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Abstract

Background: There is increasing evidence that the airway microbiome plays a key role in the establishment of res-
piratory health by interacting with the developing immune system early in life. While it has become clear that bacteria
are involved in this process, there is a knowledge gap concerning the role of fungi. Moreover, the inter-kingdom
interactions that influence immune development remain unknown. In this prospective exploratory human study,

we aimed to determine early post-natal microbial and immunological features of the upper airways in 121 healthy
newborns.

Results: We found that the oropharynx and nasal cavity represent distinct ecological niches for bacteria and fungi.
Breastfeeding correlated with changes in microbiota composition of oropharyngeal samples with the greatest impact
upon the relative abundance of Streptococcus species and Candida. Host transcriptome profiling revealed that genes
with the highest expression variation were immunological in nature. Multi-omics factor analysis of host and microbial

data revealed unique co-variation patterns.

Conclusion: These data provide evidence of a diverse multi-kingdom microbiota linked with local immunological
characteristics in the first week of life that could represent distinct trajectories for future respiratory health.

Trial registration: NHS Health Research Authority, IRAS ID 199053. Registered 5 Oct 2016. https.//www.hra.nhs.uk/
planning-and-improving-research/application-summaries/research-summaries/breathing-together/

Background

Vast numbers of microorganisms, collectively referred
to as the microbiota, reside on our body barrier surfaces,
including the skin, gut and airways. The bacterial com-
ponent of the microbiota has received the most attention
due to its high abundance, and in particular, the accessi-
bility of 16S rRNA gene amplicon sequencing and analy-
sis pipelines. However, a wider range of microbes (fungi,
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viruses, archaea) representing different kingdoms of life
also reside in the respiratory tract of healthy individuals,
yet little is known about their function, particularly in
health. Because they share the same host microenviron-
ments, it is enticing to speculate that these microorgan-
isms interact, compete or even cooperate with each other
with potential consequences for the host. It is now well
established that the respiratory (bacterial) microbiota
develops rapidly after birth, within the first few weeks of
life, shaped by the tissue habitat. This pattern has been
observed in multiple studies focusing upon the bacterial
microbiota of the upper respiratory tract [1-5] and in a
single study for the lower airways [6], due to limitations
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surrounding the invasive sampling procedures in healthy
children. While it is clear that niche-specific physiologi-
cal differences shape the composition of the bacterial
microbiota across the length of the respiratory tract in
the first weeks of life, whether a similar process operates
for other types of microbial life remains to be elucidated.

Subtle changes in the bacterial composition of the
upper airways microbiota, or disrupted colonisation pat-
terns in the first year of life, have been linked to suscep-
tibility to respiratory infections [7, 8] and inflammatory
diseases later in life, such as wheeze and asthma [2, 7,
9-11]. Yet, the mechanisms underlying the correlations
between bacterial taxonomic composition and disease
are poorly understood. In addition to providing resist-
ance to invading pathogens and modulating immune
responsiveness in inflammatory conditions, the airway
microbiota also plays a central role in the development
of the immune system during a critical time window in
early life. This idea has been supported by experimental
studies with germ-free mice, or treatment with broad
spectrum antibiotics in early life, which led to enhanced
susceptibility to allergic airway inflammation in mouse
models of allergic asthma [12—14]. By contrast, mecha-
nistic insights derived from human neonatal data are
scarce and are often limited to correlations with broad
clinical phenotypes [1, 2, 4, 7, 15].

In this study, we aimed to investigate early-life bacte-
rial and fungal communities in conjunction with the
local host immune landscape in the upper respiratory
tract of healthy newborns. In essence, we aimed to define
the microbial and immunological features of the healthy
upper airways. Amplicon sequences of the bacterial 16S
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rDNA region and the fungal Internal Transcribed Spacer
(ITS) region as well as paired host nasal transcriptomics
samples were analysed from 121 1-week old neonates of
the Breathing Together Study cohort [16]. Here, we pro-
vide evidence of a diverse multi-kingdom microbiota in
the upper airways of healthy newborns linked with dis-
crete immunological profiles.

Results

Study design and quality control

We enrolled healthy newborns of the ongoing prospec-
tive Breathing Together birth cohort, aiming to investi-
gate the pulmonary epithelial barrier and immunological
functions at birth and in early life [16]. We applied very
strict postnatal age selection criteria to ensure samples
were as comparable as possible; specifically, samples from
121 participants taken within a tight time window of 6 to
9 postnatal days were included in the study. Detailed
characteristics of study participants are presented in
Supplementary Table 1. Neonates were sampled across
2 upper respiratory niches, the nasal, and oropharyngeal
cavities, for multi-kingdom microbiota profiling (Fig. 1).
Additional samples were simultaneously obtained from
the nasal cavity, predominantly consisting of epithelial
cells, for host gene expression analyses.

Controlling for contaminants in low biomass sam-
ples, such as neonatal airways swabs, is key to prevent
biases due to possible bacterial DNA contamination
from extraction and other processing reagents. This also
applies to DNA of fungal origin, which has received far
less attention. To minimize the risk of contamination,
all laboratory processing steps were carried in a DNAse

Breathing Together Healthy newborns Sample processing
study centers 1 week old, n =121

Nasal swab DNA extraction Microbial 16S & ITS amplicons sequencing

Nasal brush RNA extraction Host mRNA sequencing
Scotland Oro%haryngeal DNA extraction Microbial 16S & ITS amplicons sequencing

swa

X Multi-omics data integration
X Environmental
Factors
England Bacterial
Microbiome * < Mycobiome
"
0
XX
X Developing
Immune System

Fig. 1 Study design. 121 healthy 1-week-old newborns were prospectively enrolled from different recruiting centres in Scotland (Aberdeen,
Edinburgh) and England (Imperial College London, Queen Mary University London and Isle of Wight). Participants were sampled across two
respiratory sites, the nostrils and oropharynx, for both bacterial and fungal targeted amplicon sequencing. An additional set of samples was
acquired from the nostrils for host gene expression analyses. Resulting datasets and relevant metadata were integrated to address the impact of
cross-kingdom associations on the developing respiratory immune system
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and UV-treated laminar flow hood. In addition, 3 types
of negative controls » = 6 PCR controls, n = 6 DNA
extraction controls, # = 8 “air” swabs (Eswab opened and
closed in the room where the sampling took place) were
processed alongside clinical specimens at different pro-
cessing stages, including sequencing. Both samples and
taxa were quality filtered using a 2-step approach. First,
potential contaminant Amplicon Sequence Variants
(ASVs) were identified and removed using the decontam
R package [17]. 28 bacterial and 16 fungal ASVs were
identified as contaminants (Fig. 2a) and subsequently
removed from the sequencing datasets. In a second step,
samples falling below a minimum ASV count threshold of
5000 were excluded from the dataset Fig. 2b. None of the
negative control samples (PCR, DNA extraction) passed
the read count filter step, giving confidence that the ASVs
passing the 2-step filter represent valid microbial sig-
nals from the upper respiratory tract. Similarly, none of
the swab negative controls (air) passed the quality con-
trol filter with the exception of one for fungal amplicon
sequences. 66% (78/118) and 57% (68/119) of the nasal
respiratory niche samples passed the quality filtering
for bacteria (Fig. 2c¢) and fungi (Fig. 2d) amplicon data,
respectively. Differences between bacterial and fungal
data filtering were more pronounced in the oropharyn-
geal respiratory niche samples with 88% (105/119) of
samples passing the filter for bacterial data and only 37%
(44/119) for fungi. Bacterial microbiota data consisted of
536 ASVs after filtering distributed over 8 bacterial phyla
with Firmicutes, Actinobacteria and Proteobacteria being
the most abundant phyla and Streptococcus, Staphylo-
coccus, Gemella, Rothia, and Corynebacterium the most
prevalent genera (Fig. 2c). Comparatively, fungal micro-
biome data consisted of 397 ASVs representing two fun-
gal phyla, Ascomycota and Basidiomycota, with genera
Candida, Debaromyces, Trametes, Wickerhamomyces,
and Rhodotorula being the most prevalent (Fig. 2d).

Bacterial and fungal community constituents are shaped
by the local respiratory habitat

We first aimed to examine the impact of upper respira-
tory tract niches on bacterial and fungal community
structure. Both bacterial load (Wilcoxon, W = 2843, P =
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1.517e—15) and bacterial diversity (Wilcoxon, W = 2610,
P = 2.801e—05) were significantly higher in the oro-
pharyngeal habitat when compared to the nasal habitat
(Fig. 3a), a finding previously observed in samples from
young children [18] and adults [19]. Comparatively, the
mycobiome showed the opposite results with a signifi-
cant decrease in fungal diversity (Wilcoxon, W = 2244, P
= 8.456e—06) in the oropharynx when compared to nasal
samples (Fig. 3b). No clear differences were observed for
fungal load analysis (Wilcoxon, W = 7847, P = 0.052),
likely due to the majority of samples falling below the
detection threshold. Principal Component Analysis
(PCoA) on weighted Unifrac distance between samples
showed that bacterial composition was driven primarily
by the habitat (Fig. 3c), consistent with previous studies
[4, 5, 15]. This was also the case for fungi despite a bigger
taxonomic overlap between the nasal and oropharyngeal
fungal communities (Fig. 3d). Permutational Multivari-
ate Analysis of Variance (PERMANOVA) further dem-
onstrated that samples clustered by respiratory niche,
with a larger R? value for the bacterial kingdom (PER-
MANOVA, R? = 4.7%, adj. P < 0.001) than for the fungi
one (PERMANOVA, R? = 3.7%, adj. P < 0.001) indicative
of a stronger microenvironmental pressure for the bacte-
rial community. Multivariate Analysis by Linear Models
(MaAsLin) was performed to infer niche-specific taxa.
We identified 26 significant niche-specific bacterial taxa
(Fig. 3e) with several Corynebacterium and Staphylococ-
cus genera being characteristic of the nasal niche, and
Streptococcus of the oropharyngeal habitat. Top bacte-
rial nasal and oropharyngeal specific taxa were undefined
species of Corynebacterium (MaAsLin, coef = -5.712, P
= 3.366e—23) and Streptococcus (MaAsLin, coef = 5.006,
P = 1.101e—11) genera, respectively (Fig. 3f). In com-
parison, only 5 niche-specific taxa were detected in the
fungal community (Fig. 3g). Candida palmioleophila
(MaAsLin, coef = 3.419, P = 8.378e—06) and the envi-
ronmental fungi Trametes versicolor (MaAsLin, coef =
—3.210, P = 1.776e—04) were found to be fungal signa-
ture taxa of the oropharyngeal and nasal respiratory sites,
respectively (Fig. 3h). Of note, relative abundance levels
of Trametes versicolor ASV, an environmental lignicolous
fungal species commonly detected in house dust [20, 21]

(See figure on next page.)

abundance data for fungal taxa

Fig. 2 Quality control and decontamination of microbiota samples. a Scatter plots showing the prevalence of bacterial and fungal taxa in samples
versus negative controls (extraction and PCR water controls), with taxa in red representing those that were identified as contaminants and those

in green representing taxa retained for downstream analyses. b Violin plots with log-transformed bacterial and fungal read counts for extraction,
PCR water and swab controls, a summary of read counts for excluded samples in red, and samples in green. ¢ Relative abundance data for bacterial
taxa in each sample both in the raw data and following the 2-step quality control measures (removal of contaminants and filtering by read

counts, abundance and prevalence). Nasal and oral samples are shown on the left, and controls are shown on the right. d Corresponding relative
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Fig. 3 Bacterial and fungal community structure in the nasal and oropharyngeal respiratory niches. a Violin plots representing bacterial load
measured by quantitative PCR and bacterial diversity (Shannon index) for samples of the nasal and oropharyngeal habitats. b Corresponding
violin plots for fungal amplicon data. ¢ PCoA on the weighted UniFrac distances shown along the first two principal coordinates for bacterial
amplicon data. Ellipses represent the 95% confidence interval around the group centroid. d Corresponding PCoA for fungi amplicon data. e
Bacterial signature amplicons comparing the nasal and oropharyngeal niches using MaAsLin for Differential Abundance testing (DA) adjusted for
sampling and processing variation. Only significant taxa with a p value < 0.05 are shown. f Normalised relative abundance of the top 2 bacterial
signature taxa of the nasal and oropharyngeal niches. Boxplots represent the median and interquartile range with whiskers determined by Tukey’s
method. g Fungal signature amplicons comparing the nasal and oropharyngeal niches using MaAsLin. h Normalised relative abundance of the
top 2 fungal signature taxa of the nasal and oropharyngeal niches. Sample sizes for all panels are n = 78 for nasal habitat bacterial data, n = 105 for
oropharyngeal bacterial data, n = 68 for nasal habitat fungal data and n = 44 for oropharyngeal fungal data. Colors are representative of the nasal
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non-parametric Wilcoxon Rank Sum testing for panels a-b with p value < 0.05, < 0.01 and < 0.001 represented as *, ** and ***, respectively
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and air [22, 23], was not due to contamination in the pro-
cessing steps (Supplementary Fig. 1b, second panel). Our
results suggest that respiratory site-specific microbial
communities of different kingdoms emerge within the
first postnatal week.

Multi-omics network inference reveals potential
cross-kingdom microbial interactions

We then aimed to investigate the impact of cross-king-
dom interactions on niche-specific community structure

using SPIEC-EASI [24] (SParse InversE Covariance esti-
mation for Ecological ASsociation Inference), a sophisti-
cated and compositionally robust statistical framework,
which uses sparse graphical model inference. This tool
has recently been adapted for multiple kingdoms, allow-
ing the prediction of bacterial and fungal interactions
in a study investigating lung and skin microbiota [25].
Inferred nasal networks of bacterial and fungal commu-
nities exhibited similar structures; multiple microbial
hubs, 10 for bacteria and 12 for fungi (Fig. 4a) with an
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Fig. 4 Cross-kingdom microbial interactions in the nasal and oropharyngeal respiratory niches and effect of perinatal factors on nasal and
oropharyngeal microbiota composition. a Nasal habitat interaction network inferred with SPIEC-EASI for bacteria only (left panel), fungi only
(middle panel) and both kingdoms (right panel) on 5% prevalence filtered ASVs. Connecting edges represent significant interactions with node size
proportional to ASV average abundance in total samples set and nodes are colored by Kingdom (red color for bacterial ASVs, green color for fungal
ASVs) with opacity increasing with closeness centrality. b Number of intra- and inter-kingdom edges for each network (bacteria-bacteria in red
color, fungi-fungi in green color and bacteria-fungi in salmon color). ¢ Frequency of node degrees for each network (red color for bacterial networks,
green color for fungal networks, salmon color for multi-kingdom networks). d—f Corresponding figures for the oropharyngeal cavity. g Bacterial taxa
associated with breastfeeding or its absence in the oropharyngeal cavity and normalised relative abundance of the top 2 bacterial taxa associated
with feeding mode. Boxplots represent the median and interquartile range with whiskers determined by Tukey’s method. h Corresponding fungi
data. i Fungal taxa associated with country factor in the nasal habitat. Sample sizes for the networks are n = 51 for nasal and n = 39 for oropharynx

networks, respectively. Sample sizes are n = 78 for nasal habitat bacterial data, n = 105 for oropharyngeal habitat bacterial data, n = 68 for nasal
habitat fungal data and n = 44 for oropharyngeal habitat fungal data differential abundance testing

increased number of edges (connecting lines) for bacteria
(n = 76 edges) when compared to fungi (n = 48 edges)
(Fig. 4b). The corresponding multi-kingdom network
consisted of a single and densely connected network
with 277 edges in total and only 1 disconnected bacterial
singleton. 25% were inter-kingdom (bacteria-fungi) con-
nections, indicative of positive co-occurrences between
the two kingdoms of life (Fig. 4b). Edge degrees inves-
tigation confirmed that the multi-kingdom nasal net-
work was highly connected with an average degree (the
number of connections that an ASV has to other ASVs
in the network) of 3.2 and a maximum of 9 (Fig. 4c). In
comparison, mean edge degrees of single kingdom nasal
networks were 1.48 and 1.37 for bacteria and fungi,
respectively, with an edge maximum of 5 for bacteria and
6 for fungi. While the oropharyngeal bacterial network
was comparable to its nasal counterpart, the oropharyn-
geal fungal network was different, characterized by no
consistent community structure (Fig. 4d). Specifically,

known pathogenic taxa with high average relative abun-
dance such as Candida, Debaromyces or Saccharomyces
were represented as singletons. Fungal oropharyngeal
network average degree was 0.5 with a maximum of 2,
a low connectivity also reflected in the cross-kingdom
network where only 17% of the edges represented fungi-
fungi interactions (Fig. 4€). In the oropharyngeal multi-
kingdom network, bacteria-bacteria interactions were
the most prevalent (67% of the total number of edges)
and overall connectivity was lower than in the nasal
equivalent with 93 edges in total, an average edge degree
of 1.58 and a maximum of 6. Taken together, these results
highlight ecological interactions between bacteria and
fungi, particularly within the nasal microenvironment.

Perinatal factors such as breastfeeding shape

both bacterial and fungal microbiota composition
Numerous environmental or birth-related factors have
been shown to influence the composition of the upper
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Table 1 PERMANOVA and MaAsLin results investigating the effect of perinatal factors on bacterial and fungal microbiota composition
for each respiratory site. Multivariable model PERMANOVA results are represented with the effect size (R?) and corresponding p value.
PERMANOVA results with a p value < 0.05 are highlighted with dashed lines. For MaAsLin results, integers represent the number of
Differentially Abundant (DA) ASVs for a given factor. Factors of interest with PERMANOVA p values < 0.05 and at least 1 differentially

abundant ASV are highlighted with dashed lines

Nasal Bacteria Nasal Fungi Oropharyngeal Bacteria Oropharyngeal Fungi

PERMANOVA MaAsLin PERMANOVA MaAsLin PERMANOVA MaAsLin PERMANOVA MaAsLin

R2 P-value DAASVs R2 P-value DAASVs R2 P-value DAASVs R2 P-value DA ASVs
Gestational age at birth  0.050 0917 1 0.060 0.369 2 0.065 0.090 None 0.075 0.779 None
Delivery mode 0.006 0938 None 0.012 0658 None 0.009 0.362 None 0.018 0.684 None
Breastfeeding 0.015 0.280 None 0.018 0.197 1 0.038 0.003 6 0.047 0.011 5
Country 0.015 0.306 None 0.032 0.007 1 0.021 0.048 None 0.038 0.044 None
Gender 0.007  0.902 None 0.012 0679 None 0.007 0512 None 0.026  0.290 None

respiratory tract bacterial microbiota in early-life [1, 2,
4, 15, 26]. We sought to explore how the different res-
piratory microenvironments responded to selective pres-
sures and whether bacterial and fungal communities
responded in a similar manner. Breastfeeding showed
the strongest effect on overall bacterial and fungal oro-
pharyngeal community composition (multivariable PER-
MANOVA, breastfeeding effect R? = 3.8%, adj. P = 0.003
for oropharyngeal bacteria and R? = 4.7%, adj. P = 0.011
for oropharyngeal fungi) (Table 1). Differential abun-
dance testing further corroborated this observation by
detecting 6 bacterial and 5 fungal signature taxa related
to breastfeeding.

Differentially abundant bacterial taxa included mem-
bers of the Streptococcus genus, a trend observed in
a recent study investigating both oropharyngeal and
nasopharyngeal samples in the first 6 months of life
[15]. Notably, the use of ASVs rather than Opera-
tional Taxonomic Units (OTUs) allowed us to dis-
criminate between different Streptococcus sequence
variants at species level. For example 2 ASVs of Strepto-
coccus parasanguinis (MaAsLin, coef = —3.07/—2.636,
P = 3.97e—03/1.888e—02) and 1 of Streptococcus mitis
(MaAsLin, coef = —2.39, P = 2.92e—03) were discri-
minant taxa for non-breastfed neonates while another
Streptococcus ASV (undefined at species level) was highly
abundant in samples from breastfed children (MaAs-
Lin, coef = 4.149, P = 4.71e—05) (Fig. 4a). Similarly,
breastfeeding significantly impacted the composition
of the fungal communities in the oropharyngeal cavity
(Fig. 4b). Specifically, 2 ASVs belonging to known path-
ogenic genus Candida were most abundant in neonates
who were not breastfed. This was particularly notable
for Candida palmioleophila (MaAsLin, coef = —4.99, P
= 0.002) detectable in 57% of the non-breastfed neonates
and completely absent in 88% of those breastfed. Finally,

the country (Scotland or England) in which the child was
born significantly impacted the overall nasal microbiome
fungal composition (multivariable PERMANOVA, coun-
try effect R> = 3.3%, adj. P = 0.007) (Fig. 4c). This differ-
ence in beta diversity was largely due to differences in the
relative abundance of the environmental fungi Trametes
versicolor (MaAsLin, coef = —3.74, P = 0.004), previously
identified as one of the signature taxa of the nasal cavity.
We also confirmed that differentially abundant taxa were
either completely absent (most of the cases) or present in
significantly lower proportions in negative controls for
both bacteria (Supplementary Fig. la) and fungi (Sup-
plementary Fig. 1b). In summary, of all the factors tested,
breastfeeding had the strongest effect on oropharyngeal
microbial colonisation, affecting both bacterial and fun-
gal communities.

Multi-Omics Factor Analysis reveals potential host-immune
interactions

We next sought to explore host-microbial interactions
within the nasal microenvironment using host tran-
scriptomics. We first examined whether perinatal fac-
tors could influence host gene expression independently
of microbial colonisation. Unlike the microbial com-
munities, no factor was associated with changes in the
expression of protein coding genes. Protein coding genes
related to immune responses displayed higher variabil-
ity in expression when compared to non-immunological
genes (Wilcoxon, W = 247573, P = 8.72e—5), sugges-
tive of varying degrees of immune activation in healthy
newborns (Fig. 5a). We hypothesised that the pres-
ence of specific microbes in the upper respiratory tract
of healthy newborns could shape immune function and
explain the high variability observed in expression. Inte-
gration of host immune gene expression and multi-king-
dom microbiota data was performed using Multi-Omics
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Factor Analysis (MOFA+), enabling the identification
of shared sources of variation and correlation between
multi-omics data sets [27, 28]. One advantage of this
tool is that the probabilistic framework can handle miss-
ing datasets, allowing us to capture information from all
available patients (n = 109 subjects, n = 85 gene expres-
sion datasets, n = 78 bacterial datasets, » = 69 fungal
datasets) even if the datasets do not overlap for a given
patient due to missing samples or failed QC (Fig. 5b). The
cumulative proportion of variance (R?) explained by each
omics modality was highest for immune gene expression
(63%), followed by bacterial composition (15%) and low-
est for fungal composition (7%) (Fig. 5¢). While the first
2 inferred factors were principally explained by variation
in gene expression, factors 3 to 6 revealed variation that
was shared between the omics modalities (Fig. 5d). Load-
ings of factors explained by at least 2 omics modalities
were investigated. Weights analysis of Factor 3 revealed
that ASVs of Streptococcus, Lactococcus and Lactoba-
cillus genera (Fig. 5e) were positively associated with
lymphocyte antigen 6 family member D (LY6D) gene
expression, as well as 2 pro-inflammatory alarmins, S100
Calcium-Binding Protein A8 (S100A8) and A9 (S100A9),
known to play a role in the development of neutrophilic
asthma [29-31] (Fig. 5f). Genera inversely correlated
with factor 3 included two ASVs belonging to Granuli-
catella and two to Streptococcus genera, in addition to
Gemella. Factor 4 was characterized by negative weights
for Staphylococcus ASVs (Fig. 5g) and positive weights
for immune genes related to interferon signalling, inter-
feron-induced protein with tetratricopeptide repeats 2
(IFIT2) and Interferon Alpha And Beta Receptor Subu-
nit 1 (IFNAR1), cell adhesion molecule NECTIN2 and
annexin ANXA11 (Fig. 5h). This suggests a negative cor-
relation between specific Staphylococcus species, usu-
ally considered as “healthy” commensals in the nasal/
nasopharyngeal cavities, with proinflammatory inter-
feron signals. Factors 5 captured variation in all 3 omics
modalities with top bacterial weights related to Strepto-
coccus ASVs, as well as 2 ASVs of Rothia genera (Fig. 5i).
Of note, 2 of these were previously identified as signature
taxa for the oropharyngeal cavity (Rothia and Streptococ-
cus parasanguinis) (Fig. 3e). Factor 5 positive weights
were principally characterised by Streptococci and Rothia
genera with some of the ASVs overlapping with factor
3 (Fig. 5i). The strongest fungal weight associated with
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factor 5 was a Penicillium ASV, followed by Saccharo-
myces (Fig. 5j). Top immune gene weight was linked to
Fc Fragment Of IgE Receptor Ig (FCER1G) expression,
a receptor for immunoglobulin E (IgE) and a key factor
in the pathogenesis of allergic asthma [32]. Other genes
with a positive weight associated with Factor 5 included
Human Leukocyte Antigen genes A (HLA-A) and C
(HLA-C), members of the histocompatibility complex
(MHC) class 1. Finally, factor 6 was associated with nega-
tive weights for bacterial Corynebacterium and 2 Strep-
tococci (Fig. 5i), as well as environmental fungi Stereum
and Gloeophyllum. With respect to host gene expression,
positive weights of 2 Interferon-induced transmembrane
protein genes (IFITM1 and IFITM3) were associated
with factor 6. Altogether, our data highlighted that vari-
ations in the nasal transcriptome of healthy newborns
were largely explained by differences in the expression
of immunologically relevant genes. Integration of host
and microbial data using MOFA+ confirmed that most
of the variation between healthy subjects was attribut-
able to differences in immune gene expression followed
by bacteria and only moderately to differences in fungal
composition. Members of the Streptococcus genus were
repeatedly linked with variability in immune gene expres-
sion, including genes linked with asthma development
(alarmins, IgE receptor) or anti-viral immunity (inter-
feron signalling and MHC class I).

Discussion

While it is becoming increasingly evident that bacteria
at mucosal surfaces play a key role in early life immune
education, there is a clear knowledge gap on the role of
fungi in this process, and a lack of detail concerning the
specific immunological pathways that are affected. Mech-
anistic evidence concerning the role of the gut mycobi-
ome in neonatal immune maturation has just started to
emerge [33], and our data now provides insights into
the role of fungi in immune development of the airways.
Multiple studies have highlighted changes in adult air-
ways mycobiome composition in the context of chronic
respiratory diseases such as asthma, cystic fibrosis, bron-
chiectasis and chronic obstructive pulmonary disease
[34, 35]. Understanding the early stages of poly-microbial
airways colonisation and its impact on local immunity is
key to understanding the contribution of these microbes
to respiratory diseases.

(See figure on next page.)

Fig. 5 Multi-Omics Factor Analysis (MOFA+) of host immune gene expression and microbiota in the nasal cavity. a Gene expression coefficient of
variation (CV) of immune (grey) versus non-immune (yellow) protein coding genes. b Dataset availability per subject (columns) and omics modality
(rows). Unavailable datasets (no sample collected or failed QC) are highlighted in grey. ¢ Cumulative proportion of variance explained (R?) by each
omics modality. d Percentage of variation explained by each factor across the different omics modalities. Factors with more than 2 omics modalities
are highlighted in bold. e-n Loadings of the ASVs and/or genes with the largest weights for a given factor. Yellow color relates to immune genes,
red to bacteria and green to fungi. Sample size for MOFA+ analysis is n = 109 subjects
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We found that both the bacterial and fungal arms of
the microbiota develop rapidly after birth (within the first
week of life). Similar to what has been described for bac-
teria [4, 6, 15], the composition of the fungal microbiota
is primarily shaped by the respiratory niche. This aligns
with the concept that the respiratory tract provides dis-
tinct microenvironments along its length harbouring
different physiological properties. Specifically, the nasal
epithelium represents the first point of contact to the
external environment through inhaled air. Large parti-
cles are generally stopped by the nasal cilia, while smaller
particles such as bacteria or fungi (spores) can be trapped
by the surrounding mucus layer. This might explain the
presence of airborne environmental fungi such as Tram-
etes versicolor, found to be signature taxa of the nasal
habitat, which also exhibited significantly higher fungal
diversity (and load, to a lesser extent) when compared to
the oropharyngeal habitat. This environmental effect was
also reflected with differences in beta diversity driven
by Trametes versicolor when comparing samples from
England and Scotland-born babies. Although Tram-
etes has been reported in several studies investigating
the mycobiome of respiratory samples [36—40], in some
cases correlating with health or disease, results should
be interpreted cautiously given the potential influence
of geographic location. The bacterial component of the
microbiota showed the opposite trend; namely a decrease
in bacterial diversity and load in the nasal habitat when
compared to the oropharyngeal habitat. In fact, the oro-
pharyngeal cavity has been described as the home of the
second largest and diverse microbiota community after
the gut, given the fact that it provides a rich and stable
environment for bacteria in terms of temperature, pH
and availability of nutrients [41].

We found that breastfeeding (or its absence) shaped
the composition of the bacterial and fungal oropharyn-
geal microbiota, suggesting that both kingdoms of life
are under similar selective pressures. While breastfeed-
ing differences in the bacterial component were mainly
driven by distinct Streptococcus ASVs, the most strik-
ing change in relative abundance was observed for fungi
with significant increases in known pathogens related
to the Candida genera in the absence of breastfeeding.
Consistent with these findings, oligosaccharides pre-
sent in human milk have been shown to reduce Candida
albicans virulence in epithelial cell cultures [42]. These
changes could also be mediated by maternal bioactive
molecules such as immunoglobulins (sIgA, IgG, IgM) or
other anti-bacterial proteins found in the milk. Candida
species growth is typically limited by both local immu-
nity and competition with other microbes, such as bac-
teria. The inability to amplify enough fungal material in
63% of the oropharyngeal samples further reinforces the
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idea that fungal colonisation may be opportunistic in the
presence of a rich bacterial microbiota. This was also
reflected in the network inference results, as the highly
abundant Candida palmioleophila did not cluster with
any other fungi in the multi-kingdom network, arguing
for competitive or antagonistic interactions.
Multi-kingdom microbial networks inference of the
two respiratory tract habitats also revealed potential
bacterial and fungal relationships. This was particularly
the case in the nasal cavity, probably reflective of a con-
stant influx (inhalation) of microorganisms allowing the
cohabitation between the two microbial kingdoms. In
contrast, the oropharyngeal network organisation con-
sisted of small disconnected microbial hubs indicative
of variable poly-microbial communities, likely to be less
resilient to environmental pressures, such as breastfeed-
ing. The nasal mucosa represents the first line of host
defense against airborne pathogens, allergens and other
foreign particles. In addition to directly secreting anti-
microbial components (defensins, lactoferrins, lysozyme,
and reactive oxygen or nitrogen species), it plays a role
in initiating and controlling immune responses. We
found that immune-related genes displayed an increased
variability in their expression when compared to non-
immune genes. Given the importance of the microbiota
in immune maturation, we investigated whether differ-
ences in local gene expression were linked with the pres-
ence of particular bacterial or fungal microorganisms
using multi-omics data integration. Although immune
gene expression was the main factor driving heteroge-
neity between individuals, MOFA+ revealed some fac-
tors with shared variation across omics. These mainly
involved Streptococcus species linked with alarmin sig-
nals (S100 genes) and MHC class I genes (HLA genes) or
Staphylococcus ASVs, whose weights inversely correlated
with interferon inducible genes. In comparison, associa-
tions between immune gene expression and fungal ASVs
were sparse, arguing for a stronger impact of bacteria,
as compared to fungi, on host immunity. Two longitudi-
nal studies have linked upper airways colonization with
Streptococcus in the first months of life with recurrent
wheeze and/or asthma at 5 years of age [2, 43]. Given
the critical role that type I interferon and MHC I mol-
ecules play in antiviral responses and the risk posed by
early childhood viral infections for the development of
wheeze and asthma [44], the investigation of the respira-
tory virome represents a key target for future studies.

Conclusion

In summary, our data reveals the presence of a multi-
kingdom microbiota linked with local gene expression
in the upper respiratory tract of healthy newborns. We
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found that the respiratory niche (nostrils versus oro-
pharynx) was the primary determinant of multi-king-
dom microbiota composition, as early as 1 week after
birth. Breastfeeding impacted the microbiota the most,
leading to a shift in both bacterial and fungal micro-
biota composition, with Candida relative abundance
dominating in oropharyngeal samples of non-breastfed
neonates. Investigation of nasal transcriptome pro-
files revealed that immune gene expression was highly
variable. Multi-omics factor analysis revealed shared
sources of variation, particularly linking expression of
innate immune genes and bacteria. These findings high-
light the importance of considering the microbiota as
a dynamic multi-kingdom entity, capable of regulating
local immunity, and potentially influencing long term
respiratory health.

Methods

Participants recruitment and sampling

This study included 121 healthy newborns from the
Breathing Together birth cohort [16] sampled 1 week
after birth between February 2017 and May 2018. Par-
ticipants were recruited either antenatally or postnatally
in five different centres in the UK (Aberdeen, Edinburgh,
Imperial College London, Queen Mary University Lon-
don and Isle of Wight). Inclusion criteria included term
birth (>37 weeks gestational age) and written parental
consent. Exclusion criteria for the Breathing Together
cohort included multiple pregnancies, positive maternal
group B Streptococcus from vaginal swab or urine culture,
CPAP or ventilatory support, major health problems (e.g.
congenital heart disease, cystic fibrosis) and impossibil-
ity to follow up within the years of age time frame (e.g.
planned relocation). Exclusion criteria for this specific
study were antibiotics during pregnancy, newborn in
a special care/intensive care unit, complicated vagi-
nal deliveries and any sampling not falling into the 6-9
postnatal days time window. Nasal swabs (taken from
both nostrils—swab inserted and rotated 5 times) and
oropharyngeal swabs (using a tongue depressor the oro-
pharynx was swabbed by rotating the swab 5 times and
avoiding touching the oral cavity) were taken for micro-
biota analysis using copanusa eSwabs (COPAN Diagnos-
tics) and stored at —80°C. Subsequently, nasal epithelial
cells were collected. The infant was held in a supine posi-
tion and the brush [Interdental brush 2.7 mm diameter
(Dentocare 620)] was inserted into the nasal cavity, and
directed inferolaterally until resistance was met from the
medial aspect of the inferior turbinate. The brush was
rotated swiftly three times to obtain cells and removed
and placed into an Eppendorf containing 700 pl of RLT
lysis buffer (Qiagen) with 2-Mercaptoethanol (Sigma),
snap-frozen and stored at —80°C.
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Microbial DNA extraction and sequencing
Samples were centrifuged at 14,000xg for 10min at 4°C,
and pellets were first incubated with 300U of Lyticase
(Sigma) at 37°C for 30min with gentle shaking (500xrpm)
to increase fungal DNA recovery. Resulting lysates were
further processed using the DNeasy UltraClean Micro-
bial Kit (Qiagen) according to the manufacturer’s proto-
col, and DNA was eluted in 40ul of microbial DNA-free
water (Qiagen). All extraction steps were carried out in
microbial DNA-free conditions under a laminar flow
hood decontaminated and UV-treated before laboratory
processing. To control for potential microbial DNA con-
taminants, 3 types of negative controls were included: (1)
ESwabs negative controls obtained (opening and closing
of a tube at the different sampling sites), (2) extraction
negative controls (microbial DNA-free water processed
through the kit) and (3) PCR negative controls (PCR
reaction with microbial DNA-free water instead of DNA
template). Positive controls were obtained by process-
ing 5ul of ZymoBIOMICS Microbial Community (Zymo
research) similarly to the samples for which we were
able to detect 7 out of 8 bacterial species present in the
positive control samples. Each sample was amplified in
2 different reactions, the first one with custom barcoded
primers targeting the bacterial 16S rDNA v1-v2 region
(F-27/R-338) as previously described [45] and the sec-
ond one with custom barcoded primers targeting fun-
gal Internal Transcribed Spacer region 1 (ITS1) region.
Primers were as following:
16S-Forward:
5-AATGATACGGCGACCACCGAGATCTACACT
ATGGTAATTCCAGMGTTYGATYMTGGCTC
AG-3;

16S-Reverse:
5-CAAGCAGAAGACGGCATACGAGATACG
AGACTGATTNNNNNNNNNNNNAAGCTGCCT
CCCGTAGGAGT-3,

ITS-Forward:
5-AATGATACGGCGACCACCGAGATCTAC
ACGGCTTGGTCATTTAGAGGAAGTAA-3,

ITS-Reverse:
5-CAAGCAGAAGACGGCATACGAGAT
NNNNNNNNNNNNCGGCTGCGTTCTTCATCG
ATGC-3

where the N sequences represent the sample-specific
12-nucleotides golean barcodes. Each 25ul PCR reac-
tion consisted of 10.4pl of microbial DNA-free water, 1pl
of each primer at 5uM, 2.5ul of Accuprime PCR buffer
II (Fisher Scientific), 10ul of DNA template and 1pl
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of Accuprime Taq polymerase (Fisher Scientific). The
cycling parameters were as following: initial denaturation
3min at 94°C, followed by 35 cycles (16S) or 40 cycles
(ITS) of 30 s denaturation at 94°C, 30 s annealing at 56°C
(16S) or 52°C (ITS) and 60-s elongation at 68°C, with a
final extension at 68°C for 10min. Amplicons were quan-
tified using a Fragment Analyzer (Agilent Technologies)
with the High Sensitivity NGS Fragment Analysis kit,
pooled at equimolar amounts and purified using AMPure
XP bead cleanup system (Beckman Coulter). Denatured
library pools were sequenced on a MiSeq platform with a
MiSeq Reagent Kit v2 (500-cycles).

Microbial taxonomic profiling

Raw sequences were processed using the microbiome-
dada2 pipeline (see code availability section) using the
DADA2 (version 1.14.1) [46] R package. Briefly, fastq
files were demultiplexed using the iu-demultiplex (ver-
sion 2.7) function from illumina-utils tools [47], primers
and adapters removed with cutadapt [48] (version 2.10),
reads filtered and trimmed, sequencing error models
generated, sequences dereplicated, amplicon sequence
variants (ASVs) inferred, paired-ends merged and chi-
meras removed. Bacterial 16S ASVs were assigned a tax-
onomy using the SILVA database train set (version 123)
and the SILVA species assignment dataset (version 123)
for exact sequence matching. Fungal ITS ASVs were
assigned a taxonomy using the UNITE database general
release (02.02.2019 version). A phylogenetic tree based
on ASV sequences was built by performing a multiple-
alignment using DECIPHER R package (version 2.16.1),
followed by the construction of a neighbor-joining tree
using phangorn R package (version 2.5.5) before fit-
ting a GTR+G+I (Generalized time-reversible with
Gamma rate variation) maximum likelihood tree using
the neighbor-joining tree as a starting point as previously
described [49]. Contaminant taxa were identified using
the is Contaminant function of the decontam (version
1.12.0) R package [17]. DNA extraction and 16S/ITS PCR
water control samples were used as negative controls, the
inverse of the bacterial and fungal load qPCR CT val-
ues was used as a measure of DNA concentration, and
samples were corrected for batch effects. The decontam
method ‘either’ was selected to identify contaminants as
those that were either more prevalent in negative con-
trols than true samples (prevalence threshold = 0.5), or
features with low frequencies relative to the input DNA
concentration (frequency P statistic threshold <0.2 or 0.3
for bacteria and fungi, respectively). Contaminant fea-
tures were then removed prior to filtering. Samples with
less than 5000 ASVs were excluded from the dataset and
ASVs below 1% prevalence or unassigned at Phylum level
were filtered out. Shannon index was determined using
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the estimate_richness function of the phyloseq (version
1.30.0) [50] R package. ASV counts were normalised
using Cumulative Sum Scaling (CSS) using the calcNor-
mPFactors function from MetagenomeSeq (version 1.28.2)
[51] R package followed by log transformation.

Microbial load quantification

Total bacterial and fungal loads were determined using a
custom multiplex panel with fluorescent probes targeting
Pan bacterial 16S and Pan fungal 18S regions. Primers
and probes were as follows:

BactPan-Forward: 5-TGGAGCATGTGGTTTAAT
TCGA-3;
BactPan-Reverse:
A-3;
BactPan-Probe: 5-CACGAGCTGACGACARCC
ATGCA-3 with VIC dye,

FungiPan-Forward: 5-GGRAAACTCACCAGG

5-TGCGGGACTTAACCCAAC

TCCAG-3;

FungiPan-Reverse: 5-GSWCTATCCCCAK-
CACGA-3;

FungiPan-Probe: 5-TGGTGCATGGCCGTT-3" with
FAM dye.

Each 10pl quantitative PCR reaction consisted of 2.5pl
TaqPath 1-Step Multiplex Master Mix (Applied Bio-
systems), 0.18ul of each primer at 50puM, 0.25ul of each
probe at 10uM, 4.28ul of microbial-DNA free water and
2ul of DNA template. Detection was performed using the
QuantStudio 6 Flex Real-Time PCR System (Applied Bio-
systems) with the following conditions: one cycle of 95°C
and followed by 45 PCR cycles of 95°C for 15 s and 60°C
for 1 min and 15 s. Values are reported as 1/Ct (cycle
threshold).

Host RNA extraction and sequencing

RNA from cell lysates was extracted using the Quick-
RNA Microprep kit (Zymo Research) according to the
manufacturer’s handbook and eluted in 40ul of RNAse-
free water. Library preparation was performed using the
QIAseq UPX 3’ Transcriptome Kit (Qiagen) as per the
manufacturer’s protocol with 1ng of purified RNA as
an input. Briefly, during reverse transcription with tem-
plate switching, each sample was tagged with a unique
molecular index (sample ID) and each RNA molecule
with a unique molecular index (UMI). After this step, all
the single-tagged cDNA samples were combined into a
tube before DNA fragmentation, end-repair, A-addition,
adapter ligation and universal library amplification. The
denatured library pool was sequenced on a NovaSeq6000
platform with a S1 Reagent Kit (10 -cycles).
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Host transcriptome analysis

Raw 3’ transcriptomics data were processed using the
transcriptome-QiaSeq pipeline (see code availability
section) using scPipe [52] (version 1.8.0) R package.
Briefly, fastq files were reformatted to trim both sample
ID and UMI information and include this information
in the read header. In the same step, reads with low
quality and/or complexity were also removed. Reads
were aligned to the GRCh38 human genome using
Rsubread [53] (version 2.0.1) R package and counts
were assigned based on ENSEMBL (version 98) human
gene annotations. The integration of UMI to each tran-
script allowed a more accurate quantification of mRNA
transcripts. All UMI mapping to the same genes and in
the same positions were grouped together and dupli-
cated UMIs removed. Ensembl IDs were converted to
gene symbols using biomaRt (version 2.45.5) R package.
Low abundance genes were filtered using the filterBy-
Exp function of EdgeR [54] (version 3.28.1) R package
with default settings. Gene counts were normalised
using counts per millions (cpm) using the cpm function
of EdgeR [54] (version 3.28.1) followed by log transfor-
mation. Coefficient of variation (CV) was calculated as

s _ (Normalised gene counts)
fOHOWlng‘ cv (gene) — Variance ( Normalised gene counts)"

Protein coding genes were retained for downstream
analyses. Immune gene list was retrieved from the
Immunogenetic-Related Information Source (IRIS)
database (December 7, 2014).

Cross-kingdom interaction analysis

Single-kingdom and cross-kingdom microbial interac-
tions networks were constructed using SParse InversE
Covariance Estimation for Ecological Association Infer-
ence (SPIEC-EASI) R package [23] (version 1.0.7).
Cross-kingdom interactions were inferred using the
SPIEC-EASI extension defined by Tipton and colleagues
[25]. For microbial networks inference, low abundance
ASVs with less than 5% prevalence were filtered out and
only samples with matching bacteria and fungi data were
used. The Meinshausen-Buhlmann (MB) neighborhood
selection method was used, and the optimal sparsity
parameter was selected based on the Stability Approach
to Regularization Selection (StARS). The StARS variabil-
ity threshold was set to 0.01 (default) for all networks with
99 repetitions and a nlambda of 20 (default) to achieve
network stability. Network layout was defined using the
Kamada-Kawai layout algorithm. Inferred networks were
imported as graph objects using igraph (version 1.2.5) R
package. Edge degree frequencies were calculated using
the degree_distribution function in igraph. The param-
eters were kept the same for all network inferences.
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Multi-omics factor analysis

Multi-omics data integration was performed using
MOFA+ tool (version 1.2.2) [27]. Microbial ASVs with
at least 5 counts in 5% of the samples were retained for
multi-omics data integration and normalised using CLR
transformation using microbiome R package (version
1.14.0). Immune gene expression data were normalised
using the varianceStabilizingTransformation function of
DESeq2 R package (version 1.32.0) [55]. Data and model
training options were set to default, and the number of
factors was set to 10. All downstream analyses such as the
inspection of the top features with largest weights were
performed using the plot_weights and plot_top_weights
functions of MOFA+ tool (version 1.2.2).

Statistical analysis

Differences in microbial load and diversity were
addressed using non-parametric Wilcoxon Rank Sum
testing. Principal Coordinate Analysis (PCoA) was per-
formed on the weighted UniFrac distance of normalised
ASV counts using the ordinate function of phyloseq [50]
R package (version 1.30.0). Permutational Multivariate
Analysis Of Variance (PERMANOVA) was performed on
the weighted Unifrac distance of normalised ASV counts
with 999 permutations. For the investigation of perinatal
factors effects, the model was as follows: ‘Gestational age
at birth + Delivery mode + Breastfeeding + Country +
Gender: Differential abundance testing for microbial data
was performed by using Microbiome Multivariable Asso-
ciation with Linear Models 2 [56] (MaAsLin2) tool with
the following parameters: minimum feature abundance
of 1, minimum feature prevalence of 0.1, maximum g
value threshold value for significance of 0.2 with LM
analysis method and Benjamini Hochberg g value correc-
tion while adjusting for sampling and processing bias. To
allow maximal reproducibility in functions requiring ran-
dom pseudo-numbers, a fixed random seed number was
set to 2. Alpha level of significance was set to 0.05 for all
statistical tests with p value <0.05, <0.01 and <0.001 rep-
resented as *, ** and ***, respectively.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/540168-021-01201-y.

Additional file 1: Supplementary_information.pdf. Supplementary
figures and tables related to the manuscript.

Acknowledgements

We are grateful to the infants of the cohort and their families for participating
in this study as well as all the Breathing Together team. We would like to thank
Scott Maxwell of the Department of Diabetes and Helen Mitchell from the
Alfred Research Alliance Sequencing Platform for their help with sequencing
and technical support as well as Nick Wong from the Monash Bioinformatics


https://doi.org/10.1186/s40168-021-01201-y
https://doi.org/10.1186/s40168-021-01201-y

Pattaroni et al. Microbiome (2022) 10:34

platform for RNAseq analysis insights. This work was supported by the MAS-
SIVE HPC facility (www.massive.org.au).

Authors’ contributions

C.P. conceptualised the study, processed samples, analysed data, interpreted
data and drafted the manuscript. MMM, R.C. and C.D. processed samples and
analysed data. AC, MS, UFP, JG, GR, PG, JS, MG, ST, AB, SS.and CM.L.
conceptualised the study and revised the manuscript. B.J.M. conceptualised
the study and drafted the manuscript. The authors read and approved the
final manuscript.

Funding
The study is supported by the Wellcome Trust [108818]. B.J.M is an NHMRC
Senior Research Fellow and VESKI Innovation Fellow.

Availability of data and materials

The data supporting the conclusions of this article are available in the NCBI
Sequence Read Archive (SRA) repository, BioProject PRINA694493 https://
www.ncbi.nlm.nih.gov/bioproject/PRINA694493 including quality controls.
Source code for raw microbiota amplicon sequencing data processing can be
obtained at: https//github.com/respiratory-immunology-lab/microbiome-
dada2. Source code for raw 3'transcriptome sequencing data processing can
be obtained at: https://github.com/respiratory-immunology-lab/transcript
ome-QiaSeq.

Declarations

Ethics approval and consent to participate

Informed parental consent was obtained prior to inclusion in the study, and
ethical approval was obtained from the Regional Ethics Committee (REC refer-
ence: 16/LO/1518).

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

'Department of Immunology and Pathology, Monash University, Melbourne,
Australia. 2Imperial Centre for Paediatrics and Child Health, Imperial College
London, London, UK. *Wellcome-Wolfson Institute for Experimental Medicine,
School of Medicine, Dentistry and Biomedical Sciences, Queen’s University
Belfast, Belfast, UK. “Centre for Child Health, Blizard Institute, Queen Mary
University of London, London, UK. *Human Development in Health School,
University of Southampton Faculty of Medicine, Southampton, UK. °NIHR
Southampton Biomedical Research Centre, University Hospital Southampton
NHS Foundation Trust, Southampton, UK. ’David Hide Asthma and Allergy
Research Centre, St Mary's Hospital, Newport, Isle of Wight, UK. 8School

of Medicine, Systems Immunity Research Institute, Cardiff University, Cardiff,
UK. °Centre for Inflammation Research, Child Life and Health, The University
of Edinburgh, Edinburgh, UK. '°Child Health, University of Aberdeen, Aber-
deen, UK. ""NHS Grampian, Aberdeen, UK. '?Royal Brompton Hospital, London,
UK. *National Heart & Lung Institute, Imperial College London, London, UK.

Received: 5 October 2021 Accepted: 12 November 2021
Published online: 21 February 2022

References

1. Biesbroek G, Tsivtsivadze E, Sanders EAM, Montijn R, Veenhoven RH,
Keijser BJF, et al. Early respiratory microbiota composition determines
bacterial succession patterns and respiratory health in children. Am J
Respir Crit Care Med. 2014;190:1283-92 [cited 2020 Nov 25]. Available
from: http://www.atsjournals.org/doi/full/10.1164/rccm.201407-12400C.

2. Teo SM, Mok D, Pham K, Kusel M, Serralha M, Troy N, et al. The infant naso-
pharyngeal microbiome impacts severity of lower respiratory infection
and risk of asthma development. Cell Host Microbe. 2015;17:704-15.

Page 14 of 16

Bosch AATM, Levin E, van Houten MA, Hasrat R, Kalkman G, Biesbroek

G, et al. Development of upper respiratory tract microbiota in infancy is
affected by mode of delivery. EBioMedicine. 2016;9:336-45 [cited 2021
Jan 29]. Available from: http://www.sciencedirect.com/science/article/
pii/$2352396416302250.

Bosch AATM, de Steenhuijsen Piters WAA, van Houten MA, Chu MLIN,
Biesbroek G, Kool J, et al. Maturation of the infant respiratory microbiota,
environmental drivers, and health consequences. A prospective cohort
study. Am J Respir Crit Care Med. 2017;196:1582-90.

Chu DM, Ma J, Prince AL, Antony KM, Seferovic MD, Aagaard KM.
Maturation of the infant microbiome community structure and function
across multiple body sites and in relation to mode of delivery. Nat Med.
2017;23:314-26 Nature Publishing Group. [cited 2020 Dec 15]. Available
from: http://www.nature.com/articles/nm.4272.

Pattaroni C, Watzenboeck ML, Schneidegger S, Kieser S, Wong NC, Bernas-
coni E, et al. Early-life formation of the microbial and immunological
environment of the human airways. Cell Host Microbe. 2018;24:857-865.
e4.

Teo SM, Tang HHF, Mok D, Judd LM, Watts SC, Pham K, et al. Airway micro-
biota dynamics uncover a critical window for interplay of pathogenic
bacteria and allergy in childhood respiratory disease. Cell Host Microbe.
2018;24:341-352.e5.

de Steenhuijsen Piters WAA, Binkowska J, Bogaert D. Early life microbiota
and respiratory tract infections. Cell Host Microbe. 2020;28:223-32.

Ta LDH, Yap GC, Tay CJX, Lim ASM, Huang C-H, Chu CW, et al. Establish-
ment of the nasal microbiota in the first 18 months of life: correla-

tion with early-onset rhinitis and wheezing. J Allergy Clin Immunol.
2018;142:86-95.

Thorsen J, Rasmussen MA, Waage J, Mortensen M, Brejnrod A, Bannelykke
K, et al. Infant airway microbiota and topical immune perturbations in the
origins of childhood asthma. Nat Commun. 2019;10:5001 Nature Publish-
ing Group. [cited 2021 Jan 28]. Available from: http://www.nature.com/
articles/s41467-019-12989-7.

. Mansbach JM, Luna PN, Shaw CA, Hasegawa K, Petrosino JF, Piedra PA,

et al. Increased Moraxella and Streptococcus species abundance after
severe bronchiolitis is associated with recurrent wheezing. J Allergy Clin
Immunol. 2020;145:518-527.e8 [cited 2021 Jan 28]. Available from: http://
www.sciencedirect.com/science/article/pii/S0091674919315167.
Gollwitzer ES, Saglani S, Trompette A, Yadava K, Sherburn R, McCoy KD,

et al. Lung microbiota promotes tolerance to allergens in neonates via
PD-L1. Nat Med. 2014,20:642-7.

Olszak T, An D, Zeissig S, Vera MP, Richter J, Franke A, et al. Microbial expo-
sure during early life has persistent effects on natural killer T cell function.
Science. 2012;336:489-93 American Association for the Advancement of
Science. [cited 2020 Nov 27]. Available from: http://www.science.scien
cemag.org/content/336/6080/489.

Russell SL, Gold MJ, Hartmann M, Willing BP, Thorson L, Wlodarska M, et al.
Early life antibiotic-driven changes in microbiota enhance susceptibil-

ity to allergic asthma. EMBO Rep. 2012;13:440-7 John Wiley & Sons, Ltd.
[cited 2020 Nov 27]. Available from: http://www.embopress.org/doi/full/
10.1038/embor.2012.32.

Man WH, Clerc M, de Steenhuijsen Piters WAA, van Houten MA, Chu
MLIN, Kool J, et al. Loss of microbial topography between oral and naso-
pharyngeal microbiota and development of respiratory infections early in
life. Am J Respir Crit Care Med. 2019;200:760-70.

Turner S, Custovic A, Ghazal P, Grigg J, Gore M, Henderson J, et al. Pulmo-
nary epithelial barrier and immunological functions at birth and in early
life - key determinants of the development of asthma? A description

of the protocol for the Breathing Together study. Wellcome Open Res.
2018;3:60.

Davis NM, Proctor DM, Holmes SP, Relman DA, Callahan BJ. Simple statisti-
cal identification and removal of contaminant sequences in marker-gene
and metagenomics data. Microbiome. 2018;6:226.

Marsh RL, Kaestli M, Chang AB, Binks MJ, Pope CE, Hoffman LR, et al. The
microbiota in bronchoalveolar lavage from young children with chronic
lung disease includes taxa present in both the oropharynx and nasophar-
ynx. Microbiome. 2016;4:37 [cited 2020 Nov 11]. Available from: https://
doi.org/10.1186/540168-016-0182-1.

Bassis CM, Erb-Downward JR, Dickson RP, Freeman CM, Schmidt TM,
Young VB, et al. Analysis of the Upper Respiratory Tract Microbiotas as the
Source of the Lung and Gastric Microbiotas in Healthy Individuals. mBio


http://www.massive.org.au
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA694493/
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA694493/
https://github.com/respiratory-immunology-lab/microbiome-dada2
https://github.com/respiratory-immunology-lab/microbiome-dada2
https://github.com/respiratory-immunology-lab/transcriptome-QiaSeq
https://github.com/respiratory-immunology-lab/transcriptome-QiaSeq
http://www.atsjournals.org/doi/full/10.1164/rccm.201407-1240OC
http://www.sciencedirect.com/science/article/pii/S2352396416302250
http://www.sciencedirect.com/science/article/pii/S2352396416302250
http://www.nature.com/articles/nm.4272
http://www.nature.com/articles/s41467-019-12989-7
http://www.nature.com/articles/s41467-019-12989-7
http://www.sciencedirect.com/science/article/pii/S0091674919315167
http://www.sciencedirect.com/science/article/pii/S0091674919315167
http://www.science.sciencemag.org/content/336/6080/489
http://www.science.sciencemag.org/content/336/6080/489
http://www.embopress.org/doi/full/10.1038/embor.2012.32
http://www.embopress.org/doi/full/10.1038/embor.2012.32
https://doi.org/10.1186/s40168-016-0182-1
https://doi.org/10.1186/s40168-016-0182-1

Pattaroni et al. Microbiome

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33

34.

35.

36.

(2022) 10:34

[Internet]. American Society for Microbiology; 2015 [cited 2020 Nov 11]6.
Available from: http://www.mbio.asm.org/content/6/2/e00037-15.
Barberdn A, Dunn RR, Reich BJ, Pacifici K, Laber EB, Menninger HL,

et al. The ecology of microscopic life in household dust. Proc Biol Sci.
2015;282:20151139. Available from: https://doi.org/10.1098/rspb.2015.
1139.

Rocchi S, Valot B, Reboux G, Millon L. DNA metabarcoding to assess
indoor fungal communities: electrostatic dust collectors and Illlumina
sequencing. J Microbiol Methods. 2017;139:107-12.

Adams Rl, Bhangar S, Pasut W, Arens EA, Taylor JW, Lindow SE, et al. Cham-
ber bioaerosol study: outdoor air and human occupants as sources of
indoor airborne microbes. PloS One. 2015;10:¢0128022.

Yan D, Zhang T, Su J, Zhao L-L, Wang H, Fang X-M, et al. Diversity and
composition of airborne fungal community associated with particulate
matters in Beijing during haze and non-haze days. Front Microbiol.
2016;7:487.

Kurtz ZD, Muller CL, Miraldi ER, Littman DR, Blaser MJ, Bonneau RA. Sparse
and compositionally robust inference of microbial ecological networks.
PLoS Comput Biol. 2015;11:21004226.

Tipton L, Mller C, Kurtz ZD, Huang L, Kleerup E, Morris A, et al. Fungi
stabilize connectivity in the lung and skin microbial ecosystems.
Microbiome. 2018;6:12. Available from: https://doi.org/10.1186/
s40168-017-0393-0.

Dominguez-Bello MG, Costello EK, Contreras M, Magris M, Hidalgo G,
Fierer N, et al. Delivery mode shapes the acquisition and structure of the
initial microbiota across multiple body habitats in newborns. Proc Natl
Acad Sci [Internet]. National Academy of Sciences; 2010 [cited 2020 Nov
25];107:11971-5. Available from: http://www.pnas.org/content/107/26/
11971.

Argelaguet. Multi-Omics Factor Analysis—a framework for unsupervised
integration of multi-omics data sets. Mol Syst Biol [Internet]. John Wiley &
Sons, Ltd; 2018 [cited 2021 Sep 22];14:e8124. Available from: http://www.
embopress.org/doi/full/10.15252/msb.20178124.

Argelaguet R, Arnol D, Bredikhin D, Deloro Y, Velten B, Marioni JC, et al.
MOFA+: a statistical framework for comprehensive integration of multi-
modal single-cell data. Genome Biol. 2020;21:111 [cited 2021 Sep 22].
Available from: https://doi.org/10.1186/513059-020-02015-1.

Halayko AJ, Ghavami S. STO0A8/A9: a mediator of severe asthma
pathogenesis and morbidity?This article is one of a selection of papers
published in a special issue celebrating the 125th anniversary of the Fac-
ulty of Medicine at the University of Manitoba. Can J Physiol Pharmacol.
2009;87:743-55 NRC Research Press. [cited 2021 Sep 22]. Available from:
http://www.cdnsciencepub.com/doi/abs/10.1139/y09-054.

Park J-S, Lee T-H, Shin H-R, Song HJ, Kim J-D, Park C-S. Relationship of
ST00A9 (5100 Calcium binding Protein A9) with neutophilic inflammation
in murine asthma model. J Allergy Clin Immunol. 2015;135:AB243 Elsevier.
[cited 2021 Sep 22]. Available from: http://www.jacionline.org/article/
S0091-6749(14)03510-6/fulltext#relatedArticles.

Quoc QL, Choi Y, Thi Bich TC, Yang E-M, Shin YS, Park H-S. ST00A9 in adult
asthmatic patients: a biomarker for neutrophilic asthma. Exp Mol Med.
2021;53:1170-9 [cited 2021 Sep 22]. Available from: http://www.nature.
com/articles/s12276-021-00652-5.

Gould HJ, Sutton BJ. IgE in allergy and asthma today. Nat Rev Immunol.
2008;8:205-17 [cited 2021 Sep 29]. Available from: http://www.nature.
com/articles/nri2273.

van Tilburg BE, Pettersen VK, Gutierrez MW, Laforest-Lapointe |, Jendz-
jowsky NG, Cavin J-B, et al. Intestinal fungi are causally implicated in
microbiome assembly and immune development in mice. Nat Commun.
2020;11:2577 Nature Publishing Group. [cited 2020 Dec 4]. Available from:
http://www.nature.com/articles/s41467-020-16431-1.

Budden KF, Shukla SD, Rehman SF, Bowerman KL, Keely S, Hugenholtz P,
et al. Functional effects of the microbiota in chronic respiratory disease.
Lancet Respir Med. 2019,7:907-20 [cited 2021 May 27]. Available from:
http://www.linkinghub.elsevier.com/retrieve/pii/S2213260018305101.
van Tilburg BE, Gutierrez MW, Arrieta M-C. The fungal microbiome and
asthma. Front Cell Infect Microbiol. 2020;10 Frontiers. [cited 2020 Dec 4].
Available from: http://www.frontiersin.org/articles/10.3389/fcimb.2020.
583418/full.

CuiL, Lucht L, Tipton L, Rogers MB, Fitch A, Kessinger C, et al. Topographic
diversity of the respiratory tract mycobiome and alteration in HIV and
lung disease. Am J Respir Crit Care Med. 2015;191:932-42.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

Page 150f 16

Mac Aogadin M, Chandrasekaran R, Lim AYH, Low TB, Tan GL, Hassan T,

et al. Immunological corollary of the pulmonary mycobiome in bronchi-
ectasis: the CAMEB study. Eur Respir J. 2018;52:1800766.

Huang C, YuY, Du W, LiuY, Dai R, Tang W, et al. Fungal and bacterial micro-
biome dysbiosis and imbalance of trans-kingdom network in asthma.
ClinTrans! Allergy. 2020;10:42 [cited 2021 Sep 29]. Available from: https://
doi.org/10.1186/513601-020-00345-8.

Vandenborght L-E, Enaud R, Urien C, Coron N, Girodet P-O, Ferreira S, et al.
Type 2-high asthma is associated with a specific indoor mycobiome and
microbiome. J Allergy Clin Immunol. 2021;147:1296-1305.e6.

Tiew PY, Dicker AJ, Keir HR, Poh ME, Pang SL, Mac Aogain M, et al. A high-
risk airway mycobiome is associated with frequent exacerbation and
mortality in COPD. Eur Respir J. 2021;57:2002050.

Deo PN, Deshmukh R. Oral microbiome: unveiling the fundamentals. J
Oral Maxillofac Pathol. 2019;23:122-8 [cited 2020 Dec 4]. Available from:
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC6503789/.

Gonia S, Tuepker M, Heisel T, Autran C, Bode L, Gale CA. Human milk
oligosaccharides inhibit Candida albicans invasion of human premature
intestinal epithelial cells. J Nutr. 2015;145:1992-8 Oxford Academic. [cited
2020 Dec 4]. Available from: http://www.academic.oup.com/jn/article/
145/9/1992/4585751.

Bisgaard H, Hermansen MN, Buchvald F, Loland L, Halkjaer LB, Bannelykke
K, et al. Childhood Asthma after Bacterial Colonization of the Airway in
Neonates. N Engl J Med [Internet]. Massachusetts Medical Society; 2007
[cited 2021 Sep 29];357:1487-95. Available from: https://doi.org/10.1056/
NEJMo0a052632.

Edwards MR, Strong K, Cameron A, Walton RP, Jackson DJ, Johnston SL.
Viral infections in allergy and immunology: How allergic inflammation
influences viral infections and illness. J Allergy Clin Immunol [Internet].
2017 [cited 2021 Sep 29];140:909-20. Available from: http://www.ncbi.
nim.nih.gov/pmc/articles/PMC7173222/.

Rapin A, Pattaroni C, Marsland BJ, Harris NL. Microbiota analysis using an
lllumina MiSeq platform to sequence 16S rRNA genes. Curr Protoc Mouse
Biol. 2017;7:100-29.

Callahan BJ, McMurdie PJ, Rosen MJ, Han AW, Johnson AJA, Holmes SP.
DADA2: High-resolution sample inference from Illumina amplicon data.
Nat Methods. 2016;13:581-3.

Eren AM, Vineis JH, Morrison HG, Sogin ML. A filtering method to gener-
ate high quality short reads using illumina paired-end technology. PloS
One. 2013;8:e66643.

Martin M. Cutadapt removes adapter sequences from high-throughput
sequencing reads. EMBnetjournal [Internet]. 2011 [cited 2020 Nov
5];17:10-2. Available from: http://www.,journal.embnet.org/index.php/
embnetjournal/article/view/200.

Callahan BJ, Sankaran K, Fukuyama JA, McMurdie PJ, Holmes SP. Bio-
conductor Workflow for Microbiome Data Analysis: from raw reads to
community analyses. F1000Research [Internet]. 2016 [cited 2020 Nov
6];5:1492. Available from: http://www.f1000research.com/articles/5-1492/
V2.

McMurdie PJ, Holmes S. phyloseq: an R package for reproducible
interactive analysis and graphics of microbiome census data. PloS One.
2013;8:61217.

Paulson JN, Stine OC, Bravo HC, Pop M. Differential abundance
analysis for microbial marker-gene surveys. Nat Methods.
2013;10:1200-2.

Tian L, Su'S, Dong X, Amann-Zalcenstein D, Biben C, Seidi A, et al. scPipe:
A flexible R/Bioconductor preprocessing pipeline for single-cell RNA-
sequencing data. PLoS Comput Biol. 2018;14:21006361.

Liao Y, Smyth GK, Shi W.The R package Rsubread is easier, faster,
cheaper and better for alignment and quantification of RNA sequenc-
ing reads. Nucleic Acids Res. 2019;47:e47.54. Robinson MD, McCarthy
DJ, Smyth GK. edgeR: a Bioconductor package for differential expres-
sion analysis of digital gene expression data. Bioinforma Oxf Engl.
2010;26:139-40.

Robinson MD, McCarthy DJ, Smyth GK. edgeR: a Bioconductor package
for differential expression analysis of digital gene expression data. Bioin-
forma Oxf Engl. 2010;26:139-40.

Love MI, Huber W, Anders S. Moderated estimation of fold change and
dispersion for RNA-seq data with DESeq2. Genome Biol [Internet]. 2014
[cited 2021 Sep 30];15:550. Available from: https://doi.org/10.1186/
$13059-014-0550-8.


http://www.mbio.asm.org/content/6/2/e00037-15
https://doi.org/10.1098/rspb.2015.1139
https://doi.org/10.1098/rspb.2015.1139
https://doi.org/10.1186/s40168-017-0393-0
https://doi.org/10.1186/s40168-017-0393-0
http://www.pnas.org/content/107/26/11971
http://www.pnas.org/content/107/26/11971
http://www.embopress.org/doi/full/10.15252/msb.20178124
http://www.embopress.org/doi/full/10.15252/msb.20178124
https://doi.org/10.1186/s13059-020-02015-1
http://www.cdnsciencepub.com/doi/abs/10.1139/y09-054
http://www.jacionline.org/article/S0091-6749(14)03510-6/fulltext#relatedArticles
http://www.jacionline.org/article/S0091-6749(14)03510-6/fulltext#relatedArticles
http://www.nature.com/articles/s12276-021-00652-5
http://www.nature.com/articles/s12276-021-00652-5
http://www.nature.com/articles/nri2273
http://www.nature.com/articles/nri2273
http://www.nature.com/articles/s41467-020-16431-1
http://www.linkinghub.elsevier.com/retrieve/pii/S2213260018305101
http://www.frontiersin.org/articles/10.3389/fcimb.2020.583418/full
http://www.frontiersin.org/articles/10.3389/fcimb.2020.583418/full
https://doi.org/10.1186/s13601-020-00345-8
https://doi.org/10.1186/s13601-020-00345-8
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC6503789/
http://www.academic.oup.com/jn/article/145/9/1992/4585751
http://www.academic.oup.com/jn/article/145/9/1992/4585751
https://doi.org/10.1056/NEJMoa052632
https://doi.org/10.1056/NEJMoa052632
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC7173222/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC7173222/
http://www.journal.embnet.org/index.php/embnetjournal/article/view/200
http://www.journal.embnet.org/index.php/embnetjournal/article/view/200
http://www.f1000research.com/articles/5-1492/v2
http://www.f1000research.com/articles/5-1492/v2
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1186/s13059-014-0550-8

Pattaroni et al. Microbiome (2022) 10:34

56. Mallick H, Rahnavard A, Mclver L. Maaslin2: Maaslin2 [Internet]. Biocon-
ductor version: Release (3.12); 2020 [cited 2020 Nov 5]. Available from:
http://www.bioconductor.org/packages/Maaslin2/.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 16 of 16

Ready to submit your research? Choose BMC and benefit from:

e fast, convenient online submission

o thorough peer review by experienced researchers in your field

e rapid publication on acceptance

e support for research data, including large and complex data types

e gold Open Access which fosters wider collaboration and increased citations

e maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC



http://www.bioconductor.org/packages/Maaslin2/

	Early life inter-kingdom interactions shape the immunological environment of the airways
	Abstract 
	Background: 
	Results: 
	Conclusion: 
	Trial registration: 

	Background
	Results
	Study design and quality control
	Bacterial and fungal community constituents are shaped by the local respiratory habitat
	Multi-omics network inference reveals potential cross-kingdom microbial interactions
	Perinatal factors such as breastfeeding shape both bacterial and fungal microbiota composition
	Multi-Omics Factor Analysis reveals potential host-immune interactions

	Discussion
	Conclusion
	Methods
	Participants recruitment and sampling
	Microbial DNA extraction and sequencing
	Microbial taxonomic profiling
	Microbial load quantification
	Host RNA extraction and sequencing
	Host transcriptome analysis
	Cross-kingdom interaction analysis
	Multi-omics factor analysis
	Statistical analysis

	Acknowledgements
	References


