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Abstract
Background Chronic respiratory diseases have become a nonnegligible cause of death globally. Although
smoking and environmental exposures are primary risk factors for chronic respiratory diseases, genetic
factors also play an important role in determining individual’s susceptibility to diseases. Here we
performed integrated gene-based and pathway analyses to systematically illuminate the heritable
characteristics of chronic respiratory diseases. Methods UK (United Kingdom) Biobank is a very large,
population-based prospective study with over 500,000 participants, established to allow detailed
investigations of the genetic and nongenetic determinants of the diseases. Utilizing the GWAS-
summarized data downloaded from UK Biobank, we conducted gene-based analysis to obtain
associations of susceptibility genes with asthma, chronic obstructive pulmonary disease (COPD) and
pneumonia using FUSION and MAGMA softwares. Across the identi�ed susceptibility regions, functional
annotation integrating multiple functional data sources was performed to explore potential regulatory
mechanisms with INQUISIT algorithm. To further detect the biological process involved in the
development of chronic respiratory diseases, we undertook pathway enrichment analysis with the R
package (clusterPro�ler).  Results A total of 195 susceptibility genes were identi�ed signi�cantly
associated with chronic respiratory diseases ( P bonferroni <0.05), and 28/195 located out of known
susceptibility regions (e.g. WDPCP  in 2p15). Within the identi�ed susceptibility regions, functional
annotation revealed an aggregation of credible variants in promoter-like and enhancer-like histone
modi�cation regions and such regulatory mechanisms were speci�c to lung tissues. Furthermore, 110
genes with INQUISIT score ≥1 may in�uence diseases susceptibility through exerting effects on coding
sequences, proximal promoter and distal enhancer regulations. Pathway enrichment results showed that
these genes were enriched in immune-related processes and nicotinic acetylcholine receptors pathways. 
Conclusions This study conducted an integrated gene-based and pathway strategy to explore the
underlying biological mechanisms and our �ndings may serve as promising targets for future clinical
treatments of chronic respiratory diseases.

Background
With an aging global population, chronic respiratory diseases are growing up to be a more prominent
cause of death and disability [1]. According to the data from the Global Burden of Diseases (GBD) 2017,
chronic respiratory diseases have caused 3.91 million deaths, accounting for 15.8% of all-aged deaths
globally [2]. Among chronic respiratory diseases, chronic obstructive pulmonary disease (COPD) and
asthma are common obstructive diseases characterized by persistent air�ow limitation and decline of
lung function [3]. Infectious lung diseases are mainly accompanied by a massively activated
in�ammatory response [4]. Although smoking and environmental exposures are primary risk factors for
chronic respiratory diseases, genetic factors also play an important role in determining individual’s
susceptibility to diseases [5-7], which could inform drug target identi�cation, risk prediction, and strati�ed
prevention or treatment.

https://www.sciencedirect.com/topics/medicine-and-dentistry/global-disease-burden
https://www.sciencedirect.com/topics/medicine-and-dentistry/chronic-obstructive-pulmonary-disease
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Previous genome-wide association studies (GWASs) have identi�ed dozens of variants associated with
chronic respiratory diseases [8-10]. However, genome-wide signi�cant loci only account for a small
proportion of the genetic variants, which is insu�cient to dissect the complex genetic structure. Besides,
a single SNP typically has only mild effects while the common diseases are often in�uenced by the joint
effects of multiple loci within a gene or the joint action of multiple genes within a pathway [11]. Thus, by
integrating the effects of a group of genetic variants, the gene-based and pathway enrichment analyses
can help us holistically unravel the mechanisms of complex diseases [12].

Recently, alternative approaches were developed to perform the gene-based analysis. One way was to
integrate functional data with GWAS association results to explore the underlying biological
mechanisms. For example, Gusev et al. introduced a method, referred as transcriptome-wide association
study (TWAS), integrating gene expression data with large scale GWAS data to estimate the association
of each gene to disease [13]. An additional approach was to aggregate variants to the level of the whole
gene and detect the joint association of all variants in the gene with the phenotype. For instance, VEGAS
performs permutation based simulation [14, 15], MAGMA employs multiple linear regression [16] and
Pascal computes sum and maximum of chi-squared statistics [17] to obtain gene-based P-values. In this
work, we carried out the gene-based analysis using TWAS strategy and MAGMA software to identify
novel susceptibility genes for chronic respiratory diseases. Then, the identi�ed genes were utilized to
perform pathway enrichment analysis to explore the potential biological process. Our study provides
important insight into a deeper understanding of the pathogenesis involved in chronic respiratory
diseases.

Methods
Study design and data preparation

UK Biobank

The UK Biobank (UKB) cohort is a major data resource that contains genetic as well as a wide range of
phenotypic data of ~500,000 participants of European ancestry aged 39-73 years at recruitment [18].
Genotyping was conducted using the Affymetrix UK BiLEVE Axiom or Affymetrix UK Biobank Axiom array.
These arrays were augmented by imputation of ~90 million genetic variants from the 1000 Genomes and
UK10K projects, Haplotype Reference Consortium. Detailed information of cohorts, genotyping,
imputation, quality control approaches, and association analysis please refer to the published studies [19,
20].

Phenotype selection

We paid attention to the susceptibility mechanisms modi�ed by genetic mutations for chronic lower
respiratory diseases. Phenotypes with more than 5,000 cases were selected for subsequent analyses,
including asthma with 28,628 cases, COPD with 9,266 cases and pneumonia with 9,774 cases. All
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individuals clinically de�ned from hospital episode statistics were coded as cases, while all other
individuals were considered as controls [20].

GWAS summary datasets

We downloaded the summarized data of genome-wide imputed variants from GeneALTAS website
(http://geneatlas.roslin.ed.ac.uk). We included variants with the quality score of imputation >0.9 and
13,324,371 SNPs remained. We further performed the quality control based on European population from
1000 Genomes Project (Phase 3) with the following criteria: (i) variants having a minor allele frequency
(MAF) >0.01; (ii) variants deviated from the Hardy-Weinberg equilibrium (P>1.0×10-6). After the procedure
of quality control, 7,330,104 variants were �nally retained for the following analysis. The study design is
shown in Figure 1.

Genetic correlations

We calculated the genetic correlations (rg) between diseases using linkage disequilibrium score
regression (LDSC), which requires only GWAS summarized statistics and is not biased by sample overlap
[21]. LDSC quanti�es the extent to which two phenotypes share genetic etiology based on the patterns of
LD found across the genome (https://github.com/bulik/ldsc). A conservative Bonferroni-corrected
method was used to determine signi�cant correlations (Pbonferroni<0.05).

Gene-based analysis

TWAS analysis using FUSION

We downloaded FUSION [13] software (http://gusevlab.org/projects/fusion/) along with its prepackaged
weights for gene expression data in lung tissue derived from the Genotype-Tissue Expression Project
(GTEx). FUSION estimated the heritability of genes explained by cis-SNPs (SNPs within 1 Mb region
surrounding the TSS) and restricted TWAS analysis to include cis-heritable genes (P<0.01). Then, the
effect sizes of cis-SNPs on gene expression (i.e. expression weights) were estimated using predictive
linear models (Elastic Net, LASSO, GBLUP, and BSLMM). For each gene, FUSION estimated the z-score of
the expression and a complex trait (ZTWAS) as a linear combination of the vector of GWAS summary Z
scores at a given cis-locus with weight vector W derived from the reference panels. However, the imputed
z-score of expression and trait (WZ) has variance WVWt, where V is a covariance matrix across SNPs at
the locus (i.e., LD), as:

MAGMA’s gene association test
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The SNP-based P values were used for gene-based analysis using MAGMA [16] software
(http://ctg.cncr.nl/software/magma), a novel tool for gene and gene-set analysis. Total 19,427 protein-
coding genes from the database (NCBI 37.3) were used for SNP annotation. Then, MAGMA used a
multiple regression approach to properly incorporate LD between markers and to detect multi-marker
effects for a genome-wide gene association analysis. For both two gene-based methods, we applied a
stringent Bonferroni correction to account for multiple testing and associations with Pbonferroni <0.05 were
considered as statistically signi�cant.

Functional annotation

Functional enrichment of de�ned CRVs

We �rst de�ned credible risk variants (CRVs) as SNPs located within 500 kb upstream or downstream of
the associated genes and with P values within two orders of magnitude of the most signi�cant SNP in
each locus. To investigate the enrichment of CRVs in chromatin regulatory regions, Fisher’s exact test was
used to estimate the distribution of the above CRVs in active promoter and enhancer regions de�ned in
NHLF and A549 cell types by calculating the fold-enrichment against the background of 1,000 genomes
(other SNPs in the de�ned locus). Chromatin state data in four human cell types of other tissues (HSMM,
HESC, NHEK, and GM12878) were also included in our analysis for comparison. All the histone
modi�cations of promoter and enhancer marks (H3K4me3, H3K9ac, H3K4me1, and K3K27ac) were
downloaded from the UCSC Genome Browser.

Functional annotation using INQUISIT algorithm

To further detect the regulation mechanisms underlying identi�ed genes, we performed functional
annotation with the INQUISIT algorithm [22]. We calculated a score for each gene by assessing the
potential impact of each CRV on regulatory (proximal or distal gene regulation) or coding features. The
INQUISIT score was contributed with multiple lines of evidence including Hi-C chromatin interaction
information, enhancer-target gene predictions, topologically associated domains, histone modi�cation
marks, transcription factor binding sites and expression quantitative trait loci (eQTLs) in lung-related
tissues. Details of the algorithm and scoring strategy have been described previously elsewhere [22].

Functional exploration for the best GWAS SNP

To investigate the genetic effects of variants on gene regulation, we conducted functional annotation for
the best hit in each novel susceptibility region. The best hit was referred to the most signi�cant GWAS
SNP within cis-locus (500 kb upstream or downstream of the susceptibility gene). We performed
annotations for variants within promising genes using ANNOVAR software [23]. The functional effects of
missense variations were predicted using the SIFT [24] and PolyPhen [25] databases. To investigate the
potential function of the association at non-coding regions, we utilized data from the Genotype-Tissue
Expression (GTEx, http://www.gtexportal.org/, version 7) to perform the expression quantitative trait loci
(eQTL) analyses in 383 lung tissue samples. To further map the variants to potential regulatory elements,

http://www.gtexportal.org/
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we annotated SNPs according to the histone Chip-seq (H3K27AC, H3K4ME1, H3K4ME3) peaks and
DNase I hypersensitivity sites (DHS) from ENCODE Project Consortium
(http://genome.ucsc.edu/ENCODE). We downloaded these features measured in NHLF cell lines from the
UCSC genome browser (http://genome.ucsc.edu/).

Pathway enrichment analysis

We performed pathway enrichment analysis on genes with integrated score ≥1 de�ned by functional
annotation to further explore the biological process. The analysis was conducted with the combined
genes of three traits as input considering the high genetic correlations between traits. We used the
Reactome Pathway Database [26] as a reference, which was implemented in R package “clusterPro�ler”
[27]. Bonferroni method was used for multiple correction and pathways with adjusted P-value <0.05 were
retained.

Results
Genetic correlation

To examine the genetic correlation among asthma, COPD and pneumonia, we used LDSC to calculate
genetic correlations with GWAS summarized statistics obtained from UKB. We discovered signi�cant
overall genetic correlations of asthma with COPD (rg=0.70, P=1.20×10-76), asthma with pneumonia

(rg=0.74, P=3.47×10-5) and COPD with pneumonia (rg=1.00, P=1.25×10-5, Supplementary Table 1). We
also assessed genetic correlations of smoking behavior with the above three traits, as expected, we
identi�ed signi�cant correlations of asthma with smoking (rg=0.23, P=3.61×10-18), COPD with smoking

(rg=0.59, P=9.36×10-99), and pneumonia with smoking (rg=0.74, P=3.38×10-06), suggesting that the
correlation between diseases may partially due to smoking.

Gene-based analysis identi�ed signi�cant susceptibility genes

In the gene-based analysis, we totally identi�ed 221 signi�cant associations for the three respiratory
diseases at Bonferroni P-value <0.05, including 195 unique genes (Supplementary Table 2). Of these
genes, 28/195 are located in novel susceptibility regions that independent from those identi�ed by GWAS
or candidate gene strategies (Table 1). We compared TWAS signi�cant associations with those from
MAGMA and found that 30/45 could be veri�ed with nominal P-value <0.05, which further supported the
validity of two gene-based methods. Manhattan plots of genes as well as SNPs associations are
presented in Figure 2.

Approximately half of asthma associated genes reside in the MHC region, indicating the crucial role of
immune response in asthma pathogenesis (Table 1). Nicotinic acetylcholine receptors including CHRNA5,
CHRNA3, and CHRNB4 at 15q25 locus, were found signi�cantly linked to COPD susceptibility, suggesting
that genetic variants integrating environmental exposures such as smoking contributed to the
development of COPD. Besides, IREB2 in this locus was also identi�ed as a susceptibility gene for COPD
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(P=2.94×10-13). However, IREB2 was the only protein-coding gene reached the gene association
signi�cance (P=1.17×10-6) for pneumonia.

Functional annotation

We �rst de�ned a set of credible candidate variants (CRVs) in the identi�ed loci and annotated these
variants with publicly available genomic data. Then, we systematically evaluated these CRVs for evident
of enrichment of genomic features such as histone modi�cation marks. Interestingly, we observed
signi�cant over-representation of these CRVs in promoter-like (H3K4me3 and H3K9ac) and enhancer-like
(H3K4me1 and H3K27ac) histone modi�cation regions, and such enrichment was especially identi�ed in
lung (NHLF) or lung cancer (A549) related cell types (Figure 3, Supplementary Table 3).

We applied the INQUISIT functional annotation strategy to further detect the regulatory mechanisms
underlying identi�ed genes by evaluating the impact of CRVs on coding sequences, proximal promoter
and distal enhancer regulations in each gene locus. Across the identi�ed susceptibility regions, coding
impact evaluation aligned CRVs to two genes, proximal regulatory gene mapping matched CRVs to 80
genes and distal regulatory gene mapping annotated CRVs to 103 genes. This resulted in 110 unique
mapped genes, and only TSPAN8 was implicated by all three mapping strategies (Supplementary Table
4).

To unravel the potential regulatory mechanisms in novel susceptibility regions, we performed functional
annotation for 19 best GWAS SNPs (Supplementary Table 5). The best GWAS SNP rs11178649 at
12q21.1, was signi�cantly associated with the expression of TSPAN8 in 383 GTEx lung tissues
(P=5.40×10-3). Interestingly, we identi�ed a missense variant rs3763978, which was in strong LD
(r2=0.99) with rs11178649, was predicted as ‘probably damaging’ by PolyPhen (PolyPhen-score 0.999)
and had a ‘deleterious’ SIFT-score of 0.033 (Supplementary Table 6). The most signi�cant SNP
rs2084200 near WDPCP was con�rmed to be an eQTL variant for WDPCP in lung tissue based on GTEx
database (P=2.20×10-5, Supplementary Figure 1). Additionally, variants in high LD (r2>0.8) with
rs2084200 reside in the promoter region of CDH1, where exhibits strong interaction with WDPCP identi�ed
by ChIA-PET. The tag SNP rs2416984 at 9q33.3 showed signi�cant association with PBX3 expression
(P=1.80×10-7, Supplementary Figure 2), with its related SNPs (r2>0.8) mainly located in the histone
modi�cation marks targeting both promoters and enhancers in A549 and NHLF cell types. Although the
best GWAS SNP rs17484235 was marginally correlated with the expression of IREB2 (P=0.038,
Supplementary Figure 3), rs17484235 as well as its related variants present strong regulatory signals by
targeting the IREB2 promoter.

Pathway enrichment analysis

To further explore the biological pathways involved in the process of chronic respiratory diseases, we
performed pathway enrichment analysis with 110 functional annotated genes de�ned by INQUISIT
(integrated score ≥1). The result revealed the enrichment of 15 pathways (Padj<0.05) that were involved
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in the immune system and nicotinic acetylcholine receptors signaling, such as PD-1 signaling
(Padj=1.74×10-8), interferon gamma signaling (Padj=2.56×10-5) and presynaptic nicotinic acetylcholine

receptors (Padj=1.72×10-2, Figure 4, Supplementary Table 7).

Discussion
UK Biobank is a very large and detailed prospective study with over 500,000 participants aged 39-73
years when recruited in 2006-2010. Utilizing the GWAS-summarized data downloaded from UK Biobank
website, we performed gene-based analysis and identi�ed 28 susceptibility genes within novel regions
associated with risk of chronic respiratory diseases. Functional annotation revealed that the regulation of
gene expression tended to be a common way in�uencing diseases susceptibility. Pathway enrichment
analysis demonstrated that the implicated genes were mainly aggregated in immune-related processes
and nicotinic acetylcholine receptors pathways, proving the important role of immune system and
smoking behavior in respiratory diseases development. By utilizing an integrated gene and pathway
strategy, our study systematically evaluated susceptibility gene and potential biological process for
chronic respiratory diseases, which provides important insights into the etiology of chronic respiratory
diseases.

Based on the results of gene-based analyses, we newly identi�ed 21 susceptibility genes for asthma, 10
genes for COPD and only one gene for pneumonia. For asthma, WDPCP at 2p15 associated with the
susceptibility of asthma. The expression of WDPCP is signi�cantly regulated by the best GWAS SNP
rs2084200 and its related variants within the cis-locus. WDPCP plays a critical role in regulating planar
cell polarity and ciliogenesis by mediating septin localization [28]. As the ciliated epithelium that covers
the surface of the airways forms an immunologically active natural barrier to invasion and injury, ciliary
dysfunction could increase susceptibility to infection and in�ammation and has been found as a feature
of moderate to severe asthma [29]. Another asthma susceptibility gene, TSPAN8, encodes a cell surface
glycoprotein that mediates signal transduction events in the regulation of cell development, activation
and motility [30]. The lead SNP at the TSPAN8 locus, rs11178649, was in complete LD with rs3763978
(r2=0.99), a missense variant in the exon region of TSPAN8, which causes a glycine to alanine
substitution and was predicted to be deleterious by SIFT and PolyPhen databases. While little is known
about the mechanism of this gene underlying asthma development and further studies are warranted.

The COPD susceptibility gene, PBX3, is one member of TALE class homeodomain family that are
implicated in developmental gene expression through their abilities to form hetero-oligomeric DNA-
binding complexes and function as transcriptional regulators in numerous cell types [31]. The expression
of PBX3 was greatly in�uenced by the lead SNP rs2416984 as well as its related variants at the PBX3
locus. By developing a PBX3-de�cient mice model, Rhee JW et al identi�ed that PBX3 was essential for
the proper development of medullary respiratory control mechanisms and mutations of PBX3 may
promote the pathogenesis of central hypoventilation [32]. Besides, Heguy A’s research observed that
PBX3 was up-regulated in the alveolar macrophages of smokers compared to nonsmokers, indicating the

https://www.sciencedirect.com/topics/medicine-and-dentistry/developmental-gene
https://www.sciencedirect.com/topics/medicine-and-dentistry/dna-binding
https://www.ncbi.nlm.nih.gov/pubmed/?term=Rhee%20JW%5bAuthor%5d&cauthor=true&cauthor_uid=15466398
https://www.sciencedirect.com/topics/medicine-and-dentistry/airway-management
https://www.ncbi.nlm.nih.gov/pubmed/?term=Heguy%20A%5bAuthor%5d&cauthor=true&cauthor_uid=16520944
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potential association between PBX3 and cigarette smoking or COPD [33]. However, the biological
mechanism involved in COPD pathogenesis remains unclear, which needs further investigations.

Consistent with previous study [34], IREB2 was identi�ed as a susceptibility gene for COPD in our study.
Interestingly, we also observed an association between IREB2 and pneumonia susceptibility. IREB2
encodes an RNA binding protein that acts to maintain human cellular iron metabolism by modulating the
expression of those proteins relevant to iron uptake, export, and sequestration [35]. IREB2 variants are in
tight LD with SNPs associated with nicotine addiction. As we all know, conventional cigarette smoking is
an important factor for developing both COPD and pneumonia, and prior studies have demonstrated that
smoking was associated with lung iron imbalance in pulmonary in�ammation [36, 37], supporting a role
for IREB2 in the pathogenesis of COPD and pneumonia.

Formal studies have identi�ed that a subset of current and former smokers develops an asthma-COPD
overlap condition that is associated with gene expression markers of Th2 in�ammation in the airway [38,
39]. Torres A et al. found that adults with chronic conditions and other risk factors such as COPD, asthma,
and smoking are at increased risk of pneumonia [40], indicating shared pathogenic mechanism among
chronic respiratory diseases. Consistent with previous �ndings, our study revealed high genetic
correlations between chronic respiratory diseases, as well as an aggregation of susceptibility genes in
immune-related processes and nicotinic acetylcholine receptors pathways. Furthermore, we conducted
functional annotation to explore potential regulatory mechanisms and found that the credible variants
de�ned in the identi�ed susceptibility regions were primarily mapped to non-coding regions, and showed
a strong over-representation in eQTLs, as well as functional regions such as histone modi�cation marks.
These results suggested that the variants contributed to the development of chronic respiratory diseases
mainly through transcriptional regulation. More importantly, we proved that such genetic mechanisms
were speci�c to lung tissues.

 

Conclusions
In this study, we applied an integrated gene-based and pathway enrichment strategy to explore the
potential susceptibility genes and biological processes involved in the development of chronic respiratory
diseases. Our study identi�ed 28 genes within novel susceptibility regions that are statistically
signi�cantly associated with diseases, providing important insight into the genetic causes of diseases
and giving suggestions to future clinical treatment. However, other respiratory traits with limited cases
such as interstitial lung disease were not included, for the sample size may have an in�uence on the
reliability of the results. Another limitation was that further exploration of the relationship between
smoking status and genetic variant could not be performed due to the lack of smoking information for
UKB samples. Therefore, additional analyses such as strati�ed or interaction analyses are needed to
validate our �ndings, and functional experiments are warranted to unravel the biological mechanisms
behind the associations.

https://www.sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/rna-binding-protein
https://www.sciencedirect.com/topics/biochemistry-genetics-and-molecular-biology/iron-metabolism
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Method Trait Region Gene ChrLocus start Locus end Gene-based P value Bonferroni P value
TWAS Asthma 8p23.1 FAM85B 8 8025341 8084136 2.53E-06 1.96E-02

FAM86B3P 8 8086117 8097552 5.65E-06 4.38E-02
11q12.2 FADS2 11 61588853 61634826 1.04E-06 8.07E-03

COPD 9q33.3 PBX3 9 128509624 128729656 8.91E-08 6.91E-04
MAGMA Asthma 1p36.12 LACTBL1 1 23279536 23291831 2.48E-06 4.45E-02

2p15 WDPCP 2 63348518 64054977 1.19E-06 2.14E-02
3q26.32 TBL1XR1 3 176737143 176915261 1.04E-06 1.87E-02
6q25.1 ZC3H12D 6 149768794 149806197 2.18E-06 3.92E-02
7p22.3 ADAP1 7 940573 995043 4.69E-08 8.44E-04
8p23.1 MFHAS1 8 8640864 8751155 9.95E-07 1.79E-02
9q33.3 DENND1A 9 126145934 126692431 1.09E-06 1.96E-02

10p12.31 MLLT10 10 21823094 22032559 4.47E-07 8.04E-03
11q12.2 FADS2 11 61588853 61634826 1.14E-09 2.06E-05

FADS1 11 61567099 61596790 6.15E-09 1.11E-04
TMEM258 11 61535973 61558075 4.01E-08 7.20E-04

MYRF 11 61520121 61555990 4.10E-07 7.37E-03
FEN1 11 61562813 61564716 4.23E-07 7.61E-03

12q21.1 TSPAN8 12 71518865 71835678 4.07E-07 7.31E-03
13q12.11 PSPC1 13 20248896 20357142 9.61E-07 1.73E-02
13q32.3 UBAC2 13 99853028 100038688 6.18E-10 1.11E-05

GPR183 13 99946784 99959659 4.46E-07 8.01E-03
14q32.12 RIN3 14 92980118 93155339 8.82E-12 1.59E-07
17q21.32 ZNF652 17 47366568 47439478 2.34E-07 4.20E-03

COPD 8p23.1 XKR6 8 10753555 11058875 1.13E-06 2.03E-02
SOX7 8 10587706 10588022 1.34E-06 2.40E-02
PINX1 8 10622473 10691291 1.39E-06 2.50E-02

9q33.3 PBX3 9 128509624 128729656 2.03E-09 3.65E-05
9q34.13 MED27 9 134735494 134955295 8.46E-08 1.52E-03

Pneumonia 2p15 AHSA2 2 61404553 61413216 1.06E-06 1.91E-02
15q25.1 IREB2 15 78729773 78793798 1.17E-06 2.11E-02
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Figure 1

Flowchart for the study design. (1) Gene-based analysis. GWAS-summarized data downloaded from UKB
website was used to perform gene-based analysis using FUSION and MAGMA softwares. Standard
quality control was conducted for eligibility. (2) Functional annotation. A total of 195 genes were
identi�ed signi�cantly associated with chronic respiratory disease risk (Pbonferroni<0.05). Functional
annotation of these genes was performed using multiple functional data sources (promoter, enhancer,
TF) with INQUISIT algorithm. (3) Pathway analysis. A total of 110 genes with INQUISIT score ≥1 were
included in pathway enrichment analysis using R package (clusterPro�ler).
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Figure 2

Manhattan plots for (A) Asthma, (B) COPD and (C) Pneumonia GWAS and gene-based associations. The
top �gure is Manhattan plot for gene-based associations. Each point corresponds to an association test
between gene with asthma/COPD/Pneumonia risk. The red line represents the boundary for signi�cance
(2.78×10-6). The bottom �gure is the GWAS Manhattan plot where each point is the result of a SNP



Page 19/20

association test with asthma/COPD/Pneumonia risk. The red line corresponds to the traditional genome-
wide signi�cant boundary (5.00×10-8).

Figure 3

Functional enrichment of CRVs in histone modi�cation regions for (A) asthma and (B) COPD. 2 cell types
in human lung tissue, NHLF and A549, as well as 4 human cell types of other tissues (HSMM, HESC,
NHEK, and GM12878) were included to investigate the enrichment in H3K4me3, H3K9ac, H3K4me1 and
H3K27ac signals, respectively.
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Figure 4

Pathway enrichment of genes with integrated score ≥1 de�ned by INQUISIT algorithm. We used the
combined results from three traits as input considering the highly genetic correlations between traits. The
intensity of color represents the magnitude of P value.
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