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Integrated-omics analysis with
explainable deep networks on
pathobiology of infant bronchiolitis

Check for updates
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Bronchiolitis is the leading cause of infant hospitalization. However, the molecular networks driving
bronchiolitis pathobiology remain unknown. Integrative molecular networks, including the
transcriptome and metabolome, can identify functional and regulatory pathways contributing to
disease severity. Here, we integrated nasopharyngeal transcriptome and metabolome data of 397
infants hospitalized with bronchiolitis in a 17-center prospective cohort study. Using an explainable
deep network model, we identified an omics-cluster comprising 401 transcripts and 38 metabolites
that distinguishes bronchiolitis severity (test-set AUC, 0.828). This omics-cluster derived a molecular
network, where innate immunity-related metabolites (e.g., ceramides) centralized and were
characterized by toll-like receptor (TLR) and NF-κB signaling pathways (both FDR < 0.001). The
network analyses identified eight modules and 50 existing drug candidates for repurposing, including
prostaglandin I2 analogs (e.g., iloprost), which promote anti-inflammatory effects through TLR
signaling. Our approach facilitates not only the identification of molecular networks underlying infant
bronchiolitis but the development of pioneering treatment strategies.

Bronchiolitis is the most common lower respiratory infection in infants1. It
is the leading cause of infant hospitalization in the U.S., accounting for
110,000 hospitalizations each year2. The intensive care unit use and the
hospitalization costs for bronchiolitis increased substantially over the last
decade3,4. However, the management of bronchiolitis is predominantly
supportive, with no specific effective therapies available5. To develop
treatment strategies for bronchiolitis, it is crucial to identify the molecular
network driving bronchiolitis pathobiology.

Emerging research has partially elucidated the molecular mechanisms
underlying infant bronchiolitis by leveraging omics data. For example,
transcriptomics6–12 (profiling RNA expressions to uncover cellular gene
regulation pathways) and metabolomics12–20 (characterizing metabolite
abundances to reveal biochemical pathways) along with their integrated
approaches12,17,18, have offered an elemental view of themolecular landscape
in infant bronchiolitis. Yet, these findings have not accounted for intra-
omics (i.e., within the transcriptome or metabolome) or inter-omics (i.e.,
between the transcriptome and metabolome) interactions, which are
instrumental to accurately representing human pathobiology, inherently
shaped by multi-omics network interactions. However, existing analytic
methodshavebeenunable to break through this barrier due to the limitation

in representing the omics network interactions, and this has been con-
sidered a significant problem in omics analyses21, let alone in the study of
infant bronchiolitis.

To address this knowledge gap, we employed a new analytical
approach using explainable deep networks with image-converted
integrative omics components. This approach enables us to consider
intra- and inter-omics interactions and to identify the molecular net-
works driving the disease pathobiology. We applied this new approach
to data from a multicenter prospective cohort study of infants with
bronchiolitis using the nasopharyngeal transcriptome and metabolome
profiles, and sought to identify the molecular networks driving
bronchiolitis pathobiology, as well as the existing drug candidates for
repurposing in infant bronchiolitis.

Results
Study design
Of the 1016 infants hospitalized with bronchiolitis and enrolled in the
MARC-35 cohort, this study specifically focused on 397 infants (i.e., the
analytic cohort) who underwent both nasopharyngeal transcriptome and
metabolome profiling. There were no significant differences in the patient
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characteristics between the analytic and non-analytic cohorts (p ≥ 0.05;
Supplementary Table 1). Among the analytic cohort, the median age was
3months, 42%were female, 40%were non-Hispanic white, 23%were non-
Hispanic black, and 33%were Hispanics. Overall, 20% (n = 79) were more-
severe cases of bronchiolitis with respiratory support use during the index
hospitalization (Table 1).

The explainable deep network using image-converted inte-
grative omics components identifies severity-discriminatory
mRNAs and metabolites
The overall analytic workflow is presented in Fig. 1. We first selected 588
mRNAsand128metabolites thatwere related (p < 0.05) to acute severity (i.e.,
respiratory support use) of infant bronchiolitis.Wealsopresented thep-value
distributions for themRNAs andmetabolites in Supplementary Fig. 1. Based
on each distribution, we adopted a p < 0.05 threshold for mRNAs and
metabolites to secure sufficient components for the following image con-
version process. Next, we created variables for interaction by multiplying
mRNA expression with metabolite abundance and retained 4835 variables
for interaction related (FDR < 0.01) to the acute severity. Lastly, we prepared
the severity-related components of each individual infant, comprising 588
mRNAs, 128 metabolites, and 4835 variables for interactions (Fig. 1A).

To represent the proximities and quantities of integrative omics
components (i.e., mRNA, metabolites, and variables for interactions) in a
single infant, we generated an integrative omics image for each infant (Fig.
1B). Within each image, the components represented by green pixels are
mRNAs, those by red pixels are metabolites, and those by blue pixels are
variables for interactions. The intensity of each pixel corresponds to the
expression or abundance of each component (Fig. 2A, B). For the sensitivity
analysis, we also prepared integrative omics images using 5983 variables for
interactions—selected using amodel that includes themain effects—instead
of 4835 variables for interactions (Supplementary Fig. 2).

To identify the omics-cluster that discriminates the acute severity
of infant bronchiolitis, we applied class activation mapping to the
convolutional neural network (CNN) model. The CNN model was
developed with all integrative omics images (n = 397) to predict the
acute severity. The area under the receiver operating characteristic curve
(AUROC) of the CNN model for the testing images was 0.828. We also
confirmed the lower AUROC of the CNN model for the testing images
in the sensitivity analysis using 5983 variables for interactions—selected
using a model that includes the main effects—with the AUROC being
0.695. We employed class activation mapping to identify the specific
regions within the images representing the omics-cluster that dis-
criminates the acute severity (Fig. 2C). We further demonstrated that
the omics-cluster in the identified region comprises 401 mRNAs and 38
metabolites, which we used as the severity-discriminatory components
in the subsequent analyses (Fig. 1C, D)

The joint-pathway analysis reveals that the molecular networks
of the severity-discriminatory components are characterized by
inflammatory response pathways
In the functional enrichment joint-pathway analysis with the severity-
discriminatory components (i.e., 401mRNAs and 38 metabolites), we
identified 62 enriched Kyoto encyclopedia of genes and genomes
(KEGG) pathways characterized by inflammatory response pathways,
such as toll-like receptor (TLR) signaling pathway, nucleotide-binding
oligomerization domain (NOD)-like receptor signaling pathway, nuclear
factor kappa-light-chain-enhancer of activated B cells (NF-κB) signaling
pathway, interleukin (IL)-17 signaling pathway, and phosphatidylino-
sitol 3-kinase (PI3K)-protein kinase B (Akt) signaling pathway
(all FDR < 0.01; Fig. 3A). In the subsequent joint-pathway analysis using
RSV- or RV-related severity-discriminatory components—comprising
138 mRNAs and 15 metabolites for RSV and 179 mRNAs and 5 meta-
bolites for RV—we observed both concordance (e.g., NOD-like receptor
signaling pathway) and heterogeneity in the enriched KEGG pathways
for each virus (Supplementary Fig. 3).

The pathway-based network analysis demonstrates innate
immunity-relatedmetabolites centralized in amolecular network
of the severity-discriminatory components
Through the pathway-based network analysis with the severity-
discriminatory components, we identified 21 molecular networks. These
networks comprised the severity-discriminatory (i.e., identified) mRNAs

Table 1 | Baseline characteristics of infants with bronchiolitis

Overall
Characteristics (n = 397)

Demographics

Age (month), median (IQR) 3 (2–7)

Female sex 165 (42)

Race/ethnicity

Non-Hispanic white 160 (40)

Non-Hispanic black 91 (23)

Hispanic 129 (33)

Other or unknown 17 (4)

Prematurity (32.0–36.9 weeks) 72 (18)

C-section delivery 138 (35)

Previous breathing problems (count)

0 313 (79)

1 62 (16)

2 22 (6)

Previous ICU admission 6 (2)

History of eczema 61 (15)

Ever attended daycare 94 (24)

Cigarette smoke exposure at home 60 (15)

Parental history of eczema 79 (20)

Parental history of asthma 138 (35)

Clinical presentation at index hospitalization

Weight at presentation (kg), median (IQR) 6 (5–8)

Respiratory rate (per minute), median (IQR) 50 (40–60)

Oxygen saturation

<90% 37 (10)

90-93% 56 (15)

≥94% 293 (76)

Blood eosinophilia ( ≥ 4%) 34 (9)

IgE sensitization 81 (20)

Respiratory virus

RSV infection 316 (80)

RV infection 86 (22)

RSV/RV coinfection 47 (12)

Other pathogena only 32 (8)

Clinical outcomes

Respiratory supportb 79 (20)

Positive pressure ventilation usec 25 (6)

Note: Data are no. (%) of infants unless otherwise indicated. Percentages may not equal 100,
because of rounding and missingness.
ICU intensive care unit, IgE immunoglobulin E, IQR interquartile range, RSV respiratory syncytial
virus, RV rhinovirus.
aAdenovirus, bocavirus,Bordetella pertussis, enterovirus, humancoronavirusNL63,OC43, 229E, or
HKU1, human metapneumovirus, influenza A or B virus,Mycoplasma pneumoniae, and
parainfluenza virus 1–3.
bInfants with bronchiolitis who underwent continuous positive airway ventilation and/or mechanical
ventilation and/or high-flow oxygen.
cInfants with bronchiolitis who underwent continuous positive airway ventilation and/or mechanical
ventilation.
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andmetabolites, as well as the surroundingmRNAs andmetabolites that are
adjacent to the identified mRNAs and metabolites within pre-existing
molecular networks derived from KEGG and Edinburgh human metabolic
network (EHMN)databases. The largestmolecular network identified in the
analysis was centralized with the innate immunity-related metabolites (e.g.,

N-acylsphingosine, phosphatidylethanolamine) and involved in inflam-
matory and immune lipid metabolism pathways (e.g., glycosphingolipid
metabolism, phosphatidylinositol phosphate metabolism; Fig. 3B). The
remaining 20 molecular networks are presented in the supplementary
material (Supplementary Fig. 4)
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The drug-based network analysis identified eight sub-networks
including 50 existing drug candidates for repurposing
Through the drug-based network analysis using the 401 severity-
discriminatory mRNAs, we identified eight gene- and drug-based net-
works. In the network involving prostaglandin E receptor 2 (PTGER2), we
confirmed six prostaglandin analogs or agonists (e.g., iloprost), three
prostaglandin inhibitors, and one antibiotic drug (Fig. 4A). In another
network involving Lyn tyrosine kinase, we confirmed 18 tyrosine kinase
inhibitors (e.g., dasatinib, imatinib) and seven other types of drugs (Fig. 4B).
The remaining five gene- and drug-based networks are presented in the
supplementarymaterial (Supplementary Fig. 5). In the subsequent network
analysis using RSV- or RV-related severity-discriminatory mRNAs, tyr-
osine kinase inhibitors were included in the network derived from either the
RSV- or RV-related mRNAs, although prostaglandin analogs or agonists
were included only in the network derived from the RV-related mRNAs
(Supplementary Fig. 6).

Discussion
By applying explainable deep networks using image-converted integrative
omics components derived from amulti-center prospective cohort study of
397 infants with bronchiolitis, we identified an omics-cluster comprising
401 mRNAs and 38 metabolites that distinguishes bronchiolitis severity.
These severity-discriminatory components derive molecular networks
driving bronchiolitis pathobiology, which were characterized by inflam-
matory response pathways (e.g., TLR signaling pathway, NF-κB signaling
pathway) and were centralized with innate immunity-related metabolites
(e.g., N-acylsphingosine, phosphatidylethanolamine). We also identified
eight sub-networks including existing 50 drug candidates for repurposing
(e.g., iloprost, sunitinib) through the drug-based network analysis using the
401 severity-discriminatory mRNAs. To the best of our knowledge, this is
the earliest investigation that has identified the molecular networks driving
bronchiolitis severity by addressing intra- and inter-omics interactions of
multi-omics datasets.

Recent studies demonstrated the molecular landscape underlying
infant bronchiolitis by incorporating omics data, including the upper
airway transcriptome and metabolome profiles. For example, a single-
center study of 55 infants hospitalized for RSV bronchiolitis using
nasopharyngeal transcriptome profiling reported that lower type I
interferon responses were associated with higher severity22. Similarly,
studies of infants with bronchiolitis using nasopharyngeal transcriptome
profiling suggested inflammatory responses (e.g., type 1 interferon [IFN],
neutrophil, and regulatory T cells) were associated with disease severity9.
In another study of 144 infants hospitalized for bronchiolitis using
nasopharyngeal metabolome profiling showed that sphingolipid meta-
bolism pathway was significantly enriched in infants with positive
pressure ventilation use23. A previous integrated-omics analysis of
infants with RSV bronchiolitis—which includes transcriptome and
metabolome profiling—also found that the most-severe endotype had
unique inflammatory response profiles (e.g., low type I IFN response)
and a higher abundance of sphingolipids17. The present study—applying
explainable deep networks using image-converted integrative omics
components—corroborates these prior reports and extends them by

demonstrating the molecular networks driving bronchiolitis pathobiol-
ogy in a large prospective study.

The mechanisms underlying the observed molecular networks—
characterized by inflammatory response pathways (e.g., TLR signaling
pathway, NF-κB signaling pathway) and centralized with immunity-related
metabolites (e.g.,N-acylsphingosine, phosphatidylethanolamine)—warrant
clarification. In concordance with our data, studies suggested the role of
these inflammatory response pathways and innate immunity-related
metabolites in bronchiolitis pathobiology11,24–26. First, research showed
that neutrophil TLR4 expression was deficient in both the blood and the
airways among infants with severe bronchiolitis24 and that airway neu-
trophils of life-threatening RSV bronchiolitis infants were characterized by
NF-κB signaling pathway and upregulated inflammatory responses (i.e.,
interleukin [IL]-6 and IFN-based responses)11. Similarly, TLR engagements
activate theNF-κBpathway through combinations of the adaptormolecules
(e.g., MyD88, TRIF), thereby mediating the production of both pro- and
anti-inflammatory cytokines in innate immune cells25. Second, a recent
study showed the most-severe endotype of infants with bronchiolitis had a
higher abundance of ceramide (i.e., N-acylsphingosine) and
phosphatidylethanolamine14. Ceramides are the central core of sphingolipid
metabolism27,28 and their chronic accumulation in the lung can induce
pulmonary inflammation29. Another study also showed that phosphatidy-
lethanolamine was correlated with excessive proinflammatory responses
andwas over-represented in patients with severe respiratory illness30. Lastly,
recent experimental studies demonstrated that ceramide and phosphati-
dylethanolamine play a key role in apoptosis, inflammation, and stress
responses involving TLR and/or NF-κB signaling pathways31–36. For
example, ceramide metabolism is regulated by TLR stimulation and mod-
ulates TLR-induced IL-6 release31. The phosphatidylethanolamine binding
protein 4 knockout mice showed upregulated levels of TLR4 and NF-κB
with increased neutrophil infiltration and cytokine secretions (e.g., IL-1β,
TNFα, and cyclooxygenase-2)32.

The drug repurposing candidates identified from these molecular
networks—such as prostaglandin analogs or agonists (e.g., iloprost) and
tyrosine kinase inhibitors (e.g., dasatinib, imatinib)—also warrant clar-
ification. Prostaglandin E2 (PGE2), prostaglandin I2 (PGI2), and pros-
taglandin D2 (PGD2) have been shown to modulate inflammation and the
immune system by regulating the expression and concentration of cyto-
kines, such as IL-1β and IL-637,38. Consequently, these are being considered
potential therapeutic targets for the treatment of viral infections39–44. For
example, recent studies showed the EP2 and EP4 receptors of PGE2mediate
inflammation in innate andadaptive immunecells throughNF-κBsignaling
and PI3K signaling pathways39,40, and could be effective anti-inflammatory
targets in human lung disease41. Additionally, PGI2 analogs including ilo-
prost regulate the innate immune systems and promote anti-inflammatory
effects by modifying TLR4 expression42,43. Another study also supported a
protective role for PGI2 analogs in RSV-induced illness and suggested a
possible therapy for acute RSV infection44. In contrast, kinase inhibitors—
one of the main therapeutic approaches to alleviate dysregulated inflam-
mation—target the activity of kinases that regulate the production of
inflammatory mediators45. Previous studies suggested that Lyn tyrosine
kinase and receptor tyrosine kinase KIT have a pivotal role in the initiation

Fig. 1 | Analytic workflow of the study. A The current analysis investigated 397
infants hospitalized with bronchiolitis who underwent both nasopharyngeal tran-
scriptome and metabolome profiling. From all measured mRNAs and metabolites,
we first selected 588mRNAs and 128metabolites that were related (p < 0.05) to acute
severity (i.e., respiratory support use) of infant bronchiolitis. Next, we created
variables for interaction by multiplying mRNA expression with metabolite abun-
dance and retained 4835 variables for interaction related (FDR < 0.01) to the acute
severity. Lastly, we prepared the severity-related components of each individual
infant, comprising 588mRNAs, 128metabolites, and 4835 variables for interactions.
BWe used the DeepInsight method to convert the severity-related components of
each infant into a single image. Within the image, the components represented by
green pixels aremRNAs, those by red pixels aremetabolites, and those by blue pixels

are variables for interactions. The intensity of each pixel corresponds to the
expression or abundance of each component. C We developed a convolutional
neural network (CNN) that classifies the acute severity of bronchiolitis from indi-
vidual images. The CNN was developed using 397 integrative omics images. We
employed class activationmapping to identify the specific regions within the images
representing the omics-cluster that discriminates the acute severity. We further
demonstrated that the identified region comprises 401 mRNAs and 38 metabolites.
D We performed a pathway analysis and network analysis using the severity-
discriminatory 401 mRNAs and 38 metabolites. Additionally, we conducted a drug
repurposing analysis using the 401 mRNAs to determine bronchiolitis drug can-
didates for repurposing. RNA ribonucleic acid, CNN convolutional neural network.
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of inflammatory reactions throughmast cell activation, and their inhibitors
could potentially serve as therapeutic targets for inflammatory diseases46–49.
For example, a mouse study showed that Lyn kinase inhibition by dasatinib
suppressed the secretion of inflammatory cytokines (i.e., IL-4 and TNFα)48.

A randomized trial of patients with severe refractory asthma showed that
KIT inhibition by imatinib decreased airway hyperresponsiveness, mast cell
counts and tryptase release49. Notwithstanding the complexity, the present
study consolidates the preceding insights into the integrative omics

Fig. 2 | Image conversion of integrative omics components and identification of
severity-discriminatory omics-cluster. ATo represent the proximities and quantities of
integrativeomics components (i.e.,mRNA,metabolites, and their interactions) in a single
infant, we generated an integrative omics image for each infant using the DeepInsight
method. The intensity of each pixel corresponds to the expression or abundance of each
omics component. The presented image illustrates the reference image wherein the
intensities of all pixels are maximized to enhance the clarity of visual representation.
B The upper panels present four integrative omics images extracted from infants with

respiratory support use (i.e., severe cases; n = 79). The lower panels demonstrate four
images extracted from infants without respiratory support use (i.e., less severe cases;
n = 318). C To identify the omics-cluster that discriminates the acute severity of infant
bronchiolitis, we applied class activation mapping to the convolutional neural network
(CNN)model.TheCNNmodelwas trainedwithall integrativeomics images (n = 397) to
predict the acute severity. The resulting class activation mapping visualizes the impor-
tance scores, indicating the importance of each pixel to the prediction. The importance
scores progressively increase from blue to yellow and then to red. RNA ribonucleic acid.
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Fig. 3 | Pathway and network analysis of severity-discriminatory mRNAs and
metabolites in infants with bronchiolitis. A The top 25 biological pathways
according to the false discovery rate (FDR) value of each pathway in the functional
enrichment joint-pathway analysis with Kyoto encyclopedia of genes and genomes
(KEGG) terms using the severity-discriminatory 401 mRNAs and 38 metabolites.
The horizontal axis represents the negative log10-transformed FDR. Plot color
represents the percentage of hit components (mRNAs and metabolites) in each
pathway. Plot size represents the impact of each pathway (i.e., pathway impact). This
impact is computed by first determining the centrality of each component within a
given pathway and then dividing the sum of these centrality measures by the total
centrality measures for all components within the corresponding pathway. B The
visualization of a pathway-based network generated from the severity-
discriminatory 401 mRNAs and 38 metabolites. The dark green squares and red

hexagons correspond to the severity-discriminatory mRNAs and metabolites
identified in the analysis. The light green squares and pink hexagons represent the
mRNAs andmetabolites, derived from the KEGG and Edinburgh humanmetabolic
network (EHMN) databases, that are adjacent to (i.e., surrounding) the severity-
discriminatory mRNAs and metabolites. The size of the squares and hexagons
represents the magnitude of the betweenness centrality of each node. The color of
each edge represents the type of pathway related to the connected nodes, while the
thickness of each edge indicates themagnitude of the edge betweenness of each edge.
HIF-1 hypoxia-inducible factor 1, IL-17 interleukin 17, KEGG Kyoto encyclopedia
of genes and genomes, NF-kappa Bnuclear factor kappaB,NODnucleotide-binding
oligomerization domain, PI3K-Akt phosphatidylinositol 3-kinase / protein kinase B,
RNA ribonucleic acid, TNF tumor necrosis factor.
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molecular networks—which incorporate the intra- and inter-omics inter-
actions representing human pathobiology—along with potential drug
candidates for repurposing.

In summary, by applying explainable deep networks using image-
converted integrative omics components derived from a multicenter pro-
spective cohort study of infants with bronchiolitis, we identified an omics-
cluster comprising 401 mRNAs and 38 metabolites that distinguishes
bronchiolitis severity. These severity-discriminatory components derive
molecular networks driving bronchiolitis pathobiology, which were char-
acterized by inflammatory response pathways and were centralized with
innate immunity-relatedmetabolites.We also identified eight sub-networks
including existing 50 drug candidates for repurposing through the drug-
based network analysis. While external validation is warranted, our data
suggest the integrative omics molecular networks and existing drug can-
didates for repurposing in infant bronchiolitis. Our approach facilitates not
only the identification of molecular networks underlying infant bronchio-
litis but also the development of pioneering treatment strategies. Further-
more, our new analytic approach may provide a solution for the holistic
understanding of disease pathobiology, extending beyond infant
bronchiolitis.

Limitation of the study
The current study has several potential limitations. First, our study did not
have “healthy controls”.However, the studyobjectivewasnot to evaluate the
role of the transcriptome and metabolome in the development of bronch-
iolitis but to investigate their relationship with the disease severity within

infants with bronchiolitis. Second, bronchiolitis involves inflammation of
both upper and lower airways, while this study is based on nasopharyngeal
specimens. Regardless, the use of upper airway samples is preferable because
lower airway sampling (e.g., bronchoscopy) would be invasive in these
young infants. Additionally, studies have suggested that upper airway
sampling represents the lung transcriptome50 and metabolome51 profiles in
children. Third, the present study did not have mechanistic experiments to
validate the identified molecular networks and their functions. Fourth, our
inferences might be biased due to the relationship between the timing of
treatments, specimen collections, and respiratory support use despite that
the specimens were collected within a short time frame. Fifth, although this
study offers well-calibrated hypotheses that facilitate future experiments,
our inferences warrant external validation, particularly in infant popula-
tions. In addition, the primary data source for our network analyses pre-
dominantly represents adult populations; thus, we need further studies and
clinical trials to confirm the applicability and safety of our findings in
infants. Sixth, we did not have a testing dataset that is completely kept
hidden during the whole model training and tuning processes, which could
potentially increase the risk of overfitting problems. Our study aims not
primarily at constructing a highly predictive CNN model, but rather at
developing amodel that better represents thepathobiologybyusingourdata
to its fullest extent.Therefore,we chose tomaximizeour trainingdataset and
minimized overfitting problems by optimizing our model with a minimal
set of parameters using our testing (i.e., validation) dataset. Yet, we need to
assess the validity of ourmodel using an additional dataset in future studies.
Lastly, while the study sample included a racially/ethnically and

Fig. 4 | Identification of potential drug candidates for repurposing through
network analyses of severity-discriminatory mRNAs in infants with bronchio-
litis. The visualization of gene- and drug-based networks generated from the
severity-discriminatory 401 mRNAs and rankings of drug candidates for repur-
posing. In the network, the size of the squares represents the magnitude of the
closeness centrality of each node. The orange, light blue, or purple squares represent
drug candidates, while the green squares represent mRNAs. The thickness of each
edge indicates the magnitude of the edge betweenness of each edge. Drug rankings
were derived by employing the TrustRank algorithm on each network. In the

rankings, the horizontal axis represents the log10-transformed Trustworthiness
score calculated with the TrustRank algorithm. Plot size represents themagnitude of
the closeness centrality of each node, while plot color represents themagnitude of the
betweenness centrality of each node. A Drug network including prostaglandin E
receptor 2. The orange squares represent prostaglandin analogues or agonists, the
light blue squares represent prostaglandin inhibitors, and the purple squares
represent other drug candidates.BDrug network including Lyn tyrosine kinase. The
orange squares represent tyrosine kinase inhibitors, while the purple squares
represent other drug candidates. RNA ribonucleic acid.
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geographically diverse multicenter cohort, our inferences should be gen-
eralized cautiously beyond infants hospitalized for bronchiolitis. None-
theless, our findings remain relevant for 110,000 U.S. children hospitalized
annually—a demographic carrying a substantial health burden2.

Methods
Study design, setting, and participants
We analyzed data from the 35th Multicenter Airway Research Collabora-
tion (MARC-35)—a multicenter prospective cohort study of infants hos-
pitalized with bronchiolitis52. MARC-35 is coordinated by the Emergency
MedicineNetwork (EMNet), a collaborationof 247participatinghospitals53.
Investigators enrolled infants (age <1 year) hospitalizedwith bronchiolitis at
17 sites across 14 U.S. states (Supplementary Table 2) using a standardized
protocol during three consecutive bronchiolitis seasons (from November 1
through April 30) during 2011–2014. Bronchiolitis was defined by the
American Academy of Pediatrics guidelines54 as an acute respiratory illness
with some combination of rhinitis, cough, tachypnoea, wheezing, crackles,
and retractions54 andwasdiagnosedby anattendingphysician.Weexcluded
infants who were transferred to a participating hospital >24 h after the
original hospitalization, those who were consented >24 h after hospitaliza-
tion, or those with known heart-lung disease, immunodeficiency, immu-
nosuppression, or gestational age of <32 weeks. All patients were treated at
the discretion of the treating physicians.

Of 1016 infants enrolled in the MARC-35 cohort, the current analysis
investigated 397 infants who underwent both nasopharyngeal tran-
scriptome andmetabolome profiling. The institutional review board at each
of the participating hospitals approved the study.Written informed consent
was obtained from the parent or guardian.

Data collection
Clinical data (demographic characteristics; medical, environmental,
and family history; and details of the acute illness and hospital course)
were collected via structured interview and chart reviews using a stan-
dardized protocol55. All data were reviewed at the EMNet Coordinating
Center (Boston, Massachusetts, USA), and site investigators were
queried about missing data and discrepancies identified by manual data
checks.

In addition to the clinical data, investigators also collected nasophar-
yngeal airway specimens within 24 h of hospitalization by using standar-
dized protocols55,56. All sites used the same collection equipment and
collected the samples within 24 h of a child’s arrival in the medical ward or
intensive care unit. Frozen nasopharyngeal specimens were shipped in
batches to Baylor College of Medicine (Houston, Texas, USA) where they
performed respiratory virus testing using real-time polymerase chain
reaction (RT-PCR), transcriptome profiling by total RNA-sequencing, and
metabolome profiling using liquid chromatography mass spectrometry
(LC-MS)55–58.

Respiratory virus testing
Nasopharyngeal samples were tested for 17 respiratory viruses (including
respiratory syncytial virus [RSV] and rhinovirus [RV]) by using RT-PCR
assays58. ForRVdetection, complementaryDNAwas generated using virus-
specific primers for RV and singleplex RT-PCRwas used. The details of the
RV primers and probes have been described elsewhere59.

Nasopharyngeal total RNA extraction and RNA-seq
Total RNA was isolated from 398 randomly-selected nasopharyngeal spe-
cimens using Trizol LS reagent (ThermoFisher Scientific, Waltham, MA,
U.S.A.) in combination with the Direct-zol RNA Miniprep Kit (Zymo
Research, Irvine, CA, U.S.A.). RNA quantity was measured with the Qubit
2.0 fluorometer (ThermoFisher Scientific). Its quality was assessed with the
Agilent Bioanalyzer 2100 (Agilent, Palo Alto, CA, U.S.A.) using the RNA
6000 Nano kit. Total RNA underwent DNase treatment using the TURBO
DNA-free™ Kit (ThermoFisher Scientific) and rRNA reduction for both
human and bacterial rRNA using NEBNext rRNA Depletion Kits (New

England Biolabs, Ipswich, MA, U.S.). RNA was prepared for sequencing
using the NEBNext Ultra II Directional RNA Library Prep Kit (New Eng-
land Biolabs) and sequenced on a NovaSeq6000 (Illumina, San Diego, CA,
U.S.A.) using an S4 100 bp PE Flowcell (Illumina). All RNA-seq samples
had sufficient sequence depth (mean, 48,014,679 pair-end reads/sample) to
obtain a high degree of sequence coverage.

Nasopharyngeal transcriptome profiling
Raw sequence reads were trimmed and filtered for adapters and con-
taminants using the k-mers strategy in bbduk60 and default settings (i.e.,
minlength = 14, minavgquality = 20, maxns = 0). We estimated transcript
abundances from thefiltered and trimmed reads by Salmon 1.9.061 using the
human transcriptome (hg38) and the mapping-based mode. We generated
a decoy-aware transcriptome and then quantified the reads using Salmon’s
default settings and the following flags: –validateMappings, – recover-
Orphans, –seqBias, and –gcBias. Salmon is fast and accurate, corrects for
potential changes in gene length across samples (e.g., from differential
isoform usage), and has higher sensitivity at the same false discovery rate
(FDR) in differential expression gene analysis.

Nasopharyngeal airway metabolome profiling
Metabolome profiling used 125 μl of nasopharyngeal airway sample. All
samples were blinded to Metabolon and processed in random order. The
metabolic profiling used ACQUITY ultra-high performance liquid chro-
matography (UPLC) (Waters, Milford, MA, USA) and Q-Exactive high
resolution/accurate mass spectrometry (MS) interfaced with a heated
electrospray ionization (HESI-II) source and Orbitrap mass analyzer
operated at 35,000 mass resolution (Thermo Fisher Scientific, Wal-
tham, MA, USA).

Sample preparation was carried out as described previously62. In brief,
recovery standards were added prior to the first step in the extraction
process for quality control purposes. Proteins were precipitated with
methanol under vigorous shaking for twominutes (GlenMills Genogrinder
2000; Clifton, NJ, USA) followed by centrifugation. The resulting extract
was divided into four fractions. The first aliquot was analyzed using acidic
positive ion conditions, chromatographically optimized for more hydro-
philic compounds. The second aliquot was also analyzed using acidic
positive ion conditions and was chromatographically optimized for more
hydrophobic compounds. The third aliquot was analyzed with basic
negative ion optimized conditions using a separate dedicated C18 column.
The fourth aliquot was analyzed via negative ionization following elution
from a HILIC column (Waters UPLC BEH Amide). The MS analysis
alternated between MS and data-dependent MSn scans using dynamic
exclusion.

Metabolites were identified by automated comparison of the ion
features in the experimental samples to a reference library of chemical
standard entries that include retention time, molecular weight (m/z),
preferred adducts, and in-source fragments as well as associated MS
spectra, and curated by visual inspection for quality control using
QUICS software63. Identification of known chemical entities was based
on comparisons to metabolomic library entries of >3000 purified
standards. Peaks were quantified using area-under-the-curve. The raw
area counts for each metabolite in each sample were normalized to
correct for variation due to instrument inter-day tuning differences by
the median value for each run-day, setting the median to 1.0 for each
run. Missing values were imputed with the observed minimum for that
particular compound.

Four types of quality controls were analyzed in concert with the spe-
cimens: 1) samples generated from a pool from a small portion of each
experimental specimen that served as technical replicate; 2) extracted water
samples that served as process blanks; 3) samples of solvent used in
extraction; and 4) a cocktail of standards spiked into every analyzed spe-
cimen that allowed instrument performance monitoring. The median
relative standard deviation (RSD) for the standards that are added to each
sample—a measure of instrument variability—was <5%.

https://doi.org/10.1038/s41540-024-00420-x Article

npj Systems Biology and Applications |           (2024) 10:93 8

www.nature.com/npjsba


Clinical outcome measure
The primary outcome was respiratory support use, defined as the use of
continuous positive airway ventilation and/or mechanical ventilation and/
or high-flow oxygen at any time during the index hospitalization64.

Data normalization
Before themain analyses,we executed a seriesof dataprocessing steps on the
mRNA data. First, we filtered the mRNAs with a total read count of <10
across all subjects, reducing the number of mRNAs from 21,136 to 20,596.
Second, we normalized the read count by the R DESeq2 package65 using
default settings. Third, we applied a log(x + 1) transformation and robust
scaling to the mRNA data. In robust scaling, each value of a feature (i.e.,
mRNA) is scaled by removing the median and dividing by its interquartile
range (IQR: the range between the 1st quartile [Q1] and 3rd quartile [Q3]).
Fourth, we modified outliers of the mRNA data that fall below Q1� 1:5 �
IQR or above Q3þ 1:5 � IQR into Q1� 1:5 � IQR or Q3þ 1:5 � IQR,
respectively. Finally, we applied a min-max transformation to the mRNA
data to ensure all values fell within the range of 0 to 1 as a preparation for the
subsequent image transformation.

We also executed a series of data processing steps on the metabolome
data. We firstly adjusted the metabolome data for potential batch effect by
using empirical Bayes models (ComBat method66). Next, we adopted
probabilistic quotient normalization (PQN)67 to the metabolome data in
accordance with the previous study13. Lastly, the metabolome data under-
went the same sequence of processing as the mRNA data: log(x+ 1)
transformation, robust scaling, outlier modifications, and min-max
transformation.

Component selection
From all measured mRNAs and metabolites, we first selected mRNAs and
metabolites that were related to acute severity (i.e., respiratory support use)
of infant bronchiolitis tofilter candidates for the following image conversion
process. To select the mRNAs and metabolites, we used logistic regression
models with a threshold of p < 0.05, adjusting for the sex, age, and race/
ethnicity of the infants. Next, we created variables for interaction by mul-
tiplying mRNA expression with metabolite abundance and selected vari-
ables for interaction related to the acute severity. To address the issue of
multiple testing, we used a regression model excluding the main effects to
select variables for interaction, as this approach allowed us to secure a
sufficient number of variables for interaction meeting the FDR <0.01
threshold. However, excluding the main effects of mRNA and metabolite
may confound the estimate of the interaction effect between mRNA and
metabolite. Therefore, as a sensitivity analysis, we also selected variables for
interaction using a regression model including the main effects with the
p < 0.05 threshold, then compared the accuracy of the constructedmodel to
the main analysis. Each variable for interaction underwent the same
sequence of processing as the mRNA and metabolome data: log(x+ 1)
transformation, robust scaling, outlier modifications, and Min-max trans-
formation. Lastly, we prepared the severity-related components of each
individual infant, comprising 588 mRNAs, 128 metabolites, and 4835
variables for interactions.

Image conversion of integrative omics components
We transformed the severity-related components of each infant into a single
image using the DeepInsight method68, which converts non-image com-
ponents into an organized image form. In the conversion process, we used
t-distributed stochastic neighbor embedding (t-SNE)69 to create a 224-pixel
square image for each infant. Specifically, we firstly reduced the dimensions
of feature set of the severity-related components to a 2D plane using t-SNE,
which determined the feature’s locations. t-SNE calculates feature proxi-
mities in high-dimensional data by first computing pairwise similarities
using a Gaussian distribution, and then mapping these features to a 2D
plane using a t-distribution. Second, we identified the smallest rectangle
enclosing all points on the 2D plane. Second, we identified the smallest
rectangle enclosing all points on the 2D plane. The points in this Cartesian

plane (i.e., 2D plane) represent the mRNAs, metabolites, or variables for
interactions. We performed rotation on the identified rectangle since the
image should be framed in a horizontal or vertical form for the CNN
architecture. For rotation, a gradient of two corner coordinates of the rec-
tangle is considered. Following this procedure, the Cartesian coordinates of
all types of features (i.e., mRNAs, metabolites, and variables for interaction)
are converted topixels. Therefore, the pixel frame consists of the positions of
all features for each sample. Third, wemapped values of the components to
pixel locations. The intensity of each pixel corresponds to the expression or
abundance of each component. Additionally, in each image, we assigned
different colors to the pixels corresponding to metabolites (red), mRNAs
(green), and variables for interaction (blue) to highlight the differences
among the different types of components. When a single pixel corresponds
to multiple components, we overlaid all the corresponding colors.

Severity-discriminatory omics-cluster identification by explain-
able deep neural networks
Wedevelopeda convolutional neural network (CNN)model70 that classifies
the acute severity of bronchiolitis from individual images. Specifically, we
first randomly partitioned the 397 images into an 8:2 ratio, yielding 317 for
training and 80 for testing. To address the class imbalance in the training
images, we used the synthetic minority over-sampling technique71 to
equalize positive and negative outcomes (i.e., respiratory support use),
augmenting the number of training images from 317 to 508. We secondly
created the CNN model with the augmented training images using the
SqueezeNet architecture72, adjusting the final convolution layer for binary
classification tasks. To assess the potential overfitting problem, the model
performance was evaluated with the testing images using the AUROC after
completing the 1500 training epochs. The learning rate was determined
manually through comparisons of the model performance. The other
parameters of the model are presented on the shared code (See Data and
code availability). We then employed class activation mapping (CAM)73

with theCNNmodel using theDeepFeaturemethod74 to identify the specific
regions within the images representing the omics-cluster that discriminates
the acute severity. CAM used the final convolutional layer of a CNNmodel
to identify important regions in an image for classification. The importance
scores were assigned to each pixel in every individual sample’s image, based
on the activation of units in this layer and their weights associated with a
specific class.

To integrate important pixels from images of all samples, we employed
a region accumulation step, which aggregated the important scores in each
pixel across all images, thereby identifying pixels (i.e., omics components)
essential for classifying severity. The region accumulation step integrates
pixels of importance by performing a union operation on individual acti-
vationpixels corresponding to each sample. In this process,we consider a set
of samples, each belonging to a specific category. The active pixels fromeach
sample in the specific category are integrated to form a single comprehen-
sive pixel set. This integrated pixel set includes all significant features
necessary for the classification of each category. We extracted the mRNAs,
metabolites, and variables for interactions from the integrated pixel set of
samples with severe bronchiolitis using the max flatten method with a
threshold of 0.001; this method selected the maximum importance scores
across all images for each pixel, thus capturing any pixel that exceeds the
threshold in each class, resulting in a comprehensive feature set relevant to
the class prediction.We finally selected the severity-discriminatorymRNAs
and metabolites—either originally extracted or included within the
extracted variables for interaction—for the subsequent biological inter-
pretation analyses.

Pathway analysis of severity-discriminatory mRNAs and
metabolites
We conducted the functional enrichment joint-pathway analysis with the
severity-discriminatory components (i.e., mRNAs and metabolites) using
MetaboAnalyst (v.5.0)75. For the joint-pathway analysis, we converted the
Ensemble IDs of the identified mRNAs to official gene symbols and the
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names of identified metabolites to the human metabolome database
(HMDB)76 IDs. We used the Kyoto Encyclopedia of genes and genomes
(KEGG) database77 to select enriched pathways for both mRNAs and
metabolites. For the joint-pathway selection algorithm, we used the
hypergeometric test for enrichment analysis, degree centrality as the
topology measure, and combined queries as the integration method. As
previous research1–5,20 showed that the infecting virus leads to heterogeneity
in the pathobiology and severity of bronchiolitis, we also conducted the
functional enrichment joint-pathway analysis using the RSV- or RV-related
severity-discriminatory components to examine the heterogeneity and
demonstrate the validity of our methods. We selected RSV- or RV-related
components by using linear regression models, adjusting for the age, sex,
and race/ethnicity of the infants.

Network analysis of severity-discriminatory mRNAs and
metabolites
We identified pathway-based molecular networks with the severity-
discriminatory mRNAs and metabolites using MetScape (v.3.1.3)78 and
Cytoscape (v.3.9.1)79. After converting the Ensemble IDs of the identified
mRNAs to Entrez gene IDs and the names of identified metabolites to
KEGG IDs77, we imported these components into theMetScape application
to identify networks. In the visualization of the largest network identified
from the analysis, we set thresholds of the nodes at a closeness centrality of
≥0.125 and a betweenness centrality of≥0.01 to enhance the interpretability
of the result. We also identified molecular networks with the RSV- or RV-
related severity-discriminatory components selected in thepathwayanalysis
section.

Identification of potential drug candidates for repurposing
We identified potential drug candidates for repurposing through gene- and
drug-based network analyses with the severity-discriminatory mRNAs
using NeDRexApp (v.1.1.2)80. First, we imported a network query from
NeDRexDB80—which integrates eight publicly available biomedical data-
bases—with Gene-Disorder and Disorder-Disorder association options,
which allowedus to construct a gene- and drug-based network based on the
relationships between genes and disorders in NeDRexDB. Second, we
identified the disease module with DIAMOnD algorithm81 using the input
seeds of gene symbols of the severity-discriminatory mRNAs. Specifically,
the DIAMOnD algorithm starts with the input seeds as an initial disease
module and iteratively expands themodule by adding genes (i.e., nodes) that
show the highest connectivity significance to the already selected genes in
the module. In each iteration, the algorithm assesses the connectivity sig-
nificance of all direct neighbors of the existing module and integrates the
most significantly connected node. We set the number of iterations to 200,
which implies that the module expands to include 200 additional genes,
based on their connectivity to the initial seeds.We assigned each initial seed
weight of 1, signifying equal importance of each seed in the initial module.
Third, to visualize gene- and drug-based networks and to identify drug
candidates for repurposing, we performed drug prioritization with Trus-
tRank algorithm82 using the identified diseasemodule. TrustRank algorithm
calculates a trust score for eachdrug based onhowwell-connected it is to the
genes within the disease module. The trust scores are spread from the seed
nodes to other nodes (i.e., other genes and potential drug targets) in the
network. The damping factor controls how much of this score is passed
fromonenode to the next.We set the damping factor as 0.85 and selected 50
top-ranked drugs with the highest trust scores. Finally, we ranked the
identified drug candidates based on the log10 Trustworthiness score82 using
the largest or second largest gene- and drug-based network.

Data availability
The RNA-seq and metabolome profiling data that support the findings of
this study are available on the NIH/NIAID ImmPort (https://www.
immport.org/shared/study/SDY1883), with the accession number
SDY1883, upon a request from the researchers whose research investigates
severe bronchiolitis, recurrent wheezing, asthma, and related concepts. The

data are not available without restriction to be compliant with the informed
consent forms of MARC-35 study and the genomic data sharing plan.

Code availability
All original code has been deposited on the GitHub page (https://github.
com/HasegawaLab/omics_deep_networks) and is publicly available as of
the date of publication.
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