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H I G H L I G H T S

• A 14-year birth cohort study of infants
born at nine hospitals across Taiwan

• 1439 mother-infant pairs were investi-
gated in machine learning analysis.

• Random forest model achieved higher
predictive ability for childhood AD
and AR.

• Prenatal air quality plays an important
factor in predictive model for AD
and AR.

• Prenatal NO2 exposure and its
concentration change were significant
predictors.
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The incidence of childhood atopic dermatitis (AD) and allergic rhinitis (AR) is increasing. This warrants develop-
ment of measures to predict and prevent these conditions. We aimed to investigate the predictive ability of a
spectrum of data mining methods to predict childhood AD and AR using longitudinal birth cohort data. We con-
ducted a 14-year follow-up of infants born to pregnant women who had undergone maternal examinations at
nine selected maternity hospitals across Taiwan during 2000–2005. The subjects were interviewed using struc-
tured questionnaires to record data on basic demographics, socioeconomic status, lifestyle, medical history, and
24-h dietary recall. Hourly concentrations of air pollutants within 1 year before childbirthwere obtained from76
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national air quality monitoring stations in Taiwan.We utilizedweighted K-nearest neighbourmethod (k= 3) to
infer the personalized air pollution exposure. Machine learning methods were performed on the heterogeneous
attributes set to predict allergic diseases in children. A total of 1439 mother-infant pairs were recruited in ma-
chine learning analysis. The prevalence of AD and AR in children up to 14 years of age were 6.8% and 15.9%, re-
spectively. Overall, tree-based models achieved higher sensitivity and specificity than other methods, with
areas under receiver operating characteristic curve of 83% for AD and 84% for AR, respectively. Our findings con-
firmed that prenatal air quality is an important factor affecting the predictive ability. Moreover, different air qual-
ity indiceswere better predicted, in combination than separately. Combining heterogeneous attributes including
environmental exposures, demographic information, and allergens is the key to a better prediction of children
allergies in the general population. Prenatal exposure to nitrogen dioxide (NO2) and its concatenation changes
with time were significant predictors for AD and AR till adolescent.

© 2021 Elsevier B.V. All rights reserved.

1. Introduction

In the past decades, the prevalence of childhood allergies has consis-
tently increased in both developed and developing countries. Atopic
dermatitis (AD), allergic rhinitis, (AR), and asthma are the most com-
mon chronic allergic diseases and now are recognized as global prob-
lems affecting children's health (Dogruel et al., 2017; Hansen et al.,
2013; Henriksen et al., 2015; Patil et al., 2015). Appropriate identifica-
tion of disease phenotypes is critical for the development of personal-
ized prevention of allergic diseases. There is accumulating evidence
that environmental factors play important roles in the rapid increase
of the prevalence. It remains unclear towhat extent and at which stages
such environmental exposures can be combined to predict specific al-
lergies in order to develop personalized health management plans.

Several approaches to predict such allergic diseases in children
and adults have been proposed in recent years. Different population
strata are one of the key reasons affecting the performance of the
prediction models; for instance, Castro-Rodriguez et al. (2000)
proposed a rule-based asthma predictive index for predicting
subsequent asthma among infants who have a history of wheezing,
attaining sensitivity of around 0.4 and 0.8 specificity at different
time points. In 2013, Chatzimichail et al. (2013) devised a machine
learning approach based on previous symptoms, medications, aller-
gen sensitization, and lung function, which can be used to predict
asthma outcome for symptomatic preschool children with sensitiv-
ity and specificity of 0.95, respectively. The recent work by Prosperi
et al. (2014) combined demographic, clinical and laboratory fea-
tures, genetic profiles and environmental exposures with a large at-
tribute set, and used various machine learning techniques to build
allergic phenotypes prediction models for adult patients. However,
studies that are focused on predicting children allergies using preg-
nancy and children early life features, are lacking.

Emerging evidences (Glinianaia et al., 2004; Jackson-Browne
et al., 2019; To et al., 2019) show that exposure to air pollution
during pregnancy is associated with elevated risk of adverse birth
outcomes with long-term health implications. Environmental expo-
sure (Yeatts et al., 2006) is one of the main factors for the develop-
ment of allergic diseases. In recent years, epidemiological studies
(Mortimer et al., 2008; Sbihi et al., 2015; To et al., 2019) have dem-
onstrated that air pollution has been linked with childhood allergies.
Mounting evidence suggests that early-life exposure to environmen-
tal pollution, especially to air pollution, is an important determinant
in the later development of allergic diseases in children. Despite the
importance of early-life exposure in the development of allergy, in-
formation on environmental exposures, particularly during preg-
nancy, on allergic diseases early in life has rarely been considered
to build childhood allergies prediction models. The scarce epidemio-
logical evidence on the predictive ability of childhood allergic dis-
eases in data mining methods among large heterogeneous attribute
sets including air pollution, environmental exposures, and nutri-
tional supplements, warrants further investigation.

In this work, using a rich dataset comprising a longitudinal birth
cohort among pregnant womenwho had undergone prenatal examina-
tions at nine selected private maternity hospitals across Taiwan, differ-
ent predictionmodels for specific allergic diseases were developed, and
we analyzed their prognostic factors. The aim of this research was to
identify the extent to which such early-life heterogeneous attributes
contribute and are combined toward the prediction of allergic diseases
in children.

2. Material and methods

2.1. Data source

This study was based on a longitudinal follow-up birth cohort data
collected between 2000 and 2005. A total of 2098 subjects, up to
14 years old, were included with 360 attributes from heterogeneous in-
formation sources, including questionnaires and doctors' diagnoses, and
followed-up every 2–3 years.

2.2. Participants recruitment

In 2000, a longitudinal birth cohort study was conducted among
pregnantwomenwhohad undergoneprenatal examinations at nine se-
lectedmaternity hospitals andmedical centres located in eight areas, in-
cluding one in Taipei, one in central Taiwan, one in eastern Taiwan, and
six in the south part of Taiwan (Lin et al., 2011; Lin et al., 2004; Wen
et al., 2011). Pregnant women who had undergone prenatal examina-
tions at these hospitals and without pregnancy complications (such as
eclampsia) were invited. Interviews were performed after pregnant
women gave written informed consent to participate in the study. The
infants born after July 2000 were consecutively recruited. Venous
blood of the pregnant women and umbilical cord blood of their new-
borns were collected by a nurse and an obstetrician, respectively. In
total, 2098 mother–newborn pairs were recruited between July 2000
to July 2005. Our protocols were approved by the Research Ethics
Committee of the National Health Research Institutes in Taiwan,
National Cheng Kung University Hospital, and Chung Shan Medical
University Hospital, according to the respective responsibility for sub-
jects' recruitment.

2.3. Questionnaire

Pregnant women were asked about their demographic and general
characteristics, such as social economic status, life style, medical history,
environmental factors at home (such as environmental tobacco smoke,
presence of cockroaches, incense burning, carpets, pets, or fungi on
walls), family history of allergic diseases (atopic dermatitis, asthma,
and allergic rhinitis), diet during pregnancy, and reproduction history.
Maternal self-reported mental status during pregnancy was also in-
cluded in the prenatal questionnaire by using themodified Chinese ver-
sion of Short Form 36 Health Survey (IQOLA SF-36 Taiwan standard
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Version 1.0; Copyright© 1995 New England Medical Centre Hospital,
Inc. All rights reservEd.). Newborn birth outcome data (weight, height,
head circumference, and gestational age) were collected from the hos-
pital records by nurses after childbirth.

Children were followed up by well-trained interviewers after
permission was obtained at the age of 1, 2, 7, 12, and 14 years. The
mother or main caregiver was asked about the child's diet, life
style, growth situation, medical history, and environmental expo-
sure. Children were considered as having- or not having-allergic dis-
eases according to the response to the question “Did your child ever
have physician-diagnosed AD or AR?” A “Yes” response to the ques-
tion in any one of the follow-up interviews was considered that the
child had ever had AD or AR.

2.4. Blood sample measurement

The levels of cord blood immunoglobulin E (cbIgE) and maternal
total IgE (mIgE) were determined using the Pharmacia UniCap IgE
assay system (CAP System, Pharmacia Diagnostics, Sweden). The limit
of the detective value was 0.35 IU/mL for cbIgE and 2.0 IU/mL for mIgE.

Cord plasma samples were also sent to the National Taiwan Univer-
sity for themeasurement of nine polyfluoroalkyl substances (PFASs), in-
cluding perfluorohexanoic acid (PFHxA), perfluoroheptanoic acid
(PFHpA), perfluorohexanesulfonic acid (PFHxS), perfluorooctanoic
acid (PFOA), perfluorooctane sulfonate (PFOS), perfluorononanoic acid
(PFNA), perfluorodecanoic acid (PFDeA), perfluoroundecanoic acid
(PFUA), and perfluorododecanoic acid (PFDoA). The experimental pro-
cedure is as described in a previous study (Lien et al., 2011). The mea-
surement of the cord plasma PFAS concentration was performed by an
Agilent-1200 high performance liquid chromatography system
(Agilent, Palo Alto, CA, USA) coupled with a triple-quadrupole mass
spectrometer (Sciex API 4000, Applied Biosystems, Foster City, CA,
USA). The limit of quantitation values (LOQ) for the plasma PFASs
were 0.25, 0.28, 0.08, 0.45, 0.10, 0.11, 0.19, 0.13, and 0.07 ng/mL for
PFHxA, PFHpA, PFHxS, PFOA, PFNA, PFOS, PFDeA, PFUA, and PFDoA,
respectively.

Participants' cord plasma concentrations of PFAS and IgE levels
below the detection limit (DL) were replaced by half-of-detection-
limit values. The percentage below DL ranged from 0.7% to 97.4%. The
detection rates of cord blood measurements less than 60% were ex-
cluded from the analysis, i.e. PFHxA (2.6%), PFHpA (2.2%), and PFDeA
(29.5%).

2.5. Construction of datasets for machine learning analysis

The dataset used to construct themodelswas exclusively composed of
attribute data collected before 2 years of age. Before attribute data
cleaning,we excluded the subjectswhose percentage ofmissing variables
were greater than 70%. The total retained data size came to 1439 samples.
The following attribute data cleaning was conducted on this dataset.

Three types of attributes were included in this dataset, i.e. ques-
tionnaire attributes, clinical attributes, and air pollution attributes.
Multiple choice responses from the questionnaire were cleaned by
redefining the original features into one-hot features. Newly-added
city attribute was extracted from the address in each object. The
missing value filling methods were based on the calculation of statis-
tic values in the training dataset and then applied on both the train-
ing and testing datasets. A total of 53 categorical attributes and 22
numerical attributes contained missing value. Missing values in the
numerical attributes, such as cbIgE, were filled using the average of
each attribute. Missing values of categorical variables in the ques-
tionnaire were filled using the mode.

To obtain AR datasets, we excluded the subjects who were diagnosed
before 2-years-old because theywere hardly precisely diagnosedwith AR
at this early age. After data cleaning and selection of three target datasets,
we obtained AD dataset (n= 1399) and AR dataset (n= 975) (Fig. 1).

2.6. Air pollution exposure assessment

2.6.1. Identification of air pollution for each subject
To identify historical air pollution exposure, the address of each sub-

ject was geocoded with Google Geocoding application program inter-
face (Geocoding API) and three subjects whose address could not be
identified by geocoder were excluded. Air pollution concentrations
were retrieved from the Environmental Protection Administration, Ex-
ecutive Yuan, Taiwan (Taiwan EPA). By applying the latitude and longi-
tude, we were able to infer the hourly air pollution concentration for
each subject 1 year before childbirth by using weighted k- nearest
neighbour (Macleod et al., 1987) (k=3) to get the three nearest air pol-
lution stations and assign a value by theweighted average. Total air pol-
lution components included carbon monoxide (CO), ozone (O3),
nitrogen dioxide (NO2), sulphur dioxide (SO2), and particulate matter
10 (PM10). For each subject in the original dataset, the collected air pol-
lution information is linked by the patients' identification number.

2.6.2. Air pollution feature extraction methods
We collected air pollution values within 1 year before childbirth. Air

pollution feature extractionwas conducted by the following steps. First,
we transformed the concentration of the five air pollutants into Individ-
ual Air Quality Index (IAQI) values according to the Air Quality Index
(AQI) standard announced by Taiwan EPA (Table S1) via the equation.

IAQI ¼ IAQIhigh−IAQIlow
Chigh−Clow

C−Clowð Þ þ IAQIlow

where:

IAQI = the individual air quality index,
C = the pollutant concentration,
Clow = the concentration breakpoint that is ≤ C,
Chigh = the concentration breakpoint that is ≥ C,
IAQIlow = the index breakpoint corresponding to Clow,
IAQIhigh = the index breakpoint corresponding to Chigh.

We then calculated the mean value within 1 month from the hourly
IAQI, and computed monthly IAQI difference between each two nearest
months (n = 55, 5 air pollutants multiply by the 11 monthly differ-
ences). Second, the monthly average values of IAQI values and IAQI dif-
ferences across the 1 year for each air pollutant (n=10, 5 air pollutants
multiply by 2 average values). Third, we discretized the hourly IAQI
value of each air pollution components, including CO, O3, NO2, SO2 and
PM10, into values ranging between 1 and 5, denoting the severity of
air pollution in the public IAQI and the AQI guide announced by
Taiwan EPA (2021). Then, the we calculated the monthly average IAQI
class (n = 5, the mentioned 5 air pollutants). Finally, after air pollution
feature extraction, we added 70 different air pollution features in AD
and AR dataset, respectively.

2.7. Model construction

Among machine learning methods, logistic regression (LR), random
forest (RF), k-nearest neighbours (KNN), XGboost (XGB), Naïve Bayes
(NB), and neural network (NN) were applied to build the prediction
models for the allergies. RF (Breiman, 2001) (400 trees, maximum
depth of the tree: 5 and Gini function to split nodes), XGB (Chen and
Guestrin, 2016) (400 trees, learning rate: 0.1 and maximum depth of
tree: 5), Decision Tree, LR (Fan et al., 2008) and KNN (k = 3) were
used to build the prediction models for AD and AR. Moreover, the Syn-
thetic Minority Over-sampling Technique (Chawla et al., 2002) was
conducted to solve the imbalance class problem in this research. For
the evaluation metrics and comparison, four metrics including sensitiv-
ity, specificity, accuracy, and area under the receiver operating charac-
teristic curve (AUROC), were used to evaluate these models. During
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the evaluation, we randomly split the data using the “70/30” policy, and
then ran the models 10 times to get the average results. In the training
step, we split 20% of the data in the training set as the validation set to
select the best prediction threshold to apply on the testing set, and to
obtain the final comparison tables. All analyses were carried out using
Python Software Foundation (Python Language, version 3.7.0). A P-
value of <0.05 was considered statistically significant.

2.8. Statistical analysis

All the statistical analyses were performed using JMP, version 13
(SAS Institute Inc., Cary, NC, USA). Prenatal exposure pattern of the
five air pollutants was identified by conducting latent class analysis
(LCA). Odds ratios (ORs) and 95% confidence intervals (CIs) were ap-
plied to evaluate statistical associations between potential risk factors
and childhood allergic diseases according to the machine learning re-
sults. Backward stepwise regression was applied to build the multiple
regression model and to select the predictive factors into the model.
Factors with the highest p-value were eliminated one by one till all
the remaining factors had p-value <0.05 andwere considered as signif-
icant predictors for childhood allergic diseases. A p-value of <0.05 in
two-sided test was considered statistically significant.

3. Results

Overall, a total of 1439mother-infant pairs with sufficient biological
samples were recruited for the machine learning analysis after exclud-
ing the mother-infant pairs that were lost to follow-up (n = 659)
(Fig. 1). The prevalence of allergic diseases in children was 6.4% (n =

89) for AD and 13.7% (n = 134) for AR. The characteristics of the chil-
dren and parents for children with (n = 174) and without (n = 1265)
any one of allergic diseases are shown in Table 1. Significant differences
occurred with a higher prevalence of the first child in the birth order of
the parents, parental education >12 years, family income ≥33.3
(103USD), and parental atopy in childrenwith diseases than in children
without diseases (Table 1). Table S2 outlines the characteristics of chil-
dren included (n = 1439) and excluded (n = 629) from the machine
learning analysis. The percentages of the first child of parents, parental
education ≥10 years and mother ever having atopic diseases were
higher in included children as compared to excluded children. Lower
percentages of mother smoking before pregnancy and during preg-
nancy were also observed in included children.

Table 2 demonstrated differences in air pollutant exposure in chil-
dren with and without allergic diseases. Among children with AD,
higher IAQI levels of NO2 and CO, and lower IAQI levels of O3 and
PM10 were observed, compared to children without AD within one
year before childbirth. Similar results were also found in children with
AR compared to children without AR (Table 2).

To demonstrate whether heterogeneous information can be com-
bined to reveal three specific allergic diseases, the different learning
methods (i.e. LR, RF, KNN, XGB, NB and NN) introduced above were ap-
plied to the full attribute set for predicting AD and AR, respectively. To
evaluate the performance of the predictive models for each allergic dis-
ease, AUROC, sensitivity, specificity and accuracy were considered as
the primary measurements for the high-class imbalance in the popula-
tion data. Overall, RF yielded the most predictive model on AR predic-
tion (average AUROC for AD and AR were 83% and 84%, respectively).
Fig. 2 shows the averaged ROC curves for the different AD and AR

Fig. 1. Flow chart for participants' recruitment.
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disease outcomes, while Table S3 shows the average AUROC, specificity,
sensitivity, and accuracy in detail; both were evaluated 10 times in the
random “70/30 split” policy validation.

Based on these results, the RFmethodwas retained and tested using
different data pre-processing approaches with the environmental vari-
ables, because RF has good interpretability and predictability. Specifi-
cally, without environmental information and different environmental
information processing methods to identify which method for process-
ing environmental features was contributing to the increase in AUROC,
sensitivity, or specificity with respect to each outcome prediction.
Table S4 shows the sensitivity, specificity, AUROC, and accuracy of dif-
ferent data processing methods, both were estimated 10 times in the
random “70/30 split” policy validation. For all the models, RF models
using the whole environmental features, yielded the best performance.
In detail, themodel using environmental features outperformed the one
without environmental features by up to 0.11 in AUROC. Fig. 3 shows
the ROC curves of the RF model for the three diseases, considering
each different data pre-processing methods.

When looking at the feature importance, themost relevant attribute
reflected the overall performance of the RF trained, using the feature
subsets. Table 3 and Table S5 reports the details of the feature

Table 1
Subjects' demographic and general characteristics in machine learning analysis.

Characteristics N (%) or mean (SD) p-Value§

All
(n = 1439)

AD/AR

With
(n = 174)

Without
(n = 1265)

Children
Sex

Boys 706 (49.1) 75 (10.6) 631 (83.4) 0.545
Girls 644 (44.8) 62 (9.6) 582 (90.4)

Birth weight 1332 (92.6) 3146.7 (429.3)¶ 3089.0 (393.8)¶ 0.123
Gestational age 1336 (92.8) 39.12 (1.27)¶ 38.89 (1.29)¶ 0.174
Birth order

1st 641 (44.5) 84 (13.1) 557 (86.9) 0.042
2nd 456 (31.7) 47 (10.3) 409 (86.7)
≥3rd 190 (13.2) 13 (6.8) 177 (83.2)

Parents
Maternal age at
childbirth (year)

818 (56.8) 28.46 (3.90)¶ 27.45 (4.58)¶ 0.011

Maternal BMI before
pregnancy

1174 (81.6) 20.55 (2.94)¶ 20.92 (3.15)¶ 0.271

Maternal weight gain
during pregnancy

1230 (85.5) 12.56 (6.05)¶ 13.33 (5.36)¶ 0.185

Maternal education
≤9 years 229 (15.9) 8 (3.5) 221 (96.5) <0.0001
10–12 years 700 (48.6) 70 (10.0) 630 (90.0)
>12 years 492 (34.2) 95 (19.3) 397 (80.7)

Paternal education
≤9 years 252 (17.5) 15 (5.6) 237 (94.1) <0.0001
10–12 years 666 (46.3) 62 (9.3) 604 (90.7)
>12 years 501 (34.8) 94 (18.8) 407 (81.2)

Family income
(103USD)

<20 856 (59.5) 78 (9.1) 778 (90.9) <0.0001
20–33.3 380 (26.4) 64 (16.8) 316 (83.2)
≥33.3 135 (9.4) 27 (20.0) 108 (80.0)

Maternal atopy
Yes 252 (17.5) 50 (19.8) 202 (80.2) 0.0005
No 990 (68.8) 114 (11.5) 876 (88.5)

Paternal atopy
Yes 260 (18.1) 50 (19.2) 210 (80.8) 0.0003
No 963 (66.9) 105 (10.9) 858 (89.1)

Smoking during
pregnancy

Yes 32 (2.2) 3 (9.4) 29 (90.6) 0.593
No 1364 (94.8) 171 (12.5) 1193 (87.5)

Smoking before
pregnancy

Yes 87 (6.0) 10 (11.5) 77 (88.5) 0.82
No 1323 (91.9) 163 (12.3) 1160 (87.7)

Abbreviation: AD, atopic dermatitis; AR, allergic rhinitis; BMI, body mass index; SD, stan-
dard deviation; USD, US Dollar.
Some numbers do not add up to total n because of missing values.

§ P value was calculated by Kruskal-Wallis tests for continues variables and χ2 test for
categorical variables compared between children with and without allergic diseases.

¶ mean (SD).

Table 2
Monthly mean (SD) of air pollutant individual air quality index (IAQI)within one year be-
fore childbirth among children with and without allergic disease.

IAQI Mean (SD)

AD AR

Yes
(n = 89)

No
(n = 1310)

P-value Yes
(n = 134)

No
(n = 841)

P-value

NO2 20.73 (4.08) 15.70 (4.73) <0.0001 20.76 (4.21) 15.23 (4.57) <0.0001
CO 8.26 (1.59) 6.47 (1.83) <0.0001 8.12 (1.62) 6.33 (1.80) <0.0001
SO2 4.04 (0.86) 4.09 (1.63) 0.965 4.07 (1.09) 4.07 (1.70) 0.926
O3 17.62 (3.91) 21.82 (3.95) <0.0001 17.74 (4.21) 22.11 (3.90) <0.0001
PM10 46.70 (5.34) 53.60 (8.63) <0.0001 46.84 (5.40) 54.42 (8.54) <0.0001

Abbreviation: AD, atopic dermatitis; AR, allergic rhinitis; PM10, particulate matter with a
50% cut-off aerodynamic diameter of 10 mm; SD, standard deviation.

Fig. 2. Comparison of area under the receiver operating characteristic curve from different
machine learning methods.
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importance and correlation evaluation by RFwith andwithout environ-
mental factors, respectively. For Table 3 and Table S5, we highlighted
that the features reached the significance level (P-value < 0.05), and
we observed that the feature outputs by RFwere useful. In Table S5, par-
ents' educational level was the most important feature of AD and AR.
Packing of hot food via plastic bags also showed positive correlation
with AR, but negative correlation with AD. Of note, when considering
environmental factors, the IAQI class of air pollutants ranked highest ac-
cording to the RF. In Table 3, themost important features reported by RF
were air pollutant features, such as the monthly average of IAQI classes
of NO2, O3, and PM10 within 1 year before childbirth. It is worthy to no-
tice that environmental factors (Left side) ranked the highest than those
of the other features (Right side) (Fig. S1). The results showed that en-
vironmental factors contributed to the predictive model building for
childhood allergic diseases to a certain extent.

On the basis of the RF results, we then used the typical statistical
analysis in epidemiological studies to assess the association between
prenatal ambient air pollutant exposure and allergic diseases in chil-
dren. A total of 1348mother-infant pairswere recruited for thefinal sta-
tistical analysis, including 1348 mother-infant pairs in the AD dataset
and 982 pairs in the AR dataset (Fig. 1). The prevalence of allergic dis-
easeswas 8.9% (n=120) for AD and 18.8% (n=185) for AR in children,

before the age of 14 years. Table S2 also outlines the characteristics of
children included (n= 1348) and excluded (n= 750) in the statistical
analysis. In addition, the characteristics of the children and parents for
childrenwith (n=257) andwithout (n=1091) any one of allergic dis-
eases are shown in Table S6. We then grouped air pollutant IAQI levels
of AD and AR datasets by tertile, and applied the LCA to identify the po-
tential exposure pattern to air pollutant, due to the high correlation be-
tween air pollutants (Table S7). The proportion of air pollutant IAQI
groups among latent clusters was shown in Table S8. Three classes
were identified via the LCA, including all the middle-level class (cluster
1), high O3 and PM10 class (cluster 2), and high NO2, CO, and SO2 class
(cluster 3) according to the monthly mean and SD of air pollutant IAQI
levels during maternal pregnancy as shown in Table 4.

The association between the three clusters of prenatal air pollutant
exposure and childhood allergic diseases is shown in Table 5. Children
in the cluster 3 had an increased odds of AD and AR development (OR
[95% CI] = 2.98 [1.93–4.61] and 3.74 [2.53–5.52], respectively). After
adjustment for potential covariates, children in the cluster 3 still had
the increased odds of AD and AR development (OR [95% CI] = 3.11
[1.92–5.02] and 3.61 [2.38–5.48], respectively). No significant associa-
tionwas found in children in the cluster 2 compared to those in cluster1.

4. Discussion

We investigated the ability of different types of machine learning
models to predict AD and AR, using a heterogeneous set of attributes
in children from a longitudinal birth cohort study. Models were com-
pared in terms of performance and interpretability. Different feature in-
puts were evaluated to understand the determinants of different
allergic diseases. The use of RF in model building yielded better
AUROC, sensitivity, and specificity than other methods. This might be
due to the ability of RF tomodel different variable interactions automat-
ically. Moreover, the difference between RF and other methods was
minimal in predicting AR phenotypes. However, the results showed
that AR and AD can be predicted well by the RF model.

By extracting important features and correlation for different out-
comes, we observed that environmental factors are very important in
predicting childhood allergic diseases. Most air pollutant features were
reported by the RFmethod,whenwe considered the environmental fac-
tors for building the prediction model, and these features were shown
to reach significance level inmost cases. However, regarding the impor-
tance and correlation of input features, our findings confirm the impor-
tant contribution of air pollutants.

The relationship between air pollution and allergic diseases has been
well reported. Air pollutant exposure was associated with the occur-
rence of respiratory allergic diseases (RAD) and could induce and aggra-
vate the symptoms of RAD (Huang et al., 2015b; Wright and Brunst,
2013). Sbihi et al. (2015) found that air pollutant exposure, especially
CO, NO, and NO2, was associated with the development of asthma in
preschool children. CO, NOx, and O3 exposure were also associated
with the occurrence of eczema, recurrence eczema, or flexural eczema
in children (Lee et al., 2008; Lu et al., 2017). Childrenwith higher prena-
tal CO exposure also had higher risk of ADdevelopment before 6months
of age (Huang et al., 2015a). Lu et al. (2017) reported that exposure to
higher levels of traffic-related air pollution (i.e. NO2, SO2, and PM10),
both during pre-conceptional and perinatal period, was associated
with increased risk of early childhood eczema. In the present study,
our results were consistent with those of previous studies, and prenatal
air pollutant exposure was associated with the development of allergic
diseases in our long-term follow-up children.

In addition, we also found that children with higher O3 and PM10 ex-
posure levels was negatively associated with childhood AD and AR. In
fact, the five observed air pollutants were highly correlated (Table S7).
Among them, PM10, O3 were negatively correlated with NO2 and CO.
When we put all 5 air pollutants in the model, the O3 became insignifi-
cant. Thereby we think the negative association between higher prenatal

Fig. 3. Comparison of area under the receiver operating characteristic curve from random
forest performance using various input features.
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PM10 and O3 might result from the low prenatal exposure of NO2 and CO
in those with high O3. For example O3 might be high in the forest with
sunshine but low traffic.

The biological mechanism of prenatal air pollution exposure on al-
lergic diseases is still under investigation. Air pollutants can cross the
placenta and affect the foetal development, and their health after birth
(Luyten et al., 2018; Tsai et al., 2019). Wright and Brunst (2013) re-
ported that prenatal and postnatal air pollutant exposure affects the de-
velopment of immune system, nervous system, and neuroendocrine
system in foetus and children. It also contributes to adverse health out-
come in the respiratory tract of children after birth, including respira-
tory inflammation, lung function, sensitization of respiratory tract, and
asthma occurrence (Wright and Brunst, 2013).

The effect of air pollution exposure on the immune system is one of
the possible mechanisms of developing allergic disease (Luyten et al.,
2018; Tsai et al., 2019). In a France birth cohort study (Baiz et al.,
2011), womenwith air pollution exposure before and during pregnancy
showed effect on the foetal immune function with altered distribution
of the natural killer cells and T lymphocyte in the cord blood. In a

Canadian birth cohort study (Ashley-Martin et al., 2016), elevated con-
centrations of both interleukin (IL) 33 and thymic stromal
lymphopoietin in the cord bloodwere observed in girls with higherma-
ternal NO2 exposure. Skewed T-helper 2 (Th2) immune response with
elevated levels of IgE and IL-4 characterized the immune response in al-
lergic diseases (Akdis et al., 2020). In an animal study (Yue et al., 2017),
maternal NO2 exposure caused Th2 polarization in offspring, including
elevated IL-4 and IL-13 levels and suppressed interferon-γ expression.
Airway inflammation with increasing eosinophil cells, an asthma re-
lated sign, was also observed in offspring with maternal NO2 exposure.
Moreover, IL-4 promoter demethylation that related to Th2 polarization
was also demonstrated in offspring with maternal NO2 exposure and
postnatal allergen sensitization (Yue et al., 2017).

Prenatal air pollution exposure effect on foetal development is an-
other potentialmechanism of allergic disease development. Respiratory
airway development begins during the second trimester of pregnancy
(Shi et al., 2007) and harmful effect occurring during this crucial period
might have long-term effect on the respiratory health. Exposure to
higher levels of NO2 during pregnancy was associated with reduced

Table 3
Feature importance (the top 20th) and correlation evaluation using random forest model with air pollutant data.

Features AD AR

Importance Correlation P-value Importance Correlation P-value

The monthly average of IAQI class of PM10 0.137 −0.191 <0.0001 0.127 −0.311 <0.0001
Parental education 0.091 0.143 <0.0001 0.042 0.181 <0.0001
The monthly average of IAQI class of NO2 0.089 0.212 <0.0001 0.066 0.302 <0.0001
The monthly average of IAQI class of O3 0.077 −0.186 <0.0001 0.084 −0.283 <0.0001
Packaging hot food via plastic bag 0.048 −0.141 <0.0001 0.054 0.208 <0.0001
Maternal vigour in pregnancy 0.039 −0.093 0.001 ― ― ―
Child sex 0.029 0.051 0.050 0.014 0.077 0.014
Pet at home 0.024 −0.097 <0.0001 0.036 −0.166 <0.0001
The monthly average of IAQI difference of CO 0.023 0.050 0.068 ― ― ―
The monthly average of IAQI difference of NO2 0.020 0.120 <0.0001 0.011 0.153 <0.0001
Paternal atopy 0.016 0.054 0.081 ― ― ―
Maternal vitality in pregnancy 0.016 −0.034 0.203 ― ― ―
Cord blood IgE 0.013 0.044 0.239 0.014 0.007 0.794
Frequency of edible shellfish and oysters 0.011 −0.032 0.172 ― ― ―
Intake vitamin supplement 0.011 0.058 0.051 0.009 0.086 0.015
Frequency of freshwater fish consumption 0.011 −0.105 0.0001 ― ― ―
Birthweight 0.010 0.040 0.133 ― ― ―
Number of pregnancy 0.008 −0.060 0.016 0.011 −0.105 0.0002
Frequency of edible squid fish 0.008 −0.027 0.243 ― ― ―
Incense burning at home 0.008 0.051 0.018 ― ― ―
Cord plasma PFOA ― ― ― 0.009 0.081 0.098
Cockroach at home ― ― ― 0.027 0.148 <0.0001
The monthly average of IAQI difference of O3 ― ― ― 0.013 −0.179 <0.0001
Maternal IgE ― ― ― 0.016 −0.028 0.224
The monthly average of IAQI class of CO ― ― ― 0.012 −0.129 <0.0001
Maternal atopy ― ― ― 0.010 0.129 0.001
Birth height ― ― ― 0.010 0.090 0.003
Add vitamins to baby food ― ― ― 0.012 −0.143 <0.0001
Self-report air pollution surrounding residence at 2 years old ― ― ― 0.011 −0.112 <0.0001

“―” indicated that the feature was not the top 20th important features for the disease.
Abbreviations: AD, atopic dermatitis; AR, allergic rhinitis; IAQI, individual air quality index; IgE, immunoglobulin E; PFOA, perfluorooctane sulfonate; PM10, particulate matter with a 50%
cut-off aerodynamic diameter of 10 mm.

Table 4
Mean (SD) of average monthly air pollutant individual air quality index levels during pregnancy among latent clusters.

AD (n = 1348) AR (n = 982)

Cluster 1
(n = 566)

Cluster 2
(n = 454)

Cluster 3
(n = 328)

p-Value¶ Cluster 1
(n = 417)

Cluster 2
(n = 333)

Cluster 3
(n = 232)

p-Value¶

Conceived indicators All mild levels High O3 and PM10 High NO2, CO, and SO2 All mild levels High O3 and PM10 High NO2, CO, and SO2

NO2 15.34 (1.79) 10.58 (1.87) 22.38 (2.37) <0.0001 15.27 (1.88) 10.52 (1.91) 22.22 (2.58) <0.0001
CO 6.37 (1.53) 4.87 (0.64) 8.71 (1.48) <0.0001 6.33 (1.51) 4.86 (0.65) 8.66 (1.50) <0.0001
SO2 4.60 (1.24) 2.84 (0.93) 4.96 (1.87) <0.0001 4.55 (1.26) 2.78 (0.91) 4.97 (1.92) <0.0001
O3 22.83 (1.58) 24.75 (3.25) 16.85 (2.62) <0.0001 22.79 (1.51) 24.72 (3.25) 16.85 (2.77) <0.0001
PM10 54.59 (7.55) 56.33 (8.06) 46.58 (9.16) <0.0001 55.08 (7.50) 56.18 (8.30) 47.47 (9.60) <0.0001

Abbreviations: AD, atopic dermatitis; AR, allergic rhinitis; PM10, particulate matter with a 50% cut-off aerodynamic diameter of 10 mm; SD, standard deviation.
¶ p-Value was analyzed by Kruskal-Wallis Tests.
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lung function in children aged 4.5 years, especially among allergic chil-
dren (Morales et al., 2015). In a 17-year follow-up birth cohort study in
Hong Kong, lower forced expiratory volume in 1 s (FEV1), forced vital
capacity (FVC)/FEV1 ratio, and forced expiratory flow at 25%–75% of
the pulmonary volume (FEF25%–75%) were found in adolescents with
higher in utero, infancy, and toddlerhood NO2 exposure (He et al.,
2019). In addition, like the respiratory airway development, foetal skin
barrier becomes functional and develop at about 20 weeks of preg-
nancy. The skin barrier dysfunction is considered the first step in AD de-
velopment (Kim and Leung, 2018). Prenatal air pollution exposure
induced oxidant stressmight cause the damage to the skin barrier in ne-
onates (Nagiah et al., 2015; Pastore and Korkina, 2010), and therefore
increase the risk of AD occurrence.

The present study has some strengths. First, as a longitudinal follow-
up birth cohort design, we could evaluate the temporal sequence be-
tween potential risk factors and health effect. Second, using machine
learning approach we could consider heterogenetic factor together.
Third,we established a predictivemodel for allergic diseases byprenatal
and early postnatal factors. The public could evaluate the probability of
developing allergic disease and therefore take action, such as avoiding
air pollutant exposure, for early prevention of the development of aller-
gic disease in children.

Our study had some limitations of concern. First, our study did
not consider the in-house environmental factors and genetic attri-
butes (i.e. genotypes and epigenome). This may decrease the dis-
criminating ability of the predictive model of allergic disease due to
genetic profile as one of the important risk factors for disease devel-
opment (Ober and Yao, 2011). Parental history of allergic diseases
was also considered in the present study and would likely represent
the hereditary background of children. In addition, our analysis was
not focused on genetic markers and in-door environmental attri-
butes. In further study, collecting more data that include these attri-
butes which will improve the predictive ability for allergic diseases
in children is warranted. Second, childhood allergic diseases were
determined based on the main caretaker or maternal reports. This
might have caused misclassification of childhood allergic diseases.
However, the interviewees were unaware of the main hypothesis,
and the misclassification was likely non-differential among the dif-
ferent attributes groups. Thus, the bias related to the study results
due to this misclassification was less likely. Third, participated chil-
dren were from the general population and without allergic
disease-related biomarker measurements (i.e. cytokines) in the
model; this might have also resulted in decreased discriminatory
ability of the predictive model. Fourth, personal air pollutant expo-
sure level was evaluated based on the three nearest air pollution
monitoring stations via weighted k- nearest neighbour method.
This might not represent the accurate individual exposure levels as
compared to a personal environmental monitoring, and was a surro-
gate of the true exposure levels. Fifth, due to Taiwan EPA PM2.5

monitoring data was only available after 2006, we could not investi-
gate the effect of prenatal PM2.5 exposure on childhood AD and AR in

our study. Further study is necessary for birth cohort study
established after 2006 when PM2.5 monitoring data is available.
Sixth, a total of 75 attributes with missing value were filled by the
mean for numerical attributes and the mode for categorical attri-
butes. Among them, 15 attributes (>70%) out of 22 significant attri-
butes had the missing percentage less than 20%. The conclusion was
consistent no matter we put the feature in the model with the per-
centage of missing value greater than 30% or not. Future research is
directed to apply this approach in large and complete long-term
follow-up birth cohort study. Finally, participants were from nine
medical centres, hospitals, or obstetrics and gynaecology clinics lo-
cated in eight areas of Taiwan. Therefore, our findings, generalised
to all children in Taiwan should be with caution.

5. Conclusions

We applied machine learning method to establish a predictive
model for childhood allergic diseases. Among the recruited factors, our
data demonstrated that incorporating environmental information into
the model can boost the performance of the predicting ability of the
phenotypes of AD and AR in children. Prenatal exposure to NO2 and its
concatenation changes over time were significant predictors for AD
and AR till adolescence. Future studies might consider additional fac-
tors/attributes and harness this longitudinal data in the prediction of al-
lergic diseases for children.
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Table S1 

The Air Quality Index (AQI) standard and concentration breakpoints of five air pollutants from the 

Environmental Protection Administration, Executive Yuan, Taiwan (Taiwan EPA)1 

AQI 

Concentration breakpoints  

Clow-Chigh 

O3 (ppm) PM10 (μg/m3) CO (ppm) SO2 (ppb) NO2 (ppb) 

0–50 - 0–54 0–4.4 0–35 0–53 

51–100 - 55–125 4.5–9.4 36–75 54–100 

101–150 0.125–0.164 126–254 9.5–12.4 76–185 101–360 

151–200 0.165–0.204 255–354 12.5–15.4 186–304 361–649 

201–300 0.205–0.404 355–424 15.5–30.4 305–604 650–1249 

301–400 0.405–0.504 425–504 30.5–40.4 605–804 1250–1649 

401–500 0.505–0.604 505–604 40.5–50.4 805 -1004 1650–2049 

Abbreviations: EPA, Environmental Protection Administration; AQI, air quality index; PM10, particulate matter 

with a 50% cut-off aerodynamic diameter of 10 mm. 

 

 

 



Table S2  

Subjects’ demographic and general characteristics in included and excluded children 

Characteristics 

N (%) or mean (SD) 

Machine learning analysis 
 

Statistical analysis 

Included 

(n = 1439) 

Excluded 

(n = 659) 
p-value§  

Included 

(n = 1348) 

Excluded 

(n = 750) 
p-value§ 

  

Children        

Sex        

  Boys 706 (49.1) 259 (39.3) 0.831  696 (51.6) 269 (35.9) 0.831 

  Girls 644 (44.8) 231 (35.1)  635 (47.1) 240 (32.0) 

Birth weight¶ 3095.8 (397.8) 3107.5 (423.3) 0.408  3095.2 (397.0) 3109.5 (425.6) 0.366 

Missing 107 (7.4) 167 (25.3)   10 (0.7) 264 (35.2)  

Gestational age¶ 38.91 (1.29) 38.88 (1.35) 0.714  38.91 (1.29) 38.88 (1.36) 0.802 

Missing 103 (7.2) 177 (26.9)   0 280 (37.3)  

Birth order        

  1st 641 (44.5) 156 (23.7) 0.043  604 (44.8) 193 (25.7) 0.447 

  2nd 456 (31.7) 150 (22.8)  442 (32.8) 164 (21.9) 

  3rd 190 (13.2) 62 (9.4)  185 (13.7) 67 (8.9) 

Parents        

Maternal age at childbirth 

(year)¶ 

27.59 (4.50) 27.65 (4.90) 0.903  27.49 (4.50) 27.81 (4.83) 0.231 



Missing 620 (43.1) 287 (43.6)   613 (45.5) 295 (39.3)  

Maternal BMI before 

pregnancy¶ 

20.87 (3.13) 20.94 (3.47) 0.958  20.94 (3.14) 20.80 (3.38) 0.338 

Missing 265 (18.4) 221 (33.5)   266 (19.7) 220 (29.3)  

Maternal weight gain during 

pregnancy¶ 

13.23 (5.46) 12.83 (5.91) 0.139  13.21 (5.51) 12.93 (5.77) 0.383 

Missing 209 (14.5) 121 (18.4)   209 (15.5) 121 (16.1)  

Maternal education        

  ≤ 9 years 229 (15.9) 143 (21.7) 0.0004  224 (16.6) 148 (19.7) 0.087 

  10- 12 years 700 (48.6) 297 (45.1)  662 (49.1) 335 (44.7) 

  > 12 years 492 (34.2) 181 (27.5)  444 (32.9) 229 (30.5) 

Paternal education        

  ≤ 9 years 252 (17.5) 146 (22.2) 0.002  245 (18.2) 153 (20.4) 0.049 

  10- 12 years 666 (46.3) 270 (41.0)  640 (47.5) 296 (39.5) 

  > 12 years 501 (34.8) 183 (27.8)  446 (33.1) 238 (31.7) 

Family income (103USD)        

  <20 856 (59.5) 348 (52.8) 0.228  814 (60.4) 390 (52.0) 0.028 

  20-33.3 380 (26.4) 165 (25.0)  344 (25.5) 201 (26.8) 

  ≥33.3 135 (9.4) 72 (10.9)  123 (9.1) 84 (11.2) 

Maternal atopy        

  Yes 252 (17.5) 50 (7.6) 0.0005  234 (17.4) 68 (9.1) 0.009 



  No 990 (68.8) 349 (53.0)  937 (69.5) 402 (53.6) 

Paternal atopy        

  Yes 260 (18.1) 67 (10.2) 0.566  240 (17.8) 87 (11.6) 0.670 

  No 963 (66.9) 271 (41.1)  920 (68.2) 314 (41.9) 

Smoking during pregnancy        

  Yes 32 (2.2) 33 (5.0) 0.0002  29 (2.2) 36 (4.8) 0.0004 

  No 1364 (94.8) 571 (86.7)  1278 (94.8) 657 (87.6) 

Smoking before pregnancy        

  Yes 87 (6.0) 77 (11.7) <0.0001  79 (5.9) 85 (11.3) <0.0001 

  No 1323 (91.9) 541 (82.1)   1242 (92.1) 622 (82.9) 

Some numbers do not add up to total n because of missing values. 

¶ Mean (SD). 

§P value was calculated by Kruskal-Wallis tests for continues variables and χ2 test for categorical variables as compared 

between children with and without allergic diseases. 

Abbreviation: BMI, body mass index; SD, standard deviation; USD, US dollar. 

 



Table S3  

Comparison of predictive allergic diseases among different machine learning methods 

Outcome Model Sensitivity Specificity Accuracy AUROC 

AD Random Forest 74.81 69.36 69.71 0.83 

Xgboost 76.3 67.4 67.98 0.79 

Decision Tree 50.74 76.95 75.26 0.7 

Naïve Bayes 65.56 65.8 65.79 0.71 

Neural Network 58.52 60.74 60.6 0.66 

Logistic Regression 70 66.92 67.12 0.74 

AR Random Forest 76.5 78.66 78.36 0.84 

Xgboost 72.75 74.15 73.96 0.81 

Decision Tree 65 69.45 68.84 0.76 

Naïve Bayes 71.25 73.68 73.34 0.8 

Neural Network 64.25 61.38 61.77 0.67 

Logistic Regression 74.25 74.9 74.81 0.8 

Abbreviation: AD, atopic dermatitis; AR, allergic rhinitis; AUROC, area under the receiver 

operating characteristic curve. 

 



Table S4  

Comparisons of predictive model for allergic diseases by random forest performance using various input features 

Outcome Model Sensitivity Specificity Accuracy AUROC 

AD Without air pollution 74.07 57.48 58.55 0.75 

Air pollution / With difference 77.04 58.32 59.52 0.78 

Air pollution / With statistic features 83.33 65.62 66.76 0.83 

Air pollution / With both statistic features and difference 74.81 69.36 69.71 0.83 

AR 

Without air pollution 73.75 72.25 72.46 0.81 

Air pollution / With difference 75.5 73 73.34 0.82 

Air pollution / With statistic features 75 81.3 80.44 0.85 

Air pollution / With both statistic features and difference 76.5 78.66 78.36 0.84 

Abbreviation: AD, atopic dermatitis; AR, allergic rhinitis; AUROC, area under the receiver operating characteristic curve. 



Table S5  

Feature importance (the top 20th) and correlation evaluation by means of random forest model without air pollutant 

data 

Features 
AD 

 
AR 

Importance Correlation P-value   Importance Correlation P-value 

Parental education 0.154  0.143  <0.0001 
 

0.088  0.181  <0.0001 

Maternal vigour in pregnancy 0.105  -0.093  0.001  
 

0.021  -0.076  0.021  

Packaging hot food via plastic bag 0.073  -0.141  <0.0001 
 

0.085  0.208  <0.0001 

Child sex 0.055  0.051  0.050  
 

0.048  0.077  0.014  

Maternal vitality in pregnancy 0.047  -0.034  0.203  
 

― ― ― 

Pet at home 0.044  -0.097  <0.0001 
 

0.066  -0.166  <0.0001 

Frequency of freshwater fish consumption 0.039  -0.105  0.0001  
 

― ― ― 

Number of pregnancies 0.026  -0.060  0.016  
 

0.040  -0.105  0.0002  

Birthweight 0.026  0.040  0.133  
 

0.022  0.033  0.319  

Paternal atopy  0.025  0.054  0.081  
 

0.018  0.092  0.012  

Maternal happiness in pregnancy 0.022  -0.046  0.110  
 

― ― ― 

Maternal weight after pregnancy 0.021  -0.062  0.020  
 

― ― ― 

Cord blood IgE 0.020  0.044  0.239  
 

0.038  0.007  0.794  

Intake vitamin supplement 0.019  0.058  0.051  
 

0.025  0.086  0.015  

Frequency of edible squid fish 0.018  -0.027  0.243  
 

― ― ― 

Frequency of edible shellfish and oysters 0.018  -0.032  0.172  
 

― ― ― 



Maternal atopy 0.017  0.042  0.160  
 

0.032  0.129  0.001  

Cord plasma PFDoA 0.015  -0.040  0.061  
 

― ― ― 

Cockroach at home 0.014  0.056  0.012  
 

0.045  0.148  <0.0001 

Maternal clam and peaceful in pregnancy 0.013  -0.036  0.193  
 

― ― ― 

Cord plasma PFOA ― ― ― 
 

0.031  0.081  0.098  

Add vitamins to baby food ― ― ― 
 

0.030  -0.143  <0.0001 

Maternal age at childbirth ― ― ― 
 

0.028  0.097  0.003  

Intake calcium supplement ― ― ― 
 

0.025  0.056  0.052  

Birth height ― ― ― 
 

0.024  0.090  0.003  

Maternal IgE ― ― ― 
 

0.023  -0.028  0.224  

Self-report air pollution surrounding 

residence at 2 years old 
― ― ― 

 
0.017  -0.112  <0.0001 

Child height ― ― ―   0.014  0.079  0.003  

“―” indicated that the feature was not the top 20th important features for the disease. 

Abbreviations: IgE, immunoglobulin E; PFDoA, perfluorododecanoic acid; PFOA, perfluorooctane sulfonate. 

 



Table S6  

Subjects’ demographic and general characteristics in statistical analysis 

Characteristics 

N (%) or mean (SD) 

p-value§ 

All 

(n = 1348) 

AD/AR 

With 

(n = 257) 

Without  

(n = 1091) 

Children     

Sex     

  Boys 696 (51.6) 136 (19.5) 560 (80.5) 0.711 

  Girls 635 (47.1) 119 (18.7) 516 (81.3) 

Birth weight 1338 (99.3) 3111.9 (374.4)¶ 3091.2 (402.3)¶ 0.522 

Gestational age 1348 

(100.0) 

39.02 (1.17)¶ 38.89 (1.32)¶ 0.306 

Birth order     

  1st 604 (44.8) 119 (19.7) 485 (80.3) 0.287 

  2nd 442 (32.8) 80 (18.1) 362 (81.9) 

  3rd 185 (13.7) 27 (14.6) 158 (85.4) 

Parents     

Maternal age at childbirth 

(year) 

735 (54.5) 28.22 (4.17)¶ 27.29 (4.57)¶ 0.012 

Maternal BMI before 

pregnancy 

1082 (80.3) 21.01 (3.16)¶ 20.92 (3.13)¶ 0.615 

Maternal weight gain 

during pregnancy 

1139 (84.5) 12.65 (5.15)¶ 13.35 (5.59)¶ 0.082 

Maternal education     

  ≤ 9 years 224 (16.6) 21 (9.4) 203 (90.6) <0.0001 

  10- 12 years 662 (49.1) 118 (17.8) 544 (82.2) 

  > 12 years 444 (32.9) 117 (26.4) 327 (73.6) 

Paternal education     

  ≤ 9 years 245 (18.2) 24 (9.8) 221 (90.0) <0.0001 

  10- 12 years 640 (47.5) 111 (17.3) 529 (82.7) 

  > 12 years 446 (33.1) 121 (27.1) 325 (72.9) 

Family income (103USD)     



  <20 814 (60.4) 129 (15.9) 685 (84.2) <0.0001 

  20-33.3 344 (25.5) 81 (23.6) 263 (76.5) 

  ≥33.3 123 (9.1) 39 (31.7) 84 (68.3) 

Maternal atopy     

  Yes 234 (17.4) 67 (28.6) 167 (71.4) 0.0002 

  No 937 (69.5) 165 (17.6) 772 (82.4) 

Paternal atopy     

  Yes 240 (17.8) 59 (24.6) 181 (75.4) 0.028 

  No 920 (68.2) 168 (18.3) 752 (81.7) 

Smoking during 

pregnancy 

    

    Yes 29 (2.2) 5 (17.2) 24 (82.8) 0.778 

    No 1278 (94.8) 247 (19.3) 1031 (80.7) 

Smoking before 

pregnancy 

    

    Yes 79 (5.9) 10 (12.7) 69 (87.3) 0.13 

    No 1242 (92.1) 243 (19.6) 999 (80.4) 

Some numbers do not add up to total n because of missing values. 

§P value was calculated by Kruskal-Wallis tests for continues variables and χ2 test for 

categorical variables as compared between children with and without allergic diseases. 

¶ mean (SD). 

Abbreviation: AD, atopic dermatitis; AR, allergic rhnitis; BMI, body mass index; SD, 

standard deviation; USD, US dollar. 

 



Table S7  

The Spearmen’s correlation between monthly average of air pollutant 

individual air quality index during pregnancy 

 
NO2 CO SO2 O3 PM10 

NO2 ― 
    

CO 0.820*** ― 
   

SO2 0.641*** 0.395*** ― 
  

O3 -0.692*** -0.495*** -0.358*** ― 
 

PM10 -0.324*** -0.353*** 0.018 0.343*** ― 

Abbreviation: PM10, particulate matter with a 50% cut-off aerodynamic diameter 

of 10 mm. 

 



Table S8  

The proportion (%) of air pollutant individual air quality index (IAQI) groups among three latent clusters  

AD  AR 

Groups of air 

pollutant IAQI (n) Cluster 1 Cluster 2 Cluster 3 

  Groups of air 

pollutant IAQI (n) Cluster 1 Cluster 2 Cluster 3 

Overall (1348) 42 33.7 24.3  Overall (982) 42.5 33.9 23.6 

NO2 

   

 NO2 

   <12.7 (450) 0 99.8 0.2  <12.6 (328) 0 99.4 0.6 

12.7-16.7 (449) 98.9 1.1 0  12.6-16.6 (327) 97.9 2.1 0 

16.7 (449) 27.2 0 72.8  16.6 (327) 29.7 0 70.3 

CO     CO    

<5.28 (450) 24 74.7 1.3  <5.28 (328) 22.6 76.2 1.2 

5.28-6.72 (449) 72.4 26.1 1.6  5.28-6.56 (327) 73.4 25.1 1.5 

6.72 (449) 29.6 0.2 70.2  6.56 (327) 31.5 0.3 68.2 

SO2 
   

 SO2 

   <3.6 (450) 14 77.3 8.7  <3.6 (328) 13.4 78.7 7.9 

3.6-4.3 (449) 48.8 22 29.2  3.6-4.3 (327) 50.1 21.1 28.8 

4.3 (449) 63.3 1.6 35.2  4.3 (327) 63.9 1.8 34.3 

O3 
   

 O3 
   

<21.4 (450) 20.7 6.4 72.9  <21.5 (328) 22.6 6.7 70.7 

21.4-23.6 (449) 69.3 30.7 0  21.5-23.6 (327) 69.1 30.9 0 



23.6 (449) 36.1 63.9 0  23.6 (327) 35.8 64.2 0 

PM10     PM10    

<47.9 (450) 31.8 12 56.2  <48.7 (328) 34.5 12.5 53 

47.9-59.8 (449) 48.1 45.2 6.7  48.7-60.1 (327) 45 48.9 6.1 

59.8 (449) 46.1 43.9 10   60.1 (327) 48 40.4 11.6 

Abbreviation: AD, atopic dermatitis; AR, allergic rhinitis; PM10, particulate matter with a 50% cut-off aerodynamic diameter of 10 mm. 

 



(A) AD  

  

(B) AR  

 
 

Fig. S1. Feature importance evaluation using random forest method without (left side)/with (right side) air pollution. 

(A) AD; (B) AR.  

Red bar, positive correlation; blue bar, negative correlation. 
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