associated with asthma, recurrent wheeze, and allergic sensitization [120,128,129]. Interestingly, in one of the studies, the association between PUFAs and asthma and/or wheeze was modified by umbilical cord blood 25-hydroxyvitamin D levels [120].



Although metabolomics holds promise for further discovery of asthma biomarkers and phenotype profiles, considerable methodological and analytical challenges remain. It is currently technically impossible to detect and characterize all metabolites in a biological specimen, and choice of sample preparation and analytical platform has a great impact on the results. Lack of standardization of analytical protocols makes comparisons of studies difficult and may be one factor behind failures to replicate findings. Moreover, the high degree of collinearity between many metabolites and the complex non-normal structures of metabolic profiles present difficulties for the statistical analysis of untargeted metabolomics, which may require adjustments of multiple-testing correction [130]. A range of unsupervised and supervised statistical methods and machine learning tools have been used in metabolomic statistical analysis [131], and further progress in this area can be expected to lead to improvements in the use of metabolomics for asthma phenotyping and biomarker discovery.




6. Proteomics of Asthma


Proteomics, the study of expressed proteins, is used to characterize protein identity, abundance, post-translational modifications, and/or interactions (or peptides). Protein levels cannot always be accurately predicted from mRNA levels [132], and proteomics has the potential to give a more precise and accurate picture of the physiological state at a given time during disease development. Proteomics aims to characterize, as closely as possible, the entire set of proteins and their isoforms in a cell, tissue, or biofluid. In practice, current technological limitations make it challenging to realize this goal, and proteomics studies are often focused on a subset of relevant proteins. An array of methods is used for protein detection in human samples. For more targeted studies of specific sets of proteins, antibody-based methods are often used, whereas MS, often coupled with liquid chromatography, gives an unbiased picture of the proteome. A recent development is the use of high-throughput protein microarrays that uses capture technology based on antibodies, aptamers, or antibody mimetics.



Compared with metabolomics, progress in the area of asthma proteomics has been slow, and early studies were mainly focused on targeted sets of cytokines and chemokines. In studies by the NHLBI Severe Asthma Research Program, bead-based multiplex immunoassays of 25 cytokines in bronchoalveolar lavage fluid were used to identify cytokine profiles associated with asthma phenotypes based on severity, predominant inflammatory cell type, and airway hyperresponsiveness [133,134]. Similarly, using immunoassays of 75 cytokines, chemokines, and growth factors in sputum, patterns of increased inflammatory factors were found in patients with severe asthma characterized by increases in neutrophils [135]. A targeted immunoassay of selected cytokines and chemokines in plasma was used to identify chemokines that predicted progression from wheeze at age 3 to asthma at age 6 [136]. Other studies have included arrays for more extensive sets of proteins in asthmatic individuals. Using an aptamer-based array comprising 1129 analytes, Lefaudeux et al. identified candidate biomarkers for four asthma phenotypes on the basis of severity and exacerbations, among other parameters. The candidate biomarkers included cytokines and proteins involved in cell adhesion, migration, and the extracellular matrix [137].



In recent years, studies using unbiased MS to characterize the asthma proteome have appeared. Schofield et al. used LC–MS analysis of sputum proteomes to identify proteomic clusters that were highly eosinophilic, highly neutrophilic, or highly atopic with low granulocytic inflammation. Candidate protein biomarkers for the phenotypes were identified [138]. In a study using shotgun MS, 18 proteins were identified that differed in abundance between allergic and nonallergic asthma, allergic rhinitis, and healthy controls [139].



As is the case for metabolomics, there is a lack of standardization of proteomics protocols that may contribute to variability between studies, and no current technology is able to identify all components of the human proteome. Studies to validate and replicate candidate protein biomarkers are needed in order to meet clinical needs.




7. Exposomics of Asthma


Exposomics is the study of environmental exposures (i.e., the exposome) and their effects on health and disease. Exposures may include aspects of the natural (e.g., air, water, and soil quality) and built environments (e.g., quality of workplace and housing, and access to fresh produce), as well as other chemical exposures and/or pollutants. These factors may exert biological responses, including inflammation, proinflammatory cytokine secretion, methylation, and gene expression changes, as well as increased responsiveness to cortisol. These responses can result in modifications to the epigenome, gene expression, and microbiome, and they could be linked with functional changes associated with diseases including asthma [140,141]. Asthma is a prototype of complex traits with both genetic and environmental causes. Environmental factors implicated in asthma risk include air pollution, smoking, environmental microbiotas, allergens, diet and nutrition [142,143,144,145]. Solid evidence exists for the association between childhood asthma risk and exposure to secondhand smoke (SHS) both pre- and postnatally [146,147]. Moreover, SHS has been found to interact with genetic factors to increase asthma risk [148,149,150]. Exposures to environmental microbial communities are believed to have a profound influence on the developing immune system. Evidence that children growing up on farms have a lower risk of asthma and other allergies was among the observations that led to the formulation of the so-called hygiene hypothesis, which stipulates that early-life exposures to diverse “friendly” microbiotas help protect against allergic disease by training the immune system to respond appropriately [151].



In addition to interactions with genetic factors, many exposures are likely to act synergistically to increase the risk of negative health outcomes over time. In order to better understand the health impact of environmental exposures and the interplay between these exposures and genetic factors, what is ideally needed is a systematic and standardized mapping of the total amount of exposures that an individual encounters from conception to death. This has given rise to the concept of the exposome. The exposome has been suggested to be composed of three domains: the general external, for example, climate and socioeconomic status, the specific external, which includes measurable exposures such as environmental pollution, radiation, allergens, microorganisms, diet, and medical interventions, and the internal domain, comprising internal biological factors such as oxidative stress, metabolic products, and organ-specific microbiota [152].



The three domains overlap and affect each other, such that variations of an internal exposure variable, for example, oxidative stress, may be determined by external exposome factors such as pollution, radiation, and diet. Moreover, the exposome is dynamic, and the effect of exposures may depend on age and critical time widows, which makes it challenging to estimate the total exposure to an environmental factor and its effect on the individual. Nevertheless, in recent years, new cohorts relevant to asthma and designed to explore the impact of the exposome have been initiated. Several recent cohort initiatives aimed at exploring the relationship between the exposome and allergic disease are currently ongoing. The European Human Early-Life Exposome Study (HELIX) is a large collaborative study based on six existing cohorts [153]. It was launched in 2014 with the aim of characterizing the early life exposome and its effect on children’s health outcomes, including asthma, and over 100 exposures have been evaluated. The Canadian Healthy Infant Longitudinal Development (CHILD) study is a longitudinal birth cohort study with over 3500 pregnant women who gave birth between 2009 and 2012 recruited from four provinces [154]. Biological, psychological, genetic, and environmental exposure data were collected in order to explore the developmental origins of allergy and asthma, as well as other chronic diseases. The Kingston Allergy Birth Cohort (KABC) is a smaller Canadian cohort designed to study the impact of prenatal and postnatal environmental exposures on the development of allergic disease [155]. Respiratory outcomes include wheezing up to 2 years of age but not asthma. The exposome-focused Environmental influences on Child Health Outcomes (ECHO) program is a 7 year North American initiative launched in 2016 that funds existing pediatric cohorts with a range of outcomes, including upper and lower airway health. One component of ECHO, The Children’s Respiratory and Environmental Workgroup (CREW), is a consortium of 12 birth cohorts from three scientific centers covering environmentally, racially, and ethnically diverse populations [156]. CREW aims to pool and harmonize existing data, as well as develop standardized protocols for the assessment of environmental exposures.



Multicohort initiatives can substantially increase statistical power, as well as participant diversity and ranges of exposure, but they require exposure assessment standardization, as well as harmonization of outcome definitions. Accurate and precise assessment of exposures remains challenging. A complement to the assessment of environmental exposures is the use of internal biomarkers, such as exhaled nitric oxide, DNA methylation, cotinine, oxidative stress markers, and others, that can serve as proxies of exposure [157]. Exposome Explorer [158] is a database of biomarkers of exposure to mostly pollution and dietary exposures containing information about biomarkers, their concentrations in various human biospecimens, and correlations with external exposure measurements. Markers of internal dose are often more relevant than external exposure assessments to the study of health effects, but they may be less useful for regulatory purposes since biomarkers of exposures are not necessarily specific. DNA methylation of certain genes, for example, can result from many different exposures, including different kinds of ambient air pollution and smoking.



Despite progress, exposome research is still at an early stage, and realizing the ambitious goal of characterizing the exposome and determining its role in the development of asthma is a considerable challenge. Many exposures relevant to asthma, for example, exposures to pets or air pollution, consist of very complex mixes of components, leading to confounding and correlations between exposures. Moreover, health outcomes are likely the result of multiple exposures that often act synergistically. Different statistical approaches have been applied to the analysis of exposome–outcome associations, including single-exposure regression, multiple-exposure regression-based methods, and various types of supervised clustering methods, all of which have their strengths and weaknesses [159,160]. Novel analytical strategies, as well as personalized and more precise methods for exposure assessments, can be expected to improve our understanding of the role the environment plays in asthma, and integration of genome, epigenome, and exposome data may yield important information about how genes and the environment interact to modify the risk of asthma and other allergic diseases.




8. Microbiomics of Asthma


8.1. The Human Microbiota


The human microbiota constitutes a very important part of the exposome and plays a crucial role in the maintenance of health. At the same time, the human microbiota interacts with the host and is affected by other aspects of the exposome, including diet, hygiene, air pollution, and the environmental microbiota [161,162]. It has long been known that germ-free mice without a microbiota have severely underdeveloped immune systems [163], and the human microbiome has been associated with a number of immune-related disorders, including asthma and allergy [164].



The gut microbiota is the largest and most diverse human microbiota, with the phyla Bacteroidetes, Firmicutes, and to a lesser extent Actinobacteria, Proteobacteria, Verrucomicrobia, and Fusobacteria, predominating in the normal gut microbiota [165]. A large body of literature on the relationship between the gut microbiota and disease has shown that the impact of the gut microbiota is in part systemic, and there is crosstalk across the so-called gut–lung axis [166]. Although much remains to be learned about the effect of the gut microbiota on the immune system, various bacterial species in the gut have been shown to modulate Th1/Th2 balance [167], induce regulatory T cells [168], and stimulate Th17 cell differentiation [169,170]. The microbial load in the lungs is low, and the lower airways were earlier believed to be sterile, but the emergence of culture-independent techniques has enabled systematic studies showing the presence of microbiota in both healthy and diseased lower airways [171]. Most of the bacteria in the lung belong to the Bacteroidetes, Firmicutes, and Proteobacteria [172], with considerable variation between individuals. Lastly, the importance of the skin microbiome for skin health has attracted increasing attention, and the association between Staphylococci, mainly Staphylococcus aureus, and atopic dermatitis is well established. The skin microbiome is implicated in the skin barrier and innate immune function [173,174,175]. Given the role of the skin barrier in cutaneous sensitization [176,177] and the fact that sensitization is a major risk factor for asthma [178,179], it can be expected that the skin microbiome is associated with asthma development. So far, however, reports on direct associations between asthma and the skin microbiome are lacking.




8.2. Technological Advances in Microbiome Research


In recent decades, culture-independent sequencing techniques have vastly expanded our knowledge of the human microbiome, its composition, and its role in health and disease. A number of studies have demonstrated important differences in microbiome composition between asthmatic individuals and healthy controls. Until recently, the predominant approach to culture-independent investigations of microbiotas has been the targeted sequencing of conserved genes containing hypervariable regions that can be used for taxonomic determination. For bacteria, the most commonly targeted gene is the 16S rRNA gene, whereas the nuclear ribosomal DNA internal transcribed spacer (ITS) region is usually used to identify fungi. Although target gene sequencing is still much in use for the study of microbiomes because of its low cost, sensitivity, and relative simplicity, the low taxonomic resolution obtained from the short segments of gene amplicons is a limitation. This is less of an issue for fungal communities, but 16S rRNA sequencing of bacteria rarely allows identification at the species level and is, therefore, best suited for broad profiling of bacterial microbiomes, although high-throughput sequencing of the full-length 16S rRNA gene has recently been shown to provide improved taxonomic resolution [180].



Although 16S rRNA sequencing has been very useful for the characterization of complex microbial communities, decreasing cost and improved high-throughput sequencing technology in recent years have made metagenomics a powerful alternative for taxonomic characterization of human microbiomes. Metagenomic sequencing produces sequence information for the entire genomes of all organisms in a sample and, in addition to taxonomic characterization, also reveals information on functional potential. Whereas target gene sequencing rarely allows taxonomic identification of bacteria beyond genus level, metagenomics at adequate sequencing depth yields information that can result in taxonomic identification at the species and sometimes strain level.




8.3. The Airway Microbiomes and Asthma


The microbiotas of the upper and lower airways have been shown to be distinct from each other [171]. Although there is no consensus on which microbiota is the most relevant to the study of asthma development, asthma has been associated with both upper and lower airway microbiotas. Sampling from the upper airways is considerably easier to perform than the more invasive procedures required to obtain samples from the lower airways, and studies of the airway microbiotas in infants and young children have mainly made use of nasal samples. At the genus level, increases in the Proteobacteria genus Moraxella in the nasal compartment is a common finding in asthmatic children compared with healthy controls [181,182], and Moraxella has also been associated with asthma exacerbations and eosinophil activation [183,184]. Asthma exacerbations have also been associated with decreases in the Actinobacteria genus Corynebacterium [183,184].



16S rRNA sequencing has been used in several studies to compare the microbiome in the lower airways of asthmatic individuals with that of controls. As in the upper airways, Proteobacteria are consistently found to be increased in sputum and bronchial epithelial brushings from asthmatic patients [171,185,186], whereas Bacteroidetes in the lower airways are more abundant in healthy controls [171,185].



Proteobacteria in the lower airways have also been associated with asthma severity [185,187]. Zhang et al. [185] used 16S rRNA pyrosequencing to compare the microbiomes in sputum samples from patients with severe vs. non-severe asthma, as well as healthy controls, and they found significant differences among the three groups. Firmicutes were increased in severe asthmatics compared with non-severe asthmatics and healthy controls, whereas Proteobacteria were most common in non-severe asthmatics. Bacteroidetes and Fusobacteria were decreased in both severe and non-severe asthmatics. At the genus level, several Streptococcus spp. were associated with asthma severity.



The fungal component of the microbiome has been studied in asthma patients using target gene sequencing. In a study using 16S rRNA and ITS sequencing to characterize the microbiome in asthma patients, the alpha diversity of both the fungal and the bacterial microbiotas from endobronchial brush samples were lower in asthmatics compared with controls, also in addition to being lower in patients with eosinophilic airway inflammation vs. patients with neutrophilic/mixed inflammation [188].



Metagenomic shotgun sequencing has also been applied to the study of airway microbiomes associated with asthma. Turturice et al. [189] used unsupervised clustering to identify two distinct asthmatic phenotypes with different cytokine and chemokine profiles. Furthermore, metagenomic sequencing showed that the phenotype associated with greater airway obstruction was also characterized by a lower airway microbiome enriched in Streptococcus pneumoniae and Actinomyces spp. Huang et al. [190] studied the sputum microbiome in both untreated asthma patients and patients treated with inhaled corticosteroids using metagenomic high-throughput sequencing, and they found that the α diversity of both the bacteriome and the mycobiome was lower in untreated patients compared with healthy controls. Several taxa were identified as potential biomarkers, including Streptococcus, Gemella, and Neisseria spp., which were increased in the untreated asthma group.




8.4. The Gut Microbiome and Asthma


Most studies of the gut microbiome have made use of stool samples, which are easily accessible even from neonates, and several studies based on 16S rRNA sequencing have linked the composition of the gut microbiota in infancy with the risk of asthma in later childhood [191,192,193]. Although the studies were in part contradictory with regard to critical timepoints and the protective effect of the Firmicutes genus Veillonella, two studies that used asthma in later childhood found an association between asthma and lower overall microbial Shannon diversity in the gut [191,193]. Interestingly, in the study by Stokholm et al. [191], the association between a more immature gut microbial composition in infancy and later asthma was only significant among children born to asthmatic mothers, suggesting an interaction between the gut microbiota and genetic or epigenomic factors.



Metagenomics has also been used to explore associations between the gut microbiome and asthma. A metagenomic study of the gut microbiome in asthma patients found evidence of lower microbial richness and a different microbial composition in the gut of adult asthma patients compared with non-asthmatic controls [194]. Metagenomic analysis also yielded evidence for functional changes in the gut microbiome, notably with regard to production of butyrate, a short-chain fatty acid with a role in inflammatory immune cell responses and associated with asthma risk [195,196]. This study demonstrates the potential of metagenomics not only to characterize microbiota composition but also to elucidate functional aspects of the gut microbiome, which may help to further our understanding of the role played by the gut microbiota in the development of asthma.





9. Integrating Omics in Asthma


While enormous progress has been made in understanding gene structure and regulation, translating molecular insights to clinical practice for the many asthmatic individuals has been challenging. Although single omics studies have contributed to a better understanding of the molecular profiles associated with asthma, they cannot fully capture the entire biological complexity of asthma. Multi-omics analysis holds great potential to molecularly characterize a wide array of complex diseases, including asthma [197,198]. Multi-omics analyses take advantage of genomics, transcriptomics, epigenomics, proteomics, metabolomics, the microbiome, and other omics areas to systematically understand health and disease states and uncover new biological insights into disease mechanisms. Applying multi-omics integration represents a holistic way to uncover relationships among biological molecules and their corresponding omics and phenotype (top-down and bottom-up approaches) and interpret the data in a context of biological networks and molecular interactions (Figure 2). Theoretically, multi-omics-based integration using machine learning has the potential to (a) assess and compare data domains for their diagnostic and prediction utility, (b) test models across patient populations and asthma severity, (c) iteratively refine clinical endotypes, and (d) test effectiveness of interventions of model-informed treatments and modifiable risk factors (Figure 3). However, despite continuous effort in integrating multi-omics data in asthma, truly integrated multi-omics analyses are in their infancy. A few notable attempts at multi-omics approaches in asthma research include the identification of biologically meaningful rhinovirus bronchiolitis endotypes [199], context-specific genetic mechanism [200], and clinically relevant biomarkers [201]. There are several reasons for multi-omics having so far generated few stable biomarkers for predicting asthma risk, including the lack of robust and reproducible omics data, whereas larger sample sizes and improved computational analysis are needed to powerfully integrate multi-omics data. Moreover, much of our understanding of genetic risk for asthma over the past decade came from studies of European ancestry. People of European ancestry account for about 16% of the world’s population, yet they represent 80% of participants in genetic studies of disease [202]. Due to the underlying genetic susceptibility and environmental exposure interactions, there is evidence that prevalence of immune phenotypes can vary by race [203]. There has been a lack of omics studies conducted among minority populations who bear a disproportionally high burden and incidence of asthma (almost twice as high in AAs (16%) compared to European Americans (8.2%) [204]. Additional efforts are needed to widen the diversity of multi-omics databases and develop analytical methods, including deep learning, to analyze, annotate, and integrate multi-omics data to inform precision medicine-based decision making [205]. New bioinformatic tools for data analysis are imperative given the large volume and complexity of available data toward the road of multi-omics application in precision medicine. Therefore, to achieve multi-omics integration and application to precision medicine asthma, it is important to address the current challenges by establishing a solid evidence base. This can be accomplished through more rigorous study designs, integration of high-dimensional data from various sources, development of computational approaches for large amounts of data, and a reduction in cost of omics analyses [206].




10. Conclusions and Future Directions


As we move forward, multi-ethnic cohorts with deep phenotyping, longitudinal phenotypes, better characterization of environmental determinants, and the application of new technologies and analytic approaches in “-omics” data integration are needed for better prediction, diagnosis, and biomarker development for treatment of asthma and related allergic diseases. These include next-generation sequencing (e.g., DNA-Seq, RNA-Seq (including scRNA-Seq)) and epigenomic approaches in appropriate tissues/cells along with advanced bioinformatic tools. Systematic integration of omics data (e.g., genomic, transcriptomic, epigenomic, proteomic, metabolomic, exposomic, microbiome), using multi-ethnic patient information from providers (e.g., electronic health records) and non-providers (e.g., smart phones, monitoring tools for environmental triggers) can, thus, provide valuable insights to resolve the clinical complexity and etiology of asthma. Precision medicine goes far beyond genetic sequence analysis, and integrating multi-omics data with deep phenotyping and clinical outcomes of the cohort offers a path to deeper functional insights into complex diseases such as asthma.







Author Contributions


Conceptualization, T.B.M. and E.J.; writing—original draft preparation, Y.G., E.J. and T.B.M.; writing—review and editing, Y.G., E.J. and T.B.M.; supervision, T.B.M.; funding acquisition, T.B.M. All authors have read and agreed to the published version of the manuscript.




Funding


This work was funded by the National Institutes of Health (NIH) grants HL132344 and R01 HG011411.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Not applicable.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Kaur, R.; Chupp, G. Phenotypes and endotypes of adult asthma: Moving toward precision medicine. J. Allergy Clin. Immunol. 2019, 144, 1–12. [Google Scholar] [CrossRef]

	



Chung, K.F. Precision medicine in asthma: Linking phenotypes to targeted treatments. Curr. Opin. Pulm. Med. 2018, 24, 4–10. [Google Scholar] [CrossRef]

	



De Ferrari, L.; Chiappori, A.; Bagnasco, D.; Riccio, A.M.; Passalacqua, G.; Canonica, G.W. Molecular phenotyping and biomarker development: Are we on our way towards targeted therapy for severe asthma? Expert Rev. Respir. Med. 2016, 10, 29–38. [Google Scholar] [CrossRef]

	



Halapi, E.; Gudbjartsson, D.F.; Jonsdottir, G.M.; Bjornsdottir, U.S.; Thorleifsson, G.; Helgadottir, H.; Williams, C.; Koppelman, G.H.; Heinzmann, A.; Boezen, H.M.; et al. A sequence variant on 17q21 is associated with age at onset and severity of asthma. Eur. J. Hum. Genet. 2010, 18, 902–908. [Google Scholar] [CrossRef] [PubMed]

	



Moffatt, M.F.; Gut, I.G.; Demenais, F.; Strachan, D.P.; Bouzigon, E.; Heath, S.; von Mutius, E.; Farrall, M.; Lathrop, M.; Cookson, W.O. A Large-Scale, Consortium-Based Genomewide Association Study of Asthma. N. Engl. J. Med. 2010, 363, 1211–1221. [Google Scholar] [CrossRef]

	



Peters, M.C.; Ringel, L.; Dyjack, N.; Herrin, R.; Woodruff, P.G.; Rios, C.; O’Connor, B.; Fahy, J.V.; Seibold, M.A. A Transcriptomic Method to Determine Airway Immune Dysfunction in T2-High and T2-Low Asthma. Am. J. Respir. Crit. Care Med. 2019, 199, 465–477. [Google Scholar] [CrossRef]

	



Kuo, C.-H.S.; Pavlidis, S.; Loza, M.; Baribaud, F.; Rowe, A.; Pandis, I.; Sousa, A.; Corfield, J.; Djukanovic, R.; Lutter, R.; 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. [Google Scholar] [CrossRef]

	



Kabesch, M.; Tost, J. Recent findings in the genetics and epigenetics of asthma and allergy. Semin. Immunopathol. 2020, 42, 43–60. [Google Scholar] [CrossRef]

	



Hernandez-Pacheco, N.; Pino-Yanes, M.; Flores, C. Genomic Predictors of Asthma Phenotypes and Treatment Response. Front. Pediatr. 2019, 7, 6. [Google Scholar] [CrossRef]

	



Abdel-Aziz, M.I.; Neerincx, A.H.; Vijverberg, S.J.; Kraneveld, A.D.; Der Zee, A.H.M.-V. Omics for the future in asthma. Semin. Immunopathol. 2020, 42, 111–126. [Google Scholar] [CrossRef] [PubMed]

	



Koeppen-Schomerus, G.; Stevenson, J.; Plomin, R. Genes and environment in asthma: A study of 4 year old twins. Arch. Dis. Child. 2001, 85, 398–400. [Google Scholar] [CrossRef]

	



Laitinen, T.; Rasanen, M.; Kaprio, J.; Koskenvuo, M.; Laitinen, L.A. Importance of genetic factors in adolescent asthma: A population-based twin-family study. Am. J. Respir. Crit. Care Med. 1998, 157, 1073–1078. [Google Scholar] [CrossRef] [PubMed]

	



Duffy, D.; Martin, N.; Battistutta, D.; Hopper, J.L.; Mathews, J. Genetics of Asthma and Hay Fever in Australian Twins. Am. Rev. Respir. Dis. 1990, 142 Pt 1, 1351–1358. [Google Scholar] [CrossRef]

	



Ober, C.; Yao, T.-C. The genetics of asthma and allergic disease: A 21st century perspective. Immunol. Rev. 2011, 242, 10–30. [Google Scholar] [CrossRef] [PubMed]

	



Thomsen, S.F.; Ulrik, C.S.; Kyvik, K.O.; Ferreira, M.A.R.; Backer, V. Multivariate genetic analysis of atopy phenotypes in a selected sample of twins. Clin. Exp. Allergy 2006, 36, 1382–1390. [Google Scholar] [CrossRef]

	



Ullemar, V.; Magnusson, P.; Lundholm, C.; Zettergren, A.; Melen, E.; Lichtenstein, P.; Almqvist, C. Heritability and confirmation of genetic association studies for childhood asthma in twins. Allergy 2016, 71, 230–238. [Google Scholar] [CrossRef]

	



Cookson, W.; Faux, J.; Sharp, P.; Hopkin, J. Linkage between immunoglobulin e responses underlying asthma and rhinitis and chromosome 11q. Lancet 1989, 333, 1292–1295. [Google Scholar] [CrossRef]

	



Willis-Owen, S.A.; Cookson, W.O.; Moffatt, M.F. The Genetics and Genomics of Asthma. Annu. Rev. Genom. Hum. Genet. 2018, 19, 223–246. [Google Scholar] [CrossRef]

	



Ober, C.; Hoffjan, S. Asthma genetics 2006: The long and winding road to gene discovery. Genes Immun. 2006, 7, 95–100. [Google Scholar] [CrossRef]

	



Los, H.; Koppelman, G.; Postma, D. The importance of genetic influences in asthma. Eur. Respir. J. 1999, 14, 1210–1227. [Google Scholar] [CrossRef] [PubMed]

	



Ober, C. Asthma Genetics in the Post-GWAS Era. Ann. Am. Thorac. Soc. 2016, 13 (Suppl. S1), S85–S90. [Google Scholar] [CrossRef]

	



Chang, C.C.; Chow, C.C.; Tellier, L.C.; Vattikuti, S.; Purcell, S.M.; Lee, J.J. Second-generation PLINK: Rising to the challenge of larger and richer datasets. GigaScience 2015, 4, 7. [Google Scholar] [CrossRef] [PubMed]

	



Hirschhorn, J.N. Genetic Approaches to Studying Common Diseases and Complex Traits. Pediatr. Res. 2005, 57 Pt 2, 74R–77R. [Google Scholar] [CrossRef]

	



Kim, K.W.; Ober, C. Lessons Learned From GWAS of Asthma. Allergy Asthma Immunol. Res. 2019, 11, 170–187. [Google Scholar] [CrossRef]

	



Moffatt, M.F.; Kabesch, M.; Liang, L.; Dixon, A.L.; Strachan, D.; Heath, S.; Depner, M.; Von Berg, A.; Bufe, A.; Rietschel, E.; et al. Genetic variants regulating ORMDL3 expression contribute to the risk of childhood asthma. Nature 2007, 448, 470–473. [Google Scholar] [CrossRef] [PubMed]

	



Hao, K.; Bosse, Y.; Nickle, D.C.; Pare, P.D.; Postma, D.S.; Laviolette, M.; Sandford, A.; Hackett, T.L.; Daley, D.; Hogg, J.C.; et al. Lung eQTLs to help reveal the molecular underpinnings of asthma. PLoS Genet. 2012, 8, e1003029. [Google Scholar] [CrossRef]

	



Stein, M.M.; Thompson, E.E.; Schoettler, N.; Helling, B.A.; Magnaye, K.M.; Stanhope, C.; Igartua, C.; Morin, A.; Washington, C.; Nicolae, D.; 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. [Google Scholar] [CrossRef]

	



White, M.J.; Risse-Adams, O.; Goddard, P.; Contreras, M.G.; Adams, J.; Hu, D.; Eng, C.; Oh, S.S.; Davis, A.; Meade, K.; et al. Novel genetic risk factors for asthma in African American children: Precision Medicine and the SAGE II Study. Immunogenetics 2016, 68, 391–400. [Google Scholar] [CrossRef] [PubMed]

	



Kumar, R.; Nguyen, E.A.; Roth, L.A.; Oh, S.S.; Gignoux, C.R.; Huntsman, S.; Eng, C.; Moreno-Estrada, A.; Sandoval, K.; Penaloza-Espinosa, R.I.; et al. Factors associated with degree of atopy in Latino children in a nationwide pediatric sample: The Genes-environments and Admixture in Latino Asthmatics (GALA II) study. J. Allergy Clin. Immunol. 2013, 132, 896–905.e1. [Google Scholar] [CrossRef]

	



Torgerson, D.G.; Ampleford, E.J.; Chiu, G.Y.; Gauderman, W.J.; Gignoux, C.R.; Graves, P.E.; Himes, B.E.; Levin, A.M.; Mathias, R.A.; Hancock, D.B.; et al. Meta-analysis of genome-wide association studies of asthma in ethnically diverse North American populations. Nat. Genet. 2011, 43, 887–892. [Google Scholar] [CrossRef]

	



Myers, R.A.; Himes, B.E.; Gignoux, C.R.; Yang, J.J.; Gauderman, W.J.; Rebordosa, C.; Xie, J.; Torgerson, D.G.; Levin, A.M.; Baurley, J.; et al. Further replication studies of the EVE Consortium meta-analysis identifies 2 asthma risk loci in European Americans. J. Allergy Clin. Immunol. 2012, 130, 1294–1301. [Google Scholar] [CrossRef]

	



Demenais, F.; Australian Asthma Genetics Consortium (AAGC) Collaborators; Margaritte-Jeannin, P.; Barnes, K.C.; Cookson, W.O.C.; Altmüller, J.; Ang, W.; Barr, R.G.; Beaty, T.H.; Becker, A.B.; et al. Multiancestry association study identifies new asthma risk loci that colocalize with immune-cell enhancer marks. Nat. Genet. 2018, 50, 42–53. [Google Scholar] [CrossRef]

	



Daya, M.; Rafaels, N.; Brunetti, T.M.; Chavan, S.; Levin, A.M.; Shetty, A.; Gignoux, C.R.; Boorgula, M.P.; Wojcik, G.; Campbell, M.; et al. Association study in African-admixed populations across the Americas recapitulates asthma risk loci in non-African populations. Nat. Commun. 2019, 10, 880. [Google Scholar] [CrossRef]

	



Almoguera, B.; Vazquez, L.; Mentch, F.; Connolly, J.; Pacheco, J.A.; Sundaresan, A.S.; Peissig, P.L.; Linneman, J.G.; McCarty, C.A.; Crosslin, D.; et al. Identification of Four Novel Loci in Asthma in European American and African American Populations. Am. J. Respir. Crit. Care Med. 2017, 195, 456–463. [Google Scholar] [CrossRef]

	



Han, Y.; Jia, Q.; Jahani, P.S.; Hurrell, B.P.; Pan, C.; Huang, P.; Gukasyan, J.; Woodward, N.C.; Eskin, E.; Gilliland, F.D.; et al. Genome-wide analysis highlights contribution of immune system pathways to the genetic architecture of asthma. Nat. Commun. 2020, 11, 1–13. [Google Scholar] [CrossRef]

	



Zhu, Z.; Guo, Y.; Shi, H.; Liu, C.-L.; Panganiban, R.A.; Chung, W.; O’Connor, L.J.; Himes, B.E.; Gazal, S.; Hasegawa, K.; et al. Shared genetic and experimental links between obesity-related traits and asthma subtypes in UK Biobank. J. Allergy Clin. Immunol. 2020, 145, 537–549. [Google Scholar] [CrossRef]

	



Ferreira, M.A.; Mathur, R.; Vonk, J.M.; Szwajda, A.; Brumpton, B.; Granell, R.; Brew, B.; Ullemar, V.; Lu, Y.; Jiang, Y.; et al. Genetic Architectures of Childhood- and Adult-Onset Asthma Are Partly Distinct. Am. J. Hum. Genet. 2019, 104, 665–684. [Google Scholar] [CrossRef] [PubMed]

	



Gautam, Y.; Altaye, M.; Xie, C.; Mersha, T.B. AdmixPower: Statistical Power and Sample Size Estimation for Mapping Genetic Loci in Admixed Populations. Genetics 2017, 207, 873–882. [Google Scholar] [CrossRef]

	



Galanter, J.M.; Gignoux, C.R.; Torgerson, D.G.; Roth, L.A.; Eng, C.; Oh, S.S.; Nguyen, E.A.; Drake, K.A.; Huntsman, S.; Hu, D.; et al. Genome-wide association study and admixture mapping identify different asthma-associated loci in Latinos: The Genes-environments & Admixture in Latino Americans study. J. Allergy Clin. Immunol. 2014, 134, 295–305. [Google Scholar] [CrossRef] [PubMed]

	



Gignoux, C.R.; Torgerson, D.G.; Pino-Yanes, M.; Uricchio, L.H.; Galanter, J.; Roth, L.A.; Eng, C.; Hu, D.; Nguyen, E.A.; Huntsman, S.; et al. An admixture mapping meta-analysis implicates genetic variation at 18q21 with asthma susceptibility in Latinos. J. Allergy Clin. Immunol. 2019, 143, 957–969. [Google Scholar] [CrossRef]

	



Guillen-Guio, B.; Hernandez-Beeftink, T.; Marcelino-Rodriguez, I.; Rodriguez-Perez, H.; Lorenzo-Salazar, J.M.; Espinilla-Pena, M.; Corrales, A.; Pino-Yanes, M.; Callero, A.; Perez-Rodriguez, E.; et al. Admixture mapping of asthma in southwestern Europeans with North African ancestry influences. Am. J. Physiol. Lung Cell Mol. Physiol. 2020, 318, L965–L975. [Google Scholar] [CrossRef]

	



Campbell, C.D.; Mohajeri, K.; Malig, M.; Hormozdiari, F.; Nelson, B.; Du, G.; Patterson, K.M.; Eng, C.; Torgerson, D.G.; Hu, D.; et al. Whole-genome sequencing of individuals from a founder population identifies candidate genes for asthma. PLoS ONE 2014, 9, e104396. [Google Scholar] [CrossRef]

	



DeWan, A.T.; Egan, K.B.; Hellenbrand, K.; Sorrentino, K.; Pizzoferrato, N.; Walsh, K.M.; Bracken, M.B. Whole-exome sequencing of a pedigree segregating asthma. BMC Med. Genet. 2012, 13, 95. [Google Scholar] [CrossRef]

	



Bogari, N.M.; Amin, A.A.; Rayes, H.H.; Abdelmotelb, A.; Taher, M.M.; Al-Allaf, F.A.; Bouazzaoui, A.; O’Gorman, L.; Holloway, J.W. Next Generation Exome Sequencing of Pediatric Asthma Identifies Rare and Novel Variants in Candidate Genes. Dis. Markers 2021, 2021, 8884229. [Google Scholar] [CrossRef]

	



Zhou, G.; Soufan, O.; Ewald, J.; Hancock, R.E.W.; Basu, N.; Xia, J. NetworkAnalyst 3.0: A visual analytics platform for comprehensive gene expression profiling and meta-analysis. Nucleic Acids Res. 2019, 47, W234–W241. [Google Scholar] [CrossRef]

	



Kontou, P.I.; Pavlopoulou, A.; Bagos, P.G. Methods of Analysis and Meta-Analysis for Identifying Differentially Expressed Genes. Methods Mol. Biol. 2018, 1793, 183–210. [Google Scholar]

	



Waldron, L.; Riester, M. Meta-Analysis in Gene Expression Studies. Stat. Genom. 2016, 1418, 161–176. [Google Scholar] [CrossRef]

	



Ritchie, M.E.; Phipson, B.; Wu, D.; Hu, Y.; Law, C.W.; Shi, W.; Smyth, G.K. limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res. 2015, 43, e47. [Google Scholar] [CrossRef]

	



Robinson, M.D.; McCarthy, D.J.; Smyth, G.K. EdgeR: A Bioconductor package for differential expression analysis of digital gene expression data. Bioinformatics 2010, 26, 139–140. [Google Scholar] [CrossRef]

	



Love, M.I.; Huber, W.; Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome Biol. 2014, 15, 550. [Google Scholar] [CrossRef]

	



Park, H.-W.; Weiss, S.T. Understanding the Molecular Mechanisms of Asthma through Transcriptomics. Allergy Asthma Immunol. Res. 2020, 12, 399–411. [Google Scholar] [CrossRef]

	



Consortium, G.T. The Genotype-Tissue Expression (GTEx) project. Nat. Genet. 2013, 45, 580–585. [Google Scholar]

	



Ivanova, O.; Richards, L.B.; Vijverberg, S.J.; Neerincx, A.H.; Sinha, A.; Sterk, P.J.; Der Zee, A.H.M. What did we learn from multiple omics studies in asthma? Allergy 2019, 74, 2129–2145. [Google Scholar] [CrossRef]

	



Woodruff, P.G.; Modrek, B.; Choy, D.; Jia, G.; Abbas, A.R.; Ellwanger, A.; Arron, J.; Koth, L.L.; Fahy, J.V. T-helper Type 2–driven Inflammation Defines Major Subphenotypes of Asthma. Am. J. Respir. Crit. Care Med. 2009, 180, 388–395. [Google Scholar] [CrossRef]

	



Weathington, N.; O’Brien, M.E.; Radder, J.; Whisenant, T.C.; Bleecker, E.R.; Busse, W.W.; Erzurum, S.C.; Gaston, B.; Hastie, A.T.; Jarjour, N.N.; et al. BAL Cell Gene Expression in Severe Asthma Reveals Mechanisms of Severe Disease and Influences of Medications. Am. J. Respir. Crit. Care Med. 2019, 200, 837–856. [Google Scholar] [CrossRef]

	



Liew, C.-C.; Ma, J.; Tang, H.-C.; Zheng, R.; Dempsey, A.A. The peripheral blood transcriptome dynamically reflects system wide biology: A potential diagnostic tool. J. Lab. Clin. Med. 2006, 147, 126–132. [Google Scholar] [CrossRef] [PubMed]

	



Miller, R.L.; Comstock, R.D.; Pierpoint, L.; Leonard, J.; Bajaj, L.; Mistry, R.D. Facilitators and barriers for parental consent to pediatric emergency research. Pediatr. Res. 2021, 1–7. [Google Scholar] [CrossRef]

	



Orsmark-Pietras, C.; James, A.; Konradsen, J.R.; Nordlund, B.; Söderhäll, C.; Pulkkinen, V.; Pedroletti, C.; Daham, K.; Kupczyk, M.; Dahlén, B.; et al. Transcriptome analysis reveals upregulation of bitter taste receptors in severe asthmatics. Eur. Respir. J. 2013, 42, 65–78. [Google Scholar] [CrossRef]

	



Persson, H.; Kwon, A.; Ramilowski, J.A.; Silberberg, G.; Söderhäll, C.; Orsmark-Pietras, C.; Nordlund, B.; Konradsen, J.R.; de Hoon, M.J.; Melén, E.; et al. Transcriptome analysis of controlled and therapy-resistant childhood asthma reveals distinct gene expression profiles. J. Allergy Clin. Immunol. 2015, 136, 638–648. [Google Scholar] [CrossRef]

	



Croteau-Chonka, D.C.; Qiu, W.; Martinez, F.D.; Strunk, R.C.; Lemanske, R.F., Jr.; Liu, A.H.; Gilliland, F.D.; Millstein, J.; Gauderman, W.J.; Ober, C.; et al. Gene Expression Profiling in Blood Provides Reproducible Molecular Insights into Asthma Control. Am. J. Respir. Crit. Care Med. 2017, 195, 179–188. [Google Scholar] [CrossRef]

	



Yeh, Y.-L.; Su, M.-W.; Chiang, B.-L.; Yang, Y.-H.; Tsai, C.-H.; Lee, Y.L. Genetic profiles of transcriptomic clusters of childhood asthma determine specific severe subtype. Clin. Exp. Allergy 2018, 48, 1164–1172. [Google Scholar] [CrossRef] [PubMed]

	



Bjornsdottir, U.S.; Holgate, S.T.; Reddy, P.S.; Hill, A.A.; McKee, C.M.; Csimma, C.I.; Weaver, A.A.; Legault, H.M.; Small, C.G.; Ramsey, R.C.; et al. Pathways activated during human asthma exacerbation as revealed by gene expression patterns in blood. PLoS ONE 2011, 6, e21902. [Google Scholar] [CrossRef] [PubMed]

	



Bigler, J.; Boedigheimer, M.; Schofield, J.P.R.; Skipp, P.J.; Corfield, J.; Rowe, A.; Sousa, A.R.; Timour, M.; Twehues, L.; Hu, X.; 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. [Google Scholar] [CrossRef]

	



Hachim, M.Y.; Elemam, N.M.; Ramakrishnan, R.K.; Salameh, L.; Olivenstein, R.; Hachim, I.Y.; Venkatachalam, T.; Mahboub, B.; Al Heialy, S.; Hamid, Q.; et al. Derangement of cell cycle markers in peripheral blood mononuclear cells of asthmatic patients as a reliable biomarker for asthma control. Sci. Rep. 2021, 11, 11873. [Google Scholar] [CrossRef] [PubMed]

	



Singhania, A.; Wallington, J.C.; Smith, C.G.; Horowitz, D.; Staples, K.J.; Howarth, P.H.; Gadola, S.D.; Djukanovic, R.; Woelk, C.H.; Hinks, T.S.C. Multitissue Transcriptomics Delineates the Diversity of Airway T Cell Functions in Asthma. Am. J. Respir. Cell Mol. Biol. 2018, 58, 261–270. [Google Scholar] [CrossRef]

	



Modena, B.D.; Bleecker, E.R.; Busse, W.W.; Erzurum, S.C.; Gaston, B.M.; Jarjour, N.N.; Meyers, D.A.; Milosevic, J.; Tedrow, J.R.; Wu, W.; et al. Gene Expression Correlated with Severe Asthma Characteristics Reveals Heterogeneous Mechanisms of Severe Disease. Am. J. Respir. Crit. Care Med. 2017, 195, 1449–1463. [Google Scholar] [CrossRef]

	



Yang, I.V.; Pedersen, B.S.; Liu, A.H.; O’Connor, G.T.; Pillai, D.; Kattan, M.; Misiak, R.T.; Gruchalla, R.; Szefler, S.J.; Khurana Hershey, G.K.; et al. The nasal methylome and childhood atopic asthma. J. Allergy Clin. Immunol. 2017, 139, 1478–1488. [Google Scholar] [CrossRef] [PubMed]

	



Tsai, Y.H.; Parker, J.S.; Yang, I.V.; Kelada, S.N.P. Meta-analysis of airway epithelium gene expression in asthma. Eur. Respir. J. 2018, 51, 1701962. [Google Scholar] [CrossRef] [PubMed]

	



Hekking, P.P.; Loza, M.J.; Pavlidis, S.; de Meulder, B.; Lefaudeux, D.; Baribaud, F.; Auffray, C.; Wagener, A.H.; Brinkman, P.I.; Lutter, R.I.; et al. Pathway discovery using transcriptomic profiles in adult-onset severe asthma. J. Allergy Clin. Immunol. 2018, 141, 1280–1290. [Google Scholar] [CrossRef]

	



Baines, K.J.; Simpson, J.L.; Wood, L.G.; Scott, R.J.; Gibson, P.G. Transcriptional phenotypes of asthma defined by gene expression profiling of induced sputum samples. J. Allergy Clin. Immunol. 2011, 127, 153–160. [Google Scholar] [CrossRef]

	



Niessen, N.M.; Gibson, P.G.; Baines, K.J.; Barker, D.; Yang, I.A.; Upham, J.W.; Reynolds, P.N.; Hodge, S.; James, A.L.; Jenkins, C.; et al. Sputum TNF markers are increased in neutrophilic and severe asthma and are reduced by azithromycin treatment. Allergy 2021, 76, 2090–2101. [Google Scholar] [CrossRef]

	



Kim, B.K.; Lee, H.S.; Sohn, K.H.; Lee, S.Y.; Cho, S.H.; Park, H.W. Different Biological Pathways Are Up-regulated in the Elderly With Asthma: Sputum Transcriptomic Analysis. Allergy Asthma Immunol. Res. 2019, 11, 104–115. [Google Scholar] [CrossRef] [PubMed]

	



Niessen, N.M.; Gibson, P.G.; Simpson, J.L.; Scott, H.A.; Baines, K.J.; Fricker, M. Airway monocyte modulation relates to tumour necrosis factor dysregulation in neutrophilic asthma. ERJ Open Res. 2021, 7. [Google Scholar] [CrossRef]

	



Garcia-Sanchez, A.; Estravis, M.; Martin, M.J.; Perez-Pazos, J.; Martin-Garcia, C.; Gil-Melcon, M.; Ramos-Gonzalez, J.; Eguiluz-Gracia, I.; Trivino, J.C.; Isidoro-Garcia, M.; et al. PTGDR2 Expression in Peripheral Blood as a Potential Biomarker in Adult Patients with Asthma. J. Pers. Med. 2021, 11, 827. [Google Scholar] [CrossRef]

	



Altman, M.C.; Gill, M.A.; Whalen, E.; Babineau, D.C.; Shao, B.; Liu, A.H.; Jepson, B.; Gruchalla, R.S.; O’Connor, G.T.; Pongracic, J.A.; et al. Transcriptome networks identify mechanisms of viral and nonviral asthma exacerbations in children. Nat. Immunol. 2019, 20, 637–651. [Google Scholar] [CrossRef]

	



Banerjee, P.; Balraj, P.; Ambhore, N.S.; Wicher, S.A.; Britt, R.D., Jr.; Pabelick, C.M.; Prakash, Y.S.; Sathish, V. Network and co-expression analysis of airway smooth muscle cell transcriptome delineates potential gene signatures in asthma. Sci. Rep. 2021, 11, 14386. [Google Scholar] [CrossRef]

	



Chen, A.; Diaz-Soto, M.P.; Sanmamed, M.F.; Adams, T.; Schupp, J.C.; Gupta, A.; Britto, C.; Sauler, M.; Yan, X.; Liu, Q.; et al. Single-cell characterization of a model of poly I:C-stimulated peripheral blood mononuclear cells in severe asthma. Respir. Res. 2021, 22, 122. [Google Scholar] [CrossRef] [PubMed]

	



Vieira Braga, F.A.; Kar, G.; Berg, M.; Carpaij, O.A.; Polanski, K.; Simon, L.M.; Brouwer, S.; Gomes, T.; Hesse, L.; Jiang, J.; et al. A cellular census of human lungs identifies novel cell states in health and in asthma. Nat. Med. 2019, 25, 1153–1163. [Google Scholar] [CrossRef]

	



Jackson, N.D.; Everman, J.L.; Chioccioli, M.; Feriani, L.; Goldfarbmuren, K.C.; Sajuthi, S.P.; Rios, C.L.; Powell, R.; Armstrong, M.; Gomez, J.; et al. Single-Cell and Population Transcriptomics Reveal Pan-epithelial Remodeling in Type 2-High Asthma. Cell Rep. 2020, 32, 107872. [Google Scholar] [CrossRef] [PubMed]

	



Li, H.; Wang, H.; Sokulsky, L.; Liu, S.; Yang, R.; Liu, X.; Zhou, L.; Li, J.; Huang, C.; Li, F.; et al. Single-cell transcriptomic analysis reveals key immune cell phenotypes in the lungs of patients with asthma exacerbation. J. Allergy Clin. Immunol. 2021, 147, 941–954. [Google Scholar] [CrossRef]

	



Qi, C.; Xu, C.J.; Koppelman, G.H. The role of epigenetics in the development of childhood asthma. Expert Rev. Clin. Immunol. 2019, 15, 1287–1302. [Google Scholar] [CrossRef]

	



Feil, R.; Fraga, M.F. Epigenetics and the environment: Emerging patterns and implications. Nat. Rev. Genet. 2012, 13, 97–109. [Google Scholar] [CrossRef]

	



O’Connor, G.T.; Lynch, S.V.; Bloomberg, G.R.; Kattan, M.; Wood, R.A.; Gergen, P.J.; Jaffee, K.F.; Calatroni, A.; Bacharier, L.B.; Beigelman, A.; et al. Early-life home environment and risk of asthma among inner-city children. J. Allergy Clin. Immunol. 2018, 141, 1468–1475. [Google Scholar] [CrossRef]

	



Gomez, J.L. Epigenetics in Asthma. Curr. Allergy Asthma Rep. 2019, 19, 56. [Google Scholar] [CrossRef]

	



Sheikhpour, M.; Maleki, M.; Ebrahimi Vargoorani, M.; Amiri, V. A review of epigenetic changes in asthma: Methylation and acetylation. Clin. Epigenetics 2021, 13, 65. [Google Scholar] [CrossRef]

	



de Groote, M.L.; Verschure, P.J.; Rots, M.G. Epigenetic Editing: Targeted rewriting of epigenetic marks to modulate expression of selected target genes. Nucleic Acids Res. 2012, 40, 10596–10613. [Google Scholar] [CrossRef]

	



Moore, L.D.; Le, T.; Fan, G. DNA methylation and its basic function. Neuropsychopharmacology 2013, 38, 23–38. [Google Scholar] [CrossRef] [PubMed]

	



Lawrence, M.; Daujat, S.; Schneider, R. Lateral Thinking: How Histone Modifications Regulate Gene Expression. Trends Genet. 2016, 32, 42–56. [Google Scholar] [CrossRef]

	



Hunt, C.R.; Ramnarain, D.; Horikoshi, N.; Iyengar, P.; Pandita, R.K.; Shay, J.W.; Pandita, T.K. Histone modifications and DNA double-strand break repair after exposure to ionizing radiations. Radiat. Res. 2013, 179, 383–392. [Google Scholar] [CrossRef]

	



Bensaoud, C.; Martins, L.A.; Aounallah, H.; Hackenberg, M.; Kotsyfakis, M. Emerging roles of non-coding RNAs in vector-borne infections. J. Cell Sci. 2020, 134, jcs246744. [Google Scholar] [CrossRef]

	



Zhang, X.; Wang, W.; Zhu, W.; Dong, J.; Cheng, Y.; Yin, Z.; Shen, F. Mechanisms and Functions of Long Non-Coding RNAs at Multiple Regulatory Levels. Int. J. Mol. Sci. 2019, 20, 5573. [Google Scholar] [CrossRef] [PubMed]

	



Alaskhar Alhamwe, B.; Khalaila, R.; Wolf, J.; von Bulow, V.; Harb, H.; Alhamdan, F.; Hii, C.S.; Prescott, S.L.; Ferrante, A.; Renz, H.; et al. Histone modifications and their role in epigenetics of atopy and allergic diseases. Allergy Asthma Clin. Immunol. 2018, 14, 39. [Google Scholar] [CrossRef]

	



Weidner, J.; Bartel, S.; Kilic, A.; Zissler, U.M.; Renz, H.; Schwarze, J.; Schmidt-Weber, C.B.; Maes, T.; Rebane, A.; Krauss-Etschmann, S.; et al. Spotlight on microRNAs in allergy and asthma. Allergy 2021, 76, 1661–1678. [Google Scholar] [CrossRef] [PubMed]

	



Wasti, B.; Liu, S.K.; Xiang, X.D. Role of Epigenetics in the Pathogenesis, Treatment, Prediction, and Cellular Transformation of Asthma. Mediat. Inflamm. 2021, 2021, 9412929. [Google Scholar] [CrossRef]

	



Murat, K.; Gruning, B.; Poterlowicz, P.W.; Westgate, G.; Tobin, D.J.; Poterlowicz, K. Ewastools: Infinium Human Methylation BeadChip pipeline for population epigenetics integrated into Galaxy. Gigascience 2020, 9, giaa049. [Google Scholar] [CrossRef]

	



Xu, J.; Zhao, L.; Liu, D.; Hu, S.; Song, X.; Li, J.; Lv, H.; Duan, L.; Zhang, M.; Jiang, Q.; et al. EWAS: Epigenome-wide association study software 2.0. Bioinformatics 2018, 34, 2657–2658. [Google Scholar] [CrossRef]

	



Pan, H.; Holbrook, J.D.; Karnani, N.; Kwoh, C.K. Gene, Environment and Methylation (GEM): A tool suite to efficiently navigate large scale epigenome wide association studies and integrate genotype and interaction between genotype and environment. BMC Bioinform. 2016, 17, 299. [Google Scholar] [CrossRef]

	



Delaney, C.; Garg, S.K.; Yung, R. Analysis of DNA Methylation by Pyrosequencing. Methods Mol. Biol. 2015, 1343, 249–264. [Google Scholar] [CrossRef]

	



Ohgane, J.; Yagi, S.; Shiota, K. Epigenetics: The DNA methylation profile of tissue-dependent and differentially methylated regions in cells. Placenta 2008, 29 (Suppl. SA), S29–S35. [Google Scholar] [CrossRef]

	



Sood, A.; Petersen, H.; Blanchette, C.M.; Meek, P.; Picchi, M.A.; Belinsky, S.A.; Tesfaigzi, Y. Methylated Genes in Sputum Among Older Smokers With Asthma. Chest 2012, 142, 425–431. [Google Scholar] [CrossRef]

	



DeVries, A.; Vercelli, D. Early predictors of asthma and allergy in children: The role of epigenetics. Curr. Opin. Allergy Clin. Immunol. 2015, 15, 435–439. [Google Scholar] [CrossRef]

	



Joubert, B.R.; Felix, J.F.; Yousefi, P.; Bakulski, K.M.; Just, A.C.; Breton, C.; Reese, S.E.; Markunas, C.A.; Richmond, R.C.; Xu, C.J.; et al. DNA Methylation in Newborns and Maternal Smoking in Pregnancy: Genome-wide Consortium Meta-analysis. Am J. Hum. Genet. 2016, 98, 680–696. [Google Scholar] [CrossRef]

	



Gruzieva, O.; Xu, C.J.; Yousefi, P.; Relton, C.; Merid, S.K.; Breton, C.V.; Gao, L.; Volk, H.E.; Feinberg, J.I.; Ladd-Acosta, C.; et al. Prenatal Particulate Air Pollution and DNA Methylation in Newborns: An Epigenome-Wide Meta-Analysis. Environ. Health Perspect. 2019, 127, 57012. [Google Scholar] [CrossRef]

	



Yang, I.V.; Pedersen, B.S.; Liu, A.; O’Connor, G.T.; Teach, S.J.; Kattan, M.; Misiak, R.T.; Gruchalla, R.; Steinbach, S.F.; Szefler, S.J.; et al. DNA methylation and childhood asthma in the inner city. J. Allergy Clin. Immunol. 2015, 136, 69–80. [Google Scholar] [CrossRef]

	



DeVries, A.; Wlasiuk, G.; Miller, S.J.; Bosco, A.; Stern, D.A.; Lohman, I.C.; Rothers, J.; Jones, A.C.; Nicodemus-Johnson, J.; Vasquez, M.M.; et al. Epigenome-wide analysis links SMAD3 methylation at birth to asthma in children of asthmatic mothers. J. Allergy Clin. Immunol. 2017, 140, 534–542. [Google Scholar] [CrossRef]

	



Xu, C.J.; Soderhall, C.; Bustamante, M.; Baiz, N.; Gruzieva, O.; Gehring, U.; Mason, D.; Chatzi, L.; Basterrechea, M.; Llop, S.; et al. DNA methylation in childhood asthma: An epigenome-wide meta-analysis. Lancet Respir. Med. 2018, 6, 379–388. [Google Scholar] [CrossRef]

	



Reese, S.E.; Xu, C.J.; den Dekker, H.T.; Lee, M.K.; Sikdar, S.; Ruiz-Arenas, C.; Merid, S.K.; Rezwan, F.I.; Page, C.M.; Ullemar, V.; et al. Epigenome-wide meta-analysis of DNA methylation and childhood asthma. J. Allergy Clin. Immunol. 2019, 143, 2062–2074. [Google Scholar] [CrossRef] [PubMed]

	



Chen, R.; Piao, L.Z.; Liu, L.; Zhang, X.F. DNA methylation and gene expression profiles to identify childhood atopic asthma associated genes. BMC Pulm. Med. 2021, 21, 292. [Google Scholar] [CrossRef]

	



Gunawardhana, L.P.; Gibson, P.G.; Simpson, J.L.; Benton, M.C.; Lea, R.A.; Baines, K.J. Characteristic DNA methylation profiles in peripheral blood monocytes are associated with inflammatory phenotypes of asthma. Epigenetics 2014, 9, 1302–1316. [Google Scholar] [CrossRef]

	



Hoang, T.T.; Sikdar, S.; Xu, C.J.; Lee, M.K.; Cardwell, J.; Forno, E.; Imboden, M.; Jeong, A.; Madore, A.M.; Qi, C.; et al. Epigenome-wide association study of DNA methylation and adult asthma in the Agricultural Lung Health Study. Eur. Respir. J. 2020, 56, 2000217. [Google Scholar] [CrossRef] [PubMed]

	



Cardenas, A.; Sordillo, J.E.; Rifas-Shiman, S.L.; Chung, W.; Liang, L.; Coull, B.A.; Hivert, M.F.; Lai, P.S.; Forno, E.; Celedon, J.C.; et al. The nasal methylome as a biomarker of asthma and airway inflammation in children. Nat. Commun. 2019, 10, 3095. [Google Scholar] [CrossRef]

	



Yan, Q.; Forno, E.; Cardenas, A.; Qi, C.; Han, Y.Y.; Acosta-Perez, E.; Kim, S.; Zhang, R.; Boutaoui, N.; Canino, G.; et al. Exposure to violence, chronic stress, nasal DNA methylation, and atopic asthma in children. Pediatr. Pulmonol. 2021, 56, 1896–1905. [Google Scholar] [CrossRef]

	



Somineni, H.K.; Zhang, X.; Biagini Myers, J.M.; Kovacic, M.B.; Ulm, A.; Jurcak, N.; Ryan, P.H.; Khurana Hershey, G.K.; Ji, H. Ten-eleven translocation 1 (TET1) methylation is associated with childhood asthma and traffic-related air pollution. J. Allergy Clin. Immunol. 2016, 137, 797–805.e5. [Google Scholar] [CrossRef]

	



Forno, E.; Wang, T.; Qi, C.; Yan, Q.; Xu, C.J.; Boutaoui, N.; Han, Y.Y.; Weeks, D.E.; Jiang, Y.; Rosser, F.; et al. DNA methylation in nasal epithelium, atopy, and atopic asthma in children: A genome-wide study. Lancet Respir. Med. 2019, 7, 336–346. [Google Scholar] [CrossRef]

	



Hudon Thibeault, A.A.; Laprise, C. Cell-Specific DNA Methylation SignatuRes. in Asthma. Genes 2019, 10, 932. [Google Scholar] [CrossRef]

	



Lin, P.I.; Shu, H.; Mersha, T.B. Comparing DNA methylation profiles across different tissues associated with the diagnosis of pediatric asthma. Sci. Rep. 2020, 10, 151. [Google Scholar] [CrossRef]

	



Zhou, L.; Ng, H.K.; Drautz-Moses, D.I.; Schuster, S.C.; Beck, S.; Kim, C.; Chambers, J.C.; Loh, M. Systematic evaluation of library preparation methods and sequencing platforms for high-throughput whole genome bisulfite sequencing. Sci. Rep. 2019, 9, 10383. [Google Scholar] [CrossRef] [PubMed]

	



Trump, S.; Bieg, M.; Gu, Z.; Thurmann, L.; Bauer, T.; Bauer, M.; Ishaque, N.; Roder, S.; Gu, L.; Herberth, G.; et al. Prenatal maternal stress and wheeze in children: Novel insights into epigenetic regulation. Sci. Rep. 2016, 6, 28616. [Google Scholar] [CrossRef]

	



Rago, D.; Pedersen, C.T.; Huang, M.; Kelly, R.S.; Gurdeniz, G.; Brustad, N.; Knihtila, H.; Lee-Sarwar, K.A.; Morin, A.; Rasmussen, M.A.; et al. Characteristics and Mechanisms of a Sphingolipid-associated Childhood Asthma Endotype. Am. J. Respir. Crit. Care Med. 2021, 203, 853–863. [Google Scholar] [CrossRef]

	



Lee-Sarwar, K.; Kelly, R.S.; Lasky-Su, J.; Kachroo, P.; Zeiger, R.S.; O’Connor, G.T.; Sandel, M.T.; Bacharier, L.B.; Beigelman, A.; Laranjo, N.; et al. Dietary and Plasma Polyunsaturated Fatty Acids Are Inversely Associated with Asthma and Atopy in Early Childhood. J. Allergy Clin. Immunol. Pract. 2019, 7, 529–538.e8. [Google Scholar] [CrossRef]

	



Fitzpatrick, A.M.; Park, Y.; Brown, L.A.; Jones, D.P. Children with severe asthma have unique oxidative stress-associated metabolomic profiles. J. Allergy Clin. Immunol. 2014, 133, 258–261.e8. [Google Scholar] [CrossRef]

	



Mattarucchi, E.; Baraldi, E.; Guillou, C. Metabolomics applied to urine samples in childhood asthma; differentiation between asthma phenotypes and identification of relevant metabolites. BioMed. Chromatogr. 2012, 26, 89–94. [Google Scholar] [CrossRef]

	



Michaeloudes, C.; Abubakar-Waziri, H.; Lakhdar, R.; Raby, K.; Dixey, P.; Adcock, I.M.; Mumby, S.; Bhavsar, P.K.; Chung, K.F. Molecular mechanisms of oxidative stress in asthma. Mol. Aspects Med. 2021, 101026. [Google Scholar] [CrossRef] [PubMed]

	



Carraro, S.; Giordano, G.; Reniero, F.; Carpi, D.; Stocchero, M.; Sterk, P.J.; Baraldi, E. Asthma severity in childhood and metabolomic profiling of breath condensate. Allergy 2013, 68, 110–117. [Google Scholar] [CrossRef] [PubMed]

	



van de Kant, K.D.; van Berkel, J.J.; Jobsis, Q.; Lima Passos, V.; Klaassen, E.M.; van der Sande, L.; van Schayck, O.C.; de Jongste, J.C.; van Schooten, F.J.; Derks, E.; et al. Exhaled breath profiling in diagnosing wheezy preschool children. Eur. Respir. J. 2013, 41, 183–188. [Google Scholar] [CrossRef] [PubMed]

	



Smolinska, A.; Klaassen, E.M.; Dallinga, J.W.; van de Kant, K.D.; Jobsis, Q.; Moonen, E.J.; van Schayck, O.C.; Dompeling, E.; van Schooten, F.J. Profiling of volatile organic compounds in exhaled breath as a strategy to find early predictive signatures of asthma in children. PLoS ONE 2014, 9, e95668. [Google Scholar] [CrossRef] [PubMed]

	



Miles, E.A.; Childs, C.E.; Calder, P.C. Long-Chain Polyunsaturated Fatty Acids (LCPUFAs) and the Developing Immune System: A Narrative Review. Nutrients 2021, 13, 247. [Google Scholar] [CrossRef] [PubMed]

	



Magnusson, J.; Ekstrom, S.; Kull, I.; Hakansson, N.; Nilsson, S.; Wickman, M.; Melen, E.; Riserus, U.; Bergstrom, A. Polyunsaturated fatty acids in plasma at 8 years and subsequent allergic disease. J. Allergy Clin. Immunol. 2018, 142, 510–516.e6. [Google Scholar] [CrossRef]

	



Lumia, M.; Luukkainen, P.; Takkinen, H.M.; Kaila, M.; Nwaru, B.I.; Nevalainen, J.; Salminen, I.; Uusitalo, L.; Niinisto, S.; Tuokkola, J.; et al. Cow’s milk allergy and the association between fatty acids and childhood asthma risk. J. Allergy Clin. Immunol. 2014, 134, 488–490. [Google Scholar] [CrossRef] [PubMed]

	



Peluso, A.; Glen, R.; Ebbels, T.M.D. Multiple-testing correction in metabolome-wide association studies. BMC Bioinform. 2021, 22, 67. [Google Scholar] [CrossRef]

	



Turi, K.N.; Romick-Rosendale, L.; Ryckman, K.K.; Hartert, T.V. A review of metabolomics approaches and their application in identifying causal pathways of childhood asthma. J. Allergy Clin. Immunol. 2018, 141, 1191–1201. [Google Scholar] [CrossRef]

	



Liu, Y.; Beyer, A.; Aebersold, R. On the Dependency of Cellular Protein Levels on mRNA Abundance. Cell 2016, 165, 535–550. [Google Scholar] [CrossRef] [PubMed]

	



Brasier, A.R.; Victor, S.; Ju, H.; Busse, W.W.; Curran-Everett, D.; Bleecker, E.; Castro, M.; Chung, K.F.; Gaston, B.; Israel, E.; et al. Predicting intermediate phenotypes in asthma using bronchoalveolar lavage-derived cytokines. Clin. Transl Sci. 2010, 3, 147–157. [Google Scholar] [CrossRef]

	



Brasier, A.R.; Victor, S.; Boetticher, G.; Ju, H.; Lee, C.; Bleecker, E.R.; Castro, M.; Busse, W.W.; Calhoun, W.J. Molecular phenotyping of severe asthma using pattern recognition of bronchoalveolar lavage-derived cytokines. J. Allergy Clin. Immunol. 2008, 121, 30–37.e6. [Google Scholar] [CrossRef]

	



Hastie, A.T.; Steele, C.; Dunaway, C.W.; Moore, W.C.; Rector, B.M.; Ampleford, E.; Li, H.; Denlinger, L.C.; Jarjour, N.; Meyers, D.A.; et al. Complex association patterns for inflammatory mediators in induced sputum from subjects with asthma. Clin. Exp Allergy 2018, 48, 787–797. [Google Scholar] [CrossRef]

	



Reubsaet, L.L.; Meerding, J.; de Jager, W.; de Kleer, I.M.; Hoekstra, M.O.; Prakken, B.J.; van Wijk, F.; Arets, H.G. Plasma chemokines in early wheezers predict the development of allergic asthma. Am. J. Respir. Crit. Care Med. 2013, 188, 1039–1040. [Google Scholar] [CrossRef]

	



Lefaudeux, D.; De Meulder, B.; Loza, M.J.; Peffer, N.; Rowe, A.; Baribaud, F.; Bansal, A.T.; Lutter, R.; Sousa, A.R.; Corfield, J.; et al. U-BIOPRED clinical adult asthma clusters linked to a subset of sputum omics. J. Allergy Clin. Immunol. 2017, 139, 1797–1807. [Google Scholar] [CrossRef]

	



Schofield, J.P.R.; Burg, D.; Nicholas, B.; Strazzeri, F.; Brandsma, J.; Staykova, D.; Folisi, C.; Bansal, A.T.; Xian, Y.; Guo, Y.; et al. Stratification of asthma phenotypes by airway proteomic signatures. J. Allergy Clin. Immunol. 2019, 144, 70–82. [Google Scholar] [CrossRef]

	



Nieto-Fontarigo, J.J.; Gonzalez-Barcala, F.J.; Andrade-Bulos, L.J.; San-Jose, M.E.; Cruz, M.J.; Valdes-Cuadrado, L.; Crujeiras, R.M.; Arias, P.; Salgado, F.J. iTRAQ-based proteomic analysis reveals potential serum biomarkers of allergic and nonallergic asthma. Allergy 2020, 75, 3171–3183. [Google Scholar] [CrossRef]

	



Renz, H.; Holt, P.G.; Inouye, M.; Logan, A.C.; Prescott, S.L.; Sly, P.D. An exposome perspective: Early-life events and immune development in a changing world. J. Allergy Clin. Immunol. 2017, 140, 24–40. [Google Scholar] [CrossRef]

	



Smith, M.T.; de la Rosa, R.; Daniels, S.I. Using exposomics to assess cumulative risks and promote health. Environ. Mol. Mutagen 2015, 56, 715–723. [Google Scholar] [CrossRef]

	



Hossenbaccus, L.; Linton, S.; Ramchandani, R.; Gallant, M.J.; Ellis, A.K. Insights into allergic risk factors from birth cohort studies. Ann. Allergy Asthma Immunol. 2021, 127, 312–317. [Google Scholar] [CrossRef]

	



Murrison, L.B.; Brandt, E.B.; Myers, J.B.; Hershey, G.K.K. Environmental exposures and mechanisms in allergy and asthma development. J. Clin. Investig. 2019, 129, 1504–1515. [Google Scholar] [CrossRef]

	



Castro-Rodriguez, J.A.; Forno, E.; Rodriguez-Martinez, C.E.; Celedon, J.C. Risk and Protective Factors for Childhood Asthma: What Is the Evidence? J. Allergy Clin. Immunol. Pract. 2016, 4, 1111–1122. [Google Scholar] [CrossRef]

	



Beasley, R.; Semprini, A.; Mitchell, E.A. Risk factors for asthma: Is prevention possible? Lancet 2015, 386, 1075–1085. [Google Scholar] [CrossRef]

	



Jayes, L.; Haslam, P.L.; Gratziou, C.G.; Powell, P.; Britton, J.; Vardavas, C.; Jimenez-Ruiz, C.; Leonardi-Bee, J.; Tobacco Control Committee of the European Respiratory Society. SmokeHaz: Systematic Reviews and Meta-analyses of the Effects of Smoking on Respiratory Health. Chest 2016, 150, 164–179. [Google Scholar] [CrossRef]

	



Burke, H.; Leonardi-Bee, J.; Hashim, A.; Pine-Abata, H.; Chen, Y.; Cook, D.G.; Britton, J.R.; McKeever, T.M. Prenatal and passive smoke exposure and incidence of asthma and wheeze: Systematic review and meta-analysis. Pediatrics 2012, 129, 735–744. [Google Scholar] [CrossRef]

	



Hussein, Y.M.; Shalaby, S.M.; Zidan, H.E.; Sabbah, N.A.; Karam, N.A.; Alzahrani, S.S. CD14 tobacco gene-environment interaction in atopic children. Cell Immunol. 2013, 285, 31–37. [Google Scholar] [CrossRef]

	



Johansson, E.; Martin, L.J.; He, H.; Chen, X.; Weirauch, M.T.; Kroner, J.W.; Khurana Hershey, G.K.; Biagini, J.M. Second-hand smoke and NFE2L2 genotype interaction increases paediatric asthma risk and severity. Clin. Exp Allergy 2021, 51, 801–810. [Google Scholar] [CrossRef] [PubMed]

	



Kabesch, M.; Hoefler, C.; Carr, D.; Leupold, W.; Weiland, S.K.; von Mutius, E. Glutathione S transferase deficiency and passive smoking increase childhood asthma. Thorax 2004, 59, 569–573. [Google Scholar] [CrossRef] [PubMed]

	



Pfefferle, P.I.; Keber, C.U.; Cohen, R.M.; Garn, H. The Hygiene Hypothesis—Learning From but Not Living in the Past. Front. Immunol. 2021, 12, 635935. [Google Scholar] [CrossRef] [PubMed]

	



Wild, C.P. The exposome: From concept to utility. Int. J. Epidemiol 2012, 41, 24–32. [Google Scholar] [CrossRef]

	



Maitre, L.; de Bont, J.; Casas, M.; Robinson, O.; Aasvang, G.M.; Agier, L.; Andrusaityte, S.; Ballester, F.; Basagana, X.; Borras, E.; et al. Human Early Life Exposome (HELIX) study: A European population-based exposome cohort. BMJ. Open 2018, 8, e021311. [Google Scholar] [CrossRef]

	



Takaro, T.K.; Scott, J.A.; Allen, R.W.; Anand, S.S.; Becker, A.B.; Befus, A.D.; Brauer, M.; Duncan, J.; Lefebvre, D.L.; Lou, W.; et al. The Canadian Healthy Infant Longitudinal Development (CHILD) birth cohort study: Assessment of environmental exposures. J. Expo. Sci. Environ. Epidemiol. 2015, 25, 580–592. [Google Scholar] [CrossRef]

	



North, M.L.; Brook, J.R.; Lee, E.Y.; Omana, V.; Daniel, N.M.; Steacy, L.M.; Evans, G.J.; Diamond, M.L.; Ellis, A.K. The Kingston Allergy Birth Cohort: Exploring parentally reported respiratory outcomes through the lens of the exposome. Ann. Allergy Asthma Immunol. 2017, 118, 465–473. [Google Scholar] [CrossRef] [PubMed]

	



Gern, J.E.; Jackson, D.J.; Lemanske, R.F., Jr.; Seroogy, C.M.; Tachinardi, U.; Craven, M.; Hwang, S.Y.; Hamilton, C.M.; Huggins, W.; O’Connor, G.T.; et al. The Children’s Respiratory and Environmental Workgroup (CREW) birth cohort consortium: Design, methods, and study population. Respir. Res. 2019, 20, 115. [Google Scholar] [CrossRef]

	



Corradi, M.; Goldoni, M.; Mutti, A. A review on airway biomarkers: Exposure, effect and susceptibility. Expert Rev. Respir. Med. 2015, 9, 205–220. [Google Scholar] [CrossRef] [PubMed]

	



Neveu, V.; Moussy, A.; Rouaix, H.; Wedekind, R.; Pon, A.; Knox, C.; Wishart, D.S.; Scalbert, A. Exposome-Explorer: A manually-curated database on biomarkers of exposure to dietary and environmental factors. Nucleic Acids Res. 2017, 45, D979–D984. [Google Scholar] [CrossRef]

	



Guillien, A.; Cadiou, S.; Slama, R.; Siroux, V. The Exposome Approach to Decipher the Role of Multiple Environmental and Lifestyle Determinants in Asthma. Int. J. Environ. Res. Public Health 2021, 18, 1138. [Google Scholar] [CrossRef] [PubMed]

	



Barrera-Gomez, J.; Agier, L.; Portengen, L.; Chadeau-Hyam, M.; Giorgis-Allemand, L.; Siroux, V.; Robinson, O.; Vlaanderen, J.; Gonzalez, J.R.; Nieuwenhuijsen, M.; et al. A systematic comparison of statistical methods to detect interactions in exposome-health associations. Environ. Health 2017, 16, 74. [Google Scholar] [CrossRef]

	



Kim, H.; Sitarik, A.R.; Woodcroft, K.; Johnson, C.C.; Zoratti, E. Birth Mode, Breastfeeding, Pet Exposure, and Antibiotic Use: Associations With the Gut Microbiome and Sensitization in Children. Curr. Allergy Asthma Rep. 2019, 19, 22. [Google Scholar] [CrossRef]

	



Azad, M.B.; Konya, T.; Maughan, H.; Guttman, D.S.; Field, C.J.; Sears, M.R.; Becker, A.B.; Scott, J.A.; Kozyrskyj, A.L. Infant gut microbiota and the hygiene hypothesis of allergic disease: Impact of household pets and siblings on microbiota composition and diversity. Allergy Asthma Clin. Immunol. 2013, 9, 15. [Google Scholar] [CrossRef]

	



Gordon, H.A. Morphological and physiological characterization of germfree life. Ann. N. Y. Acad. Sci. 1959, 78, 208–220. [Google Scholar] [CrossRef] [PubMed]

	



Ruff, W.E.; Greiling, T.M.; Kriegel, M.A. Host-microbiota interactions in immune-mediated diseases. Nat. Rev. Microbiol. 2020, 18, 521–538. [Google Scholar] [CrossRef]

	



Rinninella, E.; Raoul, P.; Cintoni, M.; Franceschi, F.; Miggiano, G.A.D.; Gasbarrini, A.; Mele, M.C. What is the Healthy Gut Microbiota Composition? A Changing Ecosystem across Age, Environment, Diet, and Diseases. Microorganisms 2019, 7, 14. [Google Scholar] [CrossRef]

	



Tulic, M.K.; Piche, T.; Verhasselt, V. Lung-gut cross-talk: Evidence, mechanisms and implications for the mucosal inflammatory diseases. Clin. Exp. Allergy 2016, 46, 519–528. [Google Scholar] [CrossRef]

	



Mazmanian, S.K.; Liu, C.H.; Tzianabos, A.O.; Kasper, D.L. An immunomodulatory molecule of symbiotic bacteria directs maturation of the host immune system. Cell 2005, 122, 107–118. [Google Scholar] [CrossRef]

	



Atarashi, K.; Tanoue, T.; Shima, T.; Imaoka, A.; Kuwahara, T.; Momose, Y.; Cheng, G.; Yamasaki, S.; Saito, T.; Ohba, Y.; et al. Induction of colonic regulatory T cells by indigenous Clostridium species. Science 2011, 331, 337–341. [Google Scholar] [CrossRef]

	



Ivanov, I.I.; Atarashi, K.; Manel, N.; Brodie, E.L.; Shima, T.; Karaoz, U.; Wei, D.; Goldfarb, K.C.; Santee, C.A.; Lynch, S.V.; et al. Induction of intestinal Th17 cells by segmented filamentous bacteria. Cell 2009, 139, 485–498. [Google Scholar] [CrossRef]

	



Gaboriau-Routhiau, V.; Rakotobe, S.; Lecuyer, E.; Mulder, I.; Lan, A.; Bridonneau, C.; Rochet, V.; Pisi, A.; De Paepe, M.; Brandi, G.; et al. The key role of segmented filamentous bacteria in the coordinated maturation of gut helper T cell responses. Immunity 2009, 31, 677–689. [Google Scholar] [CrossRef] [PubMed]

	



Hilty, M.; Burke, C.; Pedro, H.; Cardenas, P.; Bush, A.; Bossley, C.; Davies, J.; Ervine, A.; Poulter, L.; Pachter, L.; et al. Disordered microbial communities in asthmatic airways. PLoS ONE 2010, 5, e8578. [Google Scholar] [CrossRef]

	



Yu, G.; Gail, M.H.; Consonni, D.; Carugno, M.; Humphrys, M.; Pesatori, A.C.; Caporaso, N.E.; Goedert, J.J.; Ravel, J.; Landi, M.T. Characterizing human lung tissue microbiota and its relationship to epidemiological and clinical features. Genome Biol. 2016, 17, 163. [Google Scholar] [CrossRef]

	



Nakatsuji, T.; Cheng, J.Y.; Gallo, R.L. Mechanisms for control of skin immune function by the microbiome. Curr. Opin. Immunol. 2021, 72, 324–330. [Google Scholar] [CrossRef] [PubMed]

	



DeVore, S.B.; Gonzalez, T.; Sherenian, M.G.; Herr, A.B.; Khurana Hershey, G.K. On the surface: Skin microbial exposure contributes to allergic disease. Ann. Allergy Asthma Immunol. 2020, 125, 628–638. [Google Scholar] [CrossRef]

	



Paller, A.S.; Kong, H.H.; Seed, P.; Naik, S.; Scharschmidt, T.C.; Gallo, R.L.; Luger, T.; Irvine, A.D. The microbiome in patients with atopic dermatitis. J. Allergy Clin. Immunol. 2019, 143, 26–35. [Google Scholar] [CrossRef]

	



Ziegler, S.F. Thymic stromal lymphopoietin, skin barrier dysfunction, and the atopic march. Ann. Allergy Asthma Immunol. 2021, 127, 306–311. [Google Scholar] [CrossRef]

	



Paller, A.S.; Spergel, J.M.; Mina-Osorio, P.; Irvine, A.D. The atopic march and atopic multimorbidity: Many trajectories, many pathways. J. Allergy Clin. Immunol. 2019, 143, 46–55. [Google Scholar] [CrossRef]

	



Biagini Myers, J.M.; Schauberger, E.; He, H.; Martin, L.J.; Kroner, J.; Hill, G.M.; Ryan, P.H.; LeMasters, G.K.; Bernstein, D.I.; Lockey, J.E.; et al. A Pediatric Asthma Risk Score to better predict asthma development in young children. J. Allergy Clin. Immunol. 2019, 143, 1803–1810.e2. [Google Scholar] [CrossRef]

	



Jackson, D.J.; Gern, J.E.; Lemanske, R.F., Jr. The contributions of allergic sensitization and respiratory pathogens to asthma inception. J. Allergy Clin. Immunol. 2016, 137, 659–665, quiz 666. [Google Scholar] [CrossRef]

	



Johnson, J.S.; Spakowicz, D.J.; Hong, B.Y.; Petersen, L.M.; Demkowicz, P.; Chen, L.; Leopold, S.R.; Hanson, B.M.; Agresta, H.O.; Gerstein, M.; et al. Evaluation of 16S rRNA gene sequencing for species and strain-level microbiome analysis. Nat. Commun. 2019, 10, 5029. [Google Scholar] [CrossRef]

	



Tang, H.H.F.; Lang, A.; Teo, S.M.; Judd, L.M.; Gangnon, R.; Evans, M.D.; Lee, K.E.; Vrtis, R.; Holt, P.G.; Lemanske, R.F., Jr.; et al. Developmental patterns in the nasopharyngeal microbiome during infancy are associated with asthma risk. J. Allergy Clin. Immunol. 2021, 147, 1683–1691. [Google Scholar] [CrossRef] [PubMed]

	



Depner, M.; Ege, M.J.; Cox, M.J.; Dwyer, S.; Walker, A.W.; Birzele, L.T.; Genuneit, J.; Horak, E.; Braun-Fahrlander, C.; Danielewicz, H.; et al. Bacterial microbiota of the upper respiratory tract and childhood asthma. J. Allergy Clin. Immunol. 2017, 139, 826–834.e13. [Google Scholar] [CrossRef]

	



Zhou, Y.; Jackson, D.; Bacharier, L.B.; Mauger, D.; Boushey, H.; Castro, M.; Durack, J.; Huang, Y.; Lemanske, R.F., Jr.; Storch, G.A.; et al. The upper-airway microbiota and loss of asthma control among asthmatic children. Nat. Commun. 2019, 10, 5714. [Google Scholar] [CrossRef]

	



McCauley, K.; Durack, J.; Valladares, R.; Fadrosh, D.W.; Lin, D.L.; Calatroni, A.; LeBeau, P.K.; Tran, H.T.; Fujimura, K.E.; LaMere, B.; et al. Distinct nasal airway bacterial microbiotas differentially relate to exacerbation in pediatric patients with asthma. J. Allergy Clin. Immunol. 2019, 144, 1187–1197. [Google Scholar] [CrossRef]

	



Zhang, Q.; Cox, M.; Liang, Z.; Brinkmann, F.; Cardenas, P.A.; Duff, R.; Bhavsar, P.; Cookson, W.; Moffatt, M.; Chung, K.F. Airway Microbiota in Severe Asthma and Relationship to Asthma Severity and Phenotypes. PLoS ONE 2016, 11, e0152724. [Google Scholar] [CrossRef]

	



Marri, P.R.; Stern, D.A.; Wright, A.L.; Billheimer, D.; Martinez, F.D. Asthma-associated differences in microbial composition of induced sputum. J. Allergy Clin. Immunol. 2013, 131, 346–352. [Google Scholar] [CrossRef] [PubMed]

	



Huang, Y.J.; Nelson, C.E.; Brodie, E.L.; Desantis, T.Z.; Baek, M.S.; Liu, J.; Woyke, T.; Allgaier, M.; Bristow, J.; Wiener-Kronish, J.P.; et al. Airway microbiota and bronchial hyperresponsiveness in patients with suboptimally controlled asthma. J. Allergy Clin. Immunol. 2011, 127, 372–381.e3. [Google Scholar] [CrossRef]

	



Sharma, A.; Laxman, B.; Naureckas, E.T.; Hogarth, D.K.; Sperling, A.I.; Solway, J.; Ober, C.; Gilbert, J.A.; White, S.R. Associations between fungal and bacterial microbiota of airways and asthma endotypes. J. Allergy Clin. Immunol. 2019, 144, 1214–1227.e7. [Google Scholar] [CrossRef]

	



Turturice, B.A.; McGee, H.S.; Oliver, B.; Baraket, M.; Nguyen, B.T.; Ascoli, C.; Ranjan, R.; Rani, A.; Perkins, D.L.; Finn, P.W. Atopic asthmatic immune phenotypes associated with airway microbiota and airway obstruction. PLoS ONE 2017, 12, e0184566. [Google Scholar] [CrossRef]

	



Huang, C.; Yu, Y.; Du, W.; Liu, Y.; Dai, R.; Tang, W.; Wang, P.; Zhang, C.; Shi, G. Fungal and bacterial microbiome dysbiosis and imbalance of trans-kingdom network in asthma. Clin. Transl Allergy 2020, 10, 42. [Google Scholar] [CrossRef] [PubMed]

	



Stokholm, J.; Blaser, M.J.; Thorsen, J.; Rasmussen, M.A.; Waage, J.; Vinding, R.K.; Schoos, A.M.; Kunoe, A.; Fink, N.R.; Chawes, B.L.; et al. Maturation of the gut microbiome and risk of asthma in childhood. Nat. Commun. 2018, 9, 141. [Google Scholar] [CrossRef]

	



Arrieta, M.C.; Stiemsma, L.T.; Dimitriu, P.A.; Thorson, L.; Russell, S.; Yurist-Doutsch, S.; Kuzeljevic, B.; Gold, M.J.; Britton, H.M.; Lefebvre, D.L.; et al. Early infancy microbial and metabolic alterations affect risk of childhood asthma. Sci. Transl. Med. 2015, 7, 307ra152. [Google Scholar] [CrossRef] [PubMed]

	



Abrahamsson, T.R.; Jakobsson, H.E.; Andersson, A.F.; Bjorksten, B.; Engstrand, L.; Jenmalm, M.C. Low gut microbiota diversity in early infancy precedes asthma at school age. Clin. Exp Allergy 2014, 44, 842–850. [Google Scholar] [CrossRef]

	



Wang, Q.; Li, F.; Liang, B.; Liang, Y.; Chen, S.; Mo, X.; Ju, Y.; Zhao, H.; Jia, H.; Spector, T.D.; et al. A metagenome-wide association study of gut microbiota in asthma in UK adults. BMC Microbiol. 2018, 18, 114. [Google Scholar] [CrossRef] [PubMed]

	



Yip, W.; Hughes, M.R.; Li, Y.; Cait, A.; Hirst, M.; Mohn, W.W.; McNagny, K.M. Butyrate Shapes Immune Cell Fate and Function in Allergic Asthma. Front. Immunol. 2021, 12, 628453. [Google Scholar] [CrossRef] [PubMed]

	



Furusawa, Y.; Obata, Y.; Fukuda, S.; Endo, T.A.; Nakato, G.; Takahashi, D.; Nakanishi, Y.; Uetake, C.; Kato, K.; Kato, T.; et al. Commensal microbe-derived butyrate induces the differentiation of colonic regulatory T cells. Nature 2013, 504, 446–450. [Google Scholar] [CrossRef] [PubMed]

	



Abdel-Aziz, M.I.; Neerincx, A.H.; Vijverberg, S.J.H.; Hashimoto, S.; Brinkman, P.; Gorenjak, M.; Toncheva, A.A.; Harner, S.; Brandstetter, S.; Wolff, C.; et al. A System Pharmacology Multi-Omics Approach toward Uncontrolled Pediatric Asthma. J. Pers. Med. 2021, 11, 484. [Google Scholar] [CrossRef]

	



Tyler, S.R.; Bunyavanich, S. Leveraging -omics for asthma endotyping. J. Allergy Clin. Immunol. 2019, 144, 13–23. [Google Scholar] [CrossRef] [PubMed]

	



Raita, Y.; Camargo, C.A., Jr.; Bochkov, Y.A.; Celedon, J.C.; Gern, J.E.; Mansbach, J.M.; Rhee, E.P.; Freishtat, R.J.; Hasegawa, K. Integrated-omics endotyping of infants with rhinovirus bronchiolitis and risk of childhood asthma. J. Allergy Clin. Immunol. 2021, 147, 2108–2117. [Google Scholar] [CrossRef] [PubMed]

	



Soliai, M.M.; Kato, A.; Helling, B.A.; Stanhope, C.T.; Norton, J.E.; Naughton, K.A.; Klinger, A.I.; Thompson, E.E.; Clay, S.M.; Kim, S.; 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, 157. [Google Scholar] [CrossRef]

	



Bravo-Merodio, L.; Williams, J.A.; Gkoutos, G.V.; Acharjee, A. Omics biomarker identification pipeline for translational medicine. J. Transl. Med. 2019, 17, 155. [Google Scholar] [CrossRef]

	



Martin, A.R.; Kanai, M.; Kamatani, Y.; Okada, Y.; Neale, B.M.; Daly, M.J. Publisher Correction: Clinical use of current polygenic risk scores may exacerbate health disparities. Nat. Genet. 2021, 53, 763. [Google Scholar] [CrossRef]

	



Litonjua, A.A.; Celedon, J.C.; Hausmann, J.; Nikolov, M.; Sredl, D.; Ryan, L.; Platts-Mills, T.A.; Weiss, S.T.; Gold, D.R. Variation in total and specific IgE: Effects of ethnicity and socioeconomic status. J. Allergy Clin. Immunol. 2005, 115, 751–757. [Google Scholar] [CrossRef]

	



Stern, J.; Pier, J.; Litonjua, A.A. Asthma epidemiology and risk factors. Semin. Immunopathol 2020, 42, 5–15. [Google Scholar] [CrossRef]

	



Proper, S.P.; Azouz, N.P.; Mersha, T.B. Achieving Precision Medicine in Allergic Disease: Progress and Challenges. Front. Immunol. 2021, 12, 720746. [Google Scholar] [CrossRef]

	



Mersha, T.B.; Afanador, Y.; Johansson, E.; Proper, S.P.; Bernstein, J.A.; Rothenberg, M.E.; Khurana Hershey, G.K. Resolving Clinical Phenotypes into Endotypes in Allergy: Molecular and Omics Approaches. Clin. Rev. Allergy Immunol. 2021, 60, 200–219. [Google Scholar] [CrossRef]








[image: Jpm 12 00066 g001 550] 





Figure 1. Circular plot of 212 asthma loci. Plot summarizing the 212 asthma loci described in Han et al. [35]. The first (outer) track shows the gene(s) representing the loci in alternating colors (red and blue). The second track with alternating shades of grays represents the chromosomes. The third track represents the association p-value from the UKBB + TAGC meta-analysis; each line represents −log10P of the strongest signal in the loci (for clarity, lines are truncated to ≤25). The innermost track represents the replication of each locus. Asthma GWAS loci with significance association p-value < 5 × 10−8 were accessed from the GWAS Catalog ((https://www.ebi.ac.uk/gwas/home, accessed on 10 December 2021), and the number of hits for each loci was counted. All replications of 17q12-21 were merged to a single locus. The lengths of the lines show the number of hits (for clarity, lines are truncated for lengths up to 20). 






Figure 1. Circular plot of 212 asthma loci. Plot summarizing the 212 asthma loci described in Han et al. [35]. The first (outer) track shows the gene(s) representing the loci in alternating colors (red and blue). The second track with alternating shades of grays represents the chromosomes. The third track represents the association p-value from the UKBB + TAGC meta-analysis; each line represents −log10P of the strongest signal in the loci (for clarity, lines are truncated to ≤25). The innermost track represents the replication of each locus. Asthma GWAS loci with significance association p-value < 5 × 10−8 were accessed from the GWAS Catalog ((https://www.ebi.ac.uk/gwas/home, accessed on 10 December 2021), and the number of hits for each loci was counted. All replications of 17q12-21 were merged to a single locus. The lengths of the lines show the number of hits (for clarity, lines are truncated for lengths up to 20).



[image: Jpm 12 00066 g001]







[image: Jpm 12 00066 g002 550] 





Figure 2. Schematic representation of relationships and interactions among types of biological molecules and their corresponding omics (top-down and bottom-up approaches). Block arrows indicate relationships between different classes of biological molecules, and green arrows represent potential interactions between omics datasets. One of the advantages of applying a multi-omics approach in biological systems is to understand the flow of information underlying disease and interpret the data in a holistic way in the context of biological networks and molecular interactions. 
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Figure 3. Overview of multi-omics integration in asthma. Mutli-omics integration could enhance our understanding of asthma including asthma development, asthma subtypes, and clinical symptoms, and it could lead to the development of novel intervention approaches and drug targets for asthma control and prevention. 
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