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 Abstract: Introduction: To understand the risk factors of asthma, we combined genome-wide as-
sociation study (GWAS) risk loci and clinical data in predicting asthma using machine-learning 
approaches.  

Methods: A case-control study with 123 asthmatics and 100 controls was conducted in the Zhuang 
population in Guangxi. GWAS risk loci were detected using polymerase chain reaction, and clini-
cal data were collected. Machine-learning approaches were used to identify the major factors that 
contribute to asthma.  

Results: A total of 14 GWAS risk loci with clinical data were analyzed on the basis of 10 times the 
10-fold cross-validation for all machine-learning models. Using GWAS risk loci or clinical data, 
the best performances exhibited area under the curve (AUC) values of 64.3% and 71.4%, respec-
tively. Combining GWAS risk loci and clinical data, the XGBoost established the best model with 
an AUC of 79.7%, indicating that the combination of genetics and clinical data can enable im-
proved performance. We then sorted the importance of features and found the top six risk factors 
for predicting asthma to be rs3117098, rs7775228, family history, rs2305480, rs4833095, and body 
mass index.  

Conclusion: Asthma-prediction models based on GWAS risk loci and clinical data can accurately 
predict asthma, and thus provide insights into the disease pathogenesis.  
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1. INTRODUCTION 

Asthma is an immune-mediated respiratory airway dis-
ease, characterized by cough, wheezing, chest tightening, 
shortness of breath, and so on. The Global Initiative for 
Asthma (GINA) has reported that the prevalence of asthma 
is increasing in many countries, and approximately 339 mil-
lion people are affected worldwide [1]. Over recent decades, 
various studies have focused on the relationship between 
genetics and/or environment with asthma, but its etiology 
remains unclear. Although the heritability estimate of asthma 
has reached 80% [2], its etiology cannot simply be explained 
by genetic factors. The mechanisms underlying environmen-
tal effects on genetics also play an important role. The  
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methods for gene discovery in asthma start from candidate 
gene association studies leading to family-based genome-
wide linkage analyses, and are followed by genome-wide 
association studies (GWAS). GWAS on asthma have domi-
nated in recent years, providing bias-free discovery of novel 
risk loci [3]. Since the first GWAS on child asthma reported 
in 2007, 83 papers on asthma or asthma-related traits have 
been reported in the GWAS catalog until January 27, 2020 
(https://www.ebi.ac.uk/gwas/). Among these papers, more 
than 1000 loci are associated with asthma or asthma-related 
traits. However, most of the loci are located in introns or the 
intergenic regions, and few loci are located in the functional 
regions, such as exons and non-coding regions. Fourteen loci 
in the functional regions are associated with asthma. Five 
missense variants (CDHR3 rs6967330 [4], TLR1 rs4833095 
[5], GSDMA rs7212938 [5], GSDMB rs2305480 [6], and 
GSDMA rs3894194 [6]), three regulatory region variants 
(IL5 rs4143832 [7], HLA-DQB1 rs7775228 [8], and TACR1 
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rs7588010 [9]), three upstream gene variants (IL33 rs928413 
[4], HLA-DRA rs9268516 [10], and TSLP rs1837253 [11]), 
two non-coding transcript exon variants (NOTCH4 rs404860 
[8] and BTNL2 rs3117098 [8]), and one 5′UTR variant 
(IL1RL1 rs3771180 [11]) are reported. 

Most of these loci are located in immune-related genes, 
such as TLR1, GSDMA, IL5, and HLA-DQB1, which are 
consistent with immune responses in asthma. Several loci 
have been replicated and associated with asthma in China 
(rs6967330 [12] and rs928413 [13]), United Kingdom 
(rs7212938 and rs3894194 [14]), Korea (rs7212938 [15]), 
Slovenia (rs2305480 [16]), and Sweden (rs2305480 and 
rs3771180 [17]). Furthermore, two loci (rs1837253 and 
rs3117098) have been replicated and associated with asthma 
in the Guangxi Zhuang population in our previous studies 
[18, 19]. This finding suggests that GWAS risk loci, particu-
larly those located in the functional regions, play an im-
portant role in the genetics of asthma. 

To date, many studies on candidate genes or risk factors 
have been conducted, which have often excluded the consid-
eration of the genes and risk factors’ interactions in asthma. 
The observable features (phenotype) of asthma, such as clin-
ical features and underlying mechanisms (endotype), are 
complex and represent a series of risk factors’ interactions 
that occur over different spatial scales. However, risk factors 
(e.g., exposure to tobacco smoke and allergies, body mass 
index [BMI], vitamin D levels, and air pollutants) may alter 
gene activity and expression without changing the underly-
ing DNA sequence and increase the risk of asthma. In recent 
years, several Mendelian randomization studies have con-
firmed that higher BMI [20], smoking [21], and low linoleic 
acid [22] (which is believed to suppress immune responses) 
may increase asthma risk. Therefore, the risk prediction 
model for asthma requires a combination of genetic and risk 
factors. 

The traditional method, which sets P value as the “gold 
standard” of statistical validity [23], cannot meet the re-
quirements of the present multiple data types and high accu-
racy of risk prediction. Machine-learning approaches (e.g., 
extreme gradient boosting [XGBoost], decision tree [DT], 
support vector machine [SVM], and random forest [RF] al-
gorithms) can improve the accuracy of risk prediction by 
automatically learning from experience. Combining GWAS-
based genetic and risk factors, Antonucci et al. obtained a 
reliably cognitive deficit-stratified model for schizophrenia 
[24]. Li et al. constructed an SVM model predictive of es-
sential hypertension based on six environmental factors and 
three SNPs (single nucleotide polymorphism) [25]. 

The present study is the first report on combining GWAS 
risk loci and clinical data to predict asthma using machine-
learning approaches. In addition, we have conducted a case-
control study of 123 patients with asthma and 100 healthy 
controls, and detected 14 GWAS risk loci located in the 
functional regions. We have collected clinical data, which 
were easy to collect from the records of patients with asth-
ma. Machine-learning approaches were used to build an 
asthma risk prediction model by combining GWAS risk loci 
and clinical data. 

2. MATERIALS AND METHODS 

2.1. Subjects and Methods 

2.1.1. Subject Ascertainment and Collection of Clinical 
Data 

A total of 123 patients with asthma and 100 healthy con-
trols were recruited from the first affiliated hospital of 
Guangxi Medical University in China from February 2010 to 
August 2016. All subjects were from the Zhuang population 
and permanently residing in Guangxi Province, China. Pa-
tients with asthma were diagnosed by at least two respiratory 
physicians in accordance with the guidelines of GINA. The 
controls were also evaluated by respiratory physicians using 
a self-report questionnaire, which included general condi-
tions and medical history, but those who had a history of 
lung diseases, asthma, rhinitis, or other allergic diseases 
were excluded. Clinical data, including gender, age, height, 
weight, family history, exposure to tobacco smoke, and al-
lergies, were collected from electronic medical records. The 
same information was also collected for controls from the 
health examination center. The present study was approved 
by the Institutional Ethics Committee of Guangxi Medical 
University (Approval No. 2013-KY-GuiKe-053), according 
to the Helsinki Declaration of Human Rights. All subjects 
were informed about the purpose of the study and an in-
formed consent has been obtained from them. 
2.1.2. DNA Isolation and SNP Genotyping 

DNA was extracted from the peripheral venous blood 
(2 mL) of each subject using a DNA extraction kit (provided 
by Tiangen, Shanghai, China) following the instructions. 
Primer design (Primer 3 Online), synthesis, and SNP geno-
typing were conducted by Shanghai BioWing Applied Bio-
technology Company (http://www.biowing.com.cn/). The 
primer sequences of the 14 GWAS risk loci are listed in  
Table 1. All these SNPs were genotyped using the polymer-
ase chain reaction (PCR)/ligase detection reaction assay. The 
multiplex PCR method was used for the amplification of 
target DNA sequences. The reaction conditions included 2 
min of initial denaturation at 95 °C, then 40 cycles of dena-
turation at 94 °C for 30 s, 90 s of annealing at 53 °C, 30 s of 
extension at 65 °C, and a final 10 min of extension at 65 °C. 
To determine whether the reaction was successful, 2 µL of 
each product was run in a 3.0% agarose gel. 

The ligation reaction for each subject was conducted in a 
total volume of 10 µL, including 1× NEB Taq DNA ligase 
buffer 1 µL, 2 pmol/µl of each probe mix 1 µL, Taq DNA 
ligase 0.05 µL, ddH2O 4 µL, and multi-PCR product 4 µL. 
The ligase detection reaction was performed at 95°C for 2 
min, followed by 40 cycles at 94 °C for 15 s, and at 50°C for 
20 s. The fluorescent ligase detection reaction product was 
characterized by the sequencer PRISM 3730 (ABI). Approx-
imately 5% of the DNA samples were added to the total 
samples under blind conditions to assess the quality of SNP 
genotyping. The concordance rate was 100%. 

2.2. Data Preprocessing and Machine-learning  
Approaches 

The procedure for preprocessing data is as follows: 



Importance of GWAS Risk Loci and Clinical Data Combinatorial Chemistry & High Throughput Screening, XXXX, Vol. XX, No. X    3 

(1) For the genotype of GWAS risk loci, wild type is 
set to “0”; heterozygous is set to “1”, and homozy-
gous is set to “2”. 

(2) For BMI categories, lightweight (BMI<18.5) is set 
to “0”; normal weight (18.5≤BMI<24.0) is set to 
“1”, and overweight (BMI≥24.0) is set to “2”. 

(3) For the family history of asthma, exposure to tobac-
co smoke, and allergies, “no” is set to “0” and “yes” 
is set to “1”. 

Missing records were no more than 10% of all features, 
and we used mode data to fill in the missing records. The 
traditional method (chi-square test) was used to compare the 
difference between cases and controls with SPSS 16.0. 

All modeling processes were programmed on PyCharm 
software using Python version 3.7.4 on an IntelR Core™ i7-

9850H Central Processing Unit with 16 GB RAM 
@2.60GHz laptop. Using the module cross_val_score [26], 
evaluation metrics were calculated to evaluate the predictive 
power of the models, including area under the curve (AUC), 
receiver operator characteristic curve, accuracy score, preci-
sion score, recall score, and f1_score. We evaluated all mod-
els using 10-fold cross-validation repeated 10 times. Ma-
chine-learning approaches, including XGBoost [27], DT 
[28], SVM [29], and RF [30] algorithms, were selected as 
classifiers to identify the importance of features. 

All the algorithms were implemented using Python’s 
Scikit-learn package. The details of the hyper-parameters 
used in each algorithm are provided below: 

XGBoost: We set the maximum number of iterations to 
be 100, and the learning rate to be 0.1. Additionally, we per-
formed cross-validation with five folds. 

Table 1. The primer sequences of the 14 GWAS risk loci. 

SNP 
GWAS 

P-value 
Region Functional Class Reported Gene(s) Forward Reverse 

rs6967330 3 x10-14 7q22.3 missense_variant CDHR3 
CAGGAGAACTCCAGCTGG-

TAAC 
GCTTGTGTCTTCGTT-

GTTGG 

rs928413 9 x10-13 9p24.1 
upstream_gene_ 

variant 
IL33 

GGATGAGGGGCTAAGAT-
TCC 

ATACAGAT-
TCCCTGCCTTGG 

rs4833095 5 x10-12 4p14 missense_variant TLR1 
CAGCTGGAG-

GATCCTAATGAA 
TTCTGGCGAAACTTCAA

ACA 

rs7212938 4 x10-10 17q21.1 missense_variant GSDMA CACTCAGTGTGGCTCCCAAG 
AAGCAC-

CATTTCCATGCACT 

rs4143832 1 x10-10 (EA) 5q31.1 
regulato-

ry_region_variant 
IL5 TCTGTGTGTGGCTCATCAGG 

TGTGAATGGGACTCAG-
TGGA 

rs404860 4 x10-23 6p21.32 
non_coding_transcript_e

xon_variant 
NOTCH4 GCACCTCTGTGGGCTATGAT 

CCAGATAC-
GGAGGCAAATCT 

rs3117098 5 x10-12 6p21.32 
non_coding_transcript_e

xon_variant 
BTNL2 

TTGCACAACATCTAAAGGTT
AACTA 

GGCCTTCACAA-
GCACAGACT 

rs7775228 5 x10-15 6p21.32 
regulato-

ry_region_variant 
HLA-DQB1 

TTCTTGCAGGAG-
GAAAGGAA 

TGCAAA-
GCCCCTTTATCATT 

rs2305480 1 x10-7 17q21.1 missense_variant GSDMB GCTGCTCATCTCCCACACTT AAGTCCAGAATGGCTTT
TGC 

rs3894194 5 x10-9 17q21.1 missense_variant GSDMA 
GAGGCTGTCAAGTGGTGTC

A 
CCCACCTCCACAGAGA-

CAAT 

rs9268516 1 x10-8 6p21.32 
upstream_gene_ 

variant 
HLA-DRA, BTNL2 

GTT-
GAAGGCAGAGCCAAATC 

ACAACTGAACCCAGCCA
AAG 

rs3771180 2 x10-15 2q12.1 
5_prime_UTR_ 

variant 
IL1RL1 

TGGCCAAATCTATGACTT-
GTT 

TCCTCTCAAGGGAT-
TACTCAATG 

rs1837253 1 x10-14 5q22.1 
upstream_gene_ 

variant 
TSLP AGGGCTACCCCTTGACTCAC 

CCAACCAGGATTT-
GCAAGAA 

rs7588010 4 x10-9 2p12 
regulato-

ry_region_variant 
TACR1, FAM176A TCATTTTCCCCATAGAAGCA 

GGGCTTTAGCCTGA-
GATCATT 
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DT: We used the Gini impurity criterion for defining the 
quality of a split, and set the maximum depth of the tree to 
be 10. 

SVM: We used the RBF kernel for the SVM algorithm, 
and set the regularization parameter to be 1.0. 

RF: We set the number of trees in the forest to be 100, 
and the maximum depth of each tree to be 10. 

Additionally, we performed cross-validation with five 
folds. All the hyper-parameters were carefully selected based 
on previous empirical studies and the specific characteristics 
of our dataset.  

3. RESULTS 

3.1. GWAS Risk Loci Genotype and Clinical Data of 
Study Subjects 

A total of 123 patients with asthma (50 males and 73 fe-
males) and 100 health controls (52 males and 48 females) 
were included in the present study. The median age and 
range of the asthma group were 27.9 years and 22–67 years, 
respectively, and 38.8 years and 18–71 years, respectively, 
in the controls. GWAS risk loci genotype and clinical data of 
cases and controls, which were used as risk features for 
asthma classifications, are listed in Table 2. When the chi-
square test was used to compare the proportion of these risk 

features, four positive features (rs3117098, rs1837253, BMI, 
and family history) were significantly different between cas-
es and controls (P<0.05). 

3.2. Machine-learning Model Performance and Comparison 

Four different machine-learning models and five evalua-
tion metrics were performed using Python, and the results 
are listed in Table 3. Using GWAS risk loci or clinical data, 
the best performances exhibited an AUC of 64.3% and 
71.4%, and the recall and precision as 0.678 and 0.634 and 
0.538 and 0.867, respectively. Using the four positive fea-
tures of the traditional method, the best performance was 
demonstrated with an AUC of 70.2%, and the recall and pre-
cision of 0.527 and 0.858, respectively. When combining 
GWAS risk loci and clinical data, the XGBoost established 
the best model with an AUC of 79.7%, and the recall and 
precision of 0.715 and 0.760, indicating that the combination 
of genetics and clinical data could obtain a better perfor-
mance. 

3.3. Important Features of Asthma Prediction 

The XGBoost models, which showed the best predictive 
performances, were selected as the final predictors. To cap-
ture the informative risk features of asthma, a splitting node 
algorithm was used, which showed the number of each im-

Table 2. GWAS risk loci genotype and clinical data of cases and controls. 

Risk Features Cases (n=123) Controls (n=100) χ2 P 

rs6967330(GG/GA/AA) 109/14/0 83/15/2 3.217 0.200 

rs928413(AA/AG/GG) 99/24/0 79/19/2 2.483 0.289 

rs4833095(CC/CT/TT) 35/62/26 20/57/23 2.135 0.344 

rs7212938(TT/GT/GG) 39/64/20 28/47/25 2.621 0.270 

rs4143832(CC/AC/AA) 96/25/2 79/20/1 0.170 0.919 

rs404860(TT/CT/CC) 59/50/14 47/39/14 0.350 0.840 

rs3117098(TT/TC/CC) 48/56/19 55/39/6 7.991 0.018 

rs7775228(TT/CT/CC) 84/33/6 64/26/10 2.184 0.336 

rs2305480(CC/CT/TT) 67/45/11 45/43/12 2.060 0.357 

rs3894194(TT/CT/CC) 36/56/31 29/51/20 0.998 0.607 

rs9268516(CC/CT/TT) 97/24/2 77/21/2 0.128 0.938 

rs3771180(CC/AC/AA) 107/16/0 92/8/0 1.440 0.230 

rs1837253(TT/CT/CC) 31/69/23 48/41/11 12.785 0.002 

rs7588010(CC/AC/AA) 67/49/7 52/37/11 2.104 0.349 

BMI (lightweight/ normal weight/ 
overweight) 

15/81/21 21/68/11 - 0.037 

Exposure to allergens (yes) 20 (16.3%) 14 (14.0%) 0.218 0.641 

Exposure to tobacco smoke (yes) 42 (34.1%) 24 (24.0%) 2.725 0.099 

Family history (yes) 46(37.4%) 0(0.0%) 47.118 <0.000 
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portant splitting node (feature) in trees. A high F score indi-
cated the corresponding feature to be important. As listed in 
Fig. (1), the top six risk factors in predicting asthma were 
rs3117098, rs7775228, family history, rs2305480, 
rs4833095, and BMI. 

4. DISCUSSION 

In general, collecting all environmental exposure factors 
and detecting all genetic information for asthma are difficult. 

As such, using the limited genetic and environmental expo-
sure information to predict the risk of asthma is important. In 
the present study, we applied machine-learning approaches 
by combining GWAS risk loci and clinical data to build an 
accurate classifier for the prediction of asthma. We chose 
AUC as the main measure to interpret the results because it 
is a widely used evaluation metric in the field of machine 
learning. The results showed XGBoost to establish the best 
model with an AUC value of 79.7% in predicting asthma, 
wherein rs3117098, rs7775228, family history, rs2305480, 

Table 3. Performance comparison among the four different classifiers: gradient boosting (XGBoost), decision tree (DT), support 
vector machine (SVM), and random forest (RF).  

 Classifiers Accuracy  Precision Recall F1_score AUC 

GWAS risk loci only 

XGBoost 0.601 0.634 0.678 0.649 0.643 

DT 0.494 0.538 0.566 0.547 0.484 

SVM 0.569 0.590 0.714 0.641 0.586 

RF 0.551 0.584 0.655 0.613 0.562 

Clinical data only 

XGBoost 0.696 0.867 0.538 0.653 0.714 

DT 0.684 0.865 0.514 0.633 0.694 

SVM 0.689 0.862 0.527 0.642 0.711 

RF 0.661 0.826 0.507 0.613 0.711 

Four significantly 
different features 

XGBoost 0.686 0.858 0.527 0.644 0.702 

DT 0.678 0.852 0.514 0.627 0.684 

SVM 0.682 0.845 0.527 0.641 0.690 

RF 0.682 0.845 0.527 0.641 0.692 

Combined GWAS 
risk loci and clinical 

data 

XGBoost 0.708 0.760 0.715 0.728 0.797 

DT 0.687 0.762 0.651 0.694 0.755 

SVM 0.678 0.792 0.608 0.667 0.788 

RF 0.678 0.738 0.660 0.691 0.756 

 
Fig. (1). Feature importance plot of risk features. (A higher resolution / colour version of this figure is available in the electronic copy of the article). 
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rs4833095, and BMI were the top six risk factors in this 
model. 

A previous study selected SNPs from the openSNP data-
base and used machine-learning approaches to predict asth-
ma. The results showed that asthma could be predicted with 
an AUC of 0.62 and 0.64 for RF-SVM and RF-K-nearest 
neighbor models, respectively [31]. A similar performance 
metric with an AUC of 64.3% was obtained in our study 
when only GWAS risk loci were adopted as risk factors. 
Family-based studies showed asthma as a heritable disease 
with heritability estimates of approximately 50%–60% [32]. 
Identified genetic variants associated with asthma in large-
scale GWAS studies only accounted for a low fraction [3]. 
Introducing clinical data as environmental exposure factors 
was necessary to improve the accuracy of asthma prediction 
models. AlSaad et al. used a real electronic health record 
dataset comprising 6159 asthma cases and 4912 controls to 
predict the risk of asthma and obtained the highest AUC of 
0.831 [33]. In contrast to using GWAS risk loci or clinical 
data alone, we combined GWAS risk loci and clinical data, 
and obtained a more accurate asthma-prediction models with 
an AUC of 79.7%. The accuracy of our study was found to 
be lower than that of AlSaad et al. [33] probably because the 
sample size of our study was relatively small, and we select-
ed fewer clinical data. Collecting the clinical data for control 
samples was difficult, particularly for the clinical indicators 
that were not checked. Therefore, larger, more comprehen-
sive data collection and better design research are required to 
verify our results. 

Meanwhile, we found the top six risk factors in predict-
ing asthma as rs3117098, rs7775228, family history, 
rs2305480, rs4833095, and BMI. However, in contrast to the 
results obtained by traditional methods, several loci without 
remarkable differences appeared in the top risk factors based 
on XGBoost modeling. XGBoost considered the interactions 
of risk factors, whereas the traditional method only per-
formed direct genotype–phenotype association testing. 
XGBoost method was evidently more efficient than tradi-
tional methods and could use more information for the con-
struction of a classification model. Boosting is a popular 
ensemble technique in which new models are added to adjust 
the errors made by the prior models. Models were added 
recursively until no remarkable improvements could be ob-
served. Gradient boosting is an algorithm in which new 
models are created for predicting the residuals of previous 
models and then combined for the final prediction. When 
adding new models, a gradient descent algorithm was used 
to minimize the loss. The XGBoost model was widely used 
for diagnosis classification [34, 35], treatment effect [36, 
37], and prognosis evaluation [38, 39] in different diseases. 

Several important limitations were found in the present 
study. First, pulmonary function and clinical indicators were 
particularly related to asthma development. Clinical data of 
controls were not included in our clinical feature set because 
of the lack of such data. Further research should focus on 
gathering more clinical data to improve the diagnostic value 
of asthma. Second, our work included only the Zhuang 
population from a single center in China. Thus, the predic-
tion models used in this study might not be suitable for other 
ethnicities or districts. Third, although we used 10-fold 

cross-validation for processing, the small sample size may 
still affect the accuracy and stability of the model. Fourth, 
the genomic association within a single population type 
(Chinese) in a single community limits the clinical relevance 
of the study. As such, the results cannot be extrapolated to 
other population groups, and caution should be exercised 
when attempting to apply the findings to other populations or 
communities. 

CONCLUSION 

Our study has combined GWAS risk loci and clinical da-
ta for the first time to construct asthma prediction models. 
We have obtained an asthma prediction model with a higher 
accuracy based on the XGBoost method, which may provide 
insights into the pathogenesis of asthma. Further study is 
required to evaluate more genetic markers and clinical data 
to predict the risk of asthma. 

AUTHORS’ CONTRIBUTION 

Jing-Min Deng proposed the project and supervised the 
study. Zan-Mei Qin and Si-Qiao Liang were responsible for 
project implementation, data collection, and manuscript 
drafting. Jian-Xiong Lon, Xuan Wei, and Mei-Ling Yang 
provided clinical guidance and edited the manuscript. Shao-
Jie Tang conducted statistical analysis and revised the manu-
script. Hua-jiao Qin, Jian-Peng Zhou, and Hai-Li Li con-
ducted part of the data collection. All authors reviewed the 
manuscript in its final form. 

LIST OF ABBREVIATIONS 

GINA = The Global Initiative for Asthma  
GWAS = Genome-wide Association Studies  
BMI = Body Mass Index  
XGBoost = Extreme Gradient Boosting  
DT = Decision Tree  
SVM = Support Vector Machine  
RF = Random forest  
AUC = Area under the Curve  

ETHICS APPROVAL AND CONSENT TO PARTICI-
PATE 

The present study was approved by the Institutional Eth-
ics Committee of Guangxi Medical University (Approval 
number: 2013-KY-GuiKe-053).  

HUMAN AND ANIMAL RIGHTS 

No animals were used in this research. All human re-
search procedures followed were in accordance with the eth-
ical standards of the committee responsible for human exper-
imentation (institutional and national), and with the Helsinki 
Declaration of 1975, as revised in 2013. 

CONSENT FOR PUBLICATION 

All subjects were informed about the purpose of the 
study and an informed consent was obtained from them. 



Importance of GWAS Risk Loci and Clinical Data Combinatorial Chemistry & High Throughput Screening, XXXX, Vol. XX, No. X    7 

STANDARDS OF REPORTING 

STROBE guidelines were followed. 

AVAILABILITY OF DATA AND MATERIAL 

The data for the study will be available from the corre-
sponding author upon reasonable request. 

FUNDING 

This work was supported by the Guangxi Natural Sci-
ence Foundation (Grant no. 2017GXNSFAA198104) and the 
Young and Middle Teachers Basic Capacity Improvement 
Project of Guangxi Higher Education Institution (Grant no. 
2017KY0101 and Grant no. 2018KY0137). The funders had 
no role in the study design, data collection and analysis, de-
cision to publish, or preparation of the article. 

CONFLICT OF INTEREST 

The authors declare no conflict of interest, financial or 
otherwise. 

ACKNOWLEDGMENTS 

The authors thank Miss. Deeya Patel, Tulane University, 
New Orleans, LA, USA, for reading the full manuscript and 
modifying the grammar. 

REFERENCES 
[1] Global Initiative for Asthma (GINA). The global strategy for asth-

ma management and prevention. 2019. Available From: 
 http://www.ginasthma.org 

[2] Los, H.; Koppelman, G.H.; Postma, D.S. The importance of genet-
ic influences in asthma. Eur. Respir. J., 1999, 14(5), 1210-1227. 

 http://dx.doi.org/10.1183/09031936.99.14512109 PMID: 10596715 
[3] Kim, K.W.; Ober, C. Lessons learned from GWAS of asthma. 

Allergy Asthma Immunol. Res., 2019, 11(2), 170-187. 
 http://dx.doi.org/10.4168/aair.2019.11.2.170 PMID: 30661310 
[4] Bønnelykke, K.; Sleiman, P.; Nielsen, K.; Kreiner-Møller, E.; 

Mercader, J.M.; Belgrave, D.; den Dekker, H.T.; Husby, A.; 
Sevelsted, A.; Faura-Tellez, G.; Mortensen, L.J.; Paternoster, L.; 
Flaaten, R.; Mølgaard, A.; Smart, D.E.; Thomsen, P.F.; Rasmus-
sen, M.A.; Bonàs-Guarch, S.; Holst, C.; Nohr, E.A.; Yadav, R.; 
March, M.E.; Blicher, T.; Lackie, P.M.; Jaddoe, V.W.V.; Simpson, 
A.; Holloway, J.W.; Duijts, L.; Custovic, A.; Davies, D.E.; Tor-
rents, D.; Gupta, R.; Hollegaard, M.V.; Hougaard, D.M.; Hakonar-
son, H.; Bisgaard, H. A genome-wide association study identifies 
CDHR3 as a susceptibility locus for early childhood asthma with 
severe exacerbations. Nat. Genet., 2014, 46(1), 51-55. 

 http://dx.doi.org/10.1038/ng.2830 PMID: 24241537 
[5] Ferreira, M.A.R.; Matheson, M.C.; Tang, C.S.; Granell, R.; Ang, 

W.; Hui, J.; Kiefer, A.K.; Duffy, D.L.; Baltic, S.; Danoy, P.; Bui, 
M.; Price, L.; Sly, P.D.; Eriksson, N.; Madden, P.A.; Abramson, 
M.J.; Holt, P.G.; Heath, A.C.; Hunter, M.; Musk, B.; Robertson, 
C.F.; Le Souëf, P.; Montgomery, G.W.; Henderson, A.J.; Tung, 
J.Y.; Dharmage, S.C.; Brown, M.A.; James, A.; Thompson, P.J.; 
Pennell, C.; Martin, N.G.; Evans, D.M.; Hinds, D.A.; Hopper, J.L. 
Genome-wide association analysis identifies 11 risk variants asso-
ciated with the asthma with hay fever phenotype. J. Allergy Clin. 
Immunol., 2014, 133(6), 1564-1571. 

 http://dx.doi.org/10.1016/j.jaci.2013.10.030 PMID: 24388013 
[6] Moffatt, M.F.; Gut, I.G.; Demenais, F.; Strachan, D.P.; Bouzigon, 

E.; Heath, S.; von Mutius, E.; Farrall, M.; Lathrop, M.; Cookson, 
W.O.C.M. A large-scale, consortium-based genomewide associa-
tion study of asthma. N. Engl. J. Med., 2010, 363(13), 1211-1221. 

 http://dx.doi.org/10.1056/NEJMoa0906312 PMID: 20860503 

[7] Gudbjartsson, D.F.; Bjornsdottir, U.S.; Halapi, E.; Helgadottir, A.; 
Sulem, P.; Jonsdottir, G.M.; Thorleifsson, G.; Helgadottir, H.; 
Steinthorsdottir, V.; Stefansson, H.; Williams, C.; Hui, J.; Beilby, 
J.; Warrington, N.M.; James, A.; Palmer, L.J.; Koppelman, G.H.; 
Heinzmann, A.; Krueger, M.; Boezen, H.M.; Wheatley, A.; Alt-
muller, J.; Shin, H.D.; Uh, S.T.; Cheong, H.S.; Jonsdottir, B.; 
Gislason, D.; Park, C.S.; Rasmussen, L.M.; Porsbjerg, C.; Hansen, 
J.W.; Backer, V.; Werge, T.; Janson, C.; Jönsson, U.B.; Ng, 
M.C.Y.; Chan, J.; So, W.Y.; Ma, R.; Shah, S.H.; Granger, C.B.; 
Quyyumi, A.A.; Levey, A.I.; Vaccarino, V.; Reilly, M.P.; Rader, 
D.J.; Williams, M.J.A.; van Rij, A.M.; Jones, G.T.; Trabetti, E.; 
Malerba, G.; Pignatti, P.F.; Boner, A.; Pescollderungg, L.; Girelli, 
D.; Olivieri, O.; Martinelli, N.; Ludviksson, B.R.; Ludviksdottir, 
D.; Eyjolfsson, G.I.; Arnar, D.; Thorgeirsson, G.; Deichmann, K.; 
Thompson, P.J.; Wjst, M.; Hall, I.P.; Postma, D.S.; Gislason, T.; 
Gulcher, J.; Kong, A.; Jonsdottir, I.; Thorsteinsdottir, U.; Stefans-
son, K. Sequence variants affecting eosinophil numbers associate 
with asthma and myocardial infarction. Nat. Genet., 2009, 41(3), 
342-347. 

 http://dx.doi.org/10.1038/ng.323 PMID: 19198610 
[8] Hirota, T.; Takahashi, A.; Kubo, M.; Tsunoda, T.; Tomita, K.; Doi, 

S.; Fujita, K.; Miyatake, A.; Enomoto, T.; Miyagawa, T.; Adachi, 
M.; Tanaka, H.; Niimi, A.; Matsumoto, H.; Ito, I.; Masuko, H.; Sa-
kamoto, T.; Hizawa, N.; Taniguchi, M.; Lima, J.J.; Irvin, C.G.; Pe-
ters, S.P.; Himes, B.E.; Litonjua, A.A.; Tantisira, K.G.; Weiss, 
S.T.; Kamatani, N.; Nakamura, Y.; Tamari, M. Genome-wide asso-
ciation study identifies three new susceptibility loci for adult asth-
ma in the Japanese population. Nat. Genet., 2011, 43(9), 893-896. 

 http://dx.doi.org/10.1038/ng.887 PMID: 21804548 
[9] Yucesoy, B.; Kaufman, K.M.; Lummus, Z.L.; Weirauch, M.T.; 

Zhang, G.; Cartier, A.; Boulet, L.P.; Sastre, J.; Quirce, S.; Tarlo, 
S.M.; Cruz, M.J.; Munoz, X.; Harley, J.B.; Bernstein, D.I. Ge-
nome-wide association study identifies novel loci associated with 
diisocyanate-induced occupational asthma. Toxicol. Sci., 2015, 
146(1), 192-201. 

 http://dx.doi.org/10.1093/toxsci/kfv084 PMID: 25918132 
[10] Ramasamy, A.; Kuokkanen, M.; Vedantam, S.; Gajdos, Z.K.; Cou-

to Alves, A.; Lyon, H.N.; Ferreira, M.A.R.; Strachan, D.P.; Zhao, 
J.H.; Abramson, M.J.; Brown, M.A.; Coin, L.; Dharmage, S.C.; 
Duffy, D.L.; Haahtela, T.; Heath, A.C.; Janson, C.; Kähönen, M.; 
Khaw, K.T.; Laitinen, J.; Le Souef, P.; Lehtimäki, T.; Madden, 
P.A.F.; Marks, G.B.; Martin, N.G.; Matheson, M.C.; Palmer, C.D.; 
Palotie, A.; Pouta, A.; Robertson, C.F.; Viikari, J.; Widen, E.; Wjst, 
M.; Jarvis, D.L.; Montgomery, G.W.; Thompson, P.J.; Wareham, 
N.; Eriksson, J.; Jousilahti, P.; Laitinen, T.; Pekkanen, J.; Raitakari, 
O.T.; O’Connor, G.T.; Salomaa, V.; Jarvelin, M.R.; Hirschhorn, 
J.N. Genome-wide association studies of asthma in population-
based cohorts confirm known and suggested loci and identify an 
additional association near HLA. PLoS One, 2012, 7(9), e44008. 

 http://dx.doi.org/10.1371/journal.pone.0044008 PMID: 23028483 
[11] Ober, C.; Nicolae, D.L.; Chiu, G.Y.; Gauderman, W.J.; Gignoux, 

C.R.; Graves, P.E.; Himes, B.E.; Levin, A.M.; Mathias, R.A.; Han-
cock, D.B.; Baurley, J.W.; Eng, C.; Stern, D.A.; Celedón, J.C.; Ra-
faels, N.; Capurso, D.; Conti, D.V.; Roth, L.A.; Soto-Quiros, M.; 
Togias, A.; Li, X.; Myers, R.A.; Romieu, I.; Van Den Berg, D.J.; 
Hu, D.; Hansel, N.N.; Hernandez, R.D.; Israel, E.; Salam, M.T.; 
Galanter, J.; Avila, P.C.; Avila, L.; Rodriquez-Santana, J.R.; 
Chapela, R.; Rodriguez-Cintron, W.; Diette, G.B.; Adkinson, N.F.; 
Abel, R.A.; Ross, K.D.; Shi, M.; Faruque, M.U.; Dunston, G.M.; 
Watson, H.R.; Mantese, V.J.; Ezurum, S.C.; Liang, L.; Ruczinski, 
I.; Ford, J.G.; Huntsman, S.; Chung, K.F.; Vora, H.; Li, X.; Cal-
houn, W.J.; Castro, M.; Sienra-Monge, J.J.; del Rio-Navarro, B.; 
Deichmann, K.A.; Heinzmann, A.; Wenzel, S.E.; Busse, W.W.; 
Gern, J.E.; Lemanske, R.F., Jr; Beaty, T.H.; Bleecker, E.R.; Raby, 
B.A.; Meyers, D.A.; London, S.J.; Gilliland, F.D.; Burchard, E.G.; 
Martinez, F.D.; Weiss, S.T.; Williams, L.K.; Barnes, K.C.; Ober, 
C.; Nicolae, D.L. Meta-analysis of genome-wide association stud-
ies of asthma in ethnically diverse North American populations. 
Nat. Genet., 2011, 43(9), 887-892. 

 http://dx.doi.org/10.1038/ng.888 PMID: 21804549 
[12] Leung, T.F.; Tang, M.F.; Leung, A.S.Y.; Kong, A.P.S.; Liu, T.C.; 

Chan, R.W.Y.; Ma, R.C.W.; Sy, H.Y.; Chan, J.C.N.; Wong, 
G.W.K. Cadherin‐related family member 3 gene impacts childhood 



8    Combinatorial Chemistry & High Throughput Screening, XXXX, Vol. XX, No. X Qin et al. 

asthma in Chinese children. Pediatr. Allergy Immunol., 2020, 
31(2), 133-142. 

 http://dx.doi.org/10.1111/pai.13138 PMID: 31610042 
[13] Chen, J.; Zhang, J.; Hu, H.; Jin, Y.; Xue, M. Polymorphisms of 

RAD50, IL33 and IL1RL1 are associated with atopic asthma in 
Chinese population. Tissue Antigens, 2015, 86(6), 443-447. 

 http://dx.doi.org/10.1111/tan.12688 PMID: 26493291 
[14] Marinho, S.; Custovic, A.; Marsden, P.; Smith, J.A.; Simpson, A. 

17q12-21 Variants are associated with asthma and interact with ac-
tive smoking in an adult population from the United Kingdom. 
Ann. Allergy Asthma Immunol., 2012, 108(6), 402-411.e9. 

 http://dx.doi.org/10.1016/j.anai.2012.03.002 PMID: 22626592 
[15] Yu, J.; Kang, M.J.; Kim, B.J.; Kwon, J.W.; Song, Y.H.; Choi, 

W.A.; Shin, Y.J.; Hong, S.J. Polymorphisms in GSDMA and 
GSDMB are associated with asthma susceptibility, atopy and BHR. 
Pediatr. Pulmonol., 2011, 46(7), 701-708. 

 http://dx.doi.org/10.1002/ppul.21424 PMID: 21337730 
[16] Žavbi, M.; Korošec, P.; Fležar, M.; Škrgat Kristan, S.; Marc 

Malovrh, M.; Rijavec, M. Polymorphisms and haplotypes of the 
chromosome locus 17q12-17q21.1 contribute to adult asthma sus-
ceptibility in Slovenian patients. Hum. Immunol., 2016, 77(6), 527-
534. 

 http://dx.doi.org/10.1016/j.humimm.2016.05.003 PMID: 27163155 
[17] Ullemar, V.; Magnusson, P.K.E.; Lundholm, C.; Zettergren, A.; 

Melén, E.; Lichtenstein, P.; Almqvist, C. Heritability and confirma-
tion of genetic association studies for childhood asthma in twins. 
Allergy, 2016, 71(2), 230-238. 

 http://dx.doi.org/10.1111/all.12783 PMID: 26786172 
[18] Sun, Y.; Wei, X.; Deng, J.; Zhang, J.; He, Z.; Yang, M.; Liang, S.; 

Chen, Z.; Qin, H. Association of IL1RL1 rs3771180 and TSLP 
rs1837253 variants with asthma in the Guangxi Zhuang population 
in China. J. Clin. Lab. Anal., 2019, 33(6), e22905. 

 http://dx.doi.org/10.1002/jcla.22905 PMID: 31066119 
[19] Liang, S.Q.; Deng, J.M.; Wei, X.; Chen, Z.R.; Yang, M.L.; Qin, 

H.; Zhang, J.; He, Z. Association of GWAS‐supported noncoding 
area loci rs404860, rs3117098, and rs7775228 with asthma in Chi-
nese Zhuang population. J. Clin. Lab. Anal., 2020, 34(2), e23066. 

 http://dx.doi.org/10.1002/jcla.23066 PMID: 31605414 
[20] Granell, R.; Henderson, A.J.; Evans, D.M.; Smith, G.D.; Ness, 

A.R.; Lewis, S.; Palmer, T.M.; Sterne, J.A.C. Effects of BMI, fat 
mass, and lean mass on asthma in childhood: A Mendelian ran-
domization study. PLoS Med., 2014, 11(7), e1001669. 

 http://dx.doi.org/10.1371/journal.pmed.1001669 PMID: 24983943 
[21] Skaaby, T.; Taylor, A.E.; Jacobsen, R.K.; Paternoster, L.; Thuesen, 

B.H.; Ahluwalia, T.S.; Larsen, S.C.; Zhou, A.; Wong, A.; Gabriel-
sen, M.E.; Bjørngaard, J.H.; Flexeder, C.; Männistö, S.; Hardy, R.; 
Kuh, D.; Barry, S.J.; Tang Møllehave, L.; Cerqueira, C.; Friedrich, 
N.; Bonten, T.N.; Noordam, R.; Mook-Kanamori, D.O.; Taube, C.; 
Jessen, L.E.; McConnachie, A.; Sattar, N.; Upton, M.N.; McShar-
ry, C.; Bønnelykke, K.; Bisgaard, H.; Schulz, H.; Strauch, K.; 
Meitinger, T.; Peters, A.; Grallert, H.; Nohr, E.A.; Kivimaki, M.; 
Kumari, M.; Völker, U.; Nauck, M.; Völzke, H.; Power, C.; 
Hyppönen, E.; Hansen, T.; Jørgensen, T.; Pedersen, O.; Salomaa, 
V.; Grarup, N.; Langhammer, A.; Romundstad, P.R.; Skorpen, F.; 
Kaprio, J.; R Munafò, M.; Linneberg, A. Investigating the causal 
effect of smoking on hay fever and asthma: A Mendelian randomi-
zation meta-analysis in the CARTA consortium. Sci. Rep., 2017, 
7(1), 2224. 

 http://dx.doi.org/10.1038/s41598-017-01977-w PMID: 28533558 
[22] Zhao, J.V.; Schooling, C.M. The role of linoleic acid in asthma and 

inflammatory markers: A Mendelian randomization study. Am. J. 
Clin. Nutr., 2019, 110(3), 685-690. 

 http://dx.doi.org/10.1093/ajcn/nqz130 PMID: 31287141 
[23] Nuzzo, R. Scientific method: Statistical errors. Nature, 2014, 

506(7487), 150-152. 
 http://dx.doi.org/10.1038/506150a PMID: 24522584 

[24] Antonucci, L.A.; Pergola, G.; Pigoni, A.; Dwyer, D.; Kambeitz-
Ilankovic, L.; Penzel, N.; Romano, R.; Gelao, B.; Torretta, S.; 
Rampino, A.; Trojano, M.; Caforio, G.; Falkai, P.; Blasi, G.; Kout-
souleris, N.; Bertolino, A. A pattern of cognitive deficits stratified 
for genetic and environmental risk reliably classifies patients with 
schizophrenia from healthy control subjects. Biol. Psychiatry, 
2020, 87(8), 697-707. 

 http://dx.doi.org/10.1016/j.biopsych.2019.11.007 PMID: 31948640 
[25] Li, C.; Sun, D.; Liu, J.; Li, M.; Zhang, B.; Liu, Y.; Wang, Z.; Wen, 

S.; Zhou, J. A prediction model of essential hypertension based on 
genetic and environmental risk factors in northern han chinese. Int. 
J. Med. Sci.. 2019; 16(6):793-799. 

[26] Guido, S.; Müller, A.C. Introduction to machine learning with 
Python: A guide for Data Scientists; O'Reilly Media, Inc.: Sebasto-
pol, 2016, pp. 123-145. 

[27] Chen, T.; Guestrin, C. C: XGBoost: A scalable tree boosting sys-
tem. arXiv:1603.02754, 2016. 

 http://dx.doi.org/10.1145/2939672.2939785 
[28] Li, L.; Zhang, X. Study of Data Mining Algorithm Based on Deci-

sion Tree. In 2010 International Conference On Computer Design 
and Applications; IEEE, 2010. 

[29] Cortes, C.; Vapnik, V. Support-vector networks. Machine Learn-
ing, 1995, 20, 273-297. 

[30] Ho, T.K. Random decision forests. Proceedings of the 3rd Interna-
tional Conference on Document Analysis and Recognition 278, 
1995, 282 

[31] Gaudillo, J.; Rodriguez, J.J.R.; Nazareno, A.; Baltazar, L.R.; 
Vilela, J.; Bulalacao, R.; Domingo, M.; Albia, J. Machine learning 
approach to single nucleotide polymorphism-based asthma predic-
tion. PLoS One, 2019, 14(12), e0225574. 

 http://dx.doi.org/10.1371/journal.pone.0225574 PMID: 31800601 
[32] Los, H.; Postmus, P.E.; Boomsma, D.I. Asthma genetics and in-

termediate phenotypes: A review from twin studies. Twin Res., 
2001, 4(2), 81-93. 

 http://dx.doi.org/10.1375/1369052012191 PMID: 11665340 
[33] AlSaad, R.; Malluhi, Q.; Janahi, I.; Boughorbel, S. Interpreting 

patient-Specific risk prediction using contextual decomposition of 
BiLSTMs: Application to children with asthma. BMC Med. Inform. 
Decis. Mak., 2019, 19(1), 214. 

 http://dx.doi.org/10.1186/s12911-019-0951-4 PMID: 31703676 
[34] Ogunleye, A; Wang, QG XGBoost model for chronic kidney dis-

ease diagnosis. IEEE/ACM Trans Comput Biol Bioinform., 2020, 
17(6), 2131-2140. 

 http://dx.doi.org/10.1109/TCBB.2019.2911071 
[35] Yu, D.; Liu, Z.; Su, C.; Han, Y.; Duan, X.; Zhang, R.; Liu, X.; 

Yang, Y.; Xu, S. Copy number variation in plasma as a tool for 
lung cancer prediction using Extreme Gradient Boosting 
(XGBoost) classifier. Thorac. Cancer, 2020, 11(1), 95-102. 

 http://dx.doi.org/10.1111/1759-7714.13204 PMID: 31694073 
[36] Liu, L.; Yu, Y.; Fei, Z.; Li, M.; Wu, F.X.; Li, H.D.; Pan, Y.; Wang, 

J. An interpretable boosting model to predict side effects of analge-
sics for osteoarthritis. BMC Syst. Biol., 2018, 12(S6)(Suppl. 6), 
105. 

 http://dx.doi.org/10.1186/s12918-018-0624-4 PMID: 30463545 
[37] Ji, X.; Tong, W.; Liu, Z.; Shi, T. Five-feature model for developing 

the classifier for synergistic vs. antagonistic drug combinations 
built by XGBoost. Front. Genet., 2019, 10, 600. 

 http://dx.doi.org/10.3389/fgene.2019.00600 PMID: 31338106 
[38] Ding, W.; Chen, G.; Shi, T. Integrative analysis identifies potential 

DNA methylation biomarkers for pan-cancer diagnosis and prog-
nosis. Epigenetics, 2019, 14(1), 67-80. 

 http://dx.doi.org/10.1080/15592294.2019.1568178 PMID: 
30696380 

[39] Fu, B.; Liu, P.; Lin, J.; Deng, L.; Hu, K.; Zheng, H. Predicting 
invasive disease-free survival for early-stage breast cancer patients 
using follow-up clinical data. IEEE Trans. Biomed. Eng., 2018. 
PMID: 30475709 

 
DISCLAIMER: The above article has been published, as is, ahead-of-print, to provide early visibility but is not the final ver-
sion. Major publication processes like copyediting, proofing, typesetting and further review are still to be done and may lead to 
changes in the final published version, if it is eventually published. All legal disclaimers that apply to the final published article 
also apply to this ahead-of-print version.  
 


