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ABSTRACT
Background: While the microbiome has an established role in asthma development, less is

known about its contribution to morbidity in children with asthma.

Objective: In this ancillary study of the Vitamin D Antenatal Asthma Reduction Trial (VDAART),
we analyzed the gut microbiome and metabolome of wheeze frequency in children with

asthma.

Methods: Bacterial 16s rRNA microbiome and untargeted metabolomic profiling were
performed on fecal samples collected from three-year-old children with parent-reported
physician-diagnosed asthma. We analyzed wheeze frequency by calculating the proportion of
qguarterly questionnaires between ages 3 and 5 years in which parents reported the child had
wheezed (“wheeze proportion”). Taxa and metabolites associated with wheeze were analyzed
by identifying log-fold changes with respect to wheeze frequency and correlation/linear
regression analyses, respectively. Microbe-metabolite and microbe-microbe correlation

networks were compared between subjects with high and low wheeze proportion.

Results:
Specific taxa, including the genus Veillonella and histidine pathway metabolites, were enriched
in subjects with high wheeze proportion. Amongst wheeze-associated taxa, Veillonella and

Oscillospiraceae UCG-005, which was inversely associated with wheeze, were correlated with
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the greatest number of fecal metabolites. Microbial networks were similar between subjects

with low vs. high wheeze frequency.

Conclusion:
Gut microbiome features are associated with wheeze frequency in children with asthma,

suggesting an impact of the gut microbiome on morbidity in childhood asthma.
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Key Messages:

In children with asthma, intestinal Veillonella abundance was associated with more
frequent wheeze and with numerous fecal metabolites, suggesting significant functional
potential and clinical relevance of this genus.

Children with asthma who wheezed more often demonstrated a shift in their fecal

metabolomic composition, including enrichment with histidine metabolites.
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Capsule Summary
In children with asthma, specific bacteria and small molecules in the gut are associated with
increased frequency of wheeze, suggesting that strategies that target the microbiome could

reduce morbidity in childhood asthma.
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Introduction

Asthma is one of the most prevalent chronic diseases of childhood and is a complex disease
with multiple recognized subtypes.' Pediatric asthma leads to substantial morbidity: around
half of children under age five years with asthma report having one or more asthma-related
exacerbations over 12 months despite using prescribed therapies.! Maturation of the immune
system is dependent on the microbiota in early life, and aberrant microbial composition has
been associated with the onset of many autoimmune and inflammatory diseases, including
asthma.? Longitudinal human studies have identified differences in early life gut microbial
composition in children who go on to develop asthma compared to those who do not.3® Less is
known about the role of the microbiome in existing asthma. While there is evidence linking
airway microbiome and asthma morbidity’*!, few studies have investigated the gut

microbiome in subjects with existing asthma.!?

In addition to its potential relevance to asthma severity, microbial dysbiosis may impact
corticosteroid responsiveness in asthma. Inhaled corticosteroids (ICS) are the most commonly
prescribed maintenance therapy for asthma in children under age five years®3. Just as a large
minority of adults with asthma respond sub-optimally to ICS*%°, pre-school age children also
exhibit a differential response to medications including 1CS.'® The substantial proportion of non-
response observed amongst ICS users has led researchers to look beyond factors such as
adherence to identify other mechanisms at play.!” One such study found that ICS-resistant

adults had distinct airway microbiome including an increased abundance of Proteobacteria
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compared to ICS-sensitive subjects'®. To our knowledge, the fecal microbiome of ICS

responsiveness has not been studied.

Metabolomics characterizes the small molecules in a sample, including molecules derived from
the host, microbiome, or exogenous sources. Metabolomics thereby represents the cumulative
effects of diverse exposures, and the metabolome of the gut exhibits especially strong
associations with the microbiome, serving as a functional readout of microbial activity.*® For
this reason, analyses integrating both microbiome and metabolomic data have the potential to

yield novel insights and prioritize findings from analyses of individual omics.

Using data from the Vitamin D Antenatal Asthma Reduction Trial (VDAART)?°, we investigated
the association between the gut microenvironment at age three years and asthma severity. We
defined asthma severity by, among children with parent-reported doctor-diagnosed asthma,
the proportion of quarterly questionnaires between ages 3 and 5 years in which parents
reported that their child had wheezed (“wheeze proportion”). We also looked at ICS
responsiveness based on wheeze proportion in a subset of children with asthma who used ICS
the majority of the time between ages 3 and 5 years. We hypothesize that differences in gut
microbial composition and fecal metabolites are associated with both disease severity and ICS
responsiveness in childhood asthma. To our knowledge, this is the first study to investigate the
contribution of the gut microbiome and metabolome on disease severity and ICS

responsiveness in childhood asthma.
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METHODS

Study Design and Study Subjects

Detailed methods are included in the Online Repository. This is an ancillary observational
analysis of data from the VDAART clinical trial, a double-blind placebo-controlled study on the
effects of prenatal vitamin D supplementation on asthma in offspring, in which we analyzed
subjects from both the high-dose and low-dose vitamin D treatment arms. Pregnant women
were recruited during the first trimester of pregnancy from three sites in the United States:
Boston University, Massachusetts; Washington University at St. Louis, Missouri; and Kaiser
Permanente Southern California Region, San Diego, California. All women (n=876) had a history
of asthma, eczema, or allergic rhinitis, and/or had a partner (biological father of the infant) with
a history of asthma, eczema, or allergic rhinitis. After delivery, 806 children were followed using
an over-the-phone quarterly health questionnaire and annual in-person visits. Stool samples
were collected from children at age three years for microbiome and metabolome analysis
(n=506). Subjects included in this analysis (n=110) met the following criteria: i) parent-reported
doctor-diagnosed asthma, ii) completion of the majority (>50%) of quarterly health
guestionnaires between ages 3 and 5 years, and iii) microbiome sequencing data available from
stool samples collected at age three years with >1,000 16s rRNA reads detected per sample. A
power calculation based on previously reported effect sizes of microbiome associations with
asthma severity?! estimated that our sample of 110 subjects yields power exceeding 0.99 to
detect a similar association at alpha = 0.05 and power exceeding 0.97 at a more appropriate
alpha = 0.005 given the high-dimensionality of the data analyzed (details available in the Online

Repository).
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We also analyzed a subgroup (n=28) of subjects with asthma whose parents/guardians reported
use of ICS on at least 50% of the completed questionnaires between ages 3 and 5 years and
refer to this as the ICS-treated subgroup. Our ICS-treated subgroup analysis sample size provides

more limited power (0.65 at alpha=0.05) to detect associations of interest, and so this subgroup analysis

should be considered preliminary.

Clinical Outcome

We analyzed wheeze frequency by calculating the proportion of available quarterly
guestionnaires between ages 3 and 5 years in which parents reported wheeze since the last
guestionnaire. We refer to this continuous variable as wheeze proportion. We also defined a
dichotomous variable to categorize subjects as either high wheeze (i.e., reported wheeze on
>33% of the completed questionnaires (n = 56)) or low wheeze (i.e., reported wheeze <33% of
the time (n = 54)). The cut-off of 33% was selected to ensure approximately equal subject
numbers in each group. For the 28 ICS-treated subjects, we defined a dichotomous variable, /CS
response, categorizing subjects as either non-responders (i.e., reported wheeze on 250% of the
completed questionnaires (n = 13)) or responders (i.e., reported wheeze <50% of the time (n =

15)). The cut-off of 50% was selected to ensure approximately equal subject numbers in each

group.

Fecal Microbiome and Metabolome Profiling
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Microbiome Profiling: Microbiome profiling was performed on stool samples collected at age
three years by sequencing the 16S rRNA hypervariable region 4 (V4 515F/816R region) on the
lllumina MiSeq platform, as previously described.?? Reads were denoised using DADA2 as
implemented in Qiime2.22 Taxonomy was assigned to representative sequences using a naive
Bayes classifier pre-built from the 99% SILVA 138 database specific to the 515F/816R region for
bacterial data.?*#?> Amplicon sequence variants (ASVs) present in <5% of samples were

excluded.

Quantitative PCR was also performed with universal 16S rRNA primers to estimate the total
bacterial biomass for each sample using a previously published method.?? Relative abundance
data is widely used to study microbiome and metabolome composition in relation to both
health and disease states #262%; however, these data are subject to compositionality effects.?®
Absolute abundance data can optimize detection of microbiome compositional variation
between individuals over time and co-variation in species networks; and decrease false
discovery rates.?®30-32 |n this study, we considered both relative abundance (RA) and absolute
abundance (AA) data. Of the 110 total subjects and 28 ICS-treated subjects in our study, 85 and
22, respectively, passed quality thresholds for quantitative PCR and were included in the

guantitative abundance analyses.

Metabolomic Profiling: Untargeted metabolomic profiling of stool was performed using UPLC-

MS/MS by Metabolon, Inc., as previously described.?33
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Statistical Analyses

Alpha and Beta Diversity: Species-level alpha diversity Shannon and Simpson indices were
calculated using the vegan R package. Pearson correlations and linear regression were used to
seek associations between alpha diversity and wheeze frequency. For beta diversity, reads were
scaled to an even depth (based on minimum read count) and the species-level Bray-Curtis
dissimilarity matrix was calculated using the Phyloseq R package. PERMANOVA (Adonis) was
used to test for differences in Bray-Curtis beta diversity by wheeze frequency. For this and all
other analyses, p value thresholds of 0.05 were used to determine statistical significance unless

otherwise noted.

Unsupervised Clustering: To seek associations between wheeze and overall microbiome and
metabolome structure, we performed unsupervised clustering of subjects by microbiome data
using Dirichlet multinomial mixtures using the R package DirichletMultinomial®**3> and by
metabolomics data using hierarchical clustering using the R package cluster.3® Optimal cluster
number was chosen using the gap statistic and silhouette methods for both microbiome and
metabolomics data. Associations with wheeze proportion were tested using Wilcoxon rank sum
tests and linear regression models adjusted for potential confounders. Because we sought
associations of wheeze proportion with only one microbiome cluster variable and one
metabolome cluster variable, we did not correct for multiple testing and used a p value cut-off

of 0.05 to determine statistical significance.
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Differential Taxa Analysis: Differential taxa analysis was conducted using Songbird, a reference
frame-based approach to microbiome analysis that accounts for the compositionality inherent
in microbiome data3’. Because this method relies on ratios of taxonomic abundances, it yields
identical results with RA and AA microbiome data. We used this method to address
compositionality rather than analyzing AA microbiome data to leverage our full sample size, as
stool samples from some subjects did not have sufficient quality DNA to determine fecal
microbial absolute abundances. A positive Q?-value (defined as 1 — (average absolute model
error based on cross-validation / average absolute null model error based on cross-validation))
was observed for all reported models, indicating adequate predictive accuracy. Songbird
produces a differential ranking of taxa by the strength of their association with the outcome, in
this case, wheeze proportion. We identified the taxa most positively associated with wheeze
proportion and the taxa most negatively associated with wheeze proportion and visualized
relevant associations using Qurro3®. For top-ranked taxa, we further characterized associations
with wheeze proportion using linear regression and Spearman correlation, analyzing taxonomic
relative abundances in two ways: 1) as log-transformed taxonomic relative abundances, and 2)
using a reference-frame based approach by calculating the log-transformed ratio of (taxonomic
relative abundance):(sum of relative abundances of the top 10% of taxa associated with asthma
in the opposite direction). We also analyzed associations between taxa associated with wheeze
proportion and ICS use with Spearman correlation tests. We report both p values and FDR

values to evaluate effect sizes.



267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

Lee-Sarwar 16

Metabolomic Analysis: Analyses were conducted on 737 stool metabolites with known
identities. Spearman correlation tests identified metabolites associated with wheeze
proportion. There are currently no consensus standards for multiple testing correction in
metabolomics; methods such as the Bonferroni correction and even more liberal corrections
are considered too stringent for metabolomics data due to the high correlation of functionally
related metabolites. In this analysis, we report both p values and FDR values, with the caveat
that FDR correction may result in false negatives. Pathway analyses were performed on
metabolites with Human Metabolome Database (HMDB) annotations using Metaboanalyst v4.0
(www.metaboanalyst.ca). Over-representation analyses using Fisher’s exact test were also
performed as several metabolites did not have HMDB identifiers and could not be included in
the Metaboanalyst subpathway analysis. For over-representation analyses, metabolite pathway
annotations were supplied by Metabolon in which a single pathway annotation is assigned to

every metabolite.

Dietary Analysis: To follow up on findings of our metabolomics analysis which suggested
possible relevance of diet-derived metabolites, we determined associations of food intake with
fecal metabolites and with wheeze using Spearman correlation and linear regression. When
subjects were 3 years old, their parents or guardians completed a food frequency questionnaire
including questions about how frequently the child had eaten tofu or soybeans and a variety of
meats in the prior month (never, <1 time per week, once per week, 2-4 per week, nearly daily
or daily, or 2 or more times/day). This was recoded to a numeric variable reflecting the average

daily occurrence of eating relevant foods for analysis.
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Network Analyses: We used Spearman correlation analysis to identify associations between
metabolites and species. Microbial correlation networks were constructed at the species level
via SparCC (Sparse InversE Covariance estimation for Ecological Association and Statistical
Inference) using the SpiecEasi R package.3® To determine the significance of correlations (i.e.,
edges), we compared our model to a null model using 100 bootstrap iterations as previously
described.*® A robust correlation was included in the network if the absolute value of the
SparCC correlation coefficient was 20.45 and was significant (p<0.05). p values were not
corrected for multiple testing in this descriptive analysis. Networks were visualized using igraph

in R.
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RESULTS

Subject Characteristics

Of the 806 total VDAART subjects followed after birth, we analyzed a subset of 110 children
with parent-reported doctor-diagnosed asthma at age 3 years (Figure 1). Fifty-four subjects
reported wheeze on 233% of questionnaires between age three and five years and were
categorized as “high wheeze,” while 56 subjects reported wheeze on <33% of questionnaires
and were categorized as “low wheeze”. High wheeze subjects did not differ from low wheeze
subjects on most baseline characteristics including sex, race/ethnicity and VDAART study
treatment assignment (Table 1). Wheeze frequency did differ between study sites (Table 1,
Fisher’s exact test p=0.001) and, accordingly, study site was included as a covariate in models of
key results. As expected, as an additional indicator of asthma severity, we found that high
wheeze subjects were more likely to have used oral corticosteroids between the ages of three

and (Fisher’s exact test p=0.02).

Fecal Microbial Diversity Is Not Associated with Childhood Wheeze Frequency

We sought associations between fecal microbiome characteristics at age 3 years and wheeze
proportion between ages 3 and 5 years. Fecal alpha diversity was not associated with wheeze
proportion (Shannon index: Pearson’s r=-0.12, p=0.21; Simpson index: Pearson’s r=-0.10,
p=0.27) (see Figure E1 in the Online Repository). Similarly, beta diversity (Bray-Curtis
dissimilarity) was not associated with wheeze proportion (PERMANOVA p=0.79; Figure E1).

Results were similar after adjusting for study site (Shannon index adjusted linear regression
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beta=-0.09 (95% Cl -0.21, 0.03), p=0.14; Simpson index beta=-0.81 (95% Cl -2.12, 0.50), p=0.22;

Bray-Curtis PERMANOVA p=0.77).

To further evaluate associations of overall gut microbiome composition with wheeze, we
performed unsupervised clustering of subjects by microbiome composition using Dirichlet
multinomial mixtures.3* This yielded an optimal cluster number of two, with 67 subjects
belonging to Cluster 1 and 43 subjects belonging to Cluster 2. Cluster membership was not
associated with wheeze proportion (Wilcoxon rank sum test p=0.40, linear regression adjusted
for study site p=0.34, mean wheeze proportion 0.32 in Cluster 1 and 0.35 in cluster 2, Table E1
in the Online Repository). In combination with lack of association between wheeze and beta
diversity, these findings reinforce that overall gut microbiome structure is not associated with
wheeze frequency, though this does not rule out that specific microbial taxa could contribute to

wheeze.

Specific Gut Bacterial Taxa Are Associated with Wheeze Proportion

We used Songbird, a method that accounts for compositionality in microbiome data by
analyzing ratios of taxonomic abundances and produces a ranking of taxa associated with an
outcome of interest?’, to identify the top 10% of genera most positively and the 10% of genera
most negatively associated with wheeze proportion (Figure 2, Tables E2 and E3 in the Online
Repository). The log-ratio of the top positively associated genera to the top negatively
associated genera was significantly associated with wheeze proportion (Spearman rho =0.43, p

=0.0002) and this association was preserved after adjusting for maternal education (linear
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regression beta = 0.08 (0.04, 0.13), p = 0.0001). All of the associated genera were of the phylum
Firmicutes with the exception of Senegalimassilia, a member of the phylum Actinobacteria that
was negatively associated with wheeze and Parasutterella, a member of the phylum
Proteobacteria that was positively associated with wheeze. Veillonella was the genus most
strongly positively associated with wheeze. Taxa negatively associated with wheeze included
Holdemanella and members of the families Lachnospiraceae and Oscillospiraceae. In both
Spearman correlation analyses and linear regression analyses adjusted for study site, all taxa
associations with wheeze were preserved when analyzed as a ratio of taxon abundance :
abundances of the top 10% of taxa associated with wheeze in the opposite direction (see Tables
E2 and E3 in the Online Repository). With few exceptions, taxa exhibited the same direction of
association with wheeze when analyzed as log-transformed relative abundances (see Figure E2

in the Online Repository).

To address the possibility that these taxa were associated not with asthma severity but with use
of inhaled corticosteroids (ICS), which would be expected to increase among subjects with
greater asthma morbidity, we calculated Spearman correlations between the proportion of
guestionnaires on which parents reported that subjects were using ICS (data available for n=49
subjects, mean ICS proportion = 0.49, SD = 0.36) and both taxon ratios and log-transformed
taxon relative abundances. None of these correlations were statistically significant (all p > 0.05),
indicating that the observed associations of gut microbial taxa with wheeze are not attributable

to ICS use.
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Histidine Metabolism is Positively Associated with Wheeze Proportion

Fecal metabolomic profiling was performed on the same stool samples collected at age three
years that were used for microbiome profiling. To seek associations of overall gut metabolomic
profiles with wheeze, we performed unsupervised clustering of subjects by metabolome
composition using hierarchical clustering3®. This yielded two clusters with 56 subjects belonging
to Cluster 1 and 43 subjects belonging to Cluster 2 (see Figure E3 in the Online Repository).
Cluster membership was significantly associated with wheeze proportion (Wilcoxon rank sum
test p = 0.04, linear regression adjusted for study site p = 0.03, mean wheeze proportion = 0.39
in Cluster 1 and 0.26 in cluster 2, Table E1 in the Online Repository). These findings suggest that
subjects with frequent wheeze exhibit global shifts in the gut metabolome compared to those
with low wheeze frequency. This contrasts with the lack of association we observed between
wheeze and microbiome clusters, suggesting that factors beyond the microbiome could be

involved with metabolome-wheeze associations.

To further characterize gut metabolome associations with wheeze, we performed analyses of
individual metabolites. Of 737 identified fecal metabolites, 20 were nominally positively
associated with wheeze proportion (Spearman correlation p<0.05), though no associations
were preserved after correction for multiple testing (all FDR > 0.05). No metabolites were
negatively associated with wheeze proportion (see Table E4 in the Online Repository). Of the 20
fecal metabolites nominally associated with wheeze proportion, 19 had the same direction of
association and p<0.20 in linear regression analyses adjusted for study site. Most of these 20

metabolites were amino acid metabolites (40%), xenobiotics (20%), or lipids (25%) (Table E4).
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Pathway analysis revealed that metabolites nominally associated with wheeze were enriched
with histidine pathway metabolites (Pathway Impact Value (PIV)=0.14; Fisher’s exact test
overrepresentation analysis p=0.04), though this result was not significant after correcting for
testing of multiple pathways (FDR>0.05) (see Figure E4 in the Online Repository). Metabolites
within the histidine pathway associated with wheeze included carnosine, N(pi)-methyl-L-
histidine, and beta-Alanyl-N(pi)-methyl-L-histidine. These results, which were limited to
metabolites with assigned HMDB IDs, were confirmed by over-representation analysis using
complete metabolite annotation data provided by Metabolon (Fisher’s exact test p<0.0001,
FDR<0.01). As histidine metabolites could be derived from dietary sources, especially animal
meat*!, we analyzed dietary data from food frequency questionnaires completed at age 3 years
and found that intake of meats (hot dogs, sausage, pork, ham, cold cuts, beef, hamburger and
bacon) were both positively correlated with wheeze-associated fecal histidine metabolites
(Spearman rho range=0.16-0.28) and borderline associated with wheeze proportion (Spearman
rho=0.18, p=0.06), though the association with wheeze was attenuated with adjustment for

study site (linear regression beta=0.03, p=0.10).

Over-representation analysis also identified food component/plant fecal metabolites as
enriched among subjects with greater wheeze proportion (Fisher’s exact test p=0.00002,
FDR<0.01). Food component/plant fecal metabolites associated with wheeze included soy
isoflavones daidzein and 6-hydroxydaidzein, and diaminopimelate, a breakdown product of

gram-negative gut microbes. These results suggested a possible positive association between
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soy intake and wheeze; however, dietary tofu or soybean intake at age 3 years was not
correlated with either fecal daidzein (Spearman rho =-0.02, p = 0.83) or fecal 6-hydroxydaidzein
(rho =0.03, p =0.75) and we found no correlation between frequency of tofu or soybean intake
reported at age 3 years and wheeze proportion between ages 3 and 5 years (Pearson rho = -
0.03, p = 0.76; linear regression adjusted for study site beta = -0.36, p = 0.13). Overall, these
results suggest that dietary intake of meats, but not soy, could partially account for associations

between fecal metabolites and wheeze.

Veillonella and Oscillospiraceae UCG-005 are Correlated with Numerous Metabolites

To query the functional significance of fecal taxa associated with wheeze, we created fecal
taxon-metabolite Spearman correlation networks using both absolute abundance (AA) and
relative abundance (RA) microbiome data, as quantitative AA microbiome profiling, compared
to traditional RA profiling, may be preferable when seeking microbe-microbe or microbe-
metabolite correlations?®. Quantitative PCR using universal 16S rRNA primers was used to
estimate the total bacterial biomass concentration per stool sample. Biomass estimates were
then used to calculate AA profiles. Unlike with RA profiling, in which abundances of each taxa
can only be considered as fractions of overall taxa detected, AA profiling allows abundance for
each taxa to be considered independently. Some subjects had insufficient DNA quantity or
quality for biomass estimation, so the sample size was reduced to 85 subjects and included 45
high wheeze and 40 low wheeze subjects. There was no significant correlation between total
fecal bacterial biomass at age three years and wheeze proportion between ages 3 and 5 years

(Spearman’s p=-0.15, p=0.18) (see Figure E5 in the Online Repository). As expected, at the
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phylum level, the two most abundant phyla were Bacteroidetes and Firmicutes (see Figure E6 in
the Online Repository). Phylum-level microbiome composition was similar between subjects

with high and low wheeze proportion (Figure E6).

Among wheeze-associated taxa, Veillonella, which was positively associated with wheeze, and
Oscillospiraceae UCG-005, which was negatively associated with wheeze, were associated
(Spearman correlation p<0.05) with the greatest number of metabolites (213 and 250,
respectively using RA microbiome data; 160 and 229, respectively using AA microbiome data;
including only metabolites associated with wheeze and with the taxa in a directionally
consistent manner, see Figure E7 in the Online Repository). Most of these taxa-associated
metabolites demonstrated significant associations in both analyses of AA and RA data (150 and
208 metabolites significant using both data types for Veillonella and Oscillospiraceae UCG-005,
respectively). Pathway analysis of metabolites associated with Veillonella in both AA and RA
analyses revealed no significant pathways and we likewise found no pathways associated with
Oscillospiraceae UCG-005 using pathway analysis. However, over-representation analysis
identified that dipeptide metabolism was associated with Veillonella (Fisher’s exact test FDR =
0.03); and polyamine metabolism was associated with Oscillospiraceae UCG-005 (Fisher’s exact

test FDR = 0.01).

Microbial Correlation Networks Are Similar Between Those with High vs. Low Wheeze

Frequency
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To identify fecal microbial correlation patterns among subjects with asthma with high vs low
wheeze proportion, a network analysis was performed using SparCC at the genus level (see
Figure E8 in the Online Repository). Results reported here are based on AA data; results based
on RA data were comparable and can be found in Table E5 in the Online Repository. Edges were
based on permutation-based p<0.05 and correlation strength of at least 0.45. Overall, mean
degree, that is, average number of microbes correlated (p<0.05) with each microbe, were
similar between high and low wheeze proportion subjects (high=2.1 +/- 2.2; low=2.0 +/- 1.7,
Wilcoxon rank sum test p=1.0). Those with high wheeze and low wheeze also had similar
numbers of edges (high=62 positive and 26 negative edges; low=64 positive and 38 negative
edges; Fisher test comparing frequency of positive vs negative edges between groups p=0.28).
Ruminococcus gnavus group was the genus correlated with the most other microbes in both
high and low wheeze subjects (n=7 among low wheeze and n=10 among high wheeze subjects,
respectively). Veillonella was only associated with one other microbe — unknown genera of the
family Pasteurellaceae — in both low and high wheeze subjects, and Oscillospiraceae UCG-005

was not significantly associated with any microbes at a correlation strength of at least 0.45.

ICS Response is Associated with Fecal Microbial Composition and Numerous Fecal Metabolites
To determine associations of the gut microenvironment and ICS treatment responses in
children, we analyzed a subgroup of 28 subjects who were treated with ICS between ages 3 and
5 years (Figure 1). Thirteen subjects reported wheeze on >50% of questionnaires between ages
three and five years (ICS non-responders), while 15 subjects reported wheeze on <50% of the

guestionnaires (ICS responders). Non-responders and responders were largely comparable on
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baseline characteristics with the exception of maternal characteristics: non-responders were
more likely to have mothers with asthma (76.9% vs. 20.0%, Fisher’s test p = 0.007), less likely to
have no parents with asthma (7.7% vs 53.3%, Fisher’s test p = 0.03), and more likely to have
mothers with less than a college degree (84.6% vs 40.0%, p = 0.02) (see Table E6 in the Online
Repository). Accordingly, maternal asthma and maternal education were included as covariates
in models of key results as the association with maternal asthma was stronger than the
association with number of parents with asthma and these two variables are highly correlated

(Fisher test p=0.0005).

Fecal microbial alpha diversity at age three years was non-significantly reduced in association
with increased wheeze proportion among subjects on ICS, and this trend was most prominent
among subjects with more frequent wheeze (Figure 3, Shannon index adjusted linear regression
beta=-0.14 (95% Cl -0.35, 0.06) p=0.16; Simpson index adjusted linear regression beta=-1.68
(95% Cl -3.96, 0.61), p=0.14). In contrast to the lack of association between beta diversity and
wheeze in the overall sample of subjects with asthma, Bray-Curtis dissimilarity was significantly
associated with wheeze proportion in the ICS-treated subgroup (PERMANOVA p=0.03; Figure 3)
and this association was preserved after adjustment for maternal education and maternal

asthma (PERMANOVA p=0.02).

Songbird analysis identified the top 5 taxa most positively associated with wheeze and the top 5
taxa most negatively associated with wheeze proportion in the ICS-treated subgroup (see

Figure E9 in the Online Repository). The log-ratio of the top positively associated taxa to the top
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495  negatively associated taxa was significantly associated with wheeze proportion (Spearman rho =
496  0.54, p =0.0005) and this association was preserved after adjusting for maternal education
497  (linear regression beta = 2.0 (-0.1, 4.1), p = 0.06) and maternal asthma (beta = 2.0 (0.1, 3.8), p =
498  0.04). All taxa associated with wheeze were of the phylum Firmicutes except for Eggerthella, a
499  genus of the phylum Actinobacteria that was negatively associated with wheeze. As we

500 observed in the overall sample of children with asthma, Veillonella was the top taxa most

501  positively associated with wheeze.

502

503 Of 737 fecal metabolites, 124 were positively associated with wheeze proportion (Spearman
504  correlation p<0.05) and seven were negatively associated with wheeze proportion in the ICS-
505 treated subgroup (see Table E4 in the Online Repository), though of these 131 associations,
506 only three were preserved after correction for multiple testing (anserine (FDR = 0.04),

507 dimethylarginine (FDR = 0.04) and mannose (FDR = 0.04) were all positively associated with
508 wheeze proportion). Of the 131 fecal metabolites nominally associated with wheeze

509 proportion, 118 (90%) had the same direction of association with wheeze proportion and

510 p<0.20in linear regression analyses adjusted for maternal education and maternal asthma.
511  Notably, the number of metabolites nominally associated with wheeze was higher in the ICS-
512  treated subgroup (131 metabolites) than in the overall sample of subjects with asthma (20
513  metabolites). The 20 metabolites positively associated with wheeze in all subjects with asthma
514  were also positively associated with wheeze in the ICS-treated subgroup, and of these 20

515 metabolites, 11 associations reached nominal statistical significance (p<0.05). Sphingolipid

516 metabolism was the only pathway enriched in children with higher wheeze proportion
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(Pathway Impact Value (PIV)=0.47; p=0.04). Metabolites within the sphingolipid pathway
associated with wheeze included L-serine, sphinganine, sphingosine, N-acylsphingosine (a
ceramide), and phytosphingosine. The enrichment of the sphingolipid pathway was confirmed
using over-representation analysis (Fisher’s exact test p=0.004, FDR = 0.29) (see Figure E10 in

the Online Repository).

SparCC microbial correlation networks constructed using AA data (n=22), where edges were
based on permutations-based p<0.05 and correlation strength 20.60 or <-0.60 were similar in
mean degree (ICS non-responders=3.1 +/- 1.8; ICS responders=3.3 +/- 2.7; Wilcoxon test
p=0.62) (see Figure E8 in the Online Repository). Microbe-microbe correlations were more
numerous among subjects with more frequent wheeze (non-responders, 242 edges) than those
with less frequent wheeze while treated with ICS (responders, 200 edges), though the two
networks had a similar distribution of positive and negative edges (non-responders:
positive=160, negative=82; responders: positive=132, negative=68; Fisher test p=1.0). Despite
requiring a stronger correlation strength in the ICS-treated subgroup microbial network (0.60)
compared to the network for the larger sample of subjects with asthma (0.45), significant
correlations were more numerous in the ICS-treated subgroup as reflected by higher mean
degree. The greater connectivity between gut microbes observed in the ICS-treated subgroup
compared to the overall group of subjects with asthma, despite the smaller sample size,
suggests that intestinal microbial ecology is more homogenous among ICS-treated subjects

than subjects with asthma who are not treated with ICS.



538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

Lee-Sarwar 29

DISCUSSION

In this analysis of the gut microbiome at age 3 years among children with asthma, we found
taxa associated with increased wheeze in the subsequent two years. Of these, the genus
Veillonella is of particular interest and was the top-ranked genus positively associated with
wheeze both among the overall sample of children with asthma and among children treated
with ICS. Veillonella spp. are commensal bacteria of the mouth and gastrointestinal tract;
however, overgrowth of Veillonella species in the airway has been implicated in decreased lung
function and asthma exacerbations.*? Yet, other studies have found Veillonella species to be
enriched in bronchi of non-asthmatic adults #* and decreased in the lungs of corticosteroid-
resistant adults.'® The role of Veillonella species in asthma may also extend to the gut
microbiome. Veillonella abundance in the infant gut has been associated with risk of
subsequent asthma development, though the directions of associations have not been
consistent between studies®, and the parent family of Veillonella, Veillonellaceae, was recently
found to be elevated in stool samples from adult asthmatics in those with more severe
disease?!. Current discrepancies in the role of Veillonella in asthma development and morbidity
warrant further research into the mechanisms of this genus’s effect on lung function and
asthma pathology. Disparate findings may reflect differences in study methodology or could be
due to a diversity of functional capacities among species and strains of the genus Veillonella as
well as differences in the impact of Veillonella presence at different body sites. We found that
Veillonella and the genus Oscillospiraceae UCG-005, a taxa that was inversely associated with
wheeze, were correlated with numerous fecal metabolites, suggesting that these wheeze-

associated taxa may have high functional relevance to the gut microenvironment. However,
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microbial networks were largely similar between children with high and low wheeze
frequencies and that neither Veillonella nor Oscillospiraceae UCG-005 were strongly correlated
with other microbes, suggesting that the functional impact of these taxa is less likely due to

interactions with other microbes.

While analyses of microbial diversity and unsupervised clustering of microbiome data suggested
no global association of microbiome composition with wheeze among children with asthma,
unsupervised clustering of metabolomic data revealed two clusters that were divergently
associated with wheeze frequency. This finding indicates that asthma severity is related to
global shifts in the biochemistry of the gut environment, in a manner that may be relatively
independent of the microbiome. In terms of specific pathways that may be involved, we found
that histidine metabolites were enriched among children with asthma who had more frequent
wheeze. Histidine is a precursor to histamine and an important immunomodulator affecting
both the innate and adaptive immune response.** Increased fecal expression of histidine
decarboxylase has been observed in adults with asthma and is known to contribute to
bronchospasm, mucus secretion and airway edema.'2444> Although mast cells and basophils are
the principal producers of histamine, many gut microbes also produce histamine.'24¢ Qur
analysis of dietary data suggested that intake of meats including beef, pork and turkey could
also lead to increased fecal histidine metabolite levels, consistent with prior reports that meat,
processed meat, and fast food intake are associated with asthma morbidity*”*, including in

children®. Overall, our findings suggest that increased histamine metabolism in the gut,
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potentially as a result of dietary choices, may contribute to morbidity in individuals with

existing asthma.

We also found that food component/plant fecal metabolites were associated with wheeze,
including daidzein and 6-hydroxydaidzein. In contrast to this finding, soy isoflavones have been
associated with improved disease control among adults with asthma®%°*. Because gut microbes
metabolize soy isoflavones to downstream metabolites in a process that varies between
individuals®?, our finding of an association between wheeze and soy isoflavones may be a
marker of microbiome composition differences by wheeze frequency rather than dietary
differences. In accordance with this possibility, we found no significant association between
reported tofu or soybean intake at age 3 years and wheeze frequency between ages 3 and 5

years.

In an exploratory analysis of a subgroup of children treated with ICS, fecal sphingolipid
metabolites were more abundant in those with more frequent wheeze. Sphingolipids are
signaling molecules that regulate a range of pro-inflammatory processes and are thought to
influence asthma-associated inflammation and pathophysiology. >3 However, the interplay
between sphingolipids, the immune system and asthma is not yet fully understood. Previous
research has shown that decreases in de novo biosynthesis of sphingolipids enhances airway
responsiveness independent of allergy or inflammation. >3° Yet, increased levels of ceramide
and S1P have been observed in the lungs of asthmatics along with increases in airway

hyperresponsiveness in both animal and human studies. >3°5=° Very few studies have directly
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compared the metabolic profiles of ICS responders and non-responders; however, one recent
study found that adults with uncontrolled asthma had distinct cellular markers and
metabolomic profiles compared to adults with controlled asthma including higher
concentrations of sphingosine and several ceramide species (C16:0 and C24:0) in serum.®°
These data suggest that sphingolipid metabolites are associated with an uncontrolled/non-
responsive asthma subtype, and our analysis points to a possible mechanism involving a

reduction in steroid responsiveness.

Interestingly, a greater number of metabolites were associated with wheeze among subjects
treated with ICS than among the larger asthma cohort, despite smaller sample size. We also
find a more robust association between microbial composition and wheeze in the ICS cohort.
These data suggest that the microenvironment of the gut associates more strongly with
treatment response than overall asthma control in childhood asthma. However, given the
limited sample size in this subgroup analysis of ICS-treated subjects, these findings must be
regarded as preliminary. An additional limitation is the lack of available data on ICS dosing, as it
is possible that some of our findings may be caused by ICS effects on the
microbiome/metabolome, with subjects with more frequent wheeze potentially exposed to

higher doses of ICS.

Overall, our study provides evidence that the gut microbiome and metabolome have an impact
on wheeze frequency in childhood asthma. The strengths of this study lie in its use of

longitudinal dense phenotyping of a diverse sample and utilization of methods to address
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compositionality in microbiome data - which is often lacking in microbiome association studies.
However, there were study limitations. This is an ancillary analysis of a trial of high-dose vitamin
D supplementation during pregnancy, and the trial intervention could have had an impact on
the gut microbiome or metabolome®!; however, we observed no significant association of trial
treatment assignment with wheeze frequency and so do not expect that effects of prenatal
vitamin D supplementation account for the associations we observed with wheeze frequency.
Untargeted metabolomic profiling gives an idea of relevant metabolites, but without
confirmation using a targeted system, quantification accuracy is a concern. Additionally, our
small sample size precluded analysis of a replication or validation sample, which increases the
possibility of false positive findings. Further research with larger study cohorts and targeted

guantification of metabolites are required to corroborate these findings.
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820 Table 1. Subject characteristics by wheeze frequency. High wheeze subjects are those with
821 reported wheeze at least 33% of the time and low wheeze subjects are those with reported
822  wheeze less than 33% of the time between ages 3 and 5 years. p values are for Wilcoxon rank
823  sum tests for log-transformed total IgE, BMI and gestational age; and otherwise for Fisher’s
824  exact test. Sensitization is based on a serum IgE concentration of 0.35 kU/L to at least one food

825  or environmental allergen, respectively.

All High Low
Children  Wheeze Wheeze p value
(n=110) (n=56) (n =54)

Female Sex — Number (%) 46 (41.4) | 25(44.6) | 21(38.2) 0.62
Race/Ethnicity — Number (%) 0.59
Black, non-Hispanic 71 (64.0) | 37 (66.1) 34 (61.8)
White, non-Hispanic 18 (16.2) | 10(17.9) 8 (14.5)
Hispanic or Other 22 (19.8) 9(16.1) 13 (23.6)
Study Site — Number (%0) 0.002
Boston 26 (23.4) 7 (12.5) 19 (34.5)
San Diego 20 (18.0) 7 (12.5) 13 (23.6)
St. Louis 65 (58.6) | 42(75.0) | 23(41.8)
Household Income — Number (%) 0.20
< $30,000 49 (44) 27 (47) 22 (40)
$30,000-$49,999 13 (12) 3(5) 10 (18)
$50,000-$74,999 9 (8) 3(5) 6 (11)
$75,000-$99,999 4 (4) 2 (4) 2 (4)
> $100,000 8 (7) 6 (11) 2 (4)
Refused or unknown 29 (26) 16 (28) 13 (24)
Vitamin D Treatment Group — Number (%) 0.40
400 IU / day 58(52.3) | 32(57.1) | 26 (47.3)
4,000 IU / day 53 (47.7) | 24 (42.9) | 29 (52.7)
Total IgE (kU/L) (log scale) — mean (SD) 4.1 (1.6) 4.4 (1.7) 3.9 (1.4) 0.15
Food Sensitization — Number (%) 56 (54.4) | 31(58.5) 25 (50.0) 0.51
Environmental Sensitization — Number (%) 44 (42.7) | 27 (50.9) 17 (34.0) 0.12
Body Mass Index (BMI) — Mean (SD) 16.7 (1.7) | 16.4(1.9) | 16.9(1.6) 0.10
Maternal Asthma — Number (%0) 59 (53.2) | 34(60.7) 25 (45.5) 0.16
Number of Parents with Asthma — Number (%) 0.70
Zero 35 (31) 16 (28) 19 (34)
One 65 (58) 34 (60) 31 (56)
Two 12 (11) 7 (12) 5(9)
Maternal College Degree or Higher — Number (%) 23 (20.7) 8 (14.3) 15 (27.3) 0.15
Birth by Cesarean Section — Number (%) 34 (30.6) | 20 (35.7) 14 (25.5) 0.33
Gestational Age (Weeks) — Mean (SD) 37.9(2.7) | 37.9(2.8) | 38.0(2.5) 0.91
Exclusively Breastfed for First 4 Months — Number (%) 21 (20.4) | 12(23.5) 9(17.3) 0.59
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Perinatal Antibiotic Exposure — Number (%) 48 (43.2) | 23(41.1) 25 (45.5) 0.78
Oral Steroid Use Between Age 3 and 5 Years — Number 29 (29.0) | 22(39.3) 7 (15.9) 0.02
(%)

Household Dog — Number (%) 19 (17.4) | 11 (19.6) 8 (15.1) 0.71
Household Cat — Number (%) 10 (9.3) 2 (3.6) 8 (15.1) 0.09
At Least 1 Older Sibling — Number (%0) 68 (61.3) | 34(60.7) 34 (61.8) 1.0
Day Care before Age 3 Years — Number (%) 62 (57.4) | 28(50.9) 34 (64.2) 0.23

Missing data: Oral steroid use missing for 11 subjects. Total IgE was missing for 10 subjects. Sensitization (food
and environmental) and breastfeeding missing for 8 subjects. Daycare and cat missing for 3 subjects. Dog
missing for 2 subjects. BMI missing for 1 subject.

Bolded p values are < 0.05.
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Figure Legends

Figure 1. Flow diagram of study subjects.

Figure 2. Genera associated with wheeze proportion. A. Scatterplot of the association of
wheeze proportion with the natural log-ratio of abundances of the top 10% of taxa positively
associated with wheeze : abundances of the top 10% taxa negatively associated with wheeze. B.
Box plot of the association of wheeze frequency with the natural log-ratio of abundances of the
top 10% of taxa positively associated with wheeze : abundances of the top 10% taxa negatively
associated with wheeze. C. Microbiome feature rankings with top and bottom 10% of taxa
highlighted in blue and yellow, respectively. D. The top 10% of genera most positively and the
10% of genera most negatively associated with wheeze are listed with log-fold changes. Figures

3A-C were generated using Qurro.

Figure 3. A. Scatterplot of fecal microbial alpha diversity by wheeze proportion in ICS-treated
subjects. B. Principal coordinates analysis plot based on Bray-Curtis dissimilarity. Ellipses

represent 95% confidence intervals around standard errors.
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| 876 Randomized to receive 4400 or 400 IU/d of Vitamin D |

8387 Excluded:
3317 Not atopic
1449 < 18 or = 40y
1089 Refused participation
702 Smoked or used drugs
531 Did not speak English or Spanish
389 Multiple gestations or pregnancy via IVF
160 Moving or changing health care clinician
128 Clinical decision to exclude
89 Taking Vitamin D (= 2000 IU/d) or unwilling to take pills
30 Inmate
20 Other

S Excluded:
4 Multiple gestation
1 Medical reasen

Pregnancy

| 806 Infants born to mothers with asthma

506 Subjects provided stool samples at age 3 years for
microbiome analysis

!
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- Doctor-diagnesed parent-reported asthma
- Microbiome data at age 3 years passing quality thresholds
- Wheeze data available on » 50% of guestionnaires

between age 3 and 5 years

Inhaled Corticosteroid (ICS)-Treated Subgroup
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between ages 3 and 5 years

!

22 Subjects with reported ICS
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Microbiome Data Available |
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between ages 3 and 5 years
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