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Abstract

Background: Childhood asthma is a multifactorial inflammatory condition of the airways, associated 

with specific changes in respiratory microbiome and circulating metabolome. Methods: To explore 

the functional capacity of asthmatic microbiome and its intricate connection with the host, we 

performed shotgun sequencing of airway microbiome and untargeted metabolomics profiling of 

serum samples in a cohort of children with mite-sensitized asthma and non-asthmatic controls. 

Results: We observed higher gene counts and sample-to-sample dissimilarities in asthmatic 

microbiomes, indicating a more heterogeneous community structure and functionality among the 

cases than in controls. Moreover, we identified airway microbial species linked to changes in 

circulating metabolites and IgE responses of the host, including a positive correlation between 

Prevotella sp. oral taxon 306 and dimethylglycine that were both decreased in patients. Several 

control-enriched species (Eubacterium sulci, Prevotella pallens, and Prevotella sp. oral taxon 306) 

were inversely correlated with total and allergen-specific IgE levels. Genes related to microbial A
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carbohydrate, amino acid, and lipid metabolism were differentially enriched, suggesting that changes 

in microbial metabolism may contribute to respiratory health in asthmatics. Pathway modules relevant 

to allergic responses were differentially abundant in asthmatic microbiome, such as enrichments for 

biofilm formation by Pseudomonas aeruginosa, membrane trafficking, histidine metabolism, and 

glycosaminoglycan degradation, and depletions for polycyclic aromatic hydrocarbon degradation. 

Further, we identified metagenomic and metabolomic markers (e.g. Eubacterium sulci) to 

discriminate cases from the non-asthmatic controls. Conclusions: Our dual-omics data reveal the 

connections between respiratory microbes and circulating metabolites perturbed in mite-sensitized 

pediatric asthma, which may be of etiological and diagnostic implications.    

Keyword: Airway microbiome, circulating metabolites, pediatric asthma
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Introduction

Asthma, with a sharp increase in the global incidence, morbidity, and mortality, remains a huge 

healthcare burden over the past decades, particularly in children 1. Numerous risk factors, including 

gender, genetic inheritance, allergen exposure, infections, tobacco smoking, obesity, and perinatal 

factors, have been demonstrated to be interrelated and imperative to estimate the etiology and 

prognosis of childhood asthma 2-5. Among these, sensitization to food and inhalant allergens is 

recognized as a significant environmental determinant in the development of atopic diseases for 

young children 2. However, such complex pathophysiology augments the clinical heterogeneity of the 

condition and introduces certain challenges for better prevention and treatment of asthma in early life.

As a chronic inflammatory disease of the airways, asthma is characterized by a wide variety of 

cellular and molecular mediators resulting in a broad spectrum of possible metabolic products 6. Even 

though results for individual metabolites were not fully concordant across metabolomics studies of 

asthma, there was consistency in the enriched pathways, such as amino acid metabolism, lipid 

metabolism, inflammation, and immune response 7, revealing the clinical utility of metabolic profiles 

from serum or other samples to characterize asthma. Other than host metabolism and immunity, an 

intricate interaction between the human microbiota and the host is central to the development and 

progression of asthma 8. In addition to intestinal microflora that shaped asthma risk, pathogenesis, and 

clinical presentation 9,10, emerging evidence has related atopy and asthma to the microbial 

composition and function of the airway 11,12, the most relevant site of interactions between respiratory 

epithelia and the environment. It has been reported that airway bacteria, such as members of the 

Haemophilus, Moraxella, and Neisseria genera, were consistently enriched in severe or childhood 

asthma 13-18. Recently, our group has demonstrated an inverse correlation between airway microbial 

diversity and mite-sensitized asthma in early childhood 19. Together, these findings suggest that 

circulating metabolome, linked to mite-sensitized pediatric asthma, may be in part microbially derived 

or modified.A
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Although 16S rRNA amplicon sequencing has made important strides in clinical microbiology, deep 

shotgun metagenome sequencing often provides more in-depth taxonomic characterization 20,21 and 

functional insights into the human microbiomes 22 than 16S rRNA gene sequencing. In this study, we 

took an unbiased approach to link information on the airway microbiome with serum metabolite data 

by performing shotgun metagenome sequencing of throat swabs and untargeted nuclear magnetic 

resonance (NMR) spectroscopy metabolomic profiling of serum samples in a cohort of children with 

mite-sensitized asthma and non-asthmatic controls. Our integrative analyses identified several 

dysbiotic genes/pathways and species-level clades in robust associations with circulating metabolites 

and IgE responses to dust mites, which may be indicative of biological mechanisms underlying 

pediatric asthma related to mite sensitization.

Materials and Methods

Study cohorts and sample collection

In this cross-sectional study, children (ages: 3–5 years) diagnosed with mite-sensitized asthma for the 

first time at outpatient clinics and healthy controls without mite sensitization were enrolled in the 

department of pediatrics, Chang Gung Memorial Hospital, with the approval by the institutional 

review board. Subjects sharing the same ancestry (largely Han Chinese), culture, religion and 

language were accrued from 2013 to 2017, and written informed consent was obtained from the 

parents or guardians of all the study participants. Asthma was diagnosed as ever having asthma, with 

the occurrence of recurrent wheeze in the last 12 months, or current use of asthma medication, based 

on the guidelines of the Global Initiative for Asthma 23. Age-matched children without a history of 

asthma or other atopic conditions or infections were enrolled as the control group. Detailed 

information on potential confounding variables for atopic diseases including child’s gender, age, 

maternal atopy, passive smoking, and older siblings at birth was collected. Sample (whole blood and 

throat swab) collection in detail can be found in supplemental methods. 

Shotgun metagenome sequencing and data analysis
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DNA from the throat swab was extracted by using the FastDNA SPIN Kit for Soil (MP Biomedical) 

and fragmented by using a Covaris M220 sonicator (Covaris, Inc.). The library construction was 

carried out using a TruSeq DNA sample preparation kit following a standard protocol from Illumina, 

and 10 Gb of 150 bp pair-end (PE) reads per sample were sequenced on an Illumina HiSeq instrument 

initially for determining the proportion of microbial sequences to the total reads. For samples 

containing insufficient microbial reads, multiple rounds of sequencing were performed. Sequence data 

were processed using an assembly-based pipeline, in which quality control checks, filtering, 

metagenome assembly (by MEGAHIT) 24, contig binning (by MetaBAT) 25, gene prediction (by 

MetaGeneMark) 26 and functional annotation of gene clusters and comparison with the Kyoto 

Encyclopedia of Genes and Genomes (KEGG) protein database (by GhostKOALA) 27 were 

performed. Detailed methods regarding metagenomic data processing and analysis can be found in 

supplemental methods. 

1H-Nuclear Magnetic Resonance (NMR) spectroscopy and data processing

Serum samples were mixed with phosphate buffer which contains 0.1% 3-(trimethylsilyl)-propionic-

2,2,3,3-d4 acid sodium salt (TSP) as an internal chemical shift reference standard prior to spectrum 

acquisition. 1H-NMR spectra were acquired at 300K on a Bruker Avance-600 MHz spectroscopy 

(Bruker Daltonics Inc., Fremont, CA) equipped with a 5 mm CPTCI 1H probe. All 1D spectra were 

applied for analysis before Fourier transformation with zero-filled to exponential line-broadenings of 

0.3 Hz. 1H-NMR spectra acquired were manually phased, baseline-corrected, and referenced to the 

chemical shift of TSP (δ=0.0 ppm) using TopSpin 3.2 software (Bruker BioSpin, Rheinstetten, 

Germany), followed by spectral bucket, spectral region exclusion and spectral normalization using  

AMIX version 3.9.12 (Bruker BioSpin, Rheinstetten, Germany). Serum metabolites were identified 

using Chenomx NMR Suite 8.2 professional software (Chenomx Inc., Edmonton AB, Canada). 

Statistical analysis

Differences in the baseline characteristics between the cases and controls were determined using 

analysis of variance (ANOVA) or student’s t test. To evaluate gene richness in the control and 

asthmatic samples, rarefaction curves were generated as previously described 28. Briefly, for a given A
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number of samples, we performed a randomized sampling 28 and 27 times in the control samples and 

asthmatic samples, respectively, and estimated the total number of genes that could be identified from 

these samples. α diversity (within-sample) estimated by the Shannon index based on the taxonomic 

profile of each sample and β diversity (between-sample) assessed by Bray-Curtis distance were 

compared by using Wilcoxon rank sum test. Abundance of metabolites was normalized using a log 

transformation and Pareto scaling. The connection of representative microbes to asthma-related 

metabolites and clinical indices was assessed by Spearman’s rank correlation, and the importance was 

corrected by using the Benjamini-Hochberg procedure. Pearson correlation was used to perform the 

large-scale association discovery of bacterial species with serum metabolites and IgE levels, and p 

values were adjusted by using the Benjamini-Hochberg correction for multiple tests. To possibly rule 

out the effect largely derived from outliers, species with <0.001% abundance in >80% of samples 

were excluded in the large-scale discovery. Data were analyzed using SPSS 22.0 for Windows XP 

(SPSS Inc., Chicago, IL). Statistically significant biomarkers (bacterial species or serum metabolites) 

were evaluated by the linear discriminant analysis (LDA) of effect size (LEfSe) analysis, which 

employed the non-parametric factorial Kruskal-Wallis test, Wilcoxon rank sum test and LDA to 

identify differentially abundant biomarkers between two metadata classes 29. Differentially enriched 

KEGG modules were identified according to their reporter score 30, calculated from the Z-scores of 

individual KO groups. A module with reporter score Z >1.88 (> 90% confidence according to a 

normal distribution) was considered as a significant dysbiosis module. With a particular focus on 

those immune-related pathways and amino acid metabolism, abundance of KO genes of seven 

selected dysbiosis modules, including biofilm formation by Pseudomonas aeruginosa, membrane 

trafficking, glycosaminoglycan (GAG) degradation, polycyclic aromatic hydrocarbon (PAH) 

degradation, polyketide sugar unit biosynthesis, histidine metabolism, and valine, leucine, isoleucine 

degradation, were tested for association with metabolomic and clinical parameters by Pearson 

correlation adjusted using the Benjamini-Hochberg procedure. To determine a panel of airway 

bacterial and circulating metabolic markers for detecting mite-sensitized childhood asthma, two steps 

were conducted. In the 1st step, Random Forests 31 models were used to rank each type of profiles 

independently and validated by 10-fold stratified cross-validation testing (500 trees, balanced class 

weight, max features=square root of all features). The optimal number of discriminatory markers for A
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each type of profiles was determined using the recursive feature elimination method 32 with default 

parameters using five different random seeds. For each test, the performance of the model was 

examined by receiver operating characteristic (ROC) curves constructed by pROC 33 using five-fold 

cross-validation. In the 2nd step, discriminatory makers of two profiles identified in the previous step 

were pooled. Ranking, determination of the optimal number of features, and testing for the 

performance of the combination of respiratory bacterial and serum metabolic markers were conducted 

in the same method. Unless otherwise stated, all statistical tests are two-tailed, and a p < 0.05 is 

considered statistically significant.

Results

Study design and subject characteristics

To explore the association of airway microbes with host circulating metabolites in mite-sensitized 

childhood asthma, we collected oropharyngeal swabs from a cross-sectional cohort of 69 subjects, 

comprising 32 cases and 37 non-asthmatic controls for shotgun metagenome sequencing (Figure S1). 

Among them, serum samples of 61 participants were subjected to NMR spectroscopy to obtain non-

targeted metabolomic profiles. Since obtaining sufficient microbial sequencing data is challenging for 

non-fecal samples but also a crucial requirement for metagenomics studies, followed by stringent QC 

and filtering, only 55 samples with at least 4 Gb of microbial reads (Figure S2) were used for 

profiling of microbial taxonomic composition and functional potential as well as further integrative 

analyses. Comparisons of the demographic and clinical data associated with these 55 samples (27 

cases, 28 controls) reveal that atopic indices including total IgE levels and allergen sensitization to 

house dust mites and egg white were higher in children with asthma than in controls. (Table 1). There 

was no difference in the distribution of sex, parental atopy, passive smoking, older siblings and 

household income between two groups.    

Metagenomic and metabolomic signatures of mite-sensitized pediatric asthma

We first compared airway microbial diversity between the case and control group. Although no 

difference in within-sample species richness (α diversity) was detected between two groups, we 

observed higher gene counts and sample-to-sample dissimilarities (β diversity) in asthmatic A
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microbiomes (Figure 1A-C), indicating a more heterogeneous community structure and functionality 

among the cases than in controls. To dissect the detailed taxonomic and metabolomic features, a total 

of 129 species-level clades in 55 swab samples and 44 serum metabolites in 61 serum samples were 

profiled. An overview of asthma-specific changes in individuals’ microbial and metabolic profiles 

determined by taking statistical significance and biological consistency into consideration using 

LEfSe is given in Figure 1D-E. Despite variations across individuals, we observed a predominance of 

Neisseria elongata in the upper airway of the asthma group over the controls. On the contrary, 

samples in the non-asthmatic controls were significantly enriched for Eubacterium sulci, Leptotrichia 

wadei, and several Prevotella spp. (P. pallens, P. salivae, and P. sp. oral taxon 306) as compared with 

those in the asthma group. In addition, proline-glutamate chimera and serine were among circulating 

metabolites exhibiting significant enrichments in the asthma group, while dimethylamine and 

dimethylglycine were increased in the controls.

Associations of airway microbial species with circulating metabolites and clinical indices

Integrated molecular profiles of host and gut microbial activities have improved understanding of 

perturbations of the microbiome–metabolome interface in human diseases 34,35. To examine whether 

specific respiratory microbes are responsible for a mechanistic relationship relating the abundance of 

microorganism and metabolite that is perturbed during the development of pediatric asthma, the link 

of six differentially abundant species to four asthma-related metabolites aforementioned and clinical 

indices was examined. We identified a positive correlation between Prevotella sp. oral taxon 306 and 

dimethylglycine (DMG) (p = 0.006) (Figure 2A). Several control-enriched species (E. sulci, P. 

pallens, and P. sp. oral taxon 306) were inversely correlated with total and allergen-specific IgE 

levels (Figure 2B). These results reveal a microbe-metabolite connection in mite-sensitized childhood 

asthma. To comprehensively explore such connection, a large-scale association discovery of 129 

species with metabolites and clinical indices was further assessed. We identified a set of species that 

is positively correlated with the levels of numerous essential amino acids (such as branched-chain 

amino acids and histidine) and energy-related carboxylic acids (such as citrate, lactate, and pyruvate) 

but inversely associated with that of glucose and pyridoxine (Figure 3). Notably, another set of 

species was found to be anti-correlated with fumarate. In addition to circulating metabolites, several A
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species were significantly correlated with IgE responses to allergens. Among them, Streptococcus 

intermedius was in strong associations with total and mite allergen-specific IgE levels in children with 

mite-sensitized asthma.

Functional characterization of airway microbiome in mite-sensitized pediatric asthma

We next investigated the functional capacities of asthmatic microbiome. By mapping our bacterial 

gene catalog onto the KEGG database, we obtained 4,761 KEGG orthologs (KOs) present in at least 

five samples for subsequent analyses. A total of 34 differentially enriched KEGG modules (18 

asthma-enriched and 16 control-enriched) were identified (Figure 4A), of which many pathway 

modules are related to microbial carbohydrate, amino acid, and lipid metabolism, suggesting that 

changes in microbial metabolism may contribute to respiratory health in children with mite-sensitized 

asthma. Moreover, of particular relevance in orchestrating inflammatory and allergic responses, genes 

involved in biofilm formation by Pseudomonas aeruginosa, membrane trafficking, and 

glycosaminoglycan (GAG) degradation were enriched in the asthmatic microbiome, while those 

associated with polycyclic aromatic hydrocarbon (PAH) degradation and polyketide sugar unit 

biosynthesis were more abundant in the controls. 

To further explore the role of these functional dysbioses, with a focus on those immune-related 

pathways and amino acid metabolism, we tested whether relative abundance of genes in these KEGG 

modules are mutually associated with metabolomic and clinical parameters. We observed that many 

genes of these dysbiosis modules were positively associated with serum levels of proline-glutamate 

chimera, the most significantly enriched metabolite in the asthma group and many amino acids, but 

anti-correlated with that of glucose and pyridoxine (Figure 4B). Abundance of one gene (hisN, 

encoding a histidinol-phosphatase, K05602) involved in histidine biosynthesis was correlated with 

serum levels of histidine. In addition, one gene (flgM, K02398) responsible for biofilm formation by 

P. aeruginosa (asthma-enriched) and another (pcaG, K00448) for PAH degradation (control-enriched) 

were found to be correlated with allergen-specific and total IgE levels. Further analyses of the 

predominant species that contribute to these dysbiosis modules (Figure S4) revealed that altered 

membrane trafficking, GAG degradation, and histidine metabolism were in part attributed by an A
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increase in the abundance of Neisseria lactamica, Neisseria elongata, and Moraxella catarrhalis in 

asthmatic microbiome (Figure 4C). These findings highlight an involvement of airway dysbiosis and 

its associated functional shift in regulating inflammatory and allergic reactions. 

Dual-omics signatures differentiate childhood asthma from non-asthmatic controls

In order to test the potential of airway metagenomic and serum metabolomic parameters to serve as 

diagnostic markers, we constructed Random Forests regression models based on species only, 

metabolite only (Figure S5), or a combination of both (Figure 5A) to discriminate cases from non-

asthmatic controls. Comparison of the classification potential among the three models demonstrated 

that the total area under the ROC curve (AUC) increased from 0.712 and 0.721 for the species and 

metabolite model, respectively, to 0.804 for the combination, revealing that dual-omics signatures 

markedly improves the discriminative ability (Figure 5B). Notably, since Eubacterium sulci was 

identified as the top discriminatory species by both Random Forests and LEfSe methods, its clinical 

validity was evaluated. In addition to an AUC of 0.73 for detecting a toddler with asthma, E. sulci 

also exhibited ideal discernibility between the non-allergic controls and children allergic to house dust 

mites (Table S1), with an AUC of 0.74 and 0.70 for distinguishing tolerant controls from children 

sensitized to D. pteronyssinus and D. farinae, respectively. Our results reveal promising avenues for 

diagnosis of mite-sensitized pediatric asthma via specific airway microbes.   

Discussion

Cumulative evidence has related the microbial composition and function of the airway to atopy and 

asthma 8,11,12. Thus, in-depth taxonomic and functional characterization of asthmatic microbiome is 

highly warranted. Here, we identified specific airway dysbiosis at the species level and its associated 

functional shift in strong associations with circulating metabolites and IgE responses to dust mites. 

These connections highlight a potential microbe-host interaction in the development of childhood 

asthma related to mite sensitization.

In the composition of asthma-associated airway microbiota, we observed significant depletions for 

Eubacterium sulci, Leptotrichia wadei, and several Prevotella spp. in the oropharynx of children with A
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asthma, compared with that of non-asthmatic controls. Among them, Prevotella spp. have been 

reported to be decreased in asthmatic airways 14, as Eubacterium sulci was for the first time identified 

as an asthma-associated species with possible prognostic importance. The reduction in these 

Prevotella spp. and Eubacterium sulci was inversely correlated with total and allergen-specific IgE 

levels. Compared with pathogenic proteobacteria whose outgrowth has been seen in asthmatic 

airways 14, these asthma-depleted species had lower capacities to trigger inflammatory cytokines in 

immune and stromal cells of the lung 36,37. Such difference could be ascribed to alternate 

lipopolysaccharide (LPS) structures as proteobacteria contains specific enzymes to produce LPS with 

hexa-acylated lipid A moiety whereas Prevotella produce penta-acylated LPS, respectively 38. Hexa-

acylated LPS (6 acyl) was demonstrated to be 100-fold more immunostimulatory when bound to toll-

like receptor 4 than LPS that is penta-acylated (5 acyl) 39. Yet, a decrease in the abundance of 

Leptotrichia wadei has been detected in the upper airway while severe asthma was improved by the 

treatment of azithromycin 40. On the contrary, Neisseria elongata was significantly increased in our 

asthma cohort. Numerous studies have reported an increase of Neisseria spp. in childhood or severe 

asthma 13-16. We also found that Neisseria elongata and Neisseria lactamica contributed to many 

altered microbial functional pathways that are enriched in the asthmatic airway (Figure 4C). In 

general, our findings are consistent with that from others but of higher resolution than those from 16S 

rRNA-based investigations.

 

Moreover, we identified airway microbial species linked to fluctuations in serum metabolites of the 

host. Among these associations, the abundance of Prevotella sp. oral taxon 306, one of significantly 

depleted species in children with asthma, was positively correlated with the serum levels of DMG. 

DMG, known to increase tissue oxygen uptake and decrease lactate accumulation, was significantly 

reduced in urine metabolome of asthma exacerbation 41 and in the circulation of our asthma cohort, 

suggesting a hypoxic scenario linked to mite-sensitized pediatric asthma. A well-recognized hypoxia-

induced change was documented in asthma 42, with significantly lower levels of glucose and elevated 

levels of lactate in the serum metabolome 43. Notably, we identified a set of anaerobic microbes, 

whose abundance was positively associated with the levels of lactate but anti-correlated with that of 

glucose. Although many of these associations involve metabolites and microorganisms that were not A
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significantly altered in our analysis likely due to the substantial heterogeneity and limited statistical 

power, such connections may reflect the mechanistic linkage within the microenvironment of 

asthmatic airways, instead of a direct trigger in the pathogenesis of asthma. In addition, the abundance 

of many microbial species and genes was found to be negatively associated with serum levels of 

pyridoxine. Pyridoxine, also known as vitamin B6, serves as a regulator of host immunity and a 

cofactor for a variety of cellular metabolic processes, including amino acid, lipid, and carbohydrate 

metabolism 44. Lack of vitamin B6 interfered the Th1-Th2 balance, leading to an excessive Th2 

response 45. Impaired vitamin B6 metabolism and depressed plasma vitamin B6 have previously been 

observed in asthmatics 46, but the reason remains unidentified. Our results may implicate additional 

role of airway dysbiosis in modulating vitamin-B6-dependent metabolic and immunological responses.

The functional capacities of airway microbiome in asthma are largely unexplored since obtaining 

sufficient bacterial reads is especially challenging for shotgun metagenome sequencing of non-fecal 

samples. Here, we found that microbial genes associated with PAH degradation were significantly 

enriched in the controls. Exposure to a variety of PAHs has been associated with the development of 

asthma in young children 47. Our finding indicates poor turnover rates for PAHs mediated by 

respiratory microbes in asthmatic airways. In addition, bacterial genes related to degradation of GAGs, 

which have been associated with bronchial hyperresponsiveness, tissue inflammation and airway 

remodeling in pulmonary diseases 48, were more abundant in the asthma group than in controls. Also 

enriched in the asthma group is the proportion of genes associated with membrane trafficking, which 

represents a bidirectional movement of macromolecules (e.g. lipopolysaccharides) in or out of the 

microbes. For Gram-negative bacteria, membrane trafficking is mediated by bacterial outer membrane 

vesicles and plays a vital role in interbacterial and host-microbe interaction, endotoxic shock, and 

activation of innate immunity 49. Moreover, these membrane vesicles were proposed to promote 

bacterial adhesion to host epithelial cell surface 50. Intriguingly, the abundance for a gene involved in 

biofilm formation by Pseudomonas aeruginosa (a case-enriched module) was positively correlated 

with mite-specific IgE levels in our investigation. These point out a pathogenic role for the virulence 

factors of Gram-negative microbes in asthma. Of note, another asthma-enriched function identified is 

histidine metabolism. Histidine is the precursor of histamine, which is increasingly produced by A
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specific gut microbiota of asthma patients 51,52 and remains a prominent contributor for broncospasm, 

edema, inflammation, and mucus secretion in asthmatics 53. Collectively, our findings in this study 

recapitulate a functional involvement of airway dysbiosis in orchestrating inflammatory and allergic 

reactions in mite-sensitized childhood asthma.  

To define the functionality of airway microbiome and its association with the host in asthmatics, 

additional work is needed to address several limitations of the present study. One drawback is that a 

replication cohort or samples collected at different time points in a longitudinal design are lacking for 

validation although many lines of our metagenomic and metabolomic results are consistent with 

previous findings from others. Since samples were collected while the cases were diagnosed with 

mite-sensitized asthma for the first time at outpatient clinics, data concerning asthma exacerbations 

and therapies were not obtainable. Also unavailable is information regarding the body mass index and 

diet, as these factors may perturb airway microbiome 54,55 and circulating metabolome 56,57 in asthma. 

Another issue is that in spite of a global and unbiased view of the samples, our untargeted 

metabolomics approach had low analytical sensitivity to metabolites with low abundance (< 100 

nmol/L, e.g. histamine) and failed to conduct the absolute quantification of the samples. This may 

hinder the detection of their association with other variables. In addition, the details of many 

associations identified remain to be interpreted and determined due to limited knowledge from 

relevant studies to date. Ideally, validation of these microbe-metabolite interactions and their role in 

asthma pathogenesis can be addressed through further in vivo experiments. Such attempts are often 

laborious; thus, computational exploration of putative links detected in the study by integration of 

dual-omics profiling could be an important aid. 

In conclusion, our findings establish a comprehensive understanding in the relationship between the 

airway microbiota at the species level and host metabolism and IgE responses, providing potential 

avenues for microbiome-based diagnosis and modality of pediatric asthma.
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Figure legends

Figure 1. Childhood asthma is associated with disturbances in upper airway microbiome and 

circulating metabolome. (A) Rarefaction curves based on gene count in cases and non-asthmatic 

controls. (B-C) α-diversity (Shannon index; B) and β-diversity (Bray-Curtis distance; C) of the two 

groups at the species level. ***p<0.001, Wilcoxon rank sum test. (D-E) Relative abundances of 

species normalized by a log transformation (D) and normalized percentage concentrations of 

metabolites with a log transformation and Pareto scaling (E) discriminatory between the asthma and 

control group. Significance shown in the right box was determined by using LEfSe. Blue dashed lines 

indicate a p value of 0.05. Effect size of variables expressed as a log10 transformed LDA score is 

shown in the left box where bars in red and blue denote enrichment of variables in cases and non-

asthmatic controls, respectively. 

Figure 2. Airway microbes are associated with asthma-linked metabolite and clinical indices. (A) 

Correlation between Prevotella sp. oral taxon 306 and N,N-dimethylglycine (DMG) (n=53, 

Spearman’s r = 0.37, p=0.006, q=0.15, the importance of correlation corrected by using the 

Benjamini-Hochberg procedure, with 24 correlations tested). The loess regression curve indicates the 

trend of correlation. (B) Associations of differentially abundant species with IgE responses in mite-

sensitized childhood asthma (*q<0.05, the importance of correlation corrected by using the 

Benjamini-Hochberg procedure, with 30 correlations tested). Species in red and blue denote asthma-

enriched and control-enriched markers determined by LEfSe. 

Figure 3. Airway microbiota in association with host metabolism and clinical indices of asthma. 

Pearson correlation of airway microbes with serum metabolites and clinical indices, specifically those 

selected by Random Forests model (RF), LEfSe (LDA, p<0.4), or both against the disease status 

(n=53, * q<0.05, ** q<0.01, *** q<0.001, adjusted by using the Benjamini-Hochberg procedure). 

Metabolite in red denotes the asthma-enriched marker determined by LEfSe. Glyceril-PC-EtOH, 

Glycerol-Sn-Glycero-3-phosphocholine-Ethanol; DMSO2-Malonate, Dimethyl-Sulfone-Malonate; 

PyroGlu-3-OHB, Pyroglutamate-3-Hydroxybutyric acid; D.ptero-IgE, Dermatophagoides A
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pteronyssinus-specific immunoglobulin E; D.farinae-IgE, Dermatophagoides farinae-specific 

immunoglobulin E; Imp., Model of Importance Variable. 

Figure 4. Asthma-associated changes in airway microbial function are linked to host 

metabolism and IgE responses. (A) Comparisons of the relative abundance of KEGG modules 

between asthmatics and controls by using the reporter score. Pathway modules with a reporter score Z 

>1.88 (> 90% confidence according to a normal distribution) were considered as significantly 

dysbiotic functions. (B) Abundance of KO genes involved in amino acid metabolism and 

representative pathway modules showed significant correlation with the levels of circulating 

metabolites and total and allergen-specific IgE responses (n=53, * q <0.1, ** q<0.05, *** q<0.01, by 

Pearson correlation adjusted using the Benjamini-Hochberg procedure). Metabolites marked in red 

denote asthma-enriched markers determined by LEfSe, and are labeled as discriminatory by using by 

Random Forests model (RF), LEfSe (LDA, p<0.4), or both against the disease status. DMSO2-

Malonate, Dimethyl-Sulfone-Malonate; PyroGlu-3-OHB, Pyroglutamate-3-Hydroxybutyric acid; 

D.ptero-IgE, Dermatophagoides pteronyssinus-specific immunoglobulin E; D.farinae-IgE, 

Dermatophagoides farinae-specific immunoglobulin E; Imp., Model of Importance Variable. (C) 

Relative abundance of bacterial species associated with representative KEGG modules. Top 15 

dominant bacterial species are denoted by color (right), and the remaining ones are assigned as others.

Figure 5. Dual-omics signatures discriminate childhood asthma from non-asthmatic controls.

(A) Metagenomic and metabolomic markers for detecting patients with mite-sensitized asthma (n=25) 

from the controls (n=28) identified from Random Forests classifiers based on the combination of 

dual-omics markers. Markers are ranked in descending order of their importance to the accuracy of 

the model. The boxes represent 25th–75th percentiles, and black lines indicate the median. (B) ROC 

curves depict trade-offs between true and false positive rates for detecting patients with mite-

sensitized asthma as classification stringency varies. AUC, the total area under the ROC curve.
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Table 1. Baseline characteristics of 55 children investigated in this study.

Characteristics Control

(n = 28)

Asthma

(n = 27) P value

Age 4.54 ± 0.35 4.32 ± 0.85 0.210

Sex, male 14 (50.0%) 19 (70.4%)) 0.123

Parental atopy 20 (71.4%) 20 (87.0%) 0.305

Parental smoking 11 (39.3%) 10 (45.5%) 0.661

Household income 0.957

  Low,  500,000 NTD 10 (35.7%) 8 (32.0%) 0.776

  Medium, 500,000-1,000,000 NTD 15 (53.6%) 14 (56.0%) 0.859
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  High, > 1,000,000 NTD 3 (10.7%) 3 (12.0%) 1.000

Older sibling 12 (42.9%) 14 (58.3%) 0.266

Breastfeeding > 6 mo 0.148

Exclusive 16 (57.1%) 8 (32.0%) 0.051

Partial 5 (17.9%) 5 (20.0%) 1.000

Formula 7 (25.0%) 12 (48.0%) 0.104

Allergen-specific IgE, kU/L

D. pteronyssinus 0.53 ± 1.24 22.48 ± 28.87 0.003

D. farinae 0.43 ± 1.32 15.45 ± 17.97 <0.001

Egg white 0.15 ± 0.18 1.01 ± 1.34 0.001

Cow’s milk 0.18 ± 0.24 0.59 ± 0.87 0.119

Total serum IgE, kU/L 61.73 ± 87.13 467.45 ± 498.84 <0.001

IgE sensitization (> 100 kU/L) 6 (21.4%) 21 (77.8%) <0.001

Mite sensitization 9 (32.1%) 26 (96.3%) <0.001

Food sensitization 4 (14.3%) 9 (36.0%) 0.067

Data shown are mean  SD or number (%) of patients as appropriate. yr, year; NTD, New Taiwan Dollar; IgE, 

immunoglobulin E. 
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Supplemental methods

Sample collection

5 mL of whole blood was withdrawn for determining serum IgE concentrations and further

metabolomics analyses. Levels of total and allergen-specific circulating IgE against two

inhalants (Dermatophagoides pteronyssinus and Dermatophagoides farinae) that caused the

sensitization in the vast majority of children in Taiwan 1 as well as a mixture of three most

frequent food allergens (egg white, milk, and wheat) were measured by using commercial kits

for IgE (ImmunoCAP Phadiatop Infant; Phadia). Allergic sensitization is defined as

ImmunoCAP Phadiatop Infant values ≥ 0.35 kU/L 2. Throat swabs were collected without

touching any surface (i.e. tongue, mouth, and teeth) other than the oropharynx by a physician

using sterile cotton swabs before inhaled or nasal administration of corticosteroids for regular

daily treatment. None of the subjects has received antibiotics for at least four weeks prior to the

sampling. The swab was immediately kept in the collection tube and stored at −80°C.

Metagenomic data processing and analysis

The raw sequence reads were trimmed using in-house scripts to remove the Illumina adapters,

and trimmed sequences with the length of shorter than 60 bp or low quality (containing more

than 50 % of bases with a Q score =< 5) were discarded. Contamination of host sequences were

then removed using BowTie2 3 to map the reads against the reference genome (hg19). The

remaining reads were pooled and subject to metagenome assembly using MEGAHIT 4 to

generate contigs. Clean reads were mapped to contigs using BowTie2, and the mapping output

was used for contig binning through MetaBAT 5. The resulting bins with sufficient quality

(>=50% completeness, <=5% contamination, determined by CheckM 6) were considered for



further analysis. Ab initio gene prediction was carried out from assembled contigs using

MetaGeneMark 7. After dereplication, all non-redundant genes were used to construct the gene

catalogue. Gene abundance in each sample was determined by alignment of the reads using

BWA MEM against the gene catalogue and measuring the number of reads mapped to each gene

sequence. The taxonomic assignment of individual open reading frames (ORFs) was used to

annotate bins. A bin was assigned to the taxon to which more than 50% of its ORFs belong to.

For constructing the species-level taxonomic profile, the relative abundance of a species was

computed per sample, based on the number of reads assigned to the species divided by the total

number of aligned reads in the sample. If multiple bins were annotated to the same species, their

relative abundance was added up. Functional annotation was performed by mapping annotated

ORFs to the Kyoto Encyclopedia of Genes and Genomes (KEGG) protein database using

GhostKOALA 8 for labeling non-redundant genes with KEGG orthologue (KO) number. The

relative abundance of genes from the same KO was summed up and used as the content of this

KO in a sample to generate the KO profile.



Supplemental results

Shotgun metagenome sequencing of throat swabs and taxonomic profiling

A crucial requirement in the metagenomics studies is that a sufficient volume of sequencing data

is obtained to enable reliable quantitative comparisons among samples, as the number of genes

that are detected in any given sample increases with the volume of sequencing data until

saturation. Yet, obtaining sufficient sequencing data is especially challenging for non-fecal

samples. To address this, we initially sequenced 69 DNA samples from throat swabs to 10

gigabyte per sample. Following quality control, the sequencing reads from the host were filtered.

The proportion of microbial reads to the total in each sample varied and averaged at only 16.08

and 15.33% for the control and case group, respectively (Figure S2A). Additional rounds of

sequencing (2.2 terabyte in total) were performed to bring the sequencing depth to at least 4

gigabyte of bacterial sequences per sample for 55 samples (Figure S2B). After sufficient

sequencing data were collected, the bacterial sequencing reads from all 69 samples were pooled

and de novo assembled into a set of 2109988 contigs that together comprise the metagenome

(Table S2), with a N50 of 3009 bp. The total length of assembled contigs is 4008.3 Mbp (Figure

S3A), and the GC content of which is 41.85% (Figure S3B). Clustering of assembled contigs

generated 318 phylogenetic bins. A total of 156 bins was assigned to the species level, from

which 129 unique species-level clades were annotated (Table S3) and profiled (Table S4).



Supplemental figure 1. Overview of the study. Throat swabs from 69 subjects were used
to obtain deep shotgun sequencing data, from which functional and species-level taxonomic
profiles of 55 samples were generated after stringent QC. In addition, serum samples from 61
subjects were used to conduct NMR spectroscopy analysis to generate metabolite profiles.
Samples from 53 subjects (25 cases, 28 controls) were available for both the sequencing and
metabolomics data analyses. QC, quality control; NMR, nuclear magnetic resonance.



Supplemental figure 2. (A) The averaged ratio of bacterial reads to the host reads in the control

and case group. (B) The amounts of bacterial reads to the host reads in each sample after

multiple rounds of sequencing.

Supplemental figure 3. (A) Cumulative length of assembled contigs (B) Distribution of GC

content of assembled contigs.



Supplemental figure 4. Relative abundance of bacterial species associated with representative
KEGG modules in mite-sensitized childhood asthma. Top 15 dominant bacterial species are
denoted by color (right), and the remaining ones are assigned as others.

Supplemental figure 5. Metagenomic and metabolomic markers for detecting patients with
mite-sensitized asthma from the controls identified from Random Forests classifiers based on the
species (A) and metabolite profile (B). Markers are ranked in descending order of their
importance to the accuracy of the model. The boxes represent 25th–75th percentiles, and black
lines indicate the mean.



Supplemental table 1.

Clinical validity for E. sulci in detecting childhood asthma and mite sensitization.

Asthma (27) vs

non-asthmatic control
(28)

IgE sensitization (27)

vs

tolerant control (28)

D. ptero sensitization (26)

vs

tolerant control (29)

D. farinae sensitization (19)

vs

tolerant control (36)

AUC 0.73 0.78 0.74 0.70

P value 0.0033 0.0003 0.0037 0.018

E. sulci, Eubacterium sulci; IgE, immunoglobulin E; D.ptero, Dermatophagoides pteronyssinus;
D.farinae, Dermatophagoides farinae; AUC, the total area under the ROC curve.

Supplemental table 2. Statistics of assembled contigs

All statistics are based on contigs of size ≥500 bp unless otherwise indicated.



Supplemental table 3. Annotation results of phylogenetic bins.

Kingdom Phylum Class Order Family Genus Species

Annotated bin# 17 22 12 13 13 83 156

Unique taxa# 1 5 3 4 6 24 129
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