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ABSTRACT
Background: Asthma is highly heterogeneous and severity evaluation is key to asthma 

management. DNA methylation (DNAm) contributes to asthma pathogenesis. This study aimed to 

identify nasal epithelial DNAm differences between severe and non-severe asthmatic children and 

evaluate the impact of environmental exposures. 

Methods: Thirty-three non-severe and 22 severe asthmatic African-American children were included 

in an epigenome-wide association study. Genome-wide nasal epithelial DNAm and gene expression 

were measured. CpG sites associated with asthma severity and environmental exposures and 

predictive of severe asthma were identified. DNAm was correlated with gene expression. Enrichment 

for transcription factor (TF) binding sites or histone modifications surrounding DNAm differences 

were determined. 

Results: We identified 816 differentially methylated CpG positions (DMPs) and 10 differentially 

methylated regions (DMRs) associated with asthma severity. Three DMPs exhibited discriminatory 

ability for severe asthma. Intriguingly, six DMPs were simultaneously associated with asthma, 

allergic asthma, total IgE, environmental IgE, and FeNO in an independent cohort of children. 27 

DMPs were associated with traffic-related air pollution or secondhand smoke. DNAm at 22 DMPs 

were altered by diesel particles or allergen in human bronchial epithelial cells. DNAm levels at 39 

DMPs were correlated with mRNA expression. Proximal to 816 DMPs, three histone marks and 

several TFs involved in asthma pathogenesis were enriched. 

Conclusions: Significant differences in nasal epithelial DNAm were observed between non-severe 

and severe asthma in African-American children, a subset of which may be useful to predict disease 

severity. These CpG sites are subject to the influences of environmental exposures and may 

regulate gene expression.

Keywords: asthma severity, DNA methylation, epigenetics, environmental exposures.

A
cc

ep
te

d 
A

rt
ic

le



This article is protected by copyright. All rights reserved

1 INTRODUCTION

2 Asthma is the most common non-communicable airway disorder of children in the US, and it has a 

3 substantial impact on quality of life 1. According to National Health Interview Survey (NHIS), it is 

4 estimated that the prevalence of asthma in children was 8.3% in 2016 2. However, asthma is still not 

5 controlled well in children. Zahran HS et al reported that in 2013 and 2016, 54% of asthmatic children 

6 experienced at least one asthma attack, 71.1% had routine care visits, 4.7% were hospitalized, and 

7 16.7% had an ED/UC visit associated with an asthma attack in the US 2. Meanwhile, asthma is highly 

8 heterogeneous with a wide range of severity. Different severity levels require different treatments and 

9 have different prognoses 3. Therefore, it is critical to regularly evaluate the severity of asthma to 

10 adjust the therapeutic plan and predict the risk. Presently, symptom scores, lung function, bronchial 

11 provocation test (BPT), EOS% in induced sputum and blood, FeNO, and IgE in blood are commonly 

12 used to evaluate severity and assess how well the asthma is being controlled 4,5. However, due to 

13 the invasiveness of some of these methods, they have limitations in pediatric practice, making an 

14 accurate assessment of asthma severity more difficult in children. A non-invasive method with high 

15 sensitivity and specificity is thus desired to facilitate the evaluation of asthma severity in pediatric 

16 practice. 

17 Accumulating evidence suggests that DNA methylation (DNAm) contributes substantially to the 

18 pathogenesis of asthma and allergy 6-8. Significant differences in DNA methylation between asthma 

19 and non-asthma were observed in both humans 9-12 and animals 13. DNAm is highly tissue- and cell-

20 type specific. Lower airway epithelium is considered the best sample type to study asthma. However, 

21 it is invasive, costly, and dangerous to collect, particularly in children and during asthma attacks. In 

22 contrast, nasal epithelium collection is easy, non-invasive, and more acceptable to the parents and 

23 children. Recently several studies confirmed that nasal epithelium is a biologically relevant proxy and 

24 useful surrogate for lower airway epithelium in asthma 14-16. In addition to aiding asthma diagnosis, 

25 we also showed that DNA methylation can predict the response to steroid treatment in hospitalized 

26 children 17. Despite recent progress, the role of DNAm in asthma severity is not well studied and 

27 DNAm markers associated with the severity of asthma symptoms remain unknown. 

28 In this study, we aimed to identify differences in DNAm in nasal epithelium between severe and 

29 non-severe asthmatic children, and explore how well these differences could predict asthma severity 

30 in children. We also evaluated the impact of environmental exposures known to increase asthma 

31 severity, such as secondhand smoke (SHS) and air pollution, on these markers. Furthermore, we 

32 examined the impact of these DNA methylation markers on gene regulation and proposed possible A
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33 mechanisms based on predicted changes in chromatin modification and binding of transcription 

34 factors. 

35

36 METHODS
37 A full description of the methods used in this study is provided in the Online Supplement Materials. 

38

39 Study populations and definitions
40 The Exposure Sibling Study (ESS) and the Genomics of Secondhand-Smoke Exposure in Pediatric 

41 Asthma Study (GSEP) were approved by the Institutional Review Board at Cincinnati Children’s 

42 Hospital Medical Center (CCHMC). Written informed consent was obtained as previously described 

43 12. Among the asthmatics, asthma severity was defined by symptom frequency using previously 

44 validated respiratory symptom score (maximum respiratory symptom score, maxRSS) 18. Severe 

45 asthma was defined as a symptom score of 3 or 4, while non-severe asthma was defined as a 

46 symptom score of 0, 1 or 2. Allergic children were defined as having a positive doctor’s diagnosis of 

47 allergy. Elemental carbon attributable to traffic (ECAT), approximately 95% of which are diesel 

48 exhaust particles (DEP) 19, herein referred to as traffic-related air pollution (TRAP), was estimated 

49 using previously established methods 20. To determine the association between DNAm and asthma 

50 severity, we combined 29 asthmatics from ESS and 33 asthmatics from GSEP. Nasal cells were 

51 obtained and DNA and RNA were obtained as previously described 12. See Supplemental Methods 

52 for additional details. 

53

54 Illumina bead array processing
55 Genomic DNA from the nasal cells was bisulfite treated and assayed by the Illumina Infinium 

56 HumanMethylation450 BeadChip (Illumina) (29 ESS participants) and by the Illumina EPIC array (33 

57 GSEP participants). After quality assessment 12, the samples that passed the quality control check 

58 were included in the analysis. Array data of ESS were previously deposited to GEO (GSE109446). 

59 Data of GSEP will be deposited to GEO upon manuscript acceptance. See Supplemental Methods 

60 for additional details.

61

62 Statistical Analysis
63 Prior to statistical analysis, data quality and distributions were examined. We used T and Fisher’s 

64 exact tests in SAS 9.4 to compare the demographics and characteristics. DMPs were identified using A
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65 the R package ‘limma’. DMPs were further analyzed using the Python library “comb-p” to identify 

66 differential methylation regions (DMRs). The univariate logistic regression and stepwise model 

67 selection were used to generate a predictive model for asthma severity, which were conducted by 

68 SAS 9.4. The empirical p values and fold of enrichment for overlapping DMPs between this study 

69 and the previous study were calculated by resampling CpGs without associations. See Supplemental 

70 Methods for additional details. 

71  

72 Functional genomics analysis
73 The correlation between gene expression and DNAm was identified by calculating the Pearson 

74 correlation coefficient. HOMER 21 / Cis-BP 22 and RELI 23 analyses were used to search for enriched 

75 TF binding site motifs and ChIP-seq datasets, respectively, as previously described 24.  See 

76 Supplemental Methods for additional details.

77 RESULTS 
78 Demographics and characteristics of asthmatic children. 
79 Subjects included in the current study consisted of 29 children from ESS and 33 from GSEP; 7 

80 children from GSEP without maxRSS were excluded (Supplement Table S1 and Figure 1). Among 

81 the 33 children from GSEP, SHS data were missing for 3 of them (Supplement Table S1), leading to 

82 1 severe asthmatic child without SHS data (Table 1). No significant differences in age, sex, SHS 

83 exposure and current ECAT were observed between participants from ESS and participants from 

84 GSEP. More asthmatics from GSEP were allergic (p=0.035) (Supplement Table S1). When children 

85 with non-severe and severe asthma were compared, no differences in age, sex, SHS, current ECAT, 

86 or allergy were observed (Table 1). According to self-reports, 98% of the subjects were African-

87 American.   
88

89 DNAm is associated with asthma severity in children.
90 After removing CpG sites associated with common genetic variations 12, 816 differentially methylated 

91 positions (DMPs) associated with asthma severity were identified (p<0.05 absolute difference in beta 

92 0.05, Supplementary Table S2). Of the 816, 237 were located in CpG islands, 325 were in open sea 

93 regions, and 254 were in shore and shelf regions (Figure 2 and Table 2), with 136 residing within 

94 1500bp upstream of the transcription start site (Supplementary Table S2). When examining the 

95 direction of DNAm changes, we found that compared with non-severe asthma, 441 DMPs had 

96 reduced while 375 had increased DNA methylation in severe asthmatics (Table 2). The genomic A
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97 distribution of DMPs between hypomethylated and hypermethylated CpG sites significantly differed 

98 (p<0.001), with more hypermethylated CpG sites located in shore and shelf regions, while more 

99 hypomethylated sites were located in islands.    

100 Among the 816 DMPs associated with asthma severity, 498 DMPs were annotated to 398 genes, 

101 while 318 DMPs had no known gene annotation (Supplementary Table S2). In 59 genes, we 

102 observed multiple DMPs close together within a relatively small region (Supplementary Table S2), 

103 suggesting that these DMPs form differentially methylated regions (DMRs). Indeed, our DMR 

104 analysis revealed 10 regions (at least 3 DMPs spanning 2000 base pairs) that are significantly 

105 different between non-severe and severe asthmatics (Supplementary Table S2). 

106 Subsequently, pathway analysis was performed to explore the enriched pathways among genes 

107 with DMPs. Sixteen significantly enriched pathways were identified (Supplementary Figure S1). The 

108 significantly enriched pathways associated with asthma include Signaling by Rho Family GTPases 25, 

109 Gαs Signaling 26, Eicosanoid Signaling 27, Cardiac β-adrenergic Signaling 28, and CREB Signaling in 

110 Neurons 29.

111

112 Nasal DNA methylation levels predict asthma severity in children.  
113 We explored the predictive value of DNAm for asthma severity. Out of the 816 DMPs associated with 

114 asthma severity, 39 showed discriminant power (AUC>0.75 in uni-variable logistic regression, 

115 Supplementary Table S2). Stepwise model selection with the 39 sites further narrowed the model 

116 down to three DMPs (cg06654369, cg07463541, and cg19551589). When combined, these three 

117 sites predicted asthma severity with an area under the ROC curve of 0.9683 (Figure 3, predicted 

118 probability cutoff=0.68, sensitivity=0.86, specificity=0.97). cg07463541 was associated with PCDHA2, 

119 while cg19551589 was associated with UCKL1; the roles of both genes in the regulation of asthma is 

120 unclear. These results suggest a potential value of DNAm in predicting asthma severity. 

121

122 CpG sites associated with asthma severity are associated with asthma status and clinical 
123 features of asthma in an independent cohort of children. 
124 We further explored whether the 816 nasal DMPs associated with asthma severity were associated 

125 with asthma status and other asthma-related features from another nasal epithelial EWAS study in 

126 children 30. We identified numerous DMPs associated with asthma status (n=50, p=0.002, 1.6 fold 

127 enrichment), allergic asthma (n=46, p=0.039, 1.4 fold), bronchodilator response (BDR) (n=38, 

128 p=0.029, 1.4 fold), environment IgE (n=48, p=0.004, 1.5 fold), total IgE (n=59, p=0.009, 1.4 fold), A
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129 FeNO (n=85, p=0.011, 1.3 fold), and FEV/FVC z-score (n=51, p=0.008, 1.4 fold) in Project Viva 

130 participants (n=547) (Supplementary Table S3). In clinical practice, IgE and FeNO are commonly 

131 used parameters to diagnosis or phenotype asthma and are highly associated with allergy in asthma 

132 31. Six DMPs were associated with asthma severity and asthma status, allergic asthma, total IgE, 

133 environment IgE, and FeNO (Supplement Table S3). Although the roles of genes annotated to these 

134 six DMPs (TMEM51, WDR25, HIPK3 and KLF11) in asthma remain unclear, these data support the 

135 involvement of identified DMPs in regulation of asthma severity. 

136

137 Asthma-severity associated DMPs are associated with exposures to TRAP and SHS in 
138 children, and responsive to allergen and diesel particles in HBECs. 
139 Traffic-related air pollution (TRAP) and secondhand smoke (SHS) exposure are risk factors of 

140 asthma, particularly in early life 12,32,33. Among 816 DMPs associated with asthma severity, 11 DMPs 

141 also associated with TRAP exposure (11 fold enrichment, p<0.001) (Supplementary Table S2). 

142 Meanwhile, 16 DMPs associated with SHS exposure (16 fold enrichment, p<0.001) (Supplementary 

143 Table S2). As a significant contributor to particulate matter in TRAP exposure, DEP is known to 

144 exacerbate asthma phenotypes. Exposure to HDM is also known to cause allergic asthma. Our 

145 previous study identified CpG sites with DNAm changes following DEP and HDM challenges in 

146 human bronchial epithelial cells (HBECs) 24. Interestingly, 13 out of the 816 CpG sites underwent 

147 changes in DNAm when HEBCs were exposed to DEP (2.6 fold enrichment, p=0.003) and 9 CpG 

148 sites underwent DNAm changes when exposed to HDM (2.3 fold enrichment, p=0.036) 

149 (Supplementary Table S4). Collectively, these data support that genes regulating asthma severity 

150 may be influenced by exposures through regulation of DNAm. 

151

152 Asthma severity-associated DMPs correlate with gene expression and are located near TF 
153 binding sites and histone marks.  
154 To evaluate the biological function of the 816 DMPs associated with asthma severity, we examined 

155 the correlation between DNAm and gene expression in the 17 asthmatic children from GSEP study 

156 who also had available RNA-seq data. Among these 17 asthmatics, 4 had severe asthma, 7 had 

157 mild-moderate and 6 had missing severity. The DNAm in 39 DMPs significantly correlated with 

158 mRNA in 38 genes (p<0.05, |r| ranges from 0.48-0.76, Supplementary Table S5). Twenty-three 

159 DMPs showed negative correlations and 16 showed positive correlations, suggesting a possible role 

160 of these DMPs in regulation of gene expression. Two DMPs (cg18415791 and cg03174521) were A
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161 associated with the same gene, OSBPL5. Among these 38 genes, ACOT7 30, CCR1 34, COL18A1 35, 

162 FGR 36, FAM13A 37, and PTGER4 38 have previously been linked to asthma pathogenesis. No 

163 significant correlations were found in the CpG sites annotated to PCDHA2 and UCKL1.

164 To better understand the potential functions of DMPs associated with asthma severity in 

165 children, bioinformatic analyses were used to identify possible transcription factor (TF) binding site 

166 and histone marks around all 816 DMPs. Using HOMER 21 and human TF binding site motifs 

167 contained in the Cis-BP database 22, we identified enriched binding sites for several TFs within a 

168 200bp window containing identified CpG sites (Figure 4A and Supplementary Table S6), including 

169 TFs known to be involved in lung development and morphogenesis (FOXA1), linked to cytokine 

170 production and response to bacterial/viral infection (AP-1). The same TFs were also identified in a 

171 RELI analysis, which leverages available ChIP-seq datasets in cells and tissues for TFs (Figure 4B 

172 and Supplementary Table S6). Binding sites for TFs known to be highly associated with asthma, 

173 such as AP-1 (FOS, JUN, and FOSL2) 39, GATA1 40, RUNX1 41, GATA3 42, and SMAD3 43, were 

174 enriched in the RELI analysis. A similar RELI analysis for histone marks showed significant 

175 enrichment for H3K9me3, H3K4me1, and H3K27me3 histone marks (Figure 4C and Supplementary 

176 Table S6). H3K4me1 is an active histone mark associated with gene enhancers 44, and H3K9me3 

177 and H3K27me3 are repressive histone marks often found at promoters 45. In conclusion, our data 

178 indicate that CpG sites associated with asthma severity may function to regulate binding of particular 

179 TFs and histone modifiers, which in turn regulate asthma severity in children. 

180

181 Discussion     
182 In this study, DNAm and RNA expression in nasal epithelium of asthmatic African-American children 

183 were analyzed at a genome-wide scale. We found that 816 DMPs and 10 DMRs were associated 

184 with asthma severity. Three DMPs showed promising ability to distinguish severe from non-severe 

185 asthma. Six DMPs were found to be associated with asthma, allergy asthma, total IgE, environment 

186 IgE, and FeNO simultaneously in an independent cohort of children 30. We also found that DMPs 

187 associated with asthma severity are associated with TRAP and SHS among asthmatic children. 

188 Additionally, some of these sites underwent DNAm changes following DEP and HDM exposures in 

189 HBECs 24. To evaluate the possible biological function of these DNAm changes, we found that 

190 DNAm levels at 39 DMPs significantly correlated with corresponding changes in mRNA levels. There 

191 is significant enrichment of three regulatory histone marks and a number of binding sites associated 

192 with TFs known to be involved in asthma pathogenesis around these regions. Taken together, these A
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193 results indicate that asthma severity may be regulated by DNAm in children and provide evidence 

194 supporting DNAm as an interface between environment factors and asthma severity. These DMPs 

195 (especially cg06654369, cg07463541, and cg19551589) could potentially be used to assess or 

196 predict asthma severity in children. 

197 DNAm plays an essential role in the pathogenesis of many diseases, including asthma and 

198 allergy 6,7,9,10,46. To date, lower airway biopsies are the best available sample type to study asthma-

199 related biological processes in humans. However, it is invasive and difficult to collect, particularly in 

200 children and during asthma attacks. Additionally, DNAm is highly tissue- and cell-type specific. 

201 Recent studies showed that the methylation patterns of peripheral blood mononuclear cells and 

202 airway epithelial cells were not well correlated in asthma 14,47 and other lung diseases 48. 

203 Nevertheless, accumulating evidence indicates that the nasal epithelium is a biologically relevant 

204 proxy for the lower airway epithelium in asthma and are better biomarkers for asthma prediction 

205 14,15,47. Several studies 10,14,15,30,49, consistent with our previous studies 11,12, identified significant 

206 DNAm differences in nasal epithelium between asthmatic and non-asthmatic children. Compared to 

207 other sample collection techniques, nasal epithelium collection is easy, non-invasive, and more 

208 acceptable to the parents and children. Nasal epithelium DNAm analysis represents a promising test 

209 in asthma, especially for children. However, no previous studies have yet identified DNAm variation 

210 associated with the severity of childhood asthma. 

211 In this study, the role of nasal epithelium DNAm in asthma severity (defined as symptom 

212 frequency) was explored in AA children. Then, 816 DMPs and 10 DMRs associated with asthma 

213 severity were identified. Sixteen pathways were significantly enriched among the 398 genes 

214 associated with these DMPs. Fifty-nine genes have multiple DMPs (2). Several of these genes, 

215 including LTB4R2 50, DPP10 51, IL17RA 52, CYFIP2 53, DNAH5 54, MRPL28 55, and PTPRN2 56, are 

216 critical in different aspects of asthma. Among genes associated with the DMRs, LTB4R2 is essential 

217 for leukotriene B4 (LTB4) synthesis. LTB4 levels in exhaled breath condensate (EBC) significantly 

218 correlated with asthma severity in children 57. The leukotriene system is a critical pharmacological 

219 target of asthma 58. Additionally, polymorphisms of DPP10 were associated with asthma and related 

220 traits 59. Zhang Y et al showed that HDM-induced AHR and airway inflammation in DPP10 mutant 

221 mice were more severe than in wild-type mice 51, providing in vivo evidence supporting the protective 

222 role of DPP10 in regulation of asthma severity. Among the 816 DMPs, we also found that three 

223 DMPs had the greatest values in the prediction of asthma severity in children. High sensitivity and 

224 specificity are always desired in predictive/classification models. Our logistic regression is still a A
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225 probability model, and future studies will be needed to further suggest applicable cutoff values for 

226 these three DMPs to maximize sensitivity and specificity in asthma severity classification. Additional 

227 studies are also needed to elucidate the role of genes associated with these three DMPs in asthma. 

228 We further sought to identify DMPs associated with asthma severity that were also 

229 associated with asthma and asthma-related phenotypes in previous studies 30. Since IgE and FeNO 

230 are critical markers for asthma phenotype assessment in clinical practices, we were excited to find 

231 six DMPs (annotated to TMEM51, WDR25, HIPK3, and KLF11) simultaneously associated with 

232 asthma severity in this study, and asthma status, allergy asthma, total IgE, environment IgE, and 

233 FeNO from a recent EWAS study using nasal DNA from children 30. KLF11 belongs to the Sp1-like 

234 zinc finger transcription factor family, which is essential in inflammation 60 and cell growth and 

235 differentiation 61. However, the role of KLF11 in asthma is still unclear. Collectively, the role of these 

236 genes in regulation of asthma severity needs further investigation. 

237 It is well-known that both air pollution and SHS exposure are significant risk factors for 

238 asthma 62. By examining DMPs associated with both asthma severity and TRAP or SHS, we 

239 identified two genes (RBMS1 and CPEB1) that are possibly important in mediating the impact of 

240 exposures on asthma severity. Additionally, it is reported that HDM and DEP exposures play critical 

241 roles in the pathogenesis and exacerbation of asthma 63. Our findings that some of the CpG sites 

242 associated with asthma severity underwent DNAm changes following exposures to DEP or HDM in 

243 HBECs support that DNAm mediates the effects of environmental exposures on the severity of 

244 childhood asthma. 

245 We also explored possible mechanisms through which DNAm regulates gene expression and 

246 asthma severity. Through HOMER and RELI analyses, predicted and experimentally determined 

247 binding sites for several TFs that play critical roles in asthma, particularly AP-1 (FOS, JUN, and 

248 FOSL2), FOXA1 and RUNX1, were enriched in regions near CpGs associated with asthma severity. 

249 Moreover, our data identified enrichment for three regulatory histone marks associated with 

250 functional gene regulatory elements around CpG sites associated with asthma severity. Meanwhile, 

251 we found that DNAm levels of 39 DMPs significantly correlated with mRNA levels in children with 

252 RNA-seq data available. Additionally, it was reported that histone modifications were essential for the 

253 pathogenesis and progression of asthma 64,65, which regulates gene function together with or 

254 independent of DNAm. Therefore, DNAm may influence both TF binding and histone modifications to 

255 regulate gene expression and contribute to asthma severity in children. Further studies need to be 

256 performed to explore these interactions. A
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257 There were several strengths in our study. Firstly, both DNA methylation modification and 

258 gene expression in nasal epithelium from the same individual were measured. Thus, correlations 

259 between DNA methylation changes and gene expression were determined to infer the functional 

260 impact of DNAm on gene expression. Secondly, computations analysis leveraging existing omics 

261 data was used to infer potential mechanisms through which asthma-severity associated-DNAm 

262 variation regulate gene expression. Lastly, data from relevant EWAS studies were obtained to 

263 support the relevance of our findings. While asthma severity and allergic co-morbidity were defined 

264 by symptom frequency scores rather than lung function, frequency of exacerbations, or skin prick 

265 tests, these scores have been validated18. Although we didn’t have access to a cohort that exactly 

266 matches with our discovery cohort to replicate our findings, we were able to find validation in 

267 published studies. Data on asthma and allergy medication use was not available; this is a limitation 

268 of these datasets. Additionally, due to our limited sample size, nominal p values were used in 

269 combination with effect sizes to enhance statistical powers. Some of the analyses were performed 

270 post-hoc, such as the correlations between DNAm and RNA-seq. These put our study at a higher 

271 risk of false positive findings. Future sufficiently powered studies will be needed to study the 

272 relationships between DNAm, gene expression and asthma severity. Our findings are from 

273 participants that primarily self-reported as African American. This, on one hand, reduced confounding 

274 factors in our analysis; however, on the other hand, findings from this cohort need to be replicated in 

275 other races to make them more generalizable. Nevertheless, the association of a subset of CpG sites 

276 with clinical features relevant to asthma severity in an independent cohort of children support the 

277 involvement of these CpG sites in regulation of asthma severity. Though further investigation is 

278 warranted, our study, for the first time, showed that DNA methylation was associated with asthma 

279 severity in children, demonstrating its potential value in clinical practice and suggesting possible 

280 mechanisms that regulate gene expression in severe asthma.

281

282 Conclusions
283 In summary, we observed significant differences in DNAm between non-severe and severe 

284 asthmatic children, a subset of which showed promising ability to distinguish severe asthma from 

285 non-severe asthma. A small but significant portion of the CpGs associated with disease severity 

286 were associated with clinical features of asthma in an independent cohort of children, which further 

287 supports the involvement of these identified CpGs in regulation of asthma severity. Several CpG 

288 sites were also associated with asthma-related exposures, suggesting that they may play a role in A
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289 mediating the impact of exposures on disease severity. These DNAm variations correlate with 

290 changes in gene expression and are predicted to modify the binding of transcription factors known to 

291 be involved in asthma.  A group of asthma severity-associated genes were identified, providing novel 

292 candidate genes to be studied in vivo in future studies.
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Table 1. Demographics and characteristics of subjects with non-severe and severe asthma   

Non-severe 
asthma

(N=33)

Severe 
Asthma

(N=22)

p

Age (years), [mean (SD)] 12.6 (2.4) 13.7 (3.0) 0.168

Sex 1.000

Male [n (%)] 16 (48.5) 10 (45.5)

Female [n (%)] 17 (51.5) 12 (54.5)

Race (self-reported) 1.000

African American [n (%)] 32 (96.9) 22 (100)

Other [n (%)] 1 (3.1) 0 (0.0)

SHS *0.784

Yes [n (%)] 19 (57.6) 13 (59.1)

No [n (%)] 14 (42.4) 8 (36.4)

     Missing [n (%)] 0 (0.0) 1 (4.5)

Current ECAT 1.000

≥0.4 [n (%)] 11 (33.3) 7 (31.8)

<0.4 [n (%)] 21 (66.7) 15 (68.2)

Allergy *0.346

Yes [n (%)] 20 (60.6) 17 (77.3)

No [n (%)] 10 (30.3) 4 (18.2)

     Missing [n (%)] 3 (9.1) 1 (4.5)

Allergy symptom score (median (IQR)) 2 (1-2) 5 (5-7) <0.001

ACT score [mean (SD)] 21.0 (3.0) 19.6 (3.3) 0.326

Note: Age is shown as mean (SD) and compared using t test; allergy symptom scores are compared using 

Wilcoxon rank sum test; other variables are shown as frequency (proportion) and compared using Fisher’s 

exact tests. * missing values were excluded from the Fisher’s exact tests. 

ESS: Exposure Sibling Study; GSEP: Genomics of Secondhand-Smoke Exposure in Pediatric Asthma Study; 

SHS: Secondhand smoke; ECAT: Elemental Carbon Attributable to Traffic; ACT: Asthma Control Test (only A
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available for ESS participants).
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Table 2. Genomic distributions of DMPs between non-severe and severe asthmatic children 
(Severe minus Non-severe asthma).  

DMPs

DNAm decreased DNAm increased p*

Island (Blue) 167 (38%) 70 (19%) <0.001

Open sea (Green) 165 (37%) 160 (43%)

Shore and shelf (Red) 109 (25%) 145 (39%)

*Chi-square test
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Figure Legends
Figure 1. Flow chart of the study. In this study, data from 55 African-American asthmatic children 

from ESS and GSEP were analyzed. DMPs associated with asthma severity, environmental 

exposures and predictive of severe asthma were identified in nasal cells. The correlation between 

the DNAm levels and gene expression was then explored. Enrichment for transcription factors (TFs) 

binding sites and histone modifications surrounding DNAm differences were determined. 

Abbreviations: ESS: Exposure Sibling Study; GSEP: Genomics of Secondhand-Smoke Exposure in 

Pediatric Asthma Study; DMPs: Differentially methylated CpG positions; AUC: Area under the curve; 

ROC: Receiver operating curve; TF: Transcription factor; HDM: House dust mite; DEP: Diesel 

exhaust particles; IgE: Immunoglobulin E; FeNO: Fractional exhaled nitric oxide; FEV: Forced 

expiratory volume; FVC: Forced vital capacity; TRAP: traffic-related air pollution; SHS: Secondhand 

smoke 

Figure 2. DNAm is significantly different between non-severe and severe asthmatic children. 

Volcano plot of DMPs identified between non-severe and severe asthmatic children. X axis= severe 

minus non-severe. Significant DMPs are colored according to genomic locations. Blue: Island; Green: 

Open sea; Red: Shore and shelf. DMPs found in Figure 3 were labeled in triangles. 

Figure 3. ROC Curve of combined three DMPs (cg06654369, cg07463541, and cg19551589) in 

prediction of severe asthma in children. A probability model was used. AUC=0.9683 with predicted 

probability cutoff=0.68, sensitivity=0.86, specificity=0.97. 

Figure 4. Enriched regulatory protein binding events and histone marks within DMPs associated with 

asthma severity. (A) TF binding site motifs enriched within the DNA sequences flanking DMPs 

associated with asthma severity by HOMER. (B) ChIP-seq peaks enriched within the regions flanking 

DMPs associated with asthma severity. ChIP-seq peaks with at least one significant result (P<0.001) 

are shown. For figure panels in A and B, the Y-axis indicates regulatory proteins (e.g., TFs), in 

decreasing order of significance. The X-axis indicates the significance (-log P-value). The size of 

each circle indicates the fold-enrichment relative to background (see Methods). (C) ChIP-seq peaks 

for particular histone marks enriched within the regions flanking DMPs associated with asthma 

severity. Histone marks with at least one significant result (P<0.01) are shown. The Y-axis indicates 

histone marks from experiments performed in a variety of cell types, in decreasing order of A
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significance. The X-axis indicates the significance (-log P-value). The size of each circle indicates the 

fold-enrichment relative to background (see Methods). 
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Supplementary Information 

Methods 

Study populations and definitions 

The Exposure Sibling Study (ESS) was approved by the Institutional Review Board at 

Cincinnati Children’s Hospital Medical Center (CCHMC). Written informed consent was 

obtained as previously described 1. Briefly, African-American (AA) children ages 5-17 and 

young adults of 18 years old were included in this study. Parents reported their child’s asthma 

diagnosis, and this diagnosis was confirmed via electronic medical records. Nasal epithelial 

samples were collected at the same visit, and height and weight were recorded. All nasal 

samples contained >90% epithelial cells, similar to our previous findings 2. Electronic surveys 

(Research electronic data capture (REDCap) software) 3 captured information including 

asthma onset, diagnosis, symptoms, severity, quality of life, medication, environmental 

exposures, social histories and residential address for the first year of life and for the past 5 

years. Elemental carbon attributable to traffic (ECAT), approximately 95% of which are diesel 

exhaust particles (DEP) 4, herein referred to as traffic-related air pollution (TRAP), was 

estimated using previously established methods 5. Current exposure was derived using the 

child’s current address. The Genomics of Secondhand-Smoke Exposure in Pediatric Asthma 

Study (GSEP) 1 was also approved by the Institutional Review Board at CCHMC. Written 

informed consent was obtained from each participant or the participant’s parent or legal 

guardian before study participation. Asthmatic African-American children aged 5-17 and 

young adults aged 18 were screened from the Allergy and Pulmonary Clinics at CCHMC. 

SHS exposure was determined by questionnaire and confirmed by urine cotinine using 



TobacAlert™, and nasal epithelial samples were collected.  

Among the asthmatics, asthma severity was defined by symptom frequency using our 

previously validated respiratory symptom score 6. Allergic children were defined as having a 

positive doctor’s diagnosis of allergy per questionnaire. Via questionnaire, the parent(s) of the 

participants reported how many times per week over the past 12 months the participant had 

coughed without a cold, wheezed or had a high pitched sound in the chest, and had 

shortness of breath or chest tightness/pain. The frequencies were reported (and scored) as: 

Never (0), Less than 1 (1), 1-2 (2), 3-5 (3) and 6-7 (4) times per week. The maximum 

respiratory symptom score (maxRSS) was calculated by taking the maximum score across 

the 4 symptom questions. Severe asthma was defined as a symptom score of 3 or 4, while 

non-severe asthma was defined as a symptom score of 0, 1 or 2. To determine the 

association between DNAm and asthma severity, we combined 29 asthmatics from ESS and 

33 asthmatics from GSEP. 

 

Nasal sample collection and DNA/RNA extraction 

Nasal epithelial cell or nasal mucosa sampling was performed on each participant with a 

CytoSoft Brush (Medical Packaging Corp, Camarillo, CA, USA), and the samples were 

immediately taken to the laboratory for processing. Nasal samples collected contained >90% 

epithelial cells, similar to our previous findings 1,2,7. DNA and RNA were extracted with the 

AllPrep DNA/RNA Micro kit (Qiagen, Hilden, Germany) according to the manufacturer’s 

protocols.  

 



Illumina bead array processing 

Genomic DNA from the nasal cells was bisulfite treated and assayed by the Illumina Infinium 

HumanMethylation450 BeadChip (Illumina) (29 participants in ESS) and by the Illumina EPIC 

array (33 participants in GSEP). After quality assessment 1, the samples that passed the 

quality control check were included in the discovery analysis. The signal intensities were then 

background-adjusted using out-of-band probes (noob), and normalized using subset-quantile 

within array normalization (swan) with the R package “minfi”.  Beta values were then 

calculated as 𝑏𝑒𝑡𝑎 =
𝑠𝑖𝑔𝑛𝑎𝑙𝑚𝑒𝑡ℎ𝑦𝑙𝑎𝑡𝑖𝑜𝑛

𝑠𝑖𝑔𝑛𝑎𝑙 𝑚𝑒𝑡ℎ𝑦𝑙𝑎𝑡𝑖𝑜𝑛+ 𝑠𝑖𝑔𝑛𝑎𝑙𝑢𝑛𝑚𝑒𝑡ℎ𝑦𝑙𝑎𝑡𝑖𝑜𝑛+100
  and used in the analyses of the 

array data. In the epigenome-wide association analyses, the M value was also generated as 

𝑀 = 𝑙𝑜𝑔2
𝑚𝑒𝑡ℎ𝑦𝑙𝑎𝑡𝑖𝑜𝑛 %

1−𝑚𝑒𝑡ℎ𝑦𝑙𝑎𝑡𝑖𝑜𝑛 %
 and examined to ensure statistical robustness. After excluding CpG 

sites that were not detected in all samples at the p=0.01 level and CpGs located on the X or Y 

chromosomes, a total of 432361 sites overlapping between 450K chip and the Epic array 

were used for epigenome-wide association. When interpreting the results, we focused on 

sites without single nucleotide polymorphisms (SNPs) located at the C or G (see SNP 

annotation below). Array data of ESS were previously deposited to GEO (GSE109446). Data 

for GSEP will be deposited to GEO upon manuscript acceptance. 

 

Beadchip SNP annotation and removal 

To examine whether reported sites from Illumina Epic Arrays overlapped with any known 

polymorphisms, common SNPs from dbSNP 142 table with minor allele frequency (MAF) ≥1% 

were extracted and used to annotate these sites. The majority of the reported array sites do 

not contain strand-specific information and are CpG dinucleotides. These reported 1bp site 



along with their consecutive downstream bases were checked for overlaps with any known 

common SNPs. A small portion of the reported array sites do have strand-specific information 

and are non-CpG methylation sites (CHG, H=A, C, T). For these sites, only the reported 1bp 

site was examined. When a site was found to be overlapping with a polymorphism, a binary 

indicator along with allele information, rsid, and observed strand were added to the reported 

array site as annotations. CpG sites with common SNPs at C or G were removed from further 

association studies.  

 

Statistical Analysis 

Prior to statistical analysis, data quality and distributions were examined. We used T and 

Fisher’s exact tests in SAS 9.4 to compare the demographics and characteristics. DMPs 

were identified using the R package ‘limma’, in which beta or M values were regressed 

against age and sex. To correct for batch effects and biases caused by unknown confounders 

such as cell composition, we performed surrogate variable analysis (sva) using the R 

package ‘sva’. Significant surrogate variables (SVs) were included in the regression models. 

CpG sites identified in analyses of both beta and M (p < 0.05); sites that exhibited a difference 

in beta between groups of at least 5% were considered DMPs. DMPs were further analyzed 

using comb-p to identify differential methylation regions (DMR).  

To generate a predictive model for asthma severity using DMPs identified from the 

epigenome-wide association analysis, we first performed univariate logistic regression for 

each of the DMPs. DMPs significantly (p<0.05) associated with asthma severity with 

AUC>=0.75 were entered to a stepwise model selection. The Bayesian information criterion 



(BIC) and significance level (P<0.05) were separately used as the criteria for model selection; 

DMPs selected by both methods were used in the predictive model. This DMP selection 

analysis was conducted with SAS 9.4.      

To examine whether the non-SNP CpG sites we identified that associated with asthma 

severity showed increased presence in previously reported results, we generated a pool of 

negatives that consisted of 416951 non-SNP CpGs not associated with asthma severity. 

From the pool, a random set of 816 CpG sites were selected, compared with the previously 

published results, and number of CpG sites overlapping were recorded. The process was 

repeated 1000 time, and the mean number of overlapping sites was calculated over the 1000 

repeats. the enrichment was defined as (number of overlapping sites observed in our 

study/the mean number of overlapping). Number of repeats that had overlapping sites more 

than our findings was counted and empirical p value was defined as (number of such 

repeats)/1000.   

 

Functional genomics studies 

Pathway analysis: Enrichment for pathways and functions was performed using IPA (QIAGEN, 

Inc., https://www.qiagenbioinformatics.com/products/ingenuity-pathway-analysis). 

Correlation of gene expression with DNA methylation: DNAm and gene expression were 

assayed in 17 GSEP subjects. For DMPs that had gene annotations, we identified 

correlations between DNAm levels and corresponding gene expression by calculating the 

Pearson correlation coefficient. A correlation with a P-value<=0.05 was considered 

significant.  



RELI analysis: We collected functional genomic datasets from a variety of sources, including 

ENCODE 8, Cistrome 9, PAZAR 10, Re-Map 11 and NIH Roadmap Epigenomics 12. All datasets 

were indexed by their genomic coordinates, which were used to intersect with the genomic 

coordinates of methylation sites of interest. Using RELI 13, the significance of such 

intersections was estimated by comparing to a null model formed with randomly sampled 

non-significant methylation sites in this study (p value (beta)>=0.5 and p(M)>=0.5 and 

|difference in beta|<=0.001). The distribution of the expected intersection values from the null 

model resembles, and therefore was modeled as, a normal distribution, where the model 

parameters were estimated from a series of sampling procedures. The significance of the 

observed number of intersections, e.g., a Z-score and the corresponding P-value, was 

calculated for the observed intersections of methylation sites of interest.  

HOMER analysis: We examined genomic loci associated with asthma severity using standard 

TF motif enrichment analysis. To this end, we used the HOMER motif enrichment algorithm 14 

and a large library of human position weight matrix (PWM) binding site models obtained from 

the CisBP database 15. We used sites that are not associated with asthma severity (null 

model in RELI) as background sequences. 

 

 

 

  



Supplement Table S1. Demographic characteristics between ESS and GSEP. 

  ESS (N=29) GSEP (N=33) p 

Age (years), [mean (SD)] 12.5 (2.8) 13.5 (2.2) 0.121 

Sex   0.799 

Male [n (%)] 15 (51.7) 15 (45.5)  

Female [n (%)] 14 (48.3) 18 (54.5)  

Race    0.468 

Black [n (%)] 28 (96.6) 33 (100)  

other [n (%)] 1 (3.4) 0 (0.0)  

SHS   *0.192 

Yes [n (%)] 14 (48.3) 20 (60.6)  

No [n (%)] 15 (51.7) 10 (30.3)  

missing [n (%)] 0 (0%) 3 (9.1%)  

Current ECAT   *0.783 

≥0.4 [n (%)] 9 (31.0) 10 (30.3)  

<0.4 [n (%)] 20 (69.0) 18 (54.5)  

Missed [n (%)] 0 (0.0) 5 (15.2)  

Allergy   *0.035 

Yes [n (%)] 15 (51.7) 23 (69.7)  

No [n (%)] 12 (41.4) 4 (12.1)  

Missed [n (%)] 2 (6.9) 6 (18.2)  

Asthma symptom   0.059 

Severe [n (%)] 8 (27.6) 14 (42.4)  

Not severe [n (%)] 21 (72.4) 12 (36.4)  

Missed [n (%)] 0 (0.0) 7 (21.2)  

Allergy symptom score (median (IQR)) 2 (1-5) 5 (2-7) 0.053 

Note: age is shown as mean (SD) and compared using t test; allergy symptom scores are compared 

using Wilcoxon rank sum test; other variables are shown as frequency (proportion) and compared 

using Fisher’s exact tests. * missing values were excluded from the Fisher’s exact tests. 

Abbreviations: ESS: Exposure Sibling Study; GSEP: Genomics of Secondhand-Smoke 

Exposure in Pediatric Asthma Study; SHS: Secondhand smoke; ECAT: Elemental carbon 

attributable to traffic 

 

Supplementary Table 2. DMPs associated with asthma severity, current ECAT, and 

SHS. 

Section 1: DMPs associated with asthma severity.  

Section 2: DMPs associated with asthma severity and current ECAT.  

Section 3: DMPs associated with asthma severity and SHS. 

Section 4: Thirty-nine DMPs with AUC > 0.75 in predicting of asthma severity was selected by 

univariate logistic regression. 

Section 5: Three DMPs in predicting of asthma severity was selected by LASSO regression 

and BIC analysis.  

Section 6: DMRs associated with asthma severity.  



Abbreviations: DMPs: Differentially methylated CpG positions; AUC: Area under the curve; 

ECAT: Elemental carbon attributable to traffic; SHS: Secondhand smoke; BIC: Bayesian 

information criterion; DMRs: Differential methylation regions 

 

Supplementary Table 3. Asthma-severity-associated DMPs are associated with asthma 

status, allergy asthma, allergy rhinitis, bronchodilator response (BDR), IgE, FeNO, and 

lung function in an independent cohort of children.  

Section 1: Overlap between DMPs associated with asthma severity and DMPs associated 

with asthma status in published literature.  

Section 2: P value and enrichment.  

Section 3: Overlap between DMPs associated with asthma severity and DMPs associated 

with allergic asthma. 

Section 4: Overlap between DMPs associated with asthma severity and DMPs associated 

with allergic rhinitis. 

Section 5: Overlap between DMPs associated with asthma severity and DMPs associated 

with bronchodilator response. 

Section 6: Overlap between DMPs associated with asthma severity and DMPs associated 

with environment IgE.  

Section 7: Overlap between DMPs associated with asthma severity and DMPs associated 

with total IgE .  

Section 8: Overlap between DMPs associated with asthma severity and DMPs associated 

with FeNO.  

Section 9: Overlap between DMPs associated with asthma severity and DMPs associated 

with FEV z-score.  

Section 10: Overlap between DMPs associated with asthma severity and DMPs associated 

with FVC z-score .  

Section 11: Overlap between DMPs associated with asthma severity and DMPs associated 

with FEV/FVC z-score. 

Section 12: Six DMPs simultaneously associated with asthma severity, asthma status, allergy 

asthma, total IgE, environment IgE, and FeNO.  

Abbreviations: DMPs: Differentially methylated CpG positions; BDR: Bronchodilator response; 

IgE: Immunoglobulin E; FeNO: Fractional exhaled nitric oxide; FEV: Forced expiratory 

volume; FVC: Forced vital capacity 

 

Supplementary Table 4. CpG sites associated with asthma severity are responsive to 

DEP and HDM challenges in HBECs. 

Section 1: Asthma severity associated DMPs are responsive to HDM exposure in vitro. 

Section 2: Asthma severity associated DMPs are responsive to DEP exposure in vitro. 

Abbreviations: HDM: House dust mite; DEP: Diesel exhaust particles; HBECs: Human 

bronchial epithelial cells  

 

Supplementary Table 5. Correlation between RNA expression (RNA-seq) and DNAm of 

DMPs (EWAS).  



Abbreviations: RNA-seq: RNA sequencing; EWAS: Epigenome-wide association studies  

 

Supplementary Table 6. Enriched TFs and histone marks around DMPs associated 

with asthma severity.  

Section 1: Enriched TF binding by HOMER. 

Section 2: Enriched TF binding by RELI. 

Section 3: Enriched histone marks by RELI.  

Abbreviations: TFs: Transcription factors; DMPs: Differentially methylated CpG positions; 

HOMER: Hypergeometric Optimization of Motif Enrichment; RELI: Regulatory Element Locus 

Intersection  

 

Supplementary Figure S1. Significantly enriched pathways among genes with DMPs 

differentially methylated between non-severe and severe asthmatic children by IPA 

analysis (severe vs non-severe asthma).  

Abbreviations: DMPs: Differentially methylated CpG positions; IPA: Ingenuity Pathway 

Analysis 
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