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Summary

The main scope of this thesis is to improve our understanding of the biological 
mechanisms of allergic disease, in particular asthma and rhinitis, by applying multi-
omics approaches. We collected multi-omics data from the genome, epigenome, 
bulk and single-cell transcriptome and the exposome. By applying association 
and machine learning approaches, we investigated epigenetic mechanisms of the 
development of allergic disease, revealed cell-type specific molecular regulation of 
asthma risk variants, identified biomarkers of allergy and provided a prediction tool 
for allergic disease.

Nasal DNA methylation, a non-invasive biomarker for allergic disease
Complex diseases such as allergic respiratory diseases have both genetic and 
environmental contributions. We hypothesized that epigenetics, which is regulated 
by genetic factors and also responsive to environmental exposures, may act as a 
bridge between these two factors. In Chapter 2, we reviewed the recent epigenetic 
studies of childhood asthma in humans, which mostly involve studies of DNA 
methylation. Various epigenetic markers from blood and airway tissue have been 
identified to be associated with childhood asthma, and DNA methylation may serve 
as a potential biomarker of asthma. The identified epigenetic signals can be better 
interpreted by analyzing their correlation with gene expression. Environmental 
exposures impact the development of asthma and are associated with epigenetic 
changes, but it’s still not clear now, from the current studies, if epigenetic regulation 
mediates the effect of environmental exposures on asthma development. Several 
asthma-associated genetic variants regulate epigenetic signatures; however, it 
remains to be determined if there exist a causal pathway from SNP to methylation 
to asthma.

In Chapter 3, we performed epigenome wide association studies (EWASs) of atopy 
and atopic asthma in the nasal epithelium collected from Puerto Rican children aged 
9–20 years, and identified 8664 differentially methylated CpG sites by atopy, with 
28 of the top 30 CpG sites replicated in the same direction in an African American 
children cohort and a Dutch birth cohort. These identified CpG sites were in or 
near genes relevant to epithelial barrier function, including CDHR3 and CDH26, 
and in other genes related to airway epithelial integrity and immune regulation, 
such as FBXL7, NTRK1, and SLC9A3. Based on the nasal methylation signals, we 
generated classification panels for atopy which performed well in both discovery 
and replication cohorts.

We showed replicable nasal DNA methylation signals associated with atopy and 
atopic asthma despite the ethnicities, which suggests that nasal DNA methylation 
is a good and stable biomarker for atopy and atopic asthma. The nasal epithelium is 
a good proxy for the lower airway in research of airway disease, which is also non-
invasive and easier to get comparing to lower airway tissue, especially in children. 
The good performance of the nasal methylation panel in classifying childhood atopy 
was the first indication of the potential to apply DNA methylation to classify atopic 
asthma in childhood.

In Chapter 4, we continued the work from chapter 3, and further looked into the 
shared epigenetic mechanism of asthma and rhinitis. Rhinitis is a co-morbidity of 
asthma, and a majority of children with asthma also have rhinitis. Therefore, in this 
study we performed EWASs of asthma, rhinitis, and their combination (asthma and/ 
or rhinitis, AsRh) in cells obtained by nasal brushing in the Dutch birth cohort PIAMA, 
and the results were further replicated in two independent cohorts of different 
ethnicities. We significantly replicated 62 CpG sites with rhinitis and 60 with AsRh, 
as well as one CpG site with asthma, and we found that nasal DNA methylation 
signals associated with AsRh were mainly driven by specific IgE-positive subjects.

In this study, we also explored how to better interpret the EWAS results. Rather 
than by using the genes closest to the position of CpG sites on the genome, we 
hypothesized that the associated gene expression may better reflect the biological 
function of the CpG sites. We associated the DNA methylation level with gene 
expression level by eQTM analysis, and identified that DNA methylation was related 
to gene transcripts that were enriched for immune pathways and expressed in 
immune and epithelial cells. Moreover, we tried to link the AsRh associated CpG 
sites with several environmental exposures, considering the hypothesis that 
epigenetics may build the bridge between genetics and environmental exposures. 
We identified that methylation of one CpG site was negatively associated with AsRh 
and positively associated with exposure to pets, suggesting that pets exposure may 
affect DNA methylation in the nasal epithelium, and may have protective effects on 
AsRh. Although we could not disentangle the causality in this study, at least we show 
the association of DNA-methylation with both allergic disease and environmental 
exposures that deserves further investigation for mediation and causal effect.

Based on the results from Chapter 3 and Chapter 4, we have already shown that 
nasal DNA methylation may be a good biomarker for allergic diseases including 
asthma and rhinitis. In Chapter 6, we hypothesized that we could further improve 
the prediction of allergic disease by combining data from different ‘omics’ layers, 
such as the genome, methylome, and exposome. We used machine learning models 
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to systematically integrate large-scale multi-omics data from genomics, DNA 
methylation in blood and nasal cells, and environmental factors. We firstly evaluated 
the prediction power of each omics layer and identified that the highest prediction 
power was attributed to nasal DNA methylation. We further built a prediction model 
based on only three nasal CpG sites with Area Under the Curve (AUC)=0.86 and 
replicated our model in an independent children cohort from Puerto Rico with an 
AUC=0.82.

One of our key findings is that nasal DNA methylation contributes the largest 
predictive power for allergic disease, while other layers, such as genomics and 
blood methylation hardly contribute to the prediction. To answer why the nasal CpG 
can predict allergic disease, we further investigated the function of three CpG sites 
included in the model, by integrating these with bulk and single-cell transcriptomics 
data. We found that the three CpG sites captured the signal of inflammation and 
immune cells including T cells and macrophages in the nose, which probably also 
explained the potential of the three CpG sites in distinguishing the symptomatic and 
asymptomatic sensitization. In this study, we further improved our understanding 
of the biological mechanism of allergic disease, and offered a simple, non-invasive 
diagnostic test for childhood allergy, which also detected allergic multimorbidity and 
symptomatic sensitization, and might be applied to future diagnosis in school aged 
children in clinical practice. An important question that remains is the applicability 
of DNA methylation for allergy diagnosis in younger, preschool children. 

In chapter 6, we also provided an approach that by integrating data from multi-
omics with advanced machine learning methods, we can identify important 
biomarkers and prioritize risk factors of a disease, generate prediction or diagnosis 
tool for other diseases, or apply this to potentially distinguish responder/ non-
responder to treatment. We propose that application of multi-omics in combination 
with advanced machine learning techniques will pave the way for application in 
future clinical practice and may facilitate decisions on personalized medicine and 
treatment selection.

Besides investigating the development of asthma, in chapter 5 we extended our 
work to asthma remission. We hypothesized that remission of asthma could be 
due to epigenetic regulation of blood and epithelial cells.  We analyzed differential 
DNA methylation of clinical asthma remission (ClinR, no symptoms) and complete 
asthma remission (ComR, no symptoms, normal lung function) compared to 
persistent asthma (PersA) in whole blood samples and nasal brushing samples 
in a longitudinal cohort of well-characterized asthma patients. We identified and 
replicated one blood CpG site associated with ClinR which was annotated to PEX11, 

and one ComR-associated CpG that was annotated to TCF7L2. These two genes 
may have a function in peroxisome proliferation and Wnt signaling pathways, 
respectively.

Although remission subjects do not have asthma symptoms anymore, asthma may 
still have epigenetic footprints in those subjects with asthma remission. We identified 
that the methylation level of a ClinR associated CpGs was different between ClinR 
and healthy subjects, which indicated that the DNA methylation status of subjects 
with asthma remission may not simply return to that of healthy people. Besides, 
we identified some CpG sites in blood DNA that could be replicated in DNA of nasal 
brushed cells, which indicated that there may be shared DNA methylation signals 
in blood and nasal cells, or the possibility that the nasal DNA methylation also 
captures the signal of immune cells in the nose. The results of this study could help 
in identifying the underlying mechanisms of asthma remission and the chronicity of 
the disease.

Multi-omics is a powerful tool for deciphering the molecular 
mechanism of allergic respiratory disease
Complex regulations of multiple molecules are involved in the development of 
allergic diseases. Multi-omics approaches which integrate data from different 
omics layers can aid in the research of complex molecular regulation of disease 
development and improve our understanding of disease mechanisms. Using the 
genetic susceptibility of asthma as a starting point, integration of disease SNPs with 
gene expression may lead to identification of causal pathways, and possibly novel 
drug targets1.

In chapter 7, we assessed the cell-type specific eQTL effects by integrating genetic 
variants, bulk, and single-cell RNAseq data. We firstly estimated the proportions 
of cell subpopulations in bronchial biopsies using marker genes identified by single 
cell RNAseq. Then, we performed eQTL deconvolution for three main epithelial 
cell types, which was modeled by the interaction of genotype and cell proportion. 
Investigating SNPs that are associated with asthma in GWA studies, we identified 
14 cell-type specific cis-eQTLs, and three of these could be replicated by using a 
single-cell eQTL method, including rs4749894-CALML5 which is specific to basal 
cells, and rs8103278-FOXA3 specific to secretory cells. CALML5 was associated 
with the differentiation of keratinocytes and epithelial barrier function2, and FOXA3 
played an important role in goblet cell metaplasia and reduced antiviral responses 
that is related to asthma3. 



Chapter 9 Summary and general discussion

193192

9

Expression-QTL deconvolution may be a powerful tool to understand cell type 
specific molecular mechanisms of asthma development. The accuracy of cell-type 
deconvolution is important for the second step of eQTL deconvolution. However, it 
should be kept in mind that the method may not have enough power to predict rare 
cell type such as ionocytes. We also found that some of the deconvolution-identified 
eQTL genes were lowly expressed in scRNAseq data, which makes it difficult to 
validate these eQTL effects by sc-eQTL methods. However, this also indicates that 
the deconvolution methods may be more powerful to identify the cell-type specific 
eQTL effects, than single cell-eQTL analyses. 

In 2020, the rapidly spreading disease COVID-19 became a global pandemic. As 
researchers in the field of respiratory disease, we were eager to contribute to the 
research of susceptibility to this disease. In chapter 8, we assessed the expression of 
genes related to the entry of SARS-CoV-2 to cells, and comprehensively integrated 
genetic, epigenetic, and environmental factors to understand the regulatory 
mechanisms of these genes in upper and lower airways across different ages. We 
found that these SARS-CoV-2 receptor genes had higher expression levels in nasal 
epithelium comparing to the bronchial epithelium, and were associated with airway 
secretory cells. 

To investigate the regulation of the SARS-CoV-2 receptor genes, we first tested if 
the SNPs located nearby affected gene expression, however, we did not identify 
consistent eQTL effects across different cohorts. We also assessed if the genes 
were associated with epigenetic markers by cis-eQTM analysis, and interestingly, 
we found significant eQTM associations of the genes in both upper and lower airway. 
The identified CpG sites were associated with age, gender, and smoking status. We 
found acute smoke exposure in adults and second-hand smoking exposure to infants 
were associated with higher ACE2 expression in bronchial epithelium, suggesting 
smoking behavior is an important risk factor for COVID19 in both adults and young 
children. 

In this study, we did not observe a relationship between other airway diseases  
(mild and moderate asthma and COPD) and the expression level of SARS-CoV-2 
receptor genes. However, we found that inhaled corticosteroids, a common treatment 
for suppressing airway inflammation in asthma and COPD, decreased the expression 
of ACE2 receptor in bronchial of COPD patients from a longitudinal study, indicating 
that inhaled corticosteroids are unlikely to increase the risk for more severe COVID-19 
disease in patients with obstructive pulmonary disease. In summary, we integrating 
multi-omics data to get a better understanding of the regulatory mechanisms of 
SARS-CoV-2 receptor genes in the upper and lower airway.

Discussion and future perspectives

The causality in multi-omics study
Most of the multi-omics research in this thesis assessed the associations among 
different omics-layers, for example, the associations of DNA methylation with gene 
expression and with environmental exposure. We used this to interpret our findings 
from EWAS. However, from such analysis, we cannot conclude if the identified 
differences are cause or consequence, for example, we do not know whether DNA 
methylation regulates the changes in expression of a gene, or whether having pets 
in the home induces the changes in DNA methylation levels and consequently leads 
to allergic disease (Chapter 4). It would be of great value if we can distinguish 
causal changes from correlations, and investigate if the identified factors are cause 
or consequence of the tested trait4.

The causal relationships among different omics layers are not easy to be detected, 
but might be assessed from multiple directions, including well-designed time-
course experiments, longitudinal cohort studies, or statistical methods such as 
causal inference and Mendelian Randomisation (MR)5. Pacis et al. performed 
the experiments to assess both gene expression and DNA methylation levels 
in dendritic cells at different time points after bacteria stimulation, and clearly 
showed that changes in DNA methylation were a later event compared to changes 
in gene expression, which illustrated that DNA methylation changes were not the 
cause of gene expression changes6. Using an MR method, Jamieson et al. identified 
smoking-related CpG sites may have a causal effect on lung function, and DNA 
methylation at some sites may influence lung function through effects on smoking7. 
However, usually a large sample size is needed for performing MR analysis, because 
MR requires several genetic variants that are robustly associated with exposure 
variables as proxies for randomizing samples8. 

In the field of respiratory disease, multi-omics studies in longitudinal cohorts are 
still lacking, which may attract more attention in the future. We propose to perform 
a long-term follow-up study, where we can collect data of DNA methylation, allergic 
phenotype, and pet exposure at different time points for the same individua, to 
address causality of our finding of Chapter 4, relating to DNA methylation, presence 
of pets and protection from allergic disease.

Cell type effect in multi-omics study
Many types of omics data are cell type specific, including transcriptomics, 
proteomics, and epigenomics. The disease-related differences identified by these 
omics data from tissue with mixed cell types may be due to the differences within a 
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specific cell type, or due to disease-associated differences in cell type composition. 
Consequently, it is important to take cell types into consideration in analyses of 
these omics data and multi-omics studies.

Single-cell multi-omics

In recent years, epigenome, transcriptome, or proteome profiling can be measured 
at the single cell level9. Among these, scRNAseq is well-established and the most 
widely used in biological research. Different types of molecules can even be 
measured simultaneously in the same cell by single-cell technologies such as RNA 
and protein10 or DNA methylation and RNA11. Thereby, multi-omics studies at single 
cell level become possible, and will enable a more detailed exploration of disease 
mechanism at cellular resolution. Single-cell omics have been applied to medical 
research, for example, Su et al. integrated single-cell proteomic and metabolic data 
to investigate drug tolerance in melanoma12.

While some methods were established for single-cell multi-omics studies, there 
remain numerous challenges in both techniques and analyses. The measurement 
of data at single-cell level is usually expensive and restricted to a small sample 
size which limits the power of the analysis. Besides, the computational burden is 
quite heavy when including data from hundreds or thousands of cells, and will be 
aggravated by integrating more omics layers. The low coverage and inefficiencies 
in sequencing methods result in the sparsity of scRNAseq data13, which also will be 
passed to single-cell multi-omics and should be dealt with carefully in the future. 
In addition, better integrative methods for single-cell multi-omics and robust 
benchmarking pipelines are still needed for future research14. 

Deconvolution methods and multi-omics study

Due to the limitation of single-cell multi-omics mentioned above, at the present 
stage, the deconvolution methods may be helpful to assess the cellular composition 
and cell-type specific mechanism using bulk data. Bulk data are easier to get, less 
expensive, and usually with a larger sample size than single-cell data. Currently, 
many cell-type deconvolution tools have been developed, to estimate cell type 
proportions from bulk transcriptomics data, and showed good performance for 
both blood and solid tissue15,16. Moreover, the estimated cell proportion enables 
further integrative analysis of multi-omics data, such as cell-type eQTL by modeling 
the interaction effect of cell proportion and genotype on gene expression17,18. In 
Chapter 7, we applied the eQTL deconvolution method to investigate cell-type 
specific regulation of asthma-associated SNPs on gene expression in bronchial 
epithelial cells, we have identified suggestive significant eQTL effects with a limited 
sample size. A similar framework may also be applied to the integration of other 

omics layers. We intend to contribute to open science to make our deconvolution 
algorithms available to the scientific community, to aid interpretation of airway bulk 
RNA-seq data.

The accuracy of estimated cell proportion is crucial for downstream analysis. 
Currently, most of the cell-type deconvolution methods are based on gene 
expression, while long-lasting and heritable epigenetic marks such as DNA 
methylation, may also be used as a sensitive marker of cell type composition19,20. 
In our study, the Houseman method21 was widely used to estimate white blood cell 
proportions in whole blood or cord blood. In the future, cell-type deconvolution 
methods based on DNA methylation of other tissues, for example, airway and lung, 
may be developed. It will be possible to measure the DNA methylation in purified 
cells or by single-cell DNA methylation technologies in the target tissue (e.g. airway 
for respiratory disease), and generate standardized cell type deconvolution tools 
that can be widely used just like the Houseman method.

Multi-omics in precision medicine
Recent studies suggested that the field of precision medicine will benefit from 
multi-omics integration approaches22. In this thesis, we used multi-omics in both 
understanding disease mechanisms (Chapter 4, 7 & 8) and predicting the presence 
of disease, which may be useful in clinical practice (Chapter 6). We expect that in the 
future, more multi-omics studies will emerge and that multi-omics prediction has a 
broader application in the field of respiratory disease, such as prevention, diagnosis 
and treatment.

Primary prevention of a disease is an important goal of clinical research to reduce 
morbidity, mortality, and the economic burden of a disease23. Several tools have 
been developed to generate risk scores to predict asthma development in young 
children using clinical and demographic data23–28, but may have limitations such 
as relatively low sensitivity. A better and reliable tool is still needed, especially for 
young children, and may be achieved by multi-omics prediction. Aside from perinatal 
and early-life environmental exposure and genetic variants that were associated 
with childhood asthma29,30, researchers found that the gut microbiota in the first 
year of life was linked to later asthma in children31. New-born DNA-methylation 
profiles were associated with childhood asthma32,33, and might be a useful marker 
to indicate subjects with a higher risk of asthma. In the future, it’s worthy to test 
in prospective studies if the integration of early-life multi-omics and clinical data 
could accurately predict disease risk and further improve the primary prevention of 
respiratory disease.
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Asthma is not curable, patients can be controlled with treatment such as inhaled 
corticosteroids (ICS) and some patients may develop to remission. Multi-omics 
may also have the potential to predict asthma remission or drug response. Multiple 
factors including genetic variants and DNA methylation sites from different tissues 
were identified, by previous studies34,35 and Chapter 5 of this thesis. We propose 
to apply the multi-omics approaches to a longitudinal cohort that enables the 
prediction of future remission status. Many asthma patients have a poor response 
to ICS treatment36, maybe in the future, the multi-omics prediction can be applied to 
distinguish the responder and non-responder of ICS that would assist decisions on 
personalized medicine and treatment selection.

Multi-omics approaches for precision medicine in the clinic are important, but still 
in its early stage with many obstacles and opportunities22. The ability of omics 
approaches to identify meaningful findings strongly relies on available sample sizes 
and analytical power4, and for multi-omics, this probably means more investment 
of time, higher computational burden, and a larger amount of money. Thus, the 
initial study design is important, for example, to clarify research questions, prepare 
well-defined and well-documented phenotypes, measure omics layers that are 
relevant for the research questions, set up standardized pipelines, and perform 
the power calculation to ensure sufficient sample size. Besides, omics studies with 
high cost remain difficult to be transferred to valuable clinical applications. For 
example, thousands of biomarkers were identified from different omics data, but 
very few have been validated for clinical practice37. It should be noted that the tools 
generated from multi-omics approaches should be based on simpler, stable, and 
easily accessible data, if the tested tissue is difficult to get or if the measurement 
is too complex or expensive, it would be difficult to be accepted by clinical practice.

Replication, standardization, and collaboration in the multi-omics 
study
It is important to test the robustness of findings from independent studies, 
considering the higher chances of false-positive findings when a large number 
of tests are being performed in multi-omics study. In such a replication, a 
replication cohort should also have multi-omics data, preferably with comparable 
measurement, sampling and analytical methods, and phenotype definitions 
as the discovery cohort, which is not easy to achieve. Thus, collaboration and 
standardization become important for multi-omics research to establish a set 
of guidelines or standards for sample collection, phenotype definition, and pre-
processing of each omics data. This will not only improve the quality of research, 
but also increase the reusability of data and the reproducibility of the research 
findings. For example, in the scRNAseq analysis, the annotation of cell types 

can be difficult and time-consuming especially in solid tissues such as airways. 
Sometimes, cells marked as basal cells in one study may be different from the basal 
cells in another study, which makes the integration and comparison of different 
studies even more difficult. Efforts are being made by the Human Lung Cell Atlas38 
to make a uniformed cell marker list for cell type annotation of lung and airway 
cells, which will not only improve the quality of scRNAseq research in respiratory 
disease, but also facilitate the integrative analysis with other omics layers.

To be more efficient, large consortia have been established with the efforts from 
many groups, each providing its own expertise or resources, to facilitate the 
research by sharing data and providing searching tools, like GTEX39, Pregnancy And 
Childhood Epigenetics consortium (PACE)40 and Human Cell Atlas41. In the future, 
consortia with multi-omics data may provide more opportunities for collaborations, 
as well as detailed sampling and analysis pipelines that can be replicated for other 
datasets with minimal effort.

To conclude, the rapid development of omics technologies paves a new way for 
medical research, from the traditional hypothesis-driven experiments towards 
data-driven studies42. Instead of analysing a limited number of components at a 
time, the high-throughput technologies enable the measurement and analysis of 
thousands of molecules simultaneously43, which helps to identify global patterns of 
a disease and may provide novel insights and new hypotheses in a cost and time-
efficient way, as shown by the COVID-19 research data springing up in just a few 
months after the outbreak44. Besides, the omics studies are capable to prioritize key 
molecules for a disease from large datasets, which may reduce the cost and improve 
the efficacy in the discovery of drug targets45. There remain many limitations of 
omics studies, with some discussed earlier, and we still look at the pieces of the 
full picture. The validation of identified targets or biomarkers still relies on the 
experimental models as used in the traditional hypothesis-driven designs. However, 
we anticipate that an increasing number of multi-omics study will emerge, together 
with the traditional hypothesis-driven approaches, and that this will push medical 
research, personalised medicine and translational medicine forward in the future.
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