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A B S T R A C T   

Background: Humans are exposed to a mixture of metals during their lifetime; however, evidence of neurotoxicity 
of such mixtures in critical time windows is still insufficient. We aimed to elucidate the associations of four 
metals mixture across multiple time points with children’s intelligence quotient (IQ) in a prospective cohort 
study. 
Methods: Prenatal exposure and exposure at age 4 and 6 years to four types of blood metals, namely lead, 
mercury, cadmium, and manganese were quantified in 502 pregnant women and their children who participated 
in the Environment and Development Cohort study. Children’ s IQ scores were assessed using the Wechsler 
Intelligence Scale at age 6. Bayesian kernel machine regression (BKMR), quantile g-computation models, and 
elastic net (ENET) models were used to assess the associations of their blood metals mixture with IQ scores. 
Results: Multivariate linear regression models indicated that postnatal blood manganese exposure at the age of 4 
years was significantly negatively associated with children’s IQ [β = − 5.99, 95% confidence interval (CI): 
− 11.37 to − 0.61]. In the multi-chemical BKMR and quantile g-computation model, statistically significant in-
verse associations were found between the mixture of prenatal and postnatal metals and children’s IQ score 
(Difference in children’ IQ per quartile increase: − 2.83; 95% CI: − 5.28, − 0.38). Interestingly, we found that 
manganese levels at both age of 4 and 6 years were contributing factors to children’s IQ in the mixture models, 
namely, BKMR, quantile g-computation, and ENET models. 
Conclusions: Multi-pollutant mixtures of prenatal and postnatal exposures to four metals affected child IQ at 6 
years of age. We found a relationship between manganese exposure at both age 4, and 6 years and children’s IQ. 
Additional studies are warranted to confirm these associations and to control the exposure to different metals 
during pregnancy and preschool childhood.  

Abbreviations: Pb, lead; Cd, cadmium; Hg, mercury; Mn, manganese; IQ, intelligence quotient; BKMR, Bayesian kernel machine regression; ENET, elastic net; 
KEDI-WISC, Korean Educational Developmental Institute’s Wechsler Intelligence Scale for Children; LOD, limit of detection; ETS, environmental tobacco smoke; PIPs, 
posterior inclusion probabilities. 
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1. Introduction 

Metals are naturally existing elements that have relatively high 
atomic weights (Yang and Massey, 2019). Some metals such as copper, 
cobalt, manganese, selenium, and zinc are essential trace elements in the 
human body (Hawkes, 1997, Lim et al., 2019), playing an important role 
in biological processes, including protection against oxidative damage 
to cellular respiration, genomic stability, immunity, apoptosis, and cell 
signaling (Lim et al., 2019). However, some metals are associated with 
acute poisoning and chronic diseases (Lim et al., 2019). 

Since the placenta is a weak barrier to some metals, they can cross 
the placental barrier relatively easily through passive diffusion (Caserta 
et al., 2013), but the average range of concentrations for metals to cross 
the placenta barrier was different depending on types of metals (Iyengar 
and Rapp, 2001). Several studies showed that exposure to metals during 
pregnancy or early life from the dominant or shared sources including 
smoking exposure, dietary intake, and inhalation of contaminated air 
was associated with development of childhood (Scheen and Giet, 2012, 
Prüss-Ustün et al., 2011). The four metals share some similar mecha-
nistic pathways including generating reactive oxygen species, depleting 
or interfering with antioxidants such as glutathione (Valko et al., 2005), 
and engaging with the dysregulation of glutamate and its N-methyl-D- 
aspartate receptor, which are related to neurodevelopmental function 
(Shah-Kulkarni et al., 2020). 

There is emerging evidence that lead, cadmium, and mercury ex-
posures are associated with abnormalities in neurodevelopment among 
children, including decreasing intelligence score and neuropsychologi-
cal test scores, and damage to the nervous systems in several previous 
studies (Gibb and O’Leary, 2014, Kippler et al., 2012, Lanphear et al., 
2005, Taylor et al., 2017, Valent et al., 2013). High manganese exposure 
in children has also been associated with poor neurobehavioral perfor-
mance (Menezes-Filho et al., 2011). Although manganese is required as 
an essential element for fetal development and growth (Mistry et al., 
2011), a high exposure during pregnancy may negatively affect the 
developing fetus (Wood, 2009). Many previous studies have reported 
that heavy metals, including lead, cadmium, and mercury, function as 
neurotoxins that adversely affect neurodevelopment in children (Burm 
et al., 2016, Kim, 2014). Exposure to manganese was also negatively 
associated with neurodevelopment in children in Asian birth cohort 
studies (Leonhard et al., 2019, Tsai et al., 2019). Children are more 
susceptible to exposure to metals than adults because their detoxifica-
tion mechanisms are still under development (Rodríguez-Barranco et al., 
2013, Tatsuta et al., 2020). During this time, the brain changes 
dynamically via synaptic pruning, myelination, neuronal transmission, 
and neural circuitry restructuring, so environmental exposures to metals 
could hinder the development of cognitive abilities (Bauer et al., 2020). 

Most studies on the effect of metals on neurocognitive development 
have shown the impacts of prenatal exposure on children’s intelligence, 
but the effect of postnatal exposure is not known. Guo et al showed that 
prenatal exposure to Pb was associated with decreased total IQ at 7 years 
of age in China (Guo et al., 2020), and prenatal methylmercury exposure 
was related to poor IQ scores in 282 school-age children in Canada 
(Jacobson et al., 2015). Additionally, prenatal exposure to blood cad-
mium in early pregnancy was inversely associated with performance IQ 
at 60 months of age among 119 children in South Korea (Jeong et al., 
2015). 

It is important to consider the impact of exposure to a mixture of 
metals on the neurodevelopmental children (Henn et al., 2014, Sanders 
et al., 2015, Valeri et al., 2017) because metals, such as arsenic, lead, 
and manganese, commonly co-exist in the environment and interact 
with each other (Bauer et al., 2020). When studying the individual an-
alyses or co-adjusted model of metals, the results could be biased and, 
we may miss the combined effects of their exposed multiple metals 
(Niehoff et al., 2020). Humans are exposed to mixture of metals across 
their life courses, which is often called as the “exposome” (Levin- 
Schwartz et al., 2019). Many previous studies on chemical mixtures 

were performed with cross-sectional design. To reflect actual effects of 
the associated mixtures on health according to the exposome concept, 
exposure to metals mixture should be considered at multiple time points 
(Levin-Schwartz et al., 2019). 

To estimate the health effects of multi-pollutant mixtures, new ap-
proaches including Bayesian kernel machine regression (BKMR), and 
elastic net model (ENET) have been developed in the field of environ-
mental epidemiology. These methods flexibly perform variable selection 
on exposure vectors, and allow grouped variable selection approaches to 
accommodate highly correlated exposures (Bobb et al., 2018). We also 
used ENET regularization to identify the individual metals or pairwise 
interactions that had the strongest associations with children’s IQ. ENET 
is a regularization and variable selection method that can handle high- 
dimensional data, which shrinks the coefficients of highly correlated 
variables (Kim et al., 2018b). We also estimated a quantile g-computa-
tion model to investigate positively or negatively mixed metals, which 
allows inference on mixture effects that is unbiased with appropriate 
confidence interval (CI) coverage at sample sizes typically encountered 
in epidemiologic studies (Keil et al., 2020). 

Hence, we aimed to investigate the association between prenatal and 
postnatal exposure to metals at the ages of 4 and 6 years and children’s 
IQ measured at 6 years of age in a prospective cohort design. The ob-
jectives of the current study are to (1) investigate the individual effects 
of exposures to Pb, Cd, Hg, and Mn in prenatal and postnatal times at the 
ages of 4 and 6 years on children’s IQ and (2) to evaluate the joint effect 
of metals on children’s neurodevelopment using various statistical ap-
proaches such as BKMR, quantile g-computation model, and ENET 
model. 

2. Methods 

2.1. Study participants 

Our research was based on a subset of the Environment and Devel-
opment of Children study, an ongoing prospective cohort study designed 
to evaluate the association between prenatal and postnatal environ-
mental exposures and physical/cognitive development. Detailed infor-
mation on the study design has been provided elsewhere (Kim et al., 
2018a). A total of 726 eligible pregnant women from eight local hos-
pitals in Seoul, Gyeonggi, and Incheon provinces of South Korea were 
enrolled from August 2008 to July 2010. We collected blood samples to 
estimate exposure to metals during the second trimester of pregnancy. 
The exclusion criteria were as follows: 1) pregnant women with 
congenital abnormalities, including genetic disorders, or immunodefi-
ciency disorders; 2) individuals unable to communicate in Korean; In-
clusion criteria were as follows: 1) pregnant women in the second 
trimester of pregnancy, 2) pregnant women who provide the informed 
consent for follow-up. After birth, the children were followed-up every 
2 years from 2012 to 2017. Overall, 425 children aged 2 years, 645 
children aged 4 years, and 574 children aged 6 years participated in the 
follow-up. Since the sample collection rate for blood examination of 2 
year-olds was very low because of parental rejection, we included pre-
natal and postnatal exposure at ages 4 and 6 in our study. Additionally, 
we estimated the association between metals mixture including prena-
tal, postnatal exposure at ages 2, 4, 6, and children’s IQ in supplemen-
tary tables. The children with missing information on covariates (n =
72) and those who missed follow-up at the age of 6 years (n = 152) were 
excluded. Finally, 502 children were included (Table S1). Informed 
consent was obtained from parents after receiving an explanation of the 
study. The study protocol was approved by the institutional review 
board of the Seoul National University College of Medicine (IRB No. 
1201-010-392). 

2.2. Metals exposure assessment 

During prenatal and postnatal follow-up, whole blood was collected 
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from mothers and children in ethylenediaminetetraacetic acid tubes for 
trace element detection, and samples were analyzed using atomic ab-
sorption spectrophotometry (240Z AA Zeeman spectrometer, Agilent, 
Santa Clara, CA, USA) after pre-treatments using the Environmental 
Calibration Standard (Part #5183-4688, Agilent) with ammonium 
phosphate monobasic (20% NH4H2PO4, Sigma-Aldrich, St. Louis, MO, 
USA) and Triton X-100 (Sigma-Aldrich). After collection, the samples 
were frozen and stored at − 20 ◦C. Before analysis, blood samples were 
brought to room temperature and pretreated using a Vortex-Genie 2 
mixer (Scientific Industries, Bohemia, NY, USA) and an ES 220A balance 
(Precisa Gravimetrics AG, Dietikon, Switzerland). The samples were 
diluted with a matrix modifier reagent (Triton X-100 and ammonium 
hydrogen phosphate monobasic) and were assayed using the matrix- 
matched calibration curve method (standard addition method). This 
method analyzes the metals in the blood by injecting them into an 
atomic absorption spectrometer to assess the amount of human exposure 
to metals. The limits of detection (LOD) values were 0.139 µg/dL for 
lead, 0.084 µg/L for cadmium, 0.163 µg/L for mercury, and 0.227 µg/dL 
for manganese. We substituted values below the LOD with the LOD 
divided by the square root of 2 (Hornung and Reed, 1990). 

2.3. Outcome measurement 

Blinded about children’s metal levels, a trained examiner adminis-
tered the IQ tests to each child in a quiet room individually; the Korean 
Educational Developmental Institute’s Wechsler Intelligence Scale for 
Children (KEDI-WISC) was used for this purpose. The KEDI-WISC has 
been verified in Korean children and is used to produce global estimates 
of intellectual function from the modified version of the Wechsler In-
telligence Scale for children between the ages of 5 and 15 years (Park 
et al., 2015). A licensed clinical neuropsychologist coordinated the IQ 
tests and supervised the examiners using a standardized procedure (Cho 
et al., 2010). All the children were given instructions clearly, and most of 
the children could understand the task. The examiner demonstrated 
each task to ensure that the children understood the instructions (Park 
et al., 2015). The test consisted of the scales including vocabulary, 
arithmetic, picture arrangement, and block design tests. Scaled scores 
were calculated for each subset and added to the sum of the scores. High 
IQ scores indicated high intelligence. 

2.4. Covariates 

The following covariates were selected using a directed acyclic graph 
(DAG) (Fig. S2): maternal IQ (continuous), exposure to environmental 
tobacco smoke (ETS) during pregnancy (yes or no), and mother’s 
educational level (below high school education, university graduate, 
and postgraduate school education and above). We collected maternal 
demographics using interviews with questionnaires designed by trained 
researchers. The mother’s IQ was assessed using the short form the 
Korean Wechsler Adult Intelligence Scale (K-WAIS) (Lim et al., 2000). In 
a sensitivity analysis, we separately analyzed the metal mixture in each 
time point. We selected covariates for the time point during pregnancy 
using DAG including maternal age, exposure to ETS during pregnancy, 
maternal IQ, and maternal educational level (Fig. S2). For postnatal 
mixture models at age 4 and 6, we adjusted for maternal age, exposure to 
ETS during pregnancy, maternal IQ, maternal educational level, 
phthalate concentration level, and exposure to ETS at each follow-up 
period. 

2.5. Statistical analyses 

The means and standard deviations of continuous variables and 
counts (%) of categorical variables were described for the study popu-
lation. Additionally, we calculated the means of children’s IQ according 
to each covariate, and analyzed the association between the covariates 
and children’s IQ using the Chi-square test, analysis of variance test, and 

univariate linear regression for binary, categorical, and continuous 
variables, respectively. Metal concentrations in the mothers’ and chil-
dren’s blood sample were natural log-transformed to analyze the skewed 
data. The mean of metal concentrations in the prenatal and postnatal 
period at ages of 4 or 6 years was calculated. A correlation matrix of 
metal concentrations across different periods was established. To iden-
tify a normally distribution of children’s IQ, we prepared a histogram 
and distribution of children’s IQ (Fig. S1 and Table S2). We evaluated 
the associations of exposure to individual metals during pregnancy and 
postnatal at ages 4 and 6 years with the children’s IQ at 6 years of age 
using multivariate linear regression models adjusted for maternal age, 
exposure to ETS during pregnancy, maternal IQ, and maternal educa-
tional level. We also used generalized additive models (GAMs) to 
investigate the relationship between pre- and postnatal metal exposures 
and children’s IQ, to check for non-linearity in these relationships 

We selected novel statistical methods, namely BKMR, quantile g- 
computation model, and ENET to better analyze the effect of exposure to 
multiple metals on children’s IQ for comprehensive and accurate sta-
tistical analyses (Taylor et al., 2016). We used BKMR to evaluate the 
health effects of a nonlinear and non-additive mixture of metals (Bobb 
et al., 2015) and to identify the effect of these mixtures in critical win-
dows including prenatal and early life childhood (Wang et al., 2020). 
The model provides an overall mixture effect and estimates the effects of 
individual components within the mixture. Moreover, the model was 
useful for estimating posterior inclusion probabilities (PIPs) that, un-
derscores the importance of each variable (Bobb et al., 2015). We used 
the following BKMR model: 

Yi = h(Zi)+ βCi + εi,

where Yi is the health outcome, such as children’s IQ, and i refers to the 
individual (I = 1, 2, 3….n). The h() function is an exposure-response 
machine function that considers potential interactions between expo-
sures and a possible nonlinear association between exposure and 
outcome. Zi represents blood metal levels of the ith participant measured 
at each time point (i.e., lead, cadmium, mercury, and manganese levels 
during pregnancy and at 4 and 6 years of age). β represents the effect of 
the covariates; Ci represents potential covariates for the ith participant; 
and εi is the residual that obeys the normal distribution N (0, σ2). We 
also grouped metal levels into three groups (group 1: prenatal metal 
levels; group 2: postnatal metal levels at age 4 years; group 3: postnatal 
metal levels at age 6 years), with the assumption that highly correlated 
metal levels were grouped in the same age group. The model was fitted 
with 10,000 iterations using the Markov chain Monte Carlo method. We 
used a quantile g-computation model to estimate mixture effects of four 
metals (Keil et al., 2020). A quantile g-computation model does not need 
to assume that exposures are associated with the same direction of 
outcome (Niehoff et al., 2020). The weights in the model are the pro-
portion of partial effects in each direction, and the positive and negative 
weights are summed into two for heterogeneous effects (Fruh et al., 
2021). Firstly, all metals are converted to quartiles, then the linear 
model was fitted between the exposures, covariates, and children’s IQ. 
Second, the weights of each metal indicate the effect size of the associ-
ation between each metal and children’s IQ. Finally, the model is 
implemented by fitting a linear model, where the quantile computation 
estimator is the sum of the regression coefficients across exposures. 
More detail of sample code for this model can be found at https://cran. 
r-project.org/web/packages/qgcomp/vignettes/qgcomp-vignette.html 
(Niehoff et al., 2020). We also constructed ENET models, which were 
estimated to select exposures related to health outcomes using a hybrid 
combination of the lasso and ridge penalty function (Friedman et al., 
2010). The ENET penalty is controlled by α and bridges the gap between 
the lasso (α = 1) and ridge (α = 0). Ridge penalties are known to reduce 
the coefficients of correlation predictors for each other, while lasso 
penalties tend to choose one of them and discards the others. The ENET 
penalty mixes the two. Additionally, we tested the optimal α as the 
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control between the two penalties and the parameter λ for controlling 
the amount of penalization using the function code from David Dalpiaz 
(https://daviddalpiaz.github.io/r4sl/elastic-net.html) and applied it to 
our study. 

We conducted several sensitivity analyses. First, we analyzed addi-
tional confounders including pre-pregnancy body-mass index, parity, 
and breastfeeding duration. Second, we separately analyzed the asso-
ciation between metals mixture and each time period. We added addi-
tional confounders for postnatal metals mixture including urine 
phthalate concentration level. Third, the estimations were stratified by 
child sex as an effect modifier. All covariates for sensitivity analyses 
were determined using a DAG (Fig. S2). All analyses were conducted 
using the SAS software (Version 9.4, SAS Institute, Cary, North Carolina) 
and R packages (R Development Core Team, https://cran.r-project.org/ 
). Statistical significance was set at p < 0.05. The R packages bkmr, 
qgcomp, glmnet were used to construct the BKMR, quantile g-computa-
tion, and ENET models, respectively. 

3. Results 

3.1. Demographics of the study population 

The characteristics of the participants and the flow chart of inclusion 
are presented in Table 1 and Fig. S1, respectively. There were slightly 
more boys (50.6%) than girls (49.4%). The mean maternal age at 
pregnancy was 31.3 years (standard deviation [SD]: 3.5). The percent-
ages of mothers with below high school education, university education, 
and postgraduate education were 15.1%, 71.9%, and 13.0%, respec-
tively. Approximately 82.7% of the participants had positive exposure to 
ETS during pregnancy. The mean maternal IQ was 116.6 (SD, 11.5). The 
associations between children’s IQ and covariates are presented in 
Table 1. Maternal education and IQ were positively associated with 
children’s IQ (p < 0.001). 

3.2. Distributions and correlation for prenatal and postnatal exposures to 
four metals 

The mean, SD, and LOD values for prenatal and postnatal exposures 
to blood four metals are summarized in Table 2. The geometric mean 
values of prenatal manganese (1.27 µg/dL), mercury (2.49 µg/L), cad-
mium (0.64 µg/L), and lead (1.32 µg/dL) were reported. Except for 

cadmium, the detection frequency at the postnatal concentration among 
the children was 100 % for the blood metals. The correlation plot for the 
four metals is presented in Fig. 1. Prenatal exposure was correlated to 
the four metals (r = − 0.04 to 0.31). The range of correlation coefficients 
between prenatal and postnatal exposures to the four metals was − 0.1 to 
0.39. However, childhood exposures between the ages of 4 and 6 years 
were moderately correlated (r = − 0.09 to 0.73) (Fig. 1). The intraclass 
correlation coefficients for manganese and mercury at the ages of 4 and 
6 years were 0.73 and 0.43, respectively. 

3.3. Associations between exposure to four metals and children’s IQ 

The association between individual exposure to each metal and 6- 
year-old children’s IQ is presented in Table 3. Multivariate linear 
regression models indicated that postnatal blood manganese exposure at 
the age of 4 years was significantly negatively associated with children’s 
IQ [β = − 5.99, 95% CI: − 11.37 to − 0.61]. In Fig. S4, it can be seen that 
there was an inverse U-shaped relationship between Mn during preg-
nancy and children’s IQ. We assessed the impacts of the metals mixture 
using three methods including BKMR, quantile g-computation model, 
and ENET. We found that the overall mixture effects of exposure to four 
metals on children’s IQ were observed in the BKMR analysis (Fig. 2 and 
Table S3), with the 50th percentile of exposures as the reference. The 
overall effect (95% credible interval) of exposure to metals mixture on 
children’s IQ by BKMR model when all the exposures were at particular 
percentiles (from 25 % to 75%) were compared to when all the expo-
sures were at the 50th percentile (Fig. 2 and Table S3). The posterior 
inclusion probabilities (PIPs) of the blood levels of the four metal on 
BKMR are showed in the Table 4. The group PIP of postnatal exposure at 
age 4 was the highest at 0.515. The exposure to manganese at the age of 
4 years was the highest contributor to the IQ among the four metals (the 
conditional PIP of postnatal at age 4 was 0.518). In the quantile g- 
computation model, the metals mixture was significantly and negatively 
association with children’s IQ (difference in children’ IQ per quartile 
increase = − 2.83; 95% CI: − 5.28, − 0.38) (Table 5). Hg and Mn expo-
sure during pregnancy, Hg and Cd exposure at age 4, and Mn at age 6 
were positively weighted; Mn at age 4 was assigned the largest negative 
weights in the model (Fig. 3). We found that blood Mn levels at the age 
of 4 years, and Pb and Hg level at the age of 6 years had the highest 
impact on children’s total IQ when the multi-metal ENET model, which 
was optimized at α = 0.644, λ min = 1.210 using a cross validation test (| 
ßEN| >0, ßEN represents the change in children’s IQ per increment; a 
one-unit increase in ln-transformed metal level) (Table 6). The results 
showed that a one-unit increment in the ln-transformed blood Mn at the 
age of 4, and blood Pb and Hg levels at the age of 6 were associated with 
a 2.146, 1.225, and 0.319 decrease in children’s IQ at the age of 6 years, 
respectively, after adjusting for maternal education level, exposure to 
ETS during pregnancy, maternal age, and maternal IQ (Table 6 and 
Fig. S5). 

3.4. Sensitivity analysis 

Table S4-S9 and Fig. S6-S7 showed that the results of several sensi-
tivity analysis were observed. First, the sensitivity analysis showed an 
association between metal mixture and children’s IQ, while adjusted for 
additional confounders: pre-pregnancy BMI, parity, breastfeeding 
duration (Table S4, Fig. S6, Fig. S7, and Table S7). The results also 
remain robust after adding these additional confounders (compare 
Table S4 with Table 4). Second, we separately analyzed the association 
between metals mixture with each time period (Table S5, Fig. S6, 
Fig. S7, and Table S7). The group PIP of postnatal metal mixture expo-
sure at age 6 was 0.852, and the group PIPs of Mn exposure at age 4and 
6 years were 0.555, and 0.422, respectively, showing the highest 
contribution to children’s IQ (Table S5). When we considered prenatal 
and postnatal exposures separately, there was no significant association 
with children’ IQ (Fig. S6). In the quantile g-computation regression, we 

Table 1 
Characteristics of study population (N = 502).  

Variable Cat. N(%) or 
Mean(SD) 

Children’s IQ 

ß (SE) or 
Mean(SD) 

P- 
value* 

Children’s IQ 
(continuous)  

109.9 
(12.5) 

– – 

Maternal age 
(continuous)  

31.3(3.5) 0.2(0.2) 0.149 

Maternal 
education level 

≤ High school 
education 

76(15.1) 105.9 
(12.0) 

0.001  

University graduate 361(71.9) 110.1 
(12.4)  

≥ Postgraduate 
school education 

65(13.0) 113.5 
(12.0) 

Maternal 
exposure to ETS 

No 87(17.3) 110.9 
(12.4) 

0.419  

Yes 415(82.7) 109.7 
(12.6) 

Maternal IQ 
(continuous)  

116.6 
(11.5) 

0.2(0.1) <0.001 

Abbreviations: IQ, Intelligence Quotient; ETS, Environmental tobacco smoke; 
SE, standard error; SD, standard deviation. 
*The associations between covariates and children’s IQ were analyzed using the 
Chi-square test, analysis of variance test, and univariate linear regression for 
binary, categorical, and continuous variables. 
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found that only Hg and Mn during pregnancy were positively weighted 
(Fig. S7). Postnatal Mn exposure at age 4 and 6 were highly selected in 
ENET(ß: − 4.268 and − 0.645, respectively) (Table S6). In the sensitivity 
analysis stratified by the child’s sex, the effect of metals did not show a 
significant association with children’s IQ, as modulated by sex, in the 
BKMR and quantile g-computation regression (Table S6-S7, Fig. S6-S7). 
We also estimated the association between metals mixture including 
prenatal, postnatal exposure at ages 2, 4, 6, and children’s IQ in 
Tables S8 and Tables S9. The results showed that a negative association 
between four metals mixture and children’s IQ. 

4. Discussion 

In our study, there were statistically significant inverse associations 
between prenatal and postnatal level of the four metals and total IQ 
scores at the age of 6 years in the multi-chemical models. Interestingly, 
we found that manganese level at both age 4 and 6 years was the 
strongest contributing factors to children’s IQ in both individual model 
and the mixture models, namely, BKMR, quantile g-computation, and 
ENET models. Humans are most likely to be exposed to metals mixtures 
through the environment (Zhou et al. 2020). Previous studies have 
mostly focused on health effects of individual metals, and fewer studies 
have examined the effect of metals mixture on children. Additionally, 
most studies have overlooked the critical window, i.e., early childhood, 

Table 2 
Distributions of prenatal and postnatal exposures to four metals.  

Period Metals >LOD (%) GM GSD Percentile 

5th 25th 50th 75th 95th 

Prenatal Pb(ug/dL) 100  1.32  1.32  0.85  1.09  1.32  1.56  2.11  
Cd(ug/L) 100  0.64  1.60  0.26  0.47  0.65  0.89  1.31  
Hg(ug/L) 100  2.49  1.56  1.26  1.90  2.45  3.22  5.45  
Mn(ug/dL) 100  1.27  1.38  0.77  1.02  1.26  1.56  2.26  

4y Pb(ug/dL) 100  1.43  1.38  0.83  1.16  1.41  1.72  2.47  
Cd(ug/L) 82.67  0.18  1.87  0.08  0.12  0.21  0.28  0.40  
Hg(ug/L) 100  1.98  1.58  0.98  1.49  1.93  2.62  4.27  
Mn(ug/dL) 100  1.30  1.28  0.88  1.09  1.30  1.54  1.97  

6y Pb(ug/dL) 100  1.43  1.35  0.89  1.17  1.44  1.70  2.28  
Cd(ug/L) 95.22  0.22  1.62  0.09  0.18  0.25  0.31  0.40  
Hg(ug/L) 100  1.63  1.58  0.81  1.24  1.59  2.15  3.51  
Mn(ug/dL) 100  1.24  1.27  0.86  1.06  1.22  1.44  1.87 

Abbreviations: GM, geometric mean; GSD, geometric standard deviation; Pb, lead; Cd, cadmium; Hg, mercury; Mn, manganese. The LOD of each metal: Pb; 0.139 μg/ 
dL, Cd; 0.084 μg/L, Hg; 0.163 μg/L, Mn; 0.227 μg/dL. 

Fig. 1. Correlation plot among pre- and postnatal exposure to four metals.  
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of the effect of metals on neurodevelopment. Our study consistently 
showed that manganese exposure at age 4 years was the strongest 
contributing factor to the decline in children’s intelligence at 6 years, 
which is in line with the findings of previous studies. Manganese can 
promote structural changes in the brain’s cortical regions, affecting 
cognitive and memory functions; therefore, manganese exposure even-
tually affects children’s IQ (Menezes-Filho et al., 2018). Additionally, 
manganese absorption and accumulation occur mainly in the basal 
ganglia, with consequent neurodegeneration of this region. Changes in 
performance IQ scores would be consistent with the impact of metals on 
the basal ganglia (Bouchard et al., 2018). Concomitant exposure to lead 
and manganese would have a stronger impact than individual metals on 
children’s neurodevelopment, causing synergistic effects on cognition 
(Henn et al., 2012). However, the impact of the exposure to Mn on 
children’s IQ according to time period had different directions in our 
result of the quantile g-computation model. For example, Mn at age 4 

Table 3 
Estimated coefficients and 95% confidence interval of associations between 
single metals and children’s IQ at 6-years-old.  

Period Metals ß (95% CI) P-value 

Prenatal Pb − 1.62(− 6.57, 3.32)  0.521  
Cd − 1.77(− 4.74, 1.20)  0.244  
Hg 0.61(− 2.24, 3.46)  0.677  
Mn − 1.07(− 5.09, 2.93)  0.599  

At age 4 Pb − 2.69(− 6.87, 1.47)  0.205  
Cd − 1.83(− 4.78, 1.11)  0.224  
Hg − 1.33(− 4.14, 1.47)  0.352  
Mn ¡5.99(− 11.37, ¡0.61)  0.029  

At age 6 Pb − 3.83(− 8.25, 0.57)  0.089  
Cd − 1.29(− 4.06, 1.48)  0.362  
Hg − 1.98(− 4.83, 0.87)  0.174  
Mn − 5.22(− 10.67, 0.22)  0.061 

Note: The multivariate models were performed by adjusting for maternal edu-
cation level, exposure to ETS during the pregnancy, maternal age, and maternal 
IQ. 

Fig. 2. Associations between the overall mixture metals at prenatal and post-
natal periods1 and children’s IQ using Bayesian kernel machine regression 
analyses. Note: Associations were assessed using Bayesian kernel machine 
regression models adjusted for maternal education level, exposure to ETS 
during the pregnancy, maternal age, and maternal IQ, 1 Metal Mixtures were 
included prenatal exposure to Pb, Hg, Cd, Mn, and postnatal exposure to Pb, 
Hg, Cd, Mn at ages 4 and 6. 

Table 4 
Posterior inclusion probabilities (PIP) of individual blood four metal levels in the 
Bayesian kernel machine regression analyses.  

Period blood metals (μg/dL) Children’s IQ 

Group PIP Conditional PIP 

Prenatal Pb 0.340  0.260  
Cd  0.167  
Hg  0.332  
Mn  0.241  

Postnatal at age 4 Pb 0.515  0.221  
Cd  0.130  
Hg  0.130  
Mn  0.518  

Postnatal at age 6 Pb 0.497  0.216  
Cd  0.183  
Hg  0.236  
Mn  0.364 

Note: Associations were assessed using Bayesian kernel machine regression 
models adjusted for maternal education level, exposure to ETS during preg-
nancy, maternal age, and maternal IQ. Abbreviations: Pb, lead; Cd, cadmium; 
Hg, mercury; Mn, manganese; PIP, Posterior inclusion probabilities; IQ, intelli-
gence quotient; ETS, environmental tobacco smoke. 

Table 5 
Associations between metals mixture and children’s IQ in quantile g-computa-
tion model1.  

Quantile g- 
computation 
model 

Difference 
(95% CI) 

p- 
value 

Sum of positive 
coefficients 

Sum of 
negative 
coefficients 

Children’s IQ − 2.83 
(− 5.28, 
− 0.38)  

0.024  1.14 − 3.97  

1 Adjusted for maternal education level, exposure to ETS during the preg-
nancy, maternal age, and maternal IQ, CI, confidence interval. 

Fig. 3. Weight of each metal according to quantile g-computation regression. 
Note: Adjusted for maternal education level, exposure to ETS during the 
pregnancy, maternal age, and maternal IQ in quantile g-computa-
tion regression. 
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was negatively associated with children’s IQ, but prenatal and postnatal 
Mn at age 6 were positively associated with children’s IQ (Fig. 3). Other 
metals exposure, including Pb, Cd, and Hg, also showed non-negative 
association with children’s IQ in g-computation models. Very few pre-
vious studies for time-varying metals mixture were reported instead of 
single metals effects on children’s IQ. In addition, our metal exposure 
levels, such as Pb, Cd, and Mn, were relatively lower than the blood 
reference values in the National Health and Nutrition Examination 
survey (https://www.cdc.gov/exposurereport/index.html). Hence, 
future epidemiologic and toxicological studies on the effects of metals 
mixture on neurodevelopment in childhood depending on various ages 
should be further investigated (Karri et al., 2016). 

There were some inconsistencies between the results of previous 
studies on the effects of metals on children’s neurodevelopment (Bauer 
et al., 2020, Moody et al., 2020, Shah-Kulkarni et al., 2020, Valeri et al., 
2017, Yu et al., 2011). Shah-Kulkarni et al. (2020) explored the cumu-
lative effect of prenatal exposure to metals on neurodevelopment in 
infants aged 6 months using the BKMR method; there were non- 
significant changes in the neurocognitive scores of infants (Shah-Kul-
karni et al., 2020). A study in rural Bangladesh estimated the combined 
effect of prenatal exposure to metals mixture, including arsenic, lead, 
and manganese, on neurodevelopmental outcomes at the ages of 20–40 
months using the BKMR method; the authors reported a significant 
difference in the association between metals mixture and neuro-
development score, depending on cultural and behavioral factors (Valeri 
et al., 2017). Recent epidemiological studies have raised the issue of the 
critical window of environmental exposure for neurodevelopment in 
children (Al-Saleh et al., 2009, Grandjean et al., 2014, Ronchetti et al., 
2006). In a prospective birth cohort, periconceptional, prenatal, and 
early neonatal exposures to metals mixture were related to early child-
hood behavioral development among 371 mother–child pairs in the US 
(Doherty et al., 2020); it was suggested that metal exposure in critical 
windows such as mid pregnancy or late pregnancy and early neonatal 
life was associated with neurodevelopmental processes. Despite many 
previous studies have shown effects of exposure to metals in various 
time periods on the cognitive function of children, there is still lack of 
scientific evidence that can determine the point at which postnatal 
exposure becomes neurotoxic for children. 

Our study has some limitations and strengths. First, the whole blood 
levels of lead, manganese, and mercury were measured once; we did not 
measure the levels multiple times. In addition, the blood levels of some 
metals represent long-term exposure, while others are quickly removed 
from blood, which may cause inaccuracies when using blood levels as 
markers of exposure (Kupsco et al., 2019). Second, our result may have 

been influenced by unmeasured potential confounders such as prenatal 
dietary information, which was not available in this study (Howe et al., 
2020, Kupsco et al., 2019). Last, this study included a limited number of 
metals. Although those metals were major neurotoxicants, other 
neurotoxic metal such as arsenic (Freire et al., 2018), iron (Tamura 
et al., 2002), zinc (Sankhla et al., 2017), and copper (Prohaska, 2000), 
were not included. 

Nevertheless, our study has several strengths. First, we investigated 
the susceptible window of exposure to metals mixture affecting neuro-
development at the age of 6 years in a prospective birth cohort. Second, 
we applied the BKMR, quantile g-computation, and ENET statistical 
methods to estimate the exploration and visualize the joint effects of the 
mixtures of metal exposure on children (Shah-Kulkarni et al., 2020, 
Tanner et al., 2020). Particularly, the BKMR method could evaluate the 
potential non-linearity and synergistic effects of exposure of metals 
mixture on children’s IQ (Shah-Kulkarni et al., 2020). Third, we 
adjusted maternal IQ as a major determinant of children’s IQ, which was 
directly or indirectly associated with the child’s neurodevelopment 
(Lean et al., 2018, Ronfani et al., 2015). 

In conclusion, we demonstrated the multi-pollutant effect of post-
natal exposures to metals mixture on the children’s IQ at 6 years of age. 
These findings support the need for a strategy for multi-pollutant 
exposure management to reduce exposure to metals among pregnant 
women and infants for preventing any negative effects on children’s 
neurodevelopment. 
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