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Abstract

Allergic diseases and asthma are heterogenous chronic inflammatory conditions with several
distinct complex endotypes. Both environmental and genetic factors can influence the
development and progression of allergy. Complex pathogenetic pathways observed in allergic
disorders present a challenge in patient management and successful targeted treatment
strategies. The increasing availability of high-throughput omics technologies, such as
genomics, epigenomics, transcriptomics, proteomics, and metabolomics allows studying
biochemical systems and pathophysiological processes underlying allergic responses.
Additionally, omics techniques present clinical applicability by functional identification and
validation of biomarkers. Therefore, finding molecules or patterns characteristic for distinct
immune-inflammatory endotypes, can subsequently influence its development, progression,
and treatment. There is a great potential to further increase the effectiveness of single omics
approaches by integrating them with other omics, and non-omics data. Systems biology aims
to simultaneously and longitudinally understand multiple layers of a complex and multifactorial
disease, suchas allergy, or asthmaby integrating several, separated data sets and generating
a complete molecular profile of the condition. With the use of sophisticated biostatistics and
machine learning techniques, these approaches provide in-depth insight into individual
biological systems and will allow efficient and customized healthcare approaches, called
precision medicine.

In this EAACI Position Paper, the Task Force “Omics technologies in allergic research” broadly

reviewed current advances and applicability of omics techniques in allergic diseases and



asthma research, with a focus on methodology and data analysis, aiming to provide
researchers (basic and clinical) with a desk reference in the field. The potential of omics
strategies in understanding disease pathophysiology and key tools to reach unmet needs in
allergy precision medicine, such as successful patients’ stratification, accurate disease
prognosis, and prediction of treatment efficacy and successful prevention measures are
highlighted.

1. Introduction

Allergic diseases such as asthma, allergic rhinitis, atopic dermatitis, and food allergy are
heterogeneous and multifactorial inflammatory diseases affecting people all around the world,
and the clinical manifestations vary among allergic patients.'* The occurrence of allergic
diseases is constantly increasing worldwide, and the underlying mechanisms remain to be
further detailed.>¢ Although the development of allergic diseases has been well known to be
influenced by both environmental and genetic factors, the interactions and possible outcomes
of these factors are not fully understood.” The complexity and heterogeneity of these diseases
raise the challenge to diagnose and manage specific endotypes.®® Patients with allergic
diseases and asthma have been reported to respond differently to the same treatment which
may be caused by altered interactions between thousands of genes resulting in various
subendotypes.’ The emergence of high-throughput omic technologies, including genomics,
transcriptomics, epigenomics, proteomics, and metabolomics, may allow to develop a
molecular profile and deeper understanding of the pathogenesis of these diseases. These
technologies can help to process and analyse a large amount of biological data, to interpret
the potential outcomes and consequently decipher the mechanisms behind the development
of these complex diseases.”" System-wide molecular profiling may have essential clinical
implications, from discovery of new functional roles for a gene, a protein, or a metabolite
involved in the disease progression and identification of reliable biomarkers for disease
endotypes, to new insights into disease pathobiology while aiding in the development of more
precise therapeutic strategies for better disease management and control (Table 1)."

2. What is omics science?

The phenotype of an organism, specific tissues, and individual cells in disease and health is
determined by the molecular profiles of the individual cellular components present at a specific
time under specific conditions. The genome is an organism's complete set of DNA that is
relatively static and comprises all genes and non-coding DNA. The decision on what

sequences of the DNA are accessible for transcription is determined by the epigenome, a set



of madifications on the DNA including methylation, and on DNA-binding proteins, mainly
histone proteins that carry a combination of several post-translational modifications (PTMs).
The transcriptome is the set of all transcribed RNAs, which includes mRNAs, housekeeping
RNAs suchas rRNAs and tRNAs, and regulatory RNAs comprising long and short non-coding
RNAs. The proteome comprises all the proteoforms, which are the sum of all molecular forms
of a protein arising from a specific gene. The reason why a gene can give rise to several
proteins are post-transcriptional processes such as differential splicing, variable promoter or
start codon usage, and post-translational processes such as endoproteolytic cleavage, or
PTMs. These mechanisms vastly expand the proteotype, whichis the total of all proteoforms
that define the cellular phenotype. Finally, the enzymatic or other biological activities of the
different proteins, together with environment- and microbiota-delivered small molecules,
determine the metabolome. Thus, metabolites are then the final step of the process.
Metabolome includes active metabolites as well as spent by-products of metabolic processes
and their degradation substances. These different cellular components are tightly
interconnected with positive and negative feedback and feed-forward loops. The omics
sciences aim at characterizing the entirety of these different cellular components, and their
main disciplines include genomics, epigenomics, transcriptomics, proteomics, and

metabolomics.

3. Precision medicine: The importance of accurate patients’ stratification

Precision medicine-based approaches rely on validated biomarkers, and on cost-efficient
sampling.'? This requires a deep understanding of the immunopathology and of the phenotypic
heterogeneity of clinical entities.’® The definition of extreme phenotypes may be helpful to
characterize immune or metabolic pathways specifically linked to the corresponding
endotype.' For example, unfavorable prognosis-related biomarkers in allergic asthma cannot
be identified before effectively differentiating allergic asthmatics from the rest of asthma
patients with atopic sensitization™, including both non-allergic atopic individuals and subjects
in whom allergic mechanisms play a minor role. This prior differentiation will permit not only
the elucidation of disease-specific pathways but also the identification of patients at higher risk
of severity progression for whom a closer follow-up and an early therapeutic intervention would
be warranted.'® Therefore, progress in precision medicine will necessarily mirror the advances
in phenotype definiton and in-patient stratification concerning prognosis and severity."
Nevertheless, several issues may hamper the implementation of this approach. Allergic
diseases are widely influenced by the specific exposome composition'®, which determines
pronounced geographical variations in the relative prevalence and severity of certain

phenotypes (regiotypes)."”” In addition, it may explain why phenotypes and biomarkers



validated for one area or one population might not be useful for other geographical areas.®
Moreover, allergen challenges are frequently needed to confirm the diagnosis of allergic
diseases.®° In this regard, there is a need to develop new protocols with clinical applicability
which allow a confirmation diagnosis of patients with severe phenotypes (e.g. bronchial
allergen challenge protocol, that does not require the discontinuation of inhaled
corticosteroids).’®?° In any case, severe cases of some extreme phenotypes can be hardly

confirmed, which ultimately impairs the identification of clinically valid biomarkers.?

The concept of "personalized medicine" has been increasingly used in scientific literature,
health care systems, and social media. The development of high-throughput technologies in
omics sciences, and the analysis of their intensive associated data, have emphasized the
great inter-individual variability in the biological response to disease and drug treatment.
Therefore, clinical decisions could be conceivably adjusted or personalized considering the
individual specific biochemical, physiological, and environmental characteristics. However,
such a concept may be misleading as it could suggest the design of a unique treatment for
each individual to maximize drug treatment efficacy. Thus, it would be more convenient to use
"precision medicine", i.e. the ability to classify individuals into subpopulations differing in their
susceptibility to a particular disease, in their biology and/or prognosis, or in their treatment
response.?' Ideally such classification should be based on the characterization of molecular
phenotypes, i.e. the set of genomic/epigenomic, transcriptomic, proteomic, and metabolomic
profiles/signatures underlying human pathologies and clinical outcomes. The identification of
molecular phenotypes may help clinicians in the election of patient management strategies,
including specific drug administration. The utility of this approach has been recently
exemplified in other inflammatory diseases, such as inflammatory bowel disease and arthritis,
setting the path from organ-based classifications toward those with a molecular basis. This
would not only address common aspects in diseases affecting different organs but could also

provide insights into mechanistic differences between pathologies involving the same organ.??

4. Basic omics strategies

4.1. Genomics and metagenomics

The genome encompasses the entire genetic material of cells/organisms, and genomics
addresses the study of genes and their functions. Pharmacogenomics, the study of how genes
influence drug response, could have a crucial role in avoiding therapeutic failure and,
consequently, in precision medicine, as it aims to develop effective, safe medications and
doses tailored to variations in a person’s genes. However, despite precision medicine being

the great promise of pharmacogenomics, its use in clinical settings is still in its infancy.



Limitations related to the high-cost and low-throughput of the Sanger DNA sequencing method
have been overcome by parallel or next-generation sequencing (NGS) technologies?, which
may use as a template both DNA or RNA (Figure 1). Two key applications of DNA-NGS are
whole-exome and whole-genome sequencing (WES and WGS, respectively). WES targets
approximately 22,000 human exons (protein-coding genes), whereas WGS encompasses the
whole genome. Thus, while WES may identify exonic single nucleotide polymorphisms
(SNPs), indels, structural, and copy number variants, WGS is a non-targeted strategy that also
covers intergenic regions. NGS comprises both laboratory techniques and bioinformatics

analysis of DNA-generated sequences (Figure 1 A-C).2326

The first step is to prepare a DNA-fragment collection (library), representing a target region or
the entire genome, through physical or enzymatic methods. These fragments are connected
to platform-specific synthetic nucleotide sequences (adapters) to create known begins and
ends and are further selected according to a platform-specific requirement.2-2¢ DNA
fragment(s)-adapter(s) are linked to solid support containing sequences that are
complementary to those from the adapters, and DNA is then amplified by PCR. The type of
support, and the amplification and sequencing methods are also platform-specific.?>2¢ During
PCR different signals that are interpreted by the sequencer as specific nucleotides are

generated (by pyrosequencing or pH changes).?*-2¢

Data generated by NGS require an in-depth bioinformatics data handling, which starts with
signal analysis (raw data detection and evaluation), base calling (generation of legible
sequencing reads), and scoring base quality (Figure 1D). After raw signal measurements, a
fast analysis of sequences toolbox quality (FASTQ) file is usually provided as output, which
also contains potential sequencing errors according to a logarithmic error probability called
the Phred score.?® The quality of the raw sequences may be assessed by different tools, with
FastQC being one of the most commonly used, which provides information such as base and
sequence quality, base/GC content, sequence length distribution, and duplications.?®> Low-
quality sequences and adapters can be cleaned using different tools, like Trimmonatic,
TopHat, and Cufflinks.?5?” Reads are aligned to the reference human genome, with Bowtie 2
being among the mostused aligners.?> De novo assembly, in which read assembling does not
rely on an external reference genome, is less frequent in clinical genetics.?® Post-alignment
processing is performed to improve the accuracy and quality of downstream steps (duplicate
reads removal, local realignment of reads, and base quality score recalibration), using tools
like SAMtools and Genome Analysis Toolkit (GATK).2°> Such tools help also to identify variants

(variant calling). Finally, identified variants are connected with the specific clinical phenotype



through a process including variant annotation and filtering, prioritisation, and data
visualisation. Variant annotation provides biological information of all variants, including
functionality, amino acid conservation, protein structure, and prediction of how they can affect
structure/functionality. Among the most frequently used annotation tools are SIFT, PolyPhen-
2, ANNOVAR, and variant effect predictor.?®> Additional information can be found through
various genome browsers, such as Ensembl, UCSC, and 1000 Genomes Project.?®2° Recent,
genomic studies in the field of allergic diseases are summarized in Supplementary Table 1

(DNA-based approaches).

During the last two decades a great interest has been devoted to metagenomics, i.e. the
analysis of all genomes of the microbiota (metagenome). Microbiota refers to all the
microorganisms living in a specific place of the body, which encompasses a diversity of
bacteria, archaea, viruses, fungi, and protozoans.®® In addition to the complexity of
associations between humans and these microorganisms, research carried out in this field
has also emphasised their essential role in preserving human health.3' Over recent years, a
number of studies have focused on the utility of metagenomics for deciphering the underlying
mechanisms in allergic diseases, with intriguing data available for atopic dermatitis®?, allergic
rhinitis®3, asthma3®*3%, and food allergy®¢, among others. The main high-throughput sequencing
technologies used in microbiota characterisation include PCR amplicon-based sequencing
(16S and 18S rRNA and internal transcribed spacer, ITS, sequencing), DNA-based shotgun
metagenomic sequencing, RNA-based metatranscriptomic sequencing, and virome

sequencing.¥’

16S rRNA sequencing consists in the amplification of the hypervariable regions of the 16S
ribosomal RNA subunit genes, which are unique for specific bacterial genera. Quality control
evaluation of sequencing reads is similar to these already described.* Taxonomic assignment
is usually based on sequence similarity or on the analysis of amplicon sequences before
introducing amplification and sequencing errors, with different methods and packages being
recently described.®”

Concerning fungi, the18S rRNA amplicon sequencing, which also focusses on hypervariable
regions, and sequencing the ITS region, a 500-700 bp nuclear ribosomal DNA sequence, are
the methods most commonly used for their identification.®®*4° In contrast to PCR-guided
strategies, shotgun metagenomics sequencing does not require specific primers, avoiding
potential biases, and allows the identification of all types of microorganisms, which makes it
the most effective method for obtaining structural and functional information. After quality

control examination, sequencing analysis may be performed through the alignment and reads



comparison to known reference genomes or by database searching, or through de novo
assembly; however, both approaches are recommended to be used to obtain most precise

results.4142

The amplicon-based approach is not useful for viruses sequencing due to their great diversity
and the lack of universal marker genes, so metagenomics sequencing is the preferred
procedure. Previous to sequencing, for RNA viruses a reverse transcription step is needed to
obtain cDNA as RNA is easily degradable. Once the reads have been obtained, quality control
analysis includes the elimination not only of human sequence reads but also those of 16S and
18S rRNAs. Although an alignment-based method could be used, the number of available
genomes is weak and deposited sequences may be not correctly annotated. Thus, de novo

assembly is normally preferred.*>45

4.2. Epigenomics

Epigenomics is a branch of omics science that analyzes an epigenetic profile of a cell
(epigenome).*6 Epigenetic regulation refers to the reversible alterations in gene expression
that do not involve changes in the DNA sequence.*¢#” Epigenetic re-arrangements include
chemical modifications of DNA and DNA-related proteins (histones).?®4¢ The main
mechanisms involved in the epigenome spectrum are i) alterations in chromosomal structures
ii) chromatin accessibility iii) DNA methylation, and iv) histone modifications, all of which
regulate DNA accessibility and gene expression (Figure 2).28:4648 Epigenetic processes control
the functional output of the information stored in the genome and directly shape cell

development, function, and fate.?84¢

Factors that affect epigenome profiles during the lifetime include developmental programs,
differentiation, and pathophysiological mechanisms, circadian cycles, environmental
exposures, including effects of host-microbiome profiles, and the internal hormonal and
metabolic milieu.?846484% Epigenetic changes can be mitotically (cellular memory) or
meiotically (parental imprinting) heritable and can be passed through generations.?
Interestingly, already the prenatal and early postnatal period can influence the development
of diseases such as allergy in adulthood.?®?® Several recent, epigenomic studies in the field
of allergic diseases allowed identification of epigenetic signatures of asthma/allergy and are
summarized in Supplementary Table 2.5-5” Additionally, epigenetic mechanisms involved in
the development, course, and control of allergic diseases are in detail reviewed

elsewhere 2°:47,58-61



Epigenomes can be analyzed from a broad range of samples, including cells, tissues, and
body fluids (Figure 2). Constant development in the field of omics research allows for sensitive
and specific measurements from lower sample quantities. Depending on the scientific
question, certain experimental and biostatistical pipelines for bulk or single-cell analysis can
be implemented.*” Understanding the proper technique prior to sample collection is crucial to
obtain reliable data. Chromosome structures can be investigated with the use of HIChIP
(protein-centric chromatin conformation method), which allows for analyzing the 3D
architecture of chromatinin the chromosomes by capturing long-range interactions associated
with a protein of interest (Figure 2A).6263 Accessible chromatin (“open frames”) can be
analyzed with the use of ATAC-sequencing (ATAC-seq).®* ATAC-seq enables isolation of
genome regions, which are available for the transcriptional machinery (Figure 2B).%*¢ Histone
PTMs apply to chemical alterations (methylation, acetylation, phosphorylation, sumoylation,
and/or ubiquitylation) of genome-associated proteins, which modulate histone-DNA
interactions and lead to opening or closing of chromatin and changes accessibility. The
CUT&RUN (Cleavage under targets and release using nuclease) technology uses antibodies
targeting the specific PTMs of interest and allows for genome-wide profiling of histones.®*%¢
Mass spectrometry (MS) approaches allow to obtain a comprehensive and quantitative view
of histone PTMs (Figure 2C).5” DNA methylation (addition of methyl — 5mC, or hydroxymethyl
— 5hmC group inside and outside CpG islands) is responsible for the silencing of gene
transcription.®® TAB-seq (Tet-assisted bisulfate sequencing) is a novel technique allowing to
determine the abundance of 5hmC modifications across the genome (Figure 2D).%® 5mC
modifications can be assessed with use of whole-genome bisulphate sequencing (WGBS).™
However, methylation profiling microarrays are the most frequently used technology in the
allergic diseases research field (Supplementary Table 2).5-"Notably, the recent development
of the CRISP/Cas9 technology provides a powerful editing and control toolbox for obtaining a
better understanding of epigenetic mechanisms.*-”" For a broad overview of all available

approaches in epigenetics, please see mentioned references 47:60.64.72-75,

Epigenomics is a dynamically developing field of research, which allows understanding the
functional regulation of gene expression, and its consequences for health and disease.
Epigenetic therapies (epidrugs) are already approved in cancer treatment.”®’” Controlled
alteration of epigenetic mechanisms in allergic patients has potential for clinical applications

and needs further investigations.”

4.3. Transcriptomics



The transcriptome represents the set of all RNA molecules, including protein-coding RNAs
and non-coding RNAs (ncRNAs) produced by transcription of the genome under a specific
circumstance, in a specific tissue or cell.* NcRNAs are defined to not encode proteins longer
than 100 amino acids and can be divided into two groups: i) short (represented here by
microRNAs), and ii) long non-coding RNA (IncRNAs). Peripheral blood, bronchial tissue, and
sputum cells are the primary sources used for transcriptomic profiling in asthma and allergic

diseases (Figure 3A).”®

Nowadays, three methods are mainly used in transcriptome analyses. The microarray
technique involves the hybridisation of oligonucleotide probes deposited in a predetermined
spartial order to their corresponding cDNA fragments derived from cellular RNAs (Figure
3B)." This approach is relatively cost-effective, but is dependent on predefined probe sets,
which limits its usability. Furthermore, the hybridization-based approach suffers from
background noise, due to cross-hybridisation and limited dynamic range. In recent years,
next-generation RNA-seq technology has been widely used in transcriptome profiling, as it is
more accurate and sensitive technique and requires less RNA sample (Figure 3C). Unlike
microarrays, this technology does not depend on predesigned probes and therefore enables
rapid, deep, and high-throughput transcriptome analyses, studying transcription initiation and
alternative splicing events, and cataloguing antisense and gene fusion transcripts.t8' The
latest approach is single-cell RNA-seq, which includes the isolation of a single cell from a
population and then assesses the gene expression differences between individual cells. This
approach offers the opportunity to uncover rare events in a population that can be overlooked
when the whole population is considered.”828% Single-cell transcriptomics, when combined
with other single cell omic techniques including genomics, epigenomics, and proteomics in
the same cell, create a great potential to discover new cell types and states.?* MicroRNAs can
be identified with the use of small RNA sequencing, whereas IncRNAs that are often capped
and polyadenylated can be analyzed together with mRNAs with the use of standard RNA-seq
approaches (Figure 3D).85% Global transcriptome analysis in allergic diseases allows the
identification of distinct biomarkers and endotypes.

Blood transcriptomics has been widely used in molecular analyses and assessing treatment
responses in allergic diseases (Supplementary Table 1, RNA-based approaches).8-°2 Bigler
et al. showed that genes associated with chemotaxis, migration, and myeloid cell trafficking
were highly expressed in severe asthmatics, while genes associated with B lymphocyte
development and hematopoietic progenitor cells and lymphoid organ hypoplasia showed
decreased transcript expression according to pathway analyses. Subgroups among severe

asthmatics showed different responses to oral corticosteroids.®’ Transcriptome profiling of



nasal and bronchial tissues canbe vital to develop a deeper understanding of the pathobiology
of allergic diseases. Analysis of nasal epithelium collected from healthy individuals and allergic
patients demonstrated striking differences with 94 transcripts differentially expressed in
allergic patients in nonchallenged (winter) and 85 in challenged (spring) season.
Interestingly, upon house dust mite stimulation nasal epithelium of allergic individuals showed
enrichment in protease inhibitor activity pathway (G0:0030414), with upregulated expression
of SPINK5, SPINK6, SPINK7, SERPINB3, WFDC5 and downregulation of C3. %
Transcriptomic analyses of bronchial tissue have been performed to identify different
endotypes and potential biomarkers, predicting treatment response in allergic diseases,
especially in asthma.®>* For example, Singhania et al. stated that activated T cells might be
responsible for neutrophilic inflammation and for the steroid insensitive IL-17 response in
severe asthma.®® Nie et al. analysed ten eligible bronchial tissue microarray datasets,
revealing that CEACAMS, CLCA1, POSTN, CPA3, SERPINB2, KRT6A, CD44,and MUCSAC
transcript expression was up-regulated, while LTF and MUC5B expression was down-
regulated in asthmatics.'® Sputum is another crucial source for transcriptomic analyses0'-1%
and in asthmatic patients can be used in asthmatic patients to unravel asthma endotypes. A
study revealed that CLC, CPA3, DNASE1L3, IL1B, ALPL, and CXCR2transcriptlevels could
discriminate inflammatory asthma phenotypes. The transcript levels of these genes were also
reported to predict the response to inhaled corticosteroid treatment.'® Overall, eosinophilic
airway inflammation (also called T2-high) has been correlated with higher expression of CLC,
CLCA1, CPA3, DNASE1L3, POSTN, and SERPINBZ2; neutrophilic airway infammation has
been associated with higher expression of IL1B, ALPL, and CXCR2.131%0.10 Numerous studies
have reported that ncRNAs, including miRNA and IncRNAs also contribute to the
pathogenesis of asthma.’”” An RNA-seq analysis revealed that IncRNAs, including
LINC01771, LINV02145 and GUSBP2 are closely associated with asthma-related genes, and
participate in apoptosis, inflammation and the immune response’®, suggesting that ncRNAs

are involved in asthma pathogenesis.

Profiling gene expression may unveil the molecular mechanisms in allergic diseases.
Transcriptomic studies investigating treatment responses have been reported.’®'"" Thus,
integrating transcriptomics and the other complementary omics technologies in daily clinical
practise may contribute to tailor-made therapies for each individual by predicting potential
efficiency and responses to a particular treatment. This will allow us to develop a deeper
understanding of why treatment approaches fail to treat some patients and how to tailor
treatments to individual patients.

4.4. Proteomics



Proteomics aims at characterizing proteins, and proteomics methods can be broadly divided

into a small subset, or multiplex protein analyses, and MS-based proteomics (Figure 4).

4.4.1 MS-based and non-MS-based proteomics approaches

Methods aimed at characterizing a defined subset of proteins are usually based on antibody
recognition followed by read-out using conjugated secondary antibodies producing a signal
(Figure 4A-C). In novel multiplex immunological assays (e.g. Olink) a defined panel of target
proteins are bound by pairs of antibodies conjugated with oligonucleotides, and therefore allow
to work with microliters of the sample.'? In MS-based proteomics, top-down and bottom-up
approaches can be distinguished. In top-down proteomics, single intact low-mass proteins are
analyzed to detect protein isoforms and PTM patterns. In the much more widely applied
bottom-up proteomics, the proteins are subjected to proteolytic digestion to form peptides
before MS analysis.

4.4.2 Bottom-up proteomics requires protein extraction, proteolysis, peptide purification, and
separation

At the outset of a proteomics experiment are sample lysis and protein extraction. Proteins can
be isolated from body fluids, cells, or tissues, and either total protein extracts can be analyzed,
or sub-fractions such as protein interaction partners or post-translationally modified proteins
(Figure 4A-B). Further sample preparation usually involves reduction of disulfide bonds
followed by carbamidomethylation of cysteine sulfhydryl groups, and protein digestion with an
endoproteolytic enzyme such as trypsin, either in-gel after electrophoretic separation on 1D-
or 2D-SDS-PAGE '3, in-solution or on columns. Before the purified and resuspended peptides
enter the MS, they are usually fractionated using a reverse phase C18 columns (Figure 4D-
E).

4.4.3 At the mass spectrometer: peptide ionization, mass analysis of the ions, and ion
detection

In electrospray ionization (ESI), the positively charged peptide droplets emerging from the tip
of the column are evaporated until the peptides are getting into the gas phase. The peptide
ions then enter the MS, where their mass over charge (m/z) is determined making use of
physical properties of the ions that are directly related to their m/z, such as their time-of-flight

(TOF), stability in an electromagnetic field (lon Trap), or rotation around an electromagnetic



rod (Orbitrap). This results in the generation of a MS1 mass spectrum in which each of the
peaks represents an ion with a specific m/z. In order to get sequence information for the
measured ions, tandem MS (MS/MS or tandem MS) is performed. To this end, selected ions
are isolated inside the mass spectrometer and then fragmented, typically through collision-
induced dissociation (CID) or Higher-Energy Collisional Dissociation (HCD). The energy of the
collision is thereby set such that each peptide molecule should only break once, usually at the
amide peptide bond. The m/z of the fragment ions is then recorded in the MS2 or fragment

spectrum (Figure 4F).

4.4.4 From MS spectrato list of identified and quantified peptides and proteins

Assignment of peptide sequences to the measured spectra is then performed by protein
database-dependent searching with search algorithms that implement different methods
(Figure 4G).""* While in data-independent acquisition (DIA) usually the most intense ions in
MS1 are selected and fragmented, data-dependent acquisition (DDA) focuses on predefined
lists of peptides. In selected reaction monitoring (SRM), the mass spectrometer only measures
ions that are comprised in a pre-defined list of peptides, and a number of specific fragment
ions for each peptide. In parallel reaction monitoring (PRM), the full fragment spectra of the
pre-defined peptides are monitored.''>'"” In the DDA method termed SWATH, all precursors
found in a specific m/z isolation window are selected and fragmented, and all the fragments
are recorded in a complex fragmentation spectrum before moving on to the subsequent
isolation window. Deconvolution of the complex fragment spectra is then based on
fragmentation information contained in spectral libraries (Figure 41)."81° For MS-based
protein quantitation, label-based and label-free methodologies are available. Label-free
methods rely on differences in the areas under elution curves of the peptides over retention
time or on the number of MS2 spectrum counts.'? Labelling of either proteins or peptides is a
common quantitation strategy. Peptide labelling often makes use of mass-balanced label sets
with different reporter ions such as iTRAQ or TMT.""":"2" A method for labelling proteins is
SILAC in which proteins in cultured cells are first labelled with isotopically light, heavy, or
medium-heavy amino acids before the cultures are perturbed to induce changes in the

proteome (Figure 41).122
4.4.5 Biological data mining
Typical proteomics experiments will generate lists of identified proteins for which fold changes

between experimental conditions are indicative for the quantitative changes. A series of

subsequent statistical and functional analyses then serves to obtain relevant information from



these lists that addresses the scientific questions and hypotheses of the experiments (Figure
4J).

The considerable improvements regarding sensitivity, applicability, and versatility of
proteomics technologies have led to their wider application also in the field of allergy
(Supplementary Table 3). Recent applications range from the quantification of one single
protein in bronchoalveolar lavage 2, to high-throughput protein identification in tear fluid'?4,
skin swabs'?®, sputum'®, serum'?-'%0, or even mouse lungs''. In addition, proteomics
methods were applied to identify immunoreactive proteins'2'34 or changes in N-glycan
modification patterns.’® With this broad spectrum of potential applications, it is expected that
proteomics results will be central to many future research studies in the allergy field.

4.5. Metabolomics

Metabolomics is the science focused on the study of metabolism in living organisms. The
molecules that comprise the metabolic pathways are called metabolites. These are involved
in biological functions and cellular processes, thus, can reveal the relationship between
metabolism and phenotype. The metabolism under specific biological conditions, such as a
disease can be altered, leading to the dysregulation of some metabolites; glucose in diabetes
would here be a classical example. Among the metabolites, the studying of the lipids —
lipidomics—has become an important field, as lipids have important roles in immune response
regulation, and participate in cell signaling, growth, differentiation, and apoptosis.™ They have
also shown to be altered in atopic dermatitis and asthma.'*%% As an example, ceramide was
elevated in mice lungs after allergen challenge, contributing to reactive oxygen species
generation, apoptosis and neutrophilic infiltrate, which characterize the severe asthmatic

phenotype.'3°

Metabolomics studies can be carried out either in non-invasive samples suchas urine, faeces,
saliva, and breath, in minimally-invasive samples such as blood (serum and plasma) or in
tissue biopsies (Figure 5). Regarding faeces, this sample combines information from intestinal
microbiota and host metabolisms. Additionally, microbiota in the lung, skin, or gut seems to
play a key role in several allergic diseases (food allergy, atopic dermatitis, allergic rhinitis) and

asthma.140-142



Due to the diverse physicochemical properties of the different metabolites, metabolomics
needs sophisticated analytical techniques, which permit the characterization of the
metabolites (Figure 5). These techniques comprise MS — usually coupled with a separation
technique for complex samples, such as Liquid and Gas Chromatography (LC-MS and GC-
MS, respectively) — and Nuclear Magnetic Resonance Spectroscopy (NMR).

Metabolomics approaches can be non-targeted and targeted. In the first one, the aim is to
detect as many metabolites as possible in a single analysis in each patient from the study,
and to identify those with statistical differences between the groups. In the targeted analysis,
specific metabolites are selected based on previous knowledge are analyzed and frequently
quantified. The non-targeted approach is often explorative with the aim to detect metabolic
changes to better understand the molecular mechanisms in the pathology. This can result in
the identification of potential biomarkers, which after validation can be used in the clinic for

diagnosis or prognosis (Figure 5).

Understanding the molecular mechanisms is still the best way to improve diagnosis,
prognosis, and therapeutic strategies. In this sense, metabolomics has been applied in the
study of different asthma phenotypes, such as in paediatric food allergy with or without
asthma'3, and in adult obesity-associated asthma. Additionally, this is complemented with
metabolomic studies of gut’* and airway®** microbial-derived metabolites involved in asthma.
The main metabolites identified across different studies from various body compartments were
related to immune reactions, inflammatory processes, tricarboxylic acid cycle, oxidative stress,

hypoxia, and lipid metabolism pathways (Supplementary Table 4).

4.6 Single cell omics

Many inflammatory and structural cells are involved in the pathology of allergies and airway
diseases. It is extremely important to understand the contribution of these cells and their
responses to the onset, development, and severity of the disease. However, there are
heterogeneity and unique variations among individual cells; therefore, cells in a population
may not respond in the same way under every circumstance '*°. Traditional sequencing
approaches have great importance due to their ability to analyze bulk data from whole
populations and represent a common pattern for various diseases. However, rare events in

minor sub-populations can be overlooked when the whole population is taken into account.



Single-cell multi-omics approaches are used to identify single-cell genome, transcriptome,
proteome, or other multi-omic information, including DNA or histone modifications, chromatin
accessibility, small RNAs, and chromosomal conformation '*°. Analyzing single-cell data
allows for investigating cell-to-cell variations and evolutionary relationships, distinguishing
unusual events in rare populations, identifying sub-populations or disease endotypes, and
potentially leading to new biological discoveries. Single cells can be isolated using different
methods, suchas manual cell picking, magnetic- or fluorescence-activated cell sorting (MACS
or FACS), laser capture microdissection (LCM), and microfluidics. The isolation method can
be chosen according to different parameters required for research of interest 6. Integrating
single-cell multi-omic analyses, including metabolomics, transcriptomics, proteomics, and
other cellular information allow to reveal the biological events occurring within a single cell.
However, despite its obvious advantages, such as uncovering rare events and barcoded
profiling, interpreting single-cell sequencing data is relatively more challenging than bulk

sequencing 7.

5. Exposomics: The role of exposome in precision medicine

Exposomics is a research field investigating the effect of the exposome (environmental, non-
genetic exposures) on health and disease.'*® The definition of exposome is very broad,
therefore, multiple tools are required to sufficiently investigate those heterogeneous
environmental exposures.'?15° Exposome is divided into two subgroups: internal and external
exposome. Internal exposome can be assessed in various biospecimens with the use of
described previously techniques, including genomics, transcriptomics, epigenomics, and
proteomics.'® Microbiome is another factor influencing internal exposome.’® Notably,
microbial dysbiosis is linked with an increased prevalence of chronic diseases, including
allergy.’™s' External exposome includes many indoor and outdoor exposures, such as diet,
stress, lifestyle (smoking, pets, detergents), economic status, air quality, pollutants, climate,
and social factors. Investigation of external exposome is very complex and often requires
assessment of multiple exposures, using various techniques.® Questionnaires might be
helpful to register diet preferences or smoking habits. However, preferably, should be coupled
with a biological biomarker for validation (i.e. cotinine for tobacco).™® Air sample quality can
be measured by air samplers.'*® Social, cultural, and lifestyle data can be collected from social
media platforms, smartphone-linked diaries, and other wearable devices
(smartwatches).™#®4® Protocol integrating biotic and abiotic exposures has been recently
published.’® Exposome has a significant impact on the development of allergic
diseases. 15315 |ntegrating exposome into the concept of precision medicine will further
improve patients' diagnosis and treatment.



6. Systems biology: Integration of omics and non-omics data

The rapid growth of data acquisition techniques has made it possible to introduce Big Data
into life science and biomedicine areas. Many different options in the design of precision
medicine treatment approaches and improved patient care are now becoming a reality (Figure
6).

Big Data in biomedicine canbe separated into two large data categories: omics and non-omics
data. Non-omics data can be described as a multitude of highly variable data including
epidemiological information, clinical, laboratory test, imaging or morphologic parameters,
environment biomonitoring, electronic health records, all registered by healthcare
professionals. In contrast, omics data sets are obtained using high-throughput biological
platforms and provide thousands of features characterising biological processes at different
levels (DNA, RNA, proteins, or metabolites levels).'®®

The heterogeneity of non-omics data poses a major challenge for data integration.’s® Only a
minority of proposed models have a decent predictive ability that could be implemented in
practice.’® This obstacle arises from several important properties of both non-omics and
omics data. First, non-omics data acquisition is usually not standardised. This can heavily
affect data quality, which in turn will downgrade the modelling performance. Second, clinical
features (e.g. degree of illness severity) are still usually subjectively defined, introducing
biases into datasets. Another source of bias may appear at an evaluation stage as assessment
of clinical variables depends on the skills and competencies of a healthcare professional. On
the other hand, omics data are generally free of these biases, because they are normalized
and homogenous within one dataset. However, omics data impose great challenges in data
integration as well due to the complexity, heterogeneity, dynamics, uncertainty, and inherited
high-dimensionality. The combined analysis of different omics datasets that aims at identifying
complex interactions between all the features in the dataset regardless of their nature
therefore usually requires custom analytical tools and is limited by the lack of experimental
standardisation. 2 As the different omics data acquisition and analysis technologies are further
developed, increased experimental standardisation, and advanced data integration and
modelling approaches are expected to enhance the usefulness of omics data sets in gaining
biomedically relevant insights.



In order to overcome the challenges in integrating omics and non-omics data, several
strategies have been developed '*¢ (Supplementary Table 5). The most straightforward
approach is independent data integration, when both omics and non-omics datasets are
analysed separately, the most important variables are selected and integrated into a final
model."” However, this method has a major downside as it does not consider interactions
between different data sets are crucial in the context of biomedicine. During conditional
modelling, omics variables are combined with clinical ones, and afterwards, dimensionality
reduction is performed on the omics data set. The major drawback is that those techniques
are computationally costly, requiring dedicated strong computers. Lastly, joint modelling on
the combined datasets is a promising technique, even though the information on its application

is quite scarce. 58160

After the data have been successfully integrated, the next step is to build a model for machine
learning. This is a powerful approach that can be applied to a broad variety of tasks, whether
it is to identify patterns associated with an illness, use as a diagnostic tool to predict disease
status, or predict response to an intervention. The heterogeneous multi-layered network
(HMLN) has proven successful in integrating diverse biological data for the representation of
the hierarchy of the biological system.'®' The HMLN provides unparalleled opportunities but
imposes new computational challenges on establishing causal genotype-phenotype
associations and understanding environmental impact, especially important for complex
diseases like allergic diseases and asthma. Several other artificial intelligence approaches
can be used depending on the purpose: disease subtyping, mechanistic insights, or biomarker
prediction.®'-'62 Recent successful applications showed their utility in understanding the

endotypes of asthma and allergy.'63167

Omics and non-omics data combination is still a challenging task, but the resulting inference
or predictive models are quite promising. Potentially, such models can change the healthcare
workflow, allowing for efficient resource management, improved diagnostics, and new insights
on pathogenesis.

7. Clinical application and challenges of omic-based studies

Initial omics studies have mainly relied on GWAS, which, despite their limitations, have shown
to be a useful tool in pharmacogenomics. For example, in some populations they have led to
specific recommendations before the administration of several drug types to prevent severe

allergic reactions %8, and some polymorphisms have been also associated with the response



to inhaled corticosteroids %1% and to long-acting 2 adrenoceptor agonists in asthmatics -

173

Nowadays, data from high-throughput omics technologies are substantially improving our
knowledge on the mechanisms underlying allergic diseases, which should ideally shunt
diagnosis and treatment from a clinical phenotype-based approach towards a clinical
endotype-based strategy. In fact, the advances achieved over recent years in molecular
biology and bioinformatics have increasingly emphasised that biomarkers ascertained from a
single “omics” may be insufficient to define all endotypes, which highlight the need of multi-
omics data integration not only for pathogenesis understanding but especially for predicting
treatment response 2. Although still in its infancy, some information concerning omics data
integration is already available for allergy '3. Thus, the combination of metabolomics and
transcriptomics has allowed the definition of different signatures in grass pollen mono and
polysensitised patients receiving sublingual immunotherapy . Another study using both
metabolomics and transcriptomics has also found specific patterns and biomarkers in severe
grass-allergic patients, supporting a role for altered energy metabolism and systemic
uncontrolled inflammation, which could be taken into account to decide which type of patients
is eligible forimmunotherapy '’®. Finally, considering the complexity of phenotypes/endotypes,
the great challenge for an effective multi-omics data integration for valuating treatment options
would need to include cohorts of extensively characterised patients and integrate both clinical

and molecular information through modern bioinformatics tools, including machine learning.

There are several features, which need to be considered prior to the experiment and will help
the researchers to plan and perform a successful multi-omics analysis and draw a meaningful
clinically-applicable conclusion. It is recommended to perform the pilot study, as preliminary
data will help to identify potential cofounders and sources of variations, which subsequently
will help to assess the statistical power and sample size of planned analyses. Sample sizein
omic studies is always a limitation. Mainly because they are expensive techniques, complex
to analyze, and need further validation and quantification. That is why omics analysis usually
begins with small cohorts from pilot studies, to identify potential targets, biomarkers, or
biological routes. Afterward, analytical validation takes place to ensure quantification of the
molecular, and finally bigger cohorts are recruited to test the potential candidates. It is
beneficial for researchers to use standard operating procedures (SOPs)andto consult experts
in the field, to assistin practical aspects, such as correct sample collection, processing and
storage, stability of the data sets over time/impact of applied therapies, and further data and
analysis pipelines sharing. Validation is the final stage of the biomarker identification process

and is necessary if the identified molecule is to reach clinical practice. The validation method



involves conducting large collaborative studies with thousands of patients preferably. It directly
tests each candidate biomarker with the collected new independent set of samples from the
target population.’ In allergic disease some validations studied have been performed.'76.177
However, now the identified biomarkers need to be translated into clinical practice. Translation
of omics data into the clinical trials requires fulfillment of strict criteria and beforehand planning.
78 McShane et al highlighted the most important principles to performing saucerful omics-
based clinical studies. '7817° Major ethical, methodological, and practical challenges that will
need to be considered are summarized in Table 2. 78182 Multi-disciplinary collaborations
between researchers, whether clinical, translational, or computer scientists are important and
required to understand molecular phenotypes of the diseases and their potential in precision

medicine.'8

8. Summary and closing remarks

Omics data are generated by high-throughput biotechnological platforms delivering hundreds
of thousands of raw (non-elaborated) variables that have revolutionized biomedical research.
Most of the studies are using a single omic approach to characterize biological features.
Genomics, epigenomics, transcriptomics, proteomics, and metabolomics have been widely
applied to identify biological variants (e.g. biomarkers and biological pathways), to
characterize complex biochemical systems, and study pathophysiological processes. The
potency of omic analysis will significantly increase if we are able to integrate them to generate
a complete molecular profile of what is happening in a specific sample. Connections between
genes and their outputs can provide some clues to what's happening in complex and
multifactorial diseases as is the case of allergy and asthma. Furthermore, integrating omics
datasets with non-omics data can reveal a much more complete view of biological activities
and will allow us to classify and identify biomarkers, and predict disease progression and
prognostic risk. Together, these approaches will provide the opportunity to get insights into
biological systems of health and disease, and to conduct precision medicine.
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Figure 1. Main pharmacogenomics approaches. A) Sanger sequencing characterises different size DNA fluorescently-labelled chains by capillary
gel electrophoresis. B) Genome wide association studies. DNA is loaded in a microarray containing probes for a genome-wide setof single nucleotide
polymorphisms, and those surpassing a threshold value are considered statistically significant. C) Next generation sequencing (NGS). DNA is
fragmented and bound to sequence barcode-adapters, hybridised with oligonucleotides (primers), and clustered. Single-stranded molecules flip over
and hybridise with adjacent primers, leading to bridge formation. A polymerase repetitively synthesises the reverse strand. Strands are linearised before
sequencing, with DNA incorporating fluorescent dNTPs. Each base emits a specific, identifiable signal. A complete sequence is given after reads
assembly. D) Main steps in NGS analysis. Primary analysis includes signal analysis (detection and raw data evaluation), and base calling and quality
scoring. This generates a FastQ file, containing information on base and sequence quality, GC content, sequence length distribution and duplication
levels, overrepresented sequences and adapter content. Low-quality sequences and adapters are cleaned. Secondary analysis mainly implies reads
alignment against the reference genome and variants calling. Tertiary analysis, which includes variant annotation and filtering, prioritisation, and data
visualisation, tries to connect variants and clinical phenotypes. BAM: binary alignment map; dNTPs/ddNTPs: deoxynucleotide/dideoxynucleotide

triphosphates. FASTQ: fast analysis sequences toolbox quality; SAM: sequence alignment map; VCF: variant calling format.

Figure 2. Graphical summary of novel methods used in epigenetic research. A) Chromosome structures can be assessed with use HiChIP. B)
Chromatin accessibility is widely investigated by ATAC-sequencing. C) Global histone modifications can be analyzed with use of MS, whereas
CUT&RUN method is used for PTMs-specific gene expression regulation. D) 5mC and 5hmC DNA methylation can be assessed with use of whole-
genome bisulphate sequencing and TAB-seq methods, respectively. Detailed protocols and data analysis pipelines are included in Table 1. PTM, post

translational modification; WGBS, Whole-genome bisulphate sequencing; ncRNA, non-coding RNA.

Figure 3. Graphical summary of transcriptomic analyses in allergic diseases. A) Samples including bronchial tissue, blood, atopic lesions, BALF,
and nasal lavage are collected from both healthy and diseased individuals. RNA isolation can be performed either directly from samples or isolated
cells. RNA extraction from isolated single-cell populations can be performed to investigate a cell-based transcriptomic alteration. Isolated RNA samples
are subjected to microarray (B), or RNA Seq (C) depending on the purpose. Gene expression levels of the samples are determined by high throughput
sequencing and the transcriptomics data are processed, analyzed and interpreted by means of bioinformatics tools. D) Non-coding RNA (ncRNA)
expression determination is divided into Short ncRNA sequencing (left panel) and long ncRNA sequencing (right panel) methods. BALF: bronchoalveolar
lavage fluid, FACS: Fluorescence-activated cell sorting.



Figure 4. The proteomics workflow. Protein isolation, quantitation and extraction (A); protein separation, enrichment and depletion techniques (B);
immunoassays (C); peptide formation through enzymatic digestion (D); chromatography techniques (E); mass spectrometry (F); peptide and protein
identification (G); targeted and untargeted protein identification and quantification methods (H); label-free and label-based quantification technologies
(I); statistical and functional analysis of the identified and quantified peptides and proteins (J). BSA (bovine serum albumin), CE (capillary
electrophoresis), DDA (data-dependent acquisition), DIA (data-independent acquisition), ELISA (enzyme-linked immunosorbent assay), FACS
(fluorescence-activated cell sorting), GC (gas chromatography), HCD/CID (higher-energy collisional dissociation/collision induced dissociation), HRP
(horseradish peroxidase), IEF (isoelectric focusing), iTraq (isobaric tags for relative and absolute quantitation), LC (liquid chromatography), MALDI
(matrix-assisted laser desorption ionization), PBMCs (peripheral blood mononuclear cells), PMF (peptide mass fingerprinting), POI (protein of interest),
PRM (parallel reaction monitoring), PTMs (post translational modifications), SILAC (stable isotope labeling by amino acids in cell culture), SRM (single
reaction monitoring), SWATH (sequential window acquisition of all theoretical fragment ion spectra), TAILS (terminal amine isotopic labeling of
substrates), TMT (tandem mass tag), TOF (time-of-flight).

Figure 5. Metabolomics workflow for non-targeted analysis. After biological samples are collected, metabolites are extracted by removing
interferences such as proteins, DNA or RNA. This step is usually performed by filtration or organic solvent addition. Metabolite extraction can use of
additional steps of the sample preparation such as centrifugation, sonication or chemical derivatization according to the analytical technique that will be
used. The analytical techniques more often used are mass spectrometry (MS) and nuclear magnetic resonance as they provide structural information.
Usually MS is coupled with separation techniques. All of the instruments provide information about specific type of metabolites. After data processing,
potential biomarkers are selected to be identified. Before metabolite selection, statistical analysis is performed applying multivariate analysis, using
principal component analysis (PCA) and principal component analysis (PLS-DA) are carried out. After selection of statistically significant metabolites,

these are identified usually by comparison to database information and by fragmentation. Metabolites are explained in the biological context.

Figure 6. Systems biology in precision medicine. Precision medicine aims to stratify patients into clusters characterized by common clinical and
biological features. This is possible through an in-depth understanding of molecular and phenotypic heterogeneity of allergic diseases. Both non-omics
and omics data are powerful tools in the understanding and management of allergic diseases. Integration of clinical and high throughput data creates
new opportunities to fully comprehend genotype-phenotype interactions in allergic patients, subsequently improving healthcare workflow, efficient

diagnostics, and treatment.



Table 1. Summary of methods, protocols, and data analysis pipelines most frequently used in omics approaches for allergic diseases research.

Genomics and Transcriptomics |

Methods and Protocols

Data analysis pipeline

Mechanisms of allergic diseases

Microarray

T8Z,T85

GWAS ™ and RNA microarray bioinformatics "'

T90, T9T

Asthma °" ", Asthma and allergic rhinitis

Sequencing

3,25, 20, 19,

DNA- ““and RNA- ™ sequencing bioinformatics

Asthma ™, Food allergy ™™, Atopic dermatitis °°

Single-cell sequencing

7, TI0

Single-cell sequencing bioinformatics ™™™

Asthma and allergic rhinitis ®

| Methods and Protocols

"Epigenomics | Methods and Protocols Data analysis pipeline Mechanisms of allergic diseases

HIChIP (Chromosome structure) A ChIP-sequencing data analysis ™~ Asthma, Allergic rhinitis, Atopic dermititis, Food

ATAC-sequencing (Chromatin accessibility ) o ATAC-sequencing data analysis =" allergy %2

WGBS (DNA methylation) v Bisulphate sequencing data analysis *° o ] . ]
Asthma, Allergic rhinitis, Atopic dermititis, Allergic

TAB-sequencing (DNA methylation) o7 TAB-sequencing data analysis ™ 50003
sensitization >

CUT&RUN (Histone modifications) °° CUT&RUN data analysis ™

MS (Histone modifications) °7 Histone modifications w ith use of MS *%

Small-sequencing (Short non-coding RNAs) 57 Small RNA-sequencing data analysis " Asthma and Allergic Rhinitis ©’

RNA-sequencing (Long non-coding RNAs) e Long non-coding RNAs from RNA-sequencing data analysis “°°

Proteomics Data analysis pipeline Mechanisms of allergic diseases

High-throughput protein identification, label-free quantification

T2Z,725, 129,131

N-glycan characterization

T35

Single protein quantification

TZ3

Data analysis using similarity netw ork fusion '?

Allergen characterization %34

Metabolomics

Methods and Protocols

Data analysis pipeline

Mechanisms of allergic diseases

Proton nuclear magnetic resonance (TH-NMR)

{)

Biobank procedures formetabolomics “™

ZTT

Food allergy and Asthma

Liquid chromatography-MS (LC-MS)

TS

Sample handling and pre-processing

Asthma“"™

Gas chromatography-MS (GC-MS)

T

Quality assurance

7

Asthma severity

Capillary electrophoresis-MS (CE-MS)

CEU Mass Mediator: metabolite identification 2~

IS

Food allergy, Asthma

Multiplatform

METLIN: metabolite identfification =~

Food-associated respiratory allergy "

Large-scale studies

XCMS-MRM and METLIN-MRM: targeted analysis **°

Lipidomics

¢

MS/MS deconvolution **°, Metaboanalyst“*’, Biological pathw ays

Asthma risk 224

ATAC-sequencing, Assay for Transposase-Accessible Chromatin using Sequencing; ChIP-sequencing, Chromatin immunoprecipitation followed by

Sequencing; CUT&RUN, Cleavage Under Targets and Release Using Nuclease; HiChIP, Protein-centric Chromatin Conformation Method; MS, Mass

Spectrometry; TAB-sequencing, Tet-assisted Bisulphate Sequencing; WGBS, Whole-genome Bisulphate Sequencing




Table 2. List of key ethical, methodological,

omic data analysis. 178182

and practical challenges to be addressed during

Challenges Recommendations
Create a data base that links anonymous clinical data to
. . omics data
Patients’ anonymity
Include a data protection manager
§ Responsibility for data generated by omic Provide clear identification of the person responsible for the
ﬁ studies and communication w ith the study, responsible for data protection, and responsible for
individuals enrolled in the study communication w ith enrolled subjects
Clearly identify risks and benefits for enrolled subjects
Informed consent documents ] o ] ]
Provide detailed information regarding the study protocol,
techniques, sample management and data analysis
Clear definition of sample roadmap including information
_ regarding biobank storage, exact period of storage before
8 destruction or additional informed consent for further
5 Sample management ) i
o experimental assessments and samples sharing
°
T
g Custody and conditions of sample storage
[}
=
Variations in assay procedures due to o .
. . . Standardization of technologies, data management and
differencesin technical protocols and
. . storage
analysis strategies
Perform a previous statistical analysis to ensure the
E Sample size justification of the number of samples /groups to obtain
"g significant and reliable results
a
) ) Define a protocol that contains clearly stated: objectives,
Data interpretation .
methods, and analysis plan
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Supplementary Table 1. Summary of selected genomic and transcriptomic studies in allergic diseases.

Delayed drug hypersensitivity

Patients with Stevens-Johnson
syndrome (SJS)/toxic epidermal

Strong association with HLA-A*02:06:0, and significant

Nakatani, et al.

. . . NGS associations with HLA-A*24:02:01, HLA-B*52:01:0, HLA-
to cold-medicines necroly81§ (TEN) and healthy B*46:01:01, and HLA-C*12:02:02 (2019)
individuals
R . Significant associations with variants rs7009110 in ZBTB10 and . 2
Asthma and allergic rhinitis Patients and healthy controls GWAS 1562026376 in CLEC16A Ferreira, et al. © (2014)
Allergic rhinitis patients
C (sensitised and no sensitised), 3
Allergic rhinitis non-allergic rhinitis patients, and GWAS Identification of 25 new loci that had not previously been Waage, etal. ~ (2013)
healthy controls. associated with AR or another inhalant allergy.
Patients with cross- Garcia-Martin. ct al. *
hypersensitivity to NSAIDs NGS Functional association of PTGS1 variants and COX-1 activity arcia (2321)’ ctak
. Suggestive associations in Spanish (RIMS1, BICC1 and RADS1L1)
NSAID-induced . . . . . . .
R . Spanish and Han Chinese and Han Chinese patients (ABI3BP), with 5 regions showing
urticarial/angioedema (NIUA) . . . . P .
patients with NSAID-induced GWAS suggestive associations after meta-analysis (HLF, RADSI1L1, Cormneio-Garcia. of al. 5
acute urticaria and healthy COL24A1, GalNAc-T13 and FBXL7). ! (2013) ’ '
controls
Asthma, Allerg{c rhinitis, beta-  Patients with allerg.lf: r'h1n1t1s and Over-representation of the FCER1G rs36233990 variant among 6
lactams and single or cross- asthma, hypersensitivity to beta- NGS atients with allereic thinitis and asthma Amo, et al. ° (2019)
reactivity to NSAIDs lactams and to NSAIDs P & ’
NSAID.-lnduced isolated NSAID-induced angioedema NGS Identification of loss of function variants in the MUC5B gene. Ensina, et al. ’ (2019)
angioedema (NIA)
Children with refractory Identification of variants associated with cell adhesion, digestion,
Food allergy esophageal stricture and food NGS receptor metabolic process, bile acid transport and the neurological Yang, et al. * (2017)
allergy. system.
Delaved hvpersensitivity to Patients with delayed severe Association with the rs41554616 polymorphism (located between
y ! )l;p namid vity cutaneous reactions to co- NGS the HLA-B and MICA loci), and with variants in metabolizing Wang, et al. ° (2020)
suipho 1des trimoxazole and healthy controls enzymes (CYP2D6, GSTP1, GCLC, NAT2, and CYP2CS)
Food allergy Peanut-allergic children and their GWAS Association with variants in thg HLA-DR and HLA-DQ gene Hong, et al. ' (2015)
parents region
e . Patients with immediate and . . ) . . . 1
Hypersensitivity to beta- delayed reactions to beta-lactams GWAS Identification of the HLA-DRB1#10:01 allele as a risk factor for Nicoletti, et al.

lactams

and healthy controls

immediate hypersensitivity to penicillin

(2020)

Yeh, et al. o

(2018) Blood

Microarray

Children with asthma (n=133), healthy
controls (n=11)

Three asthma clusters were identified based on their granulocyte counts. Expression of

genes associated with glucocorticoid signaling and activation of the Th1/Th17




immunity were increased in Cluster 3, which was characterized by the highest
neutrophil count and the poorest treatment control.

Reference

Source tissue

Method

Study population

Main findings

Bjornsdottir,
et al. 2 (2011)

Blood

Microarray

Adult asthmatics experiencing at least one
exacerbation (n=118)

Three subgroups with different exacerbation-associated gene expression signatures
were identified. IL15 pathway genes, which support antigen-independent T cell
response, are prominent in one subgroup, while and antigen-dependent lymphocyte
activation is the signature of the second subgroup, the number of genes identified for
the third group, was too small to draw a conclusion.

Altman, et al.
2 (2019)

Blood and
nasal lavage

RNA seq

Children with asthma experiencing at
least two exacerbations (n=1006)

SMAD3 signaling was upregulated, while lymphocyte response pathways were
downregulated in early exacerbations. Later upregulation of effector pathways,
including epidermal growth factor receptor signaling, extracellular matrix, mucus
hypersecretion, and eosinophil activation was indicated in both virus-associated and
non-viral exacerbations, although the finally activated pathways were different.

Bigler, et al. **
(2017)

Blood

Microarray

Nonsmoking patients with severe asthma
(n=309), smoking patients with severe
asthma (n=110), nonsmoking patients

with mild/moderate asthma (n=87), and
nonsmoking healthy controls (n=100)

Genes associated with chemotaxis, migration, and myeloid cell trafficking were higher
in severe asthmatics, while B lymphocyte development and hematopoietic progenitor
cells and lymphoid organ hypoplasia were decreased according to pathway analysis.

Subgroups among severe asthmatics showed different responses to oral corticosteroids.

Tsitsiou, et al.
3 (2012)

Blood

Microarray,
qPCR

Patients with severe asthma (n=12), with
nonsevere asthma (n=4), healthy controls
(n=8)

Expression of CD8" cells but not CD4" cells were increased in patients with severe
asthma.

Woodruff, et
al. % (2007)

Airway
epithelial
brushing

Microarray

Nonsmoking patients with asthma (n=42),
current smokers with mild-moderate
airflow obstruction without asthma
(n=16), nonsmoking healthy controls
(n=16)

CLCAlL, POSTN, SERPINB?2 genes were upregulated in asthmatics but not in smokers.
High baseline expression of these genes was associated with good clinical response to
corticosteroids.

Woodruff, et
al. 7’ (2009)

Airway
epithelial
brushing

Microarray
and qPCR

Patients with mild-to-moderate asthma
(n=42), healthy controls (n = 28)

Two subgroups, Th2-high and Th2-low asthma, were identified.

Wilson, et al.
% (2016)

Bronchial
tissue

Microarray

Nonsmoking patients with severe asthma
(n = 46); current/ex-smoking patients
with severe asthma (n = 16); patients with
mild— moderate asthma (n = 34); healthy
controls (n =41)

COX-2, ADAM-7, TMEFF2, SLCO1A2, and TRPM-1 were positively correlated with
submucosal eosinophils.

Yick, et al.
(2013)

Bronchial
tissue

RNA-Seq

Steroid-free patients with atopic asthma
(n=4), healthy controls (n=5)

Forty-six differentially expressed genes including POSTN, SLC26A44, and BCL were
identified.

Singhania, et
al.** (2018)

Bronchial
tissue,
sputum, BAL

Microarray,
qPCR

Patients with mild asthma (n=15),
moderate asthma (n=17), severe asthma
(n=14), healthy controls (n=19)

POSTN, SERPINB2, CLCAI, CPA3, TPSABI, CST1, CST2, CST4, and NOS?2 were
upregulated in the epithelium of mild asthmatics. TCN1, MMP9, genes associated with
mucin production and oxidative stress responses were increased in severe asthmatics. It

was also concluded that activated T cells might be responsible for neutrophilic
inflammation and steroid insensitive IL-17 response in severe asthma.

Kim, et al. A

Sputum

Microarray

Elderly asthmatics (n=55), healthy elderly

Two distinct gene clusters were identified. Genes associated with oxidative




(2019) controls (n=10) phosphorylation were higher in Cluster 1 (n=35), while genes associated with
epithelial-mesenchymal transition is higher in Cluster 2 (n=20).
Reference Source tissue ~ Method Study population Main findings
The study population was grouped into two clusters: T2-high and T2-low. T2-ultrahigh
Peters, et al. * Sputum RNA Seq Patients with asthma (n=84), healthy subjects, characterized by older age and more severe airway obstruction, were
(2019) controls (n=27) identified. Genes associated with CD8" T cells were decreased inT2-low asthmatic
group.
Sputum,
. Nasal Patients with severe asthma (childhood- Signatures associated with eosinophilic airway inflammation, mast cells, and ILC3
Hekking et al. . . _ . . . . . . .. .
33 5 — > 5 !
018) brushings Microarray onset) (n=158), patients with severe were higher, whereas signatures associated with lung injury were lower in adult-onset
Bronchial asthma (adult-onset) (n=253) severe asthma patients.
tissue
Baines, et al. ** Sputum Microarray, Patients with stable asthma (n = 59); Threr:rel\;ans/crlp;lona; aithriggm;ps were 1dent1ﬁeii.tG§n§stl? ssoilateg.;vnh.IL—l and
011) p qPCR healthy controls (n = 13) -o/nuclear factor-kB pathways were correlated with neutrophilic airway
inflammation.
Three transcriptome-associated clusters were defined. The first cluster was
wo. et al. 3 . . characterized by IL33R, CCR3 and TSLPR. The second was characterized by
Kuo, . . Patients with moderate-to-severe asthma . . . . .
2017) Sputum Microarray (n = 104), healthy controls (n = 16) interferon-, tumor necrosis factor-a- and inflammasome-associated genes, and third
’ y was characterized by genes of metabolic pathways, ubiquitination and mitochondrial
function.
Baines. et al. % 1:12::2;igggi:gﬁ;eo?lségr:;ﬁgl(23’:;‘/11;}1 p38 signaling pathway was associated with a subset of severe asthmatics, correlating
i ) Sputum Microarray . — ’ with neutrophilic airway inflammation. CLC, PADI4, ADAMS8, MMP9 and CEBPE
(2020) with controlled asthma (n=21), healthy . .
-~ were upregulated in severe asthmatics.
controls (n=15)
Non-smoking patients with severe asthma
Rossios, et al. . (n=128), smokers and ex—Emokers with ILIRLI gene expression was higher in eosinophilic severe asthma, while NLRP3
37 Sputum Microarray severe asthma (n=53), . : . .
(2018) . . . . expression was associated with neutrophilic severe asthma.
non-smoking patient with mild/moderate
asthma (n=43), healthy controls (n=41)
Three clusters were identified. Cluster 1 was associated with gene expressions of
Yan, et al. B Sputum, . Patients with asthma (n=100), healthy EXOSC9, SNAPCS5, NRCAM, PCLO, DNAH17, and DEFBI; whereas cluster 2 had the
Microarra
(2015) Blood Y controls (n=12) highest gene expression of YKL-40 in the sputum. Cluster 3 was characterized by
DEFBI.
Kcic, et al. ¥ Bronchial . Chlldren with as_thma (n=36), healthy. Expression of fibronectin was significantly lower in asthmatics which may imply a
. Microarray  atopic controls (n=23), healthy nonatopic C . .
(2010) tissue _ dysregulation in the repair mechanism.
controls (n=53)
Watson, et al. Blood RNA-S Patients with peanut allergy (discovery LTB4R, PADI4, ILIR2, PPPIR3D, KLHL2, and ECHDC3 genes were associated with
“2017) 00 cd cohort=19; replication cohort=21) the response to peanut.
obus. ef al. 4! . . . Lower levels of IL4RA and IL13 and higher /L364 were associated with good clinical
M , . . Patients with moderate-to-severe atopic . i . ) >
(2020) Skin RNA-Seq dermatitis (n=59), healthy controls (n=31) response to dupilumab. Dysregulation of the genes involved in keratinocyte
’ Y differentiation and itch signalling was also identified.
He, et al. Skin ScRNA-se Patients with atopic dermatitis (n=5), Higher frequency of type 2/type 22 T cells were observed in skin lesions compared to
(2020) 4 healthy controls (n=7) non-lesional skin and healthy controls.
Suarez- Skin RNA-seq, Patients with moderate-to-severe atopic TREM-1 signalling pathway and IL-36 isoforms were associated with atopic

Farinas, et al.

Microarray

dermatitis (n=18)

dermatitis.




2 2015)

BAL, Bronchoalveolar Lavage Fluid; scRNA-seq, Single-cell RNA Sequencing
Supplementary Table 2. Summary of selected epigenetic studies in allergic diseases.

Study Clinical groups Sample size Method Material Main findings Replication
384* differentially methylated regions .
Mother — children Mothers — 71 associated with IgE-sensitization to 52206/0(}11&1‘??1221}{?
A d pairs with or Childr r:) er ds blood — 64 DNA methylation Peripheral airborne and 38* to food allergens. 25* m ﬂ: lat Zi : ny
ceve 120 ’ without IgE onco 00 (Ilumina Human blood CpG regions in mothers were related with cthylated regions
et al Children 2 yo — 64 associated with airborne
sensitization to . Methylation450 Bead  mononuclear  IgE sensitization to airborne allergens in o)
(2021) . Children 5 yo — 71 . . and 9.8% with food
airborne allergens Chip) cells children at the age of 5. .
(at 5 yo) allergy replicated.
*(P<0.05, Bonferroni correction)
524* CpG differentially methylated in Blood, eosinophils,
s * .
. Atopy without asthma — 185 DNA methylation . on atopic asthma. 1 086 CpG nasa ! aqd bronchial
Hoang, et Adults with . . . differentially methylated in atopic asthma. epithelium from 5
3 . Non-atopic asthma — 673 (Illumina Methylation
al atopic and non- . Blood 104* CpG overlapped between cohorts. 35% of CpG
. Atopic asthma — 271 EPIC) .\ . .
(2020) atopic asthma . conditions. sites in non-atopic and
Non-atopic non-asthma - 1157 . .
91% in atopic asthma
*(FDR<0.05) replicated.
. . . Non-Hispanic
*
. ' ' . 193 CpG Q1fferent1ally methylated in populations — 32.3%,
Jiang, et Latino children Asthma — 599 DNA methylation White Blood relation with asthma status. Top two 41.7% and 19.4%
al ™ and adolescents Control - 537 (Human Methylation mapped genes — CAMKID and TIGIT. 20 e
(2020) with asthma 450K Bead Chip) cells findings replicated,
from 3 replication
*(FDR<0.02) .
cohorts, respectively.
4 yo group: 21* CpG differentially methylated in All 21 CpG sites were
. . Allergy — 219, Control — 417 DNA .methylat.lon allergic .pa.lt.1ents and shared between dlfferentlally
g
Xu, et al. Children with (Illumina Infinium Blood asthma, rhinitis and eczema. Top mapped methylated in
5(2020) allergies 8 Vo eroun: HumanMethylation450 00 genes — ACOT7, LMAN3, CLDN23. eosinophils, and 10
Alleray — 2}’28{; Corli £r01 503 Bead Chips) were replicated in
&y ’ *(P<1.14 x 10", Bonferroni correction) respiratory epithelium.
. Blood: 7* methylation sides related with clinical
.. Persistent asthma — 44 . . ..
Clinical . . . remission and 129* with complete 1/7 for clinical
o Clinical remission — 18 DNA methylation Lo . . s S .
. remission, - . . remission in asthmatic patients. Clinical remission and 7/129 in
Qi, et al. Complete remission — 10 (Mumina Infinium Blood and . .l
16 complete Human nasal remission changes were mapped to complete remission
remission and L . . PEX]I1, and complete remission to group differentially
(2020) . Nasal brushings: Methylation450 Bead brushings .
persistent adult . . TCF7L2 genes. CpG methylated sides
. Persistent asthma — 44 Chips) .
asthma patients Clinical remission — 19 replicated.
.. *(P<0.05, Sidak-corrected)
Complete remission — 10
Children with Asthma — 37 DNA methylation 81* CpG methylation profiles related with 62/81 differentially
Qi,etal.’  asthma, rhinitis, Non-asthma — 418 (Illumina Infinium Nasal rhinitis, 75* with asthma and/or rhinitis, CpG methylation sides
(2020) and asthma Rhinitis — 205 HumanMethylation450  brushings but not with asthma alone. replicated in rhinitis and
and/or rhinitis Non-rhinitis — 250 Bead Chips)

60/75 in asthma and/or




Asthma and/or rhinitis — 211 *(FDR<0.05) rhinitis groups.
No asthma and rhinitis — 244
Study Clinical groups Sample size Method Material Main findings Replication
47* and 44* regions were differentially
Atopy analysis: methylated in atopy, and tissue
Atopy — 56 eosinophilia analyses, respectively. Those
Kim, et . Non-atopy — 52 DNA methylation were mapped to MSI2, CEBPE, PRRS5L,
al.V’ Atoaptlicer?iult (Infinium Methylation = Nasal polyps WNT10B and TREML?2 for atopy, and 225?5;?;21)8
(2020) p Tissue eosinophilia analysis: EPIC) IL13, RIN3, CEBPE, IL3 and ACOT7 for P '
Eosinophilic tissue — 57 tissue eosinophilia.
Non-eosinophilic tissue - 72
*(FDR<0.05)
* : :
_ Cordblood oo CPG (associated with /L3RA and 20/179 and 128/179
Newborns: (newborns) ZFPM1) and 35* regions differentially differentially
Asthma — 668 DNA methvlation methylated in newborns in relation to methylated CpG
Reese, et Newborns and Control — 2904 (Illumina Inyﬁnium Perinheral asthma. 179* CpG (associated with re lithe d in nasal
al. ™ childhood ; P CLNSIA, SUBI, WDR20) and 36* regions phicat
. . . ) Human Methylation blood . . . . . brushings, and
(2019) asthmatic patients Children: . differentially methylated in children with . .
Asthma — 631 450K Bead Chip) mononuclear asthma. eosmophlls,
Control - 2231 " hClililrse o respectively.
*(FDR<0.05)
8664* differentially methylated CpG
DNA methylation (associated with CDHR3, CDH36, . .
Forntl)a et Atopic or allergic Atopic — 312 (Illumina Infinium Nasal FBXL7, NTRK1, SCL9A43 in relation with 28/30 top differentially
al. . . . . methylated CpG
2019 asthma children Non-atopic — 171 Human Methylation brushings atopy. replicated
(2019) 450K Bead Chip) eplicated.
*(FDR<0.01)
Asthma: 285* differentially methylated
CpG; FeNO: 8372* differentially
methylated CpG and 191* regions;
B Total IgE: 3* differentially methylated
é) Sl?tlrrgf - 46653 CpG and 3* regions; allergen IgE
sensitisation: 17* differentially
Cardenas, . IgE sensitisation: DNA .methylat.lon methylgted CpG an.d.4 reglons, asthma 50-61% of differentially
¢ al. 2 Asthmatic Yes—215. No — 151 (Illumina Infinium Nasal swab with IgE sensitisation: 1235* methvlated CpG
(2231'9) children ©s P N0 MethylationEPIC Sal SWabs differentially methylated CpG and 7* ereylicz ted P
Bead-Chip) regions; bronchodilator response: 130* P ’

Allergic rhinitis:

Yes— 47, No - 234 differentially methylated CpG. No

differences were found in relation to
allergic rhinitis and lung function
measures

*(FDR<0.05)

IgE, Immunoglobulin E; yo, years old; FeNO, fractional exhaled nitric oxide.






Supplementary Table 3. Summary of selected proteomic studies in allergic diseases.

Reference Sample Proteomics Study population / Salr}ples in the proteomics Results from proteomics experiment
approach experiment
Quantification of Aeri)gll61erge(;1 al.ﬁtlrgitc SlilfljeCtS ngth a_s;léma (AA,

Ch 44 mucus protein = ) and without asthma (AC, n=48) were . No difference in MUCS5AC levels between AC and AA
0, et al. Bronchoalveolar : subjected to segmental allergen challenge; collection ) . ; .
2016) lavage (BAL) MUCSAC with of BAL samples at baseline and 24 hours after patients at baseline, but increased MUCS5AC levels in AA

normalized spectral P BAL after allergen challenge.
intensity allergen challenge

Tomazic, et al.
52018)

Tear fluid

High-throughput
protein
identification and
label-free
quantification

Patients with allergic rhinoconjunctivitis (AR, n=10)
or healthy controls (HC, n=11); tear fluid was
collected for AR patients out of pollen season, and in
the respective pollen season and with symptoms
present, and at the same days for HC subjects.

Identification of 90 proteins in tear fluids. Further analysis of
22 proteins, which had 70% valid values of samples in at least
one group. Comparing seasonal and group differences, six
proteins showed significantly different abundances.

Barbero, et al.,
2019)

In vitro
produced
protein
conjugates of
Human serum

Detection of an
increase in the HSA
protein mass upon
CLYV treatment.
Detection of
covalent

HSA treated with CLV in vitro

Incubation of HSA in the presence of CLV in concentrations

from 1:10 up to a 1:320 HSA: CLV induced a concentration-

dependent increase in the mass of HSA. Further, CLV bound
covalently to the amino groups of lysine residues in HSA,

Celi, et al.
(2019)

Ibumin (HSA dificati
anrcrzllglvfﬂanic) gl;nle lrc;il((i)l?ssoirrll indicative for the formation of CLV-protein conjugates.
acid (CLV) HSA peptides with
CLV fragments
Protein

House dust mite
(HDM) protein
extract

separated with
SDS-PAGE

identification in a
single band in a
polyacrylamide gel
of HDM protein
extract

Serum from one patient sensitized to HDM being
positive in ImmunoCAP IgE tests against D1/D2, but
negative for Der pl, Der p 2, Der p 10, and Der p 23,

and showing reactivity against a 100 kDa allergen.

The allergen running at an apparent molecular weight of about
100 kDa against which the serum of one patient reacted, was
identified as the muscle protein Paramyosin.

Nieto-
Fontarigo, et
al. ®* (2020)

Serum

iTRAQ-labelling of
2 pools (biological
replicates) per study
group plus a pooled
sample

Six study groups of adult subjects: moderate-severe
allergic asthma (MSAA, n=49), intermittent-mild
allergic asthma (IMAA, n=53), moderate-severe
nonallergic asthma (MSNAA, n=43), intermittent-
mild nonallergic asthma (IMNAA, n=47), allergic
rhinitis (AR, n=43), and healthy controls (HC,
n=32) ; two pools of serum samples were created for
each group (2 biological replicates per group)

Quantitative analyses identified 18 proteins with differential
abundance as serum biomarkers for allergic and nonallergic
asthma and allergic rhinitis.




Aptamer—based

multiplexed
proteomics
technology
Kermani, et al (SomaScan) and
i ) high-throughput . . Identification of 9 proteomic- and transcriptomic-associated
49 _
(2021) Serum rotein Asthmatic subjects (n=92) clusters
p
identification,
followed by data
analysis using
similarity network
fusion
50 High-throughput . . . . .
Hou, et al. proteomics and Healthy control subjects (HC, n=6) and subjects with Iden.nﬁcatlon. of 1613 proteins and quantlﬁcatlon of 1175
(2021) Serum label-free oderate-to-severe atopic :16rma titis (AR, n=6) proteins of which 232 were differentially expressed and 112
quantification P ’ ' had a variable influence on projection (VIP>1).
Mass spectrometry
of N-glycans
released from N- . _ . More than 150 complex N-glycans were detected, with three
Messina, et al. glycoproteins in g?sl;gl}; tic\?::/rgrlnseﬁbli:g:o(ccoflﬁ;E;iltils), ziit;i; distinct patterns for CTRL, VKD and AKC patients with
1 (2021) Tear fluid tear fluid through (VKC. n=23), and active, ¢ <J)nsecutive I;to ic regard to relative intensities for some N-glycan structures.
treatment with keraiocon'u’nctivitis at’ients (AKC n=7r)) Major variations involved bisecting and hyperfucosylated
peptide N- ) p ’ glycoforms.
glycosidase F
(PNGase F)
Persistent atopic dermatitis patients (AR, n=45) and
Chen, et al. > Iizggﬁz CO;;EZ:EE:Zz(?;zgz;ézrfll{e ;Eﬁlg Based on a fold-change cutoff between the two differentially
(2016) Serum iTRAQ-labelling healthy C%il trol subjects WIZI‘C pooled, respectively labelled pooled samples 133 differentially expressed proteins
creating two differentially labelled samples that were were identified,
then combined.
Lungs of mice sensitized to chicken OVA challenged
53 High-throughput with OVA aerosol, collected at four time points . . .
Funke, et al. proteomics and during asthma development (0 (control), 5. § and 12 Quantification of 3325 proteins of which 435 were found to be
(2021) Mouse lungs label-free weeks, n=6 each); the samples from 6 mice cach at significantly differentially abundant and 263 passed the FDR
quantification four time points were processed to result in 3 batches correction.
each (72 samples).
Skin swabs
Morelli. et al from skin of High-throughput
54 (20’21) ) retroauricular proteomics and Moderate-to-severe atopic dermatitis patients (AR, Identification of 908 proteins and 35 differentially expressed
area and label-free n=8) and healthy control subjects (n=8) proteins.
antecubital quantification

fold




Ash pollen
protein extract
separated on

Protein

Poncet, et al. identification in

Identification of proteins in two-dimensional gels

(2010) WO spots on two- against which IgE reactivities in serum of patients Identification of several IgE-binding ash pollen proteins.
dimensional dimensional gels of sensitized to ash (n=13) were detected
gels ash pollen extracts
Schofield, et High-thrc?ughput Nonsmoking severe asthma patients (n=1 18), current The core set of proteir}s that were identified and quantified
al. ¥ (2019) Sputum proteomics and or ex-smoking severe asthma patients (n=48), were 270 proteins; based on these, molecular
’ label-free nonsmoking mild-to-moderate asthma patients sub phenotypes were identified that corresponded to the known
quantification (n=40), and nonsmoking healthy participants (n=40) eosinophilic, neutrophilic and atopic asthma phenotypes.




Supplementary Table 4. Summary of selected metabolomic studies in allergic diseases.

Clinical groups Comparisons Sample Main metabolites findings Reference
Children with food allergy from the Decrease of sphingolipids and ceramides, lysophospholipids, lysoplasmalogens,
rest diacylglycerol and fatty acids
Systemic reactions to food Severe reactions showed changes in tryptophan metabohtes, eicosanoids, plasmalogens,
and fatty acids
Children with : . .
Severity of food-induced . . . Crestani, et al.
fooq allergy and anaphylactic reactions Serum Higher levels of indole tryptophan metabolites 57 (2020)
with asthma
Children with food allergy (with and Significant alterations in secondary biliary acids and aromatic amino acids metabolism
without asthma) vs no asthma (products of gut microbiota-dependent enzymatic conversion)
Children w1tﬁ;§ri51ft;iztlon to more Decreased levels of tryptophan metabolites from the kynurenine and serotonin pathways
Breakdown of oral tolerance Alteration of tryptophan metabolism
Children with Children with asthma versus with Food-derived sphingolipids are metabolized by Bacteroides species, which are An, et al. *®
asthma and food Gut . . . . . .
allergy food allergy frequently associated with protective antiallergic properties. (2011)
Foo;le:llili(ttgggfdand Subjects with clinical food allergy Stool Lower levels of sphingolinids Lee-Sarwar, et
. vs food-sensitized subjects PRINEONP al. * (2018)
subjects
Respiratory Subjects with severe resplra}tory Metabolism of sphingolipids (enhancement of sphingosine- 1-phosphate) and Obeso, et al. ©
allergy vs morerate/mild respiratory Plasma . . .
allergy . . phospholipids altered, increased energy metabolism (2018)
allergy and non-allergic subjects
. Serum, Altered amino acids, lipids, purines, salts and alcohols. Amino acids can have
Children and . . . plasma, .. . . . . . . 61
. Review encompassing the studies . antioxidant functions (i.e.glycine, glutamine and glutamate), whereas phenylalanine can  Pite, et al.
adults with urine, . . L. . .
th that compare (asthma vs healthy) EBC have adverse effects. Changes in the energy metabolism with increased tricarboxylic (2020)
asthma ’ acid-cycle metabolism.
Faeces
. Lee-Sarwar, et
NA Asthma risk NA al © (2020)
Infants at risk of Asthma risk vs controls Gut Reductions in faeccal SCFA during 1nfanf:y are associated with asthma and allergy later Ar6r316ta, et al.
asthma in life. (2018)
Childhood atopy . . 12,13-dihydroxy-9-octadecenoic acid (12,13-diHOME), important metabolite of omega-  Fijumura, et
and asthma Neonatal gut microbiota of 3 groups Stool 6 linoleic acid, that has been associated with asthma al. * (2016)
Subjects with . .
CLA as a dietary supplement in . . N . MacRedmond,
astali;z;lgz;nd mild asthma vs placebo NA Conjugated linoleic acids (CLA) may improve control of asthma and allergy. et al. © (2010)
Asthmatic
children- plasma and Ono, et al. ®
associated 17q21 non-allergic asthma vs controls \l;vl}(l)(z)lg Lower dihydroceramides, ceramides, and sphingomyelins (2020)

genotypes




Children with asthma vs healthy controls plasma and Higher plasma histidine level and lower urinary 1-methylnicotinamide and Chiu, et al.
asthma Y urine trimethylamine N-oxide (TMAO) levels (2020)
EBC, Exhaled Breath Condensate; NA, Not Applicable




Supplementary Table 5. Data integration in allergy research.

Disconnection between clinical features and underlying

inflammation . 68 . 69
Topological data analysis (TDA) Asthma The use of multiple biomarkers is recommended to provide Hinks, et al. (2((2)(1)?%’)Aga0he’ ctal
evidence that a certain pathway is the key driver for a given
patient

Atopy detection in individuals with asthma and wheezing in
cohorts with different age groups
Support vector machine Asthma The utility of multi-tissue transcriptome data Ghosh, et al.”" (2020)
Pairwise interactions betwegn spe?c1ﬁc IgE antibodies and their Fontanella, et al. 7 (2018)
association with asthma

Bayesian network analysis (BNA) Asthma Abdel-Aziz, et al. " (2020)

Clustering and network analysis Asthma
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