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Introduction
Autism spectrum disorder (ASD) is an increasingly recognized 
public health issue. The prevalence of ASD diagnoses in the 
United States among children aged 8 years has increased from 
one in 150 children in 2000 to one in 36 children in 2020.1,2 

There are substantial health burdens and financial costs associ-
ated with ASD. Over 95% of children with ASD had at least 
one comorbidity, such as epilepsy or language disorder.3 Adults 
with ASD had higher rates of psychiatric disorders, such as 
depression and schizophrenia, compared to adults without 
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ABSTRACT

BACkgRound: Prenatal exposure to metals is hypothesized to be associated with child autism. We aim to investigate the joint and indi-
vidual effects of prenatal exposure to urine metals including lead (Pb), mercury (Hg), manganese (Mn), and selenium (Se) on child Social 
Responsiveness Scale (SRS) scores.

METhodS: We used data from 2 cohorts enriched for likelihood of autism spectrum disorder (ASD): Early Autism Risk Longitudinal Investi-
gation (EARLI) and the Markers of Autism Risk in Babies-Learning Early Signs (MARBLES) studies. Metal concentrations were measured in 
urine collected during pregnancy. We used Bayesian Kernel Machine Regression and linear regression models to investigate both joint and 
independent associations of metals with SRS Z-scores in each cohort. We adjusted for maternal age at delivery, interpregnancy interval, 
maternal education, child race/ethnicity, child sex, and/or study site.

RESulTS: The final analytic sample consisted of 251 mother-child pairs. When Pb, Hg, Se, and Mn were at their 75th percentiles, there was 
a 0.03 increase (95% credible interval [CI]: −0.11, 0.17) in EARLI and 0.07 decrease (95% CI: −0.29, 0.15) in MARBLES in childhood SRS 
Z-scores, compared to when all 4 metals were at their 50th percentiles. In both cohorts, increasing concentrations of Pb were associated 
with increasing values of SRS Z-scores, fixing the other metals to their 50th percentiles. However, all the 95% credible intervals contained 
the null.

ConCluSionS: There were no clear monotonic associations between the overall prenatal metal mixture in pregnancy and childhood SRS 
Z-scores at 36 months. There were also no clear associations between individual metals within this mixture and childhood SRS Z-scores at 
36 months. The overall effects of the metal mixture and the individual effects of each metal within this mixture on offspring SRS Z-scores 
might be heterogeneous across child sex and cohort. Further studies with larger sample sizes are warranted.
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ASD.4 In the United States, the lifetime cost of supporting one 
individual with ASD was $1.4 to $2.4 million in 2011.5

ASD is characterized by 2 sets of core features: impaired 
social communication and social interaction, and restricted and 
repetitive behaviors and interests.6,7 Developmental traits 
related to ASD, also known as quantitative autistic traits or 
simply autistic traits, are defined as the subclinical manifesta-
tion of these characteristics that can be measured on a continu-
ous scale, forming a spectrum among both the general 
population and individuals with ASD.8-10 There are multiple 
tools for screening autistic traits, such as the social responsive-
ness scale (SRS), which is a widely utilized and well-validated 
instrument for measuring the presence and severity of impaired 
social communication and social interaction.11 While ASD is 
considered one of the most heritable neurodevelopmental dis-
orders, with estimated heritability of 64% to 91%,12 environ-
mental factors have been attracting more research interests 
because of an ever-expanding body of evidence for neurotoxic-
ity, including associations with ASD, of many such exposures, 
for example, pesticides, phthalates, air pollution, and because 
they are amenable to interventions.13 In particular, metals have 
been found to be associated with increased likelihood of autism 
or autistic traits (eg, decreased social interaction with peers and 
increased repetitive behaviors) in both animal experiments14,15 
and epidemiological studies.16-20 For example, Roberts et  al 
showed that perinatal exposures to individual metals from 
ambient air pollution, including lead (Pb), mercury (Hg), and 
manganese (Mn), was associated with higher odds of ASD 
among children born after 1987 in the United States.17 
Yoshimasu et  al also found that prenatal/early infancy expo-
sures to ambient Hg was associated with higher odds of ASD 
by conducting a meta-analysis including 3 individual studies of 
children born from 1987 to 2002.21 Another study demon-
strated that higher body burden of toxic metals, including Pb 
and Hg in urine, was associated with greater severity of ASD 
among children aged 3 to 8 years old.22 On the other hand, one 
ecological study found a lack of association between air Hg and 
ASD prevalence in Texas.23 Results from the Early Markers for 
Autism (EMA) Study showed that neither maternal nor neo-
nate blood Hg was associated with ASD among children born 
in 2000–2001.24 Nevertheless, Kern et  al concluded in their 
review article that Hg from various biological matrices (eg, 
blood and urine) contributed to the etiology of ASD.25 A 
detailed summary of the epidemiologic evidence has been pub-
lished elsewhere.26

There are a multitude of metals that exist in both natural 
and man-made environments, among which trace metals are a 
group of metals that are present in living organisms at very low 
concentrations.27 These metals can be classified into 2 catego-
ries: essential metals, which have certain physiological func-
tions for human bodies at certain levels, and non-essential 
metals, which are not needed for human bodies.28 Examples of 
essential metals include Mn, selenium (Se), zinc, and iron, 
whereas non-essential metals include Pb, Hg, and cadmium 

(Cd).29,30 Despite the progress made in environmental policies 
in the past decades, it was estimated that nearly 50% of partici-
pants from the 2007 to 2012 National Health and Nutrition 
Examination Survey (NHANES) had at least 3 of Pb, Hg, Cd, 
and/or arsenic (As) present in their bodies.31 Additionally, an 
analysis of data from the NHANES 2003-2004 cycle esti-
mated that 66% to 99% of women of reproductive age in the 
United States had detectable levels of Pb, Hg, and Cd in their 
blood.32

During pregnancy, these metals can cross the placenta and 
the blood–brain barrier (BBB), affecting the babies’ developing 
brains via multiple mechanisms.33 For example, Pb disrupts the 
BBB by mimicking or mobilizing calcium and protein kinase 
C,34 Hg diffuses across the BBB,35 Mn can readily cross BBB36 
or cross the BBB mediated by a transferrin receptor,36 Cd 
increases BBB permeability,37 and Se can be transported into 
the brain by various receptors such as megalin.38 These heavy 
metals are well-known neurotoxicants that can cause a wide 
range of disorders and diseases.39 Pb is notorious for its nega-
tive impact on intelligence quotient (IQ) and other learning 
abilities.39-42 Studies have also shown that Pb can induce 
Alzheimer’s disease-like pathogenesis by altering synaptic 
plasticity and disrupting calcium homeostasis.43,44 The conse-
quences of Hg poisoning were underscored by the Minamata 
disaster in Japan.45 Cd has also been linked to decreased IQ 
and other learning abilities.37 On the other hand, Se and Mn 
can either protect or harm fetal neurodevelopment, depending 
on the doses and co-occurrence of other metals.46-49 Specifically, 
both high and low levels of prenatal Se concentrations had 
adverse impact on child neuropsychological and neurobehavio-
ral development, forming an inverted U-shaped association.50,51 
Similarly, an inverted U-shaped association was also observed 
between prenatal blood Mn levels and child neurobehavioral 
outcomes,52 with implications of Mn in oxidative stress53,54 and 
neurotransmitter metabolism.55-57

Notably, the potential associations between metals expo-
sures and ASD-related outcomes may be modified by child sex 
at birth.58 For example, the associations between perinatal 
exposures to multiple metals from ambient air pollution and 
ASD were significantly stronger among boys compared to 
girls.17 Additionally, boys are over 4 times more likely to be 
diagnosed with ASD compared to girls in the United States.2 
Finally, it has been observed that girls exhibit less severe autis-
tic traits in comparison to boys.59,60 Therefore, there has been a 
considerable need to investigate the potential effect measure 
modification of child sex in the associations between metals 
exposures and ASD-related outcomes using epidemiological 
data as the current evidence is scarce.58

To date, most epidemiological studies have focused on a sin-
gle metal exposure, and few have investigated metal mixtures 
and their potential impact on quantitative traits related to 
ASD. While a single metal at a low concentration may have 
minimal health effects, they may impose greater negative 
health impacts on human bodies as a mixture.61 Furthermore, 
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multiple metals within a mixture may have non-linear and 
non-additive associations with a health outcome.62 Some key 
limitations have been the lack of prospective study, limited 
sample sizes, failure to include quantitative measures of ASD 
other than a dichotomous diagnosis, and imprecise metal 
measurements during ASD-related windows of susceptibility.

This study aims to address these limitations by using both 
Bayesian and frequentist methods to explore the relationship 
between prenatal exposure to multiple metals and autistic traits 
using data from the Early Autism Risk Longitudinal 
Investigation (EARLI) and the Markers of Autism Risk in 
Babies-Learning Early Signs (MARBLES) cohort. Our 
research questions include whether: a) there is an association 
between a mixture of urine metals (Pb, Hg, Se, and Mn) and 
autistic traits; and b) there are associations between individual 
metals within the metal mixture and autistic traits, accounting 
for the other co-occurring metals.

Methods
Participants

Data were compiled from 2 longitudinal cohorts enriched for 
probability of ASD—the Early Autism Risk Longitudinal 
Investigation (EARLI) and the Markers of Autism Risk in 
Babies—Learning Early Signs (MARBLES) cohort. Details 
of these 2 cohorts have been published elsewhere.63,64 Briefly, 
the EARLI cohort enrolled 246 pregnant women > 18 years 
old who previously had a child with ASD at sites at Drexel 
University, Johns Hopkins University, Kaiser Permanente 
Northern California, and University of California Davis.63 
Biological samples were collected during first and second tri-
mesters.63 The MARBLES cohort enrolled 361 pregnant 
women who were > 18 years old, carrying offspring who would 
have a half-sibling, or an equivalent or closer blood relative, 
with an ASD diagnosis, and who lived within 2.5 hours’ drive 
from the University of California Davis MIND Institute in the 
Davis/Sacramento area.64 All the children, that is, the offspring 
of those pregnancies, were born between November 2009 and 
March 2012 in EARLI and between December 2006 and July 
2016 in MARBLES.65 These siblings of autistic children had 
20-fold higher risk of having ASD themselves compared to the 
general population and were thus at “enriched risk” of ASD, 
providing a unique opportunity to study the complex etiology 
of ASD with an increased sample size from both cohorts.66 
Biological samples were collected throughout pregnancy.64 
Both cohorts also obtained behavioral assessments of children 
up to 36 months to enable ASD diagnosis and scoring of ASD-
related quantitative traits (73 and 226 children completed the 
SRS assessment, respectively).

Outcome measures

We quantified deficits in social behavior associated with ASD 
using the SRS, a questionnaire with 65 items.67,68 Each of the 
items were scored on a 4-point Likert scale (0 = not true, 

1 = sometimes true, 2 = often true, and 3 = almost always 
true).67,68 The SRS questionnaires were administered to par-
ents at 36-month visits in EARLI, or at older ages for partici-
pants enrolled in MARBLES in earlier years.69 We calculated 
the total scores by summing the scores of the 65 individual 
items (scoring range: 0-195), with higher raw scores indicating 
greater social communication deficits related to ASD. The 
interrater reliability and retest reliability of the SRS were 
between 0.76 and 0.95 and between 0.84 and 0.97, respec-
tively.70 And the convergent validity of the SRS against the 
Autism Diagnostic Interview—Revised (ADI-R), the Autism 
Diagnostic Observation Schedule (ADOS), and the Social 
Communication Questionnaire (SCQ) was between 0.35–
0.58.70 We then calculated SRS Z-scores by subtracting the 
total raw score by cohort-specific mean then divided by cohort-
specific standard deviation. For this analysis, we included the 
mother-singleton child pairs with non-missing prenatal uri-
nary metals and Social Responsiveness Scale (SRS) scores at 
36 months.

Exposure measures

The National Sanitation Foundation (NSF) International 
(Ann Arbor, Michigan, United States) analyzed maternal urine 
samples to quantify prenatal exposure to metals using induc-
tively coupled plasma mass spectrometry (ICP-MS) based on 
the Centers for Disease Control and Prevention (CDC) 
Method No. 3018.3,71 with modifications for the expanded 
metals panel and the Thermo Scientific™ iCAP™ RQ instru-
ment (Serial number RQ0029). All urine samples, standards, 
quality controls, and blanks were diluted 10-fold in a diluent 
consisting of 2% HNO3 solution containing the internal stand-
ards and gold standards. The diluent was also the rinse solution 
for the instrument. The urine samples were then analyzed in 
kinetic energy discrimination (KED) mode for cadmium and 
in standard (default) mode for the other metals.

All metals were measured in parts per billion (ppb), that is, 
micrograms per liter (µg/L). We imputed values below the 
lower limit of detections (LLODs) with LLOD divided by the 
square root of two.72,73 Values above the LLODs remained 
unchanged. Since less than 60% of the cadmium concentra-
tions were above the LLODs in both cohorts, we excluded it 
from further analyses. We then corrected all the metal meas-
urements for urinary dilution using specific gravity such that 

UB UB SG
SGSG
Median= ×

−
−

1
1

, where UBSG  was the urinary metal 

concentration adjusted for urinary specific gravity, UB  was the 
raw urinary metal concentration, SGMedian  was the median spe-
cific gravity across all samples, and SG  was the observed uri-
nary specific gravity value for each urine sample.74,75 This 
approach has been widely used in epidemiologic studies and 
produced similar performance as other dilution adjustment 
methods for urinary biomarkers.76 To facilitate interpretation, 
we log2-transformed all the metals after correcting for 
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the values below the LLODs and urinary dilution. Due to the 
limited sample sizes in each pregnancy trimester, we calculated 
the average metals levels across pregnancy for each mom 
(Supplemental Table 1). For example, there were 120 pregnant 
women with metals data for the first and third trimesters in 
EARLI and the average of these 2 values at the 2 time points 
was calculated for each pregnant woman (Supplemental Table 1). 
Overall, 143 (93%) and 69 (71%) pregnant women had 2 meas-
ures averaged in EARLI and MARBLES, respectively 
(Supplemental Table 1).

Covariates

We identified covariates a priori that had been identified as 
important factors related to ASD from the existing literature 
(Supplemental Figure 1). Based on data availability, we selected 
the following covariates of interest: maternal age at delivery 
(years), interpregnancy interval (months), maternal education 
(less than high school, high school diploma/General 
Educational Development [GED], some college, Bachelor’s 
degree, Graduate or professional degree), child race/ethnicity 
(white, Black/African American, Asian, other race, multira-
cial), child sex (male, female), and study site (Drexel University, 
Johns Hopkins University, Kaiser Permanente Northern 
California, University of California Davis, Davis/Sacramento 
area).

Statistical analyses

We described continuous variables using medians (minimums, 
maximums) and categorical variables using counts (percentages). 
We fitted Bayesian Kernel Machine Regression (BKMR) mod-
els to estimate a single summed effect of the metal mixture (Pb, 
Hg, Se, and Mn) as well as individual effects of each metal on 
SRS Z-scores using the R packages “bkmr” (version 0.2.0)62,77,78 
and “bkmrhat” (version 1.1.1).79,80 The BKMR model was 
defined as: g h Pb Hg Se Mn Zi i i i i

T
i( ) , , ,µ β= ( ) + , where g(•)  

was a monotone link function, µi was the expected value of the 
SRS scores for individuals i n= …1, , , h •( )  was a flexible 
function that allowed for non-linearity of dose-response curves 
and interaction among the mixture components, 
Pb Hg Se Mni i i i, , ,  were the chemical concentrations for indi-
vidual i , Zi  were a vector of the covariates for individual i,  
and β T  were the corresponding vector of coefficients.62,81 We 
used the kmbayes_parallel function from the “bkmrhat” package 
to fit a BKMR model using 4 Markov chain Monte Carlo 
(MCMC) parallel chains with 10 000 iterations for each chain, 
including 1000 burn-in iterations per chain.79 We performed 
model diagnostics on the 4 MCMC chains by converting the 
BKMR fits to mcmc.list objects from the “coda” package using 
the as.mcmc.list function from the “bkmrhat” package.79 We 
defined model convergence as Gelman’s r-hat diagnostic = 1.0 

and effective sample size (ESS) > 100.82 We summarized 
model output after combining the chains from the original 
kmbayes_parallel fit into a single chain by using the kmbayes_
combine function.

We also constructed multiple linear regression models 
according to the following steps: 1) we fitted a saturated model 
with the SRS Z-scores as the dependent variable, and log2-
transformed metal concentrations, covariates defined as above, 
and 2-way interaction terms of each pair of the metals as the 
independent variables; 2) we conducted a likelihood ratio test 
and a F-test to decide whether to keep the 2-way interaction 
terms of each pair of the metals as the independent variables 
with the imprecise hypothesis of all the beta coefficients for the 
interactions terms equal to zero; and 3) we assessed the appro-
priateness of the mean function by visually inspecting the 
residuals against each of the metals and the residuals against 
predicted SRS Z-scores plots. The independence assumption 
was assumed not violated because there was one average con-
centration of each of the metals for each pregnant woman, and 
the main sources for the different metals examined in this anal-
ysis vary considerably. We checked the constant variance 
assumptions by visually inspecting the squared residuals against 
each of the metals. The SRS was modeled using Z-scores to be 
consistent with previous study utilizing the EARLI data and 
similar Bayesian methods.83 We conducted sex-stratified anal-
yses to assess the potential effect measure modification by child 
sex at birth.

We performed all the data management, data analyses 
except the BKMR models, and data visualization using R ver-
sion 4.2.0 (2022-04-22) under a macOS Big Sur/Monterey 
10.16 system. We fitted the BKMR models using R version 
4.2.3 (2023-03-15) under a Windows 10 x64 system.

Ethics statement

The EARLI study was reviewed and approved by Human 
Subjects Institutional Review Boards (IRBs) from each of 
the 4 EARLI study sites ( Johns Hopkins University, Drexel 
University, University of California Davis, and Kaiser 
Permanente) and the MARBLES study was reviewed and 
approved by the Human Subjects IRB from University of 
California Davis.65 This secondary analysis was reviewed and 
approved by the Johns Hopkins Bloomberg School of Public 
Health Institutional Review Board (IRB number: 
IRB00002032).

Code and data availability

Data requests should be addressed to the Principal Investigators of 
the 2 cohorts (EARLI: MDF; MARBLES: RJS). After the paper 
is accepted for publication, the code will be made publicly availa-
ble at https://github.com/emmayu001/BKMR-Metals-SRS.
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Results
Descriptive statistics

There were 246 and 361 pregnant women enrolled in the 
EARLI and MARBLES cohorts, respectively (Supplemental 
Figure 2). After excluding twin births and mother-child pairs 
with missing metals measures or SRS Z-scores, we reached a 
final analytic sample size of 251 mother-child pairs including 
154 mother-child pairs from EARLI and 97 mother-child 
pairs from MARBLES (Supplemental Figure 2). The sociode-
mographic characteristics of the mother-child dyads were 
comparable between EARLI and MARBLES (Table 1). 
Overall, the median age at delivery was 34 years old, the median 
interpregnancy interval was 45.3 months, and over 85% of the 
mothers had at least some college education (Table 1). Among 
the singleton births, EARLI had 46.8% (n = 72) females while 
MARBLES had 50.5% (n = 49) females (Table 1). The medi-
ans (minimums, maximums) of SRS total raw scores among 
the children at 36 months were 28.0 (6.0, 174.0) and 34.0 (2.0, 
139.0) for EARLI and MARBLES, respectively (Table 1).

The distributions of log2-transformed metals were compa-
rable in EARLI and MARBLES (Table 2; Figure 1). Spearman 
correlation coefficients of each metal between different trimes-
ters and between each pair of metals ranged from −.2 to .5 in 
EARLI and ranged from −.2 to .7 in MARBLES, suggesting 
moderate correlations between the metals and warranting a 
mixture approach (Supplemental Figure 3). Spearman correla-
tion coefficients of SRS Z-scores and each pair of metals across 
the pregnancy ranged from −.01 to .38 in EARLI and ranged 
from −.01 to .54 in MARBLES (Supplemental Figure 4).

Model selection and diagnostics

The MCMC diagnostics indicated good convergence for all 
the parameters with Gelman’s r-hat diagnostics equal to 1.0 
and effective sample sizes > 100. For the linear regression 
models, both the likelihood ratio test and the F-test indicated 
that there was not enough evidence to reject the null hypothe-
sis of no interaction between the metals. Hence, we removed 
the 2-way interaction terms of each pair of the metals. In con-
sideration of the sample size and to facilitate interpretation, 
parsimony, and comparison with the BKMR results, we did not 
pursue further investigation of those interactions.

Overall effects of the metal mixture on SRS 
Z-scores (BKMR)

Overall, SRS Z-scores increased with higher mixture percen-
tiles in EARLI, whereas they decreased with higher mixture 
percentiles in MARBLES (Figure 2), although both associa-
tions were weak. There was a 0.03 increase (95% credible inter-
val [CI]: −0.11, 0.17) in EARLI and 0.07 decrease (95% CI: 
−0.29, 0.15) in MARBLES in mean SRS Z-scores when all Pb, 
Hg, Se, and Mn were at their 75th percentiles (Figure 2), compared 

to when Pb, Hg, Se, and Mn were at their 50th percentiles. 
However, both 95% credible intervals contained the null 
(Figure 2). When we stratified the pooled data from the 2 
cohorts by child sex at birth, we observed a downward trend 
among male children but a less clear pattern in female children 
(Figure 2).

Contribution of individual metals within the 
mixture to SRS Z-scores

In both EARLI and MARBLES, increasing concentrations of 
Pb were associated with increasing values of SRS Z-scores, fix-
ing the other metals to their 50th percentiles and holding all 
the covariates constant (Figures 3 and 4). Results for the other 
metals were less consistent between the 2 cohorts (Figure 3). 
For example, increasing concentrations of Se was associated 
with increasing values of SRS Z-scores in EARLI but with 
decreasing values of SRS Z-scores in MARBLES (Figures 3 
and 4). When we stratified the data by child sex, Pb and Se 
showed inverted-U shape relationships with SRS Z-scores 
(Figures 3 and 4). Again, all the 95% credible intervals for the 
pointe estimates contained the null (Figures 3 and 4).

Estimates from the multiple linear regression model were 
consistent with the results from the BKMR models as there 
were no clear associations between the SRS Z-scores and a 
doubling of the prenatal Pb, Hg, Se, or Mn (Tables 3 and 4). 
When modeling the metals using their quartiles, the results 
were overwhelmingly null from the multiple linear regression 
models in both cohorts and both child sex groups as well 
(Tables 3 and 4).

Discussion
To our knowledge, this study is one of the first studies to 
directly evaluate the associations between prenatal exposure to 
a metal mixture and later offspring SRS Z-scores, a quantita-
tive phenotype of ASD.8,26 Leveraging a pooled sample of the 
EARLI and MARBLES pregnancy cohorts with enriched 
familial likelihood for ASD, we found that: a) exposure to a 
metal mixture (Pb, Hg, Se, and Mn) during windows of suscep-
tibilities was not monotonically associated with higher off-
spring SRS Z-scores at 36 months in EARLI or MARBLES; 
b) there were no clear associations between individual urine 
metals within this metal mixture and childhood SRS Z-scores 
at 36 months; and c) the overall effects of the metal mixture as 
well as the individual effects of each metal within this mixture 
on offspring SRS Z-scores might be heterogeneous between 
child sexes and/or cohort. For example, it was observed that 
higher levels of the overall metal mixture were associated with 
somewhat elevated, yet non-significant increases and decreases 
in SRS Z-scores in the EARLI and MARBLES cohorts, 
respectively. This finding may be attributed to unmeasured 
variations among the pregnant women in these 2 cohorts, such 
as those related to geographical differences. The overwhelm-
ingly null associations between the metal mixture (Pb, Hg, Se, 
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and Mn) as well as individual metals within the mixture and 
offspring SRS Z-scores are consistent with some of the exist-
ing studies. For example, in a cohort study of 371 mother-child 
pairs in New Hampshire, metals (arsenic [As], copper [Cu], 

Mn, Pb, Se, and zinc [Zn]) measured in maternal toenails at 
27-week gestation (ie, second trimester) was not associated 
with the offspring SRS Z-scores at 36 months.84 In another 
cohort study of 1237 mother-child pairs in the Republic of 

Table 1. Sociodemographic characteristics of the analytic sample (N = 251).

EARLI (N = 154) MARBLES (N = 97) POOLED (N = 251)

Maternal characteristics

Maternal age at delivery, years 34.0 (22.0, 44.0) 34.3 (20.5, 47.1) 34.0 (20.5, 47.1)

Interpregnancy interval, monthsa 44.6 (1.4, 161.0) 46.9 (8.8, 150.0) 45.3 (1.4, 161.0)

Mother’s education

 High school diploma/GED or below 20 (13.0%) 10 (10.3%) 30 (11.9%)

 Some college 40 (26.0%) 37 (38.1%) 77 (30.7%)

 Bachelor’s degree 47 (30.5%) 25 (25.8%) 72 (28.7%)

 Graduate or professional degree 44 (28.6%) 25 (25.8%) 69 (27.5%)

 Missing 3 (1.9%) 0 (0%) 3 (1.2%)

Child characteristics

Child sex

 Female 72 (46.8%) 49 (50.5%) 121 (48.2%)

 Male 82 (53.2%) 48 (49.5%) 130 (51.8%)

Child race/ethnicity

 White (European/Middle Eastern descent) 82 (53.2%) 54 (55.7%) 136 (54.2%)

 Black/African American 12 (7.8%) 3 (3.1%) 15 (6.0%)

 Asian 10 (6.5%) 13 (13.4%) 23 (9.2%)

 Other race (not specified) 10 (6.5%) 0 (0%) 10 (4.0%)

 Multiracial/Hispanic 32 (20.8%) 27 (27.8%) 59 (23.5%)

 Missing 8 (5.2%) 0 (0%) 8 (3.2%)

SRS total raw score 28.0 (6.0, 174.0) 34.0 (2.0, 139.0) 30.0 (2.00, 174)

SRS total T-score 49.0 (38.0, 97.0) 47.0 (35.0, 87.0) 48.0 (35.0, 97.0)

SRS Z-score −0.289 (−1.09, 5.00) −0.291 (−1.34, 3.14) −0.289 (−1.34, 5.00)

Study siteb

 Drexel 39 (25.3%) 0 (0%) 39 (15.5%)

 Johns Hopkins University 38 (24.7%) 0 (0%) 38 (15.1%)

 Kaiser Permanente 51 (33.1%) 0 (0%) 51 (20.3%)

 UC Davis (EARLI site) 26 (16.9%) 0 (0%) 26 (10.4%)

 Davis/Sacramento area (MARBLES site) 0 (0%) 97 (100%) 97 (38.6%)

Abbreviations: EARLI, Early Autism Risk Longitudinal Investigation; GED, General Educational Development; HS, high school; MARBLES, Markers of Autism Risk in 
Babies Learning the Early Signs; SD, standard deviation; SRS, Social Responsiveness Scale.
All values are medians (minimums, maximums) unless otherwise specified.
aInterpregnancy interval (IPI) was defined as the number of months between last parity pregnancy to last menstrual period for child of interest. IPI had 6 missing values 
(4 from EARLI and 2 from MARBLES) and we used multiple imputation by chained equations to impute these missing values and missing values in the other covariates.
bWhile EARLI and MARBLES both had a recruitment site in the Davis/Sacramento area, the same pregnant woman could only be enrolled in one of the, but not both, 
cohorts.
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Seychelles, methylmercury (MeHg) measured from maternal 
hair at birth was not associated with offspring SRS scores.85 
However, overall, the existing evidence of the associations 
between metals and ASD diagnosis are more mixed. For exam-
ple, Roberts et al reported that perinatal exposure to an overall 
metals score was associated with higher odds of ASD whereas 
McCanlies et al found that parental exposure to general metals 
was not associated with odds of ASD.17,86

Several epidemiological studies have explored the potential 
effect measure modification of child sex on the relationships 
between metals and ASD-related outcomes.17,87,88 Roberts 
et al found strong associations between multiple ambient met-
als (including Cd, Pb, Mn, and Hg) concentrations and ASD 
in boys when compared to girls17 while Kalkbrenner et al did 
not find significant sex differences in the ambient metals-ASD 
associations.87 Yet another study found positive associations 
between hair metals concentrations and ASD among boys in 
sex-stratified analyses.88 Our research has suggested some 
potential heterogeneity in the results based on child sex; how-
ever, the patterns and implications are still inconclusive and 
require further investigation.

Our study has several strengths and innovations. First, we 
assembled data from 2 cohorts of families/pregnancies at 
enriched familial likelihood for ASD. The longitudinal sampling 

Table 2. Average concentrations of urinary metals throughout pregnancy in the analytic sample (N = 251).

METAL, µG/L MEAN (SD) MEDIAN (MIN, MAX) LLODa N (%) ≥ LLODb

Lead

 EARLI (N = 154) 0.28 (0.24) 0.24 (0.04, 2.50) 0.10, 0.20 101 (65.6%)

 MARBLES (N = 97) 0.28 (0.24) 0.22 (0.05, 1.70) 0.10, 0.20 40 (41.2%)

Mercury

 EARLI (N = 154) 0.25 (0.21) 0.19 (0.03, 1.70) 0.05, 0.10 139 (90.3%)

 MARBLES (N = 97) 0.29 (0.77) 0.15 (0.04, 7.60) 0.05, 0.10 62 (63.9%)

Cadmium

 EARLI (N = 154) 0.15 (0.12) 0.12 (0.03, 0.95) 0.06, 0.12 82 (53.2%)

 MARBLES (N = 97) 0.13 (0.09) 0.10 (0.03, 0.53) 0.06, 0.12 28 (28.9%)

Selenium

 EARLI (N = 154) 39.4 (15.8) 35.9 (13.3, 135) 2.00, 4.00 154 (100%)

 MARBLES (N = 97) 39.1 (15.0) 36.7 (16.0, 114) 2.00, 4.00 97 (100%)

Manganese

 EARLI (N = 154) 0.29 (0.17) 0.26 (0.05, 1.00) 0.08, 0.16 130 (84.4%)

 MARBLES (N = 97) 0.31 (0.16) 0.27 (0.07, 1.00) 0.08, 0.16 72 (74.2%)

Abbreviations: EARLI, Early Autism Risk Longitudinal Investigation; LLOD, lower limit of detection; MARBLES, Markers of Autism Risk in Babies Learning the Early Sign.
We imputed metal concentrations below the lower limit of detection (LLOD) with the LLOD divided by square root of 2 and then corrected for urinary specific gravity.
aWe list 2 LLODs for each metal here since there were differences in LLODs by batch.
bNumber (percentage) of moms with at least one sample ≥ LLOD.

Figure 1. Profiles of maternal urinary metals during pregnancy, corrected 

for urinary specific gravity (N = 251). Cd, cadmium; EARLI, Early Autism 

Risk Longitudinal Investigation; Hg, mercury; MARBLES, Markers of 

Autism Risk in Babies Learning the Early Signs; Mn, manganese; Pb, 

lead; Se, selenium.



8 Environmental Health Insights 

Figure 2. Overall effects of the metal mixture (ie, lead, mercury, selenium, and manganese) during pregnancy on offspring SRS-2 Z-scores by cohort and 

child sex in Bayesian Kernel Machine Regression models comparing the values of SRS-2 Z-scores when all the metals are at a particular percentile as 

compared to when all of them are at their 50th percentiles: (A) EARLI, (B) MARBLES, (C) males, and (D) females.

Figure 3. Metal-Social Responsiveness Scale (SRS-2) Z-score exposure-response function by cohort and child sex from Bayesian Kernel Machine 

Regression model. h(z) is the exposure-response function: (A) EARLI, (B) MARBLES, (C) males, and (D) females.
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in these cohorts enabled us to investigate the prospective asso-
ciations between prenatal exposures to metals and the postnatal 
outcome addressing limitations of previous publicaitons.26 
Second, we chose SRS scores, a measure of social impairment in 
ASD, as our primary outcome to emphasize the heterogeneity of 
the developmental quantitative traits about their presentation 
and severity of ASD.68,89 These quantitative traits share underly-
ing etiology with ASD,90 are correlated with known genetic and 
nongenetic ASD risk factors,91,92 and can increase statistical effi-
ciency when assessing complex conditions.93(p2) Moreover, these 
traits are relatable to children who are not clinically categorized 
as autistic but display autistic traits.89 This approach can not only 
inform ASD etiology but also developmental trajectories in gen-
eral. However, it cannot be excluded that some metals may con-
tribute to risk of the clinical syndrome of ASD or certain features 
of ASD, either alone or in combination with other pre-disposing 
factors. Third, we utilized BKMR to allow for the potential non-
linear and interaction effects between different metals within a 
mixture. BKMR is particularly well-suited for situations where 
prior knowledge about interactions and nonlinearity is limited, 
as compared to other methods such as quantile g-computa-
tion.94,95 Additionally, this method does not require the direc-
tional homogeneity assumption, unlike other approaches such as 
weighted quantile sum regression.95-97

To date, the etiology of ASD remains unclear. Prenatal 
exposures to metals has been an emerging area for epidemio-
logic studies on decoding the etiology of ASD.26 While there 
is sprouting evidence of the associations between ASD and 
prenatal metal exposures,85,98 studies examining metals as mix-
tures during the prenatal stage are warranted. This study seeks 
to address this research gap by asessing the potential mixture 
effects of metal exposures on childhoold ASD-related out-
comes. The detection of modifiable exposures can inform pre-
vention and policymaking, aiming to curb the rising prevalence 
of ASD and its costly consequences. Furthermore, this study 
took a stab at this difficult topic by utilizing quantitative devel-
opmental traits related to autism in children with an older sib-
ling diagnosed with ASD. These traits not only have a shared 
underlying etiology with ASD,90 but also have relevance to 
children who are not clinically classified as autistic but display 
developmental traits related to autism.89 This approach has the 
potential to both inform ASD etiology and developmental tra-
jectories in general population.

There are also some limitations of this study. First, due to 
the low detection proportion of Cd in our sample, we excluded 
it from the BKMR and linear regression models. Second, most 
of the children in our analytic population were non-Hispanic 
white and from families/pregnancies at enriched familial 

Figure 4. Single-exposure effects of each metal within the mixture (ie, lead, mercury, selenium, and manganese) during pregnancy on offspring Social 

Responsiveness Scale (SRS-2) Z-scores by cohort and child sex in Bayesian Kernel Machine Regression model: (A) EARLI, (B) MARBLES, (C) males, 

and (D) females.
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likelihood for ASD, limiting transportability to other race/
ethnicity populations or populations without a family history 
of ASD. Third, there were limitations in the urine measure-
ment of the metals in terms of timing of exposure and the 
sample sizes for each trimester were limited. Additionally, 
blood was the preferred matrix to measure Pb, but we couldn’t 
use the blood samples from the pregnant women due to clot-
ting issues in the specimens collected. While urine Pb is con-
sidered to reflect the Pb diffused from plasma, it has not been 
accepted to completely replace blood Pb as the biomarker of 

internal Pb concentrations due to biological variations in the 
urine samples, its low correlation with blood Pb, and potential 
impact of glomerular filtration rate.99,100 However, urine is still 
a valid matrix for Pb measurement and has been commonly 
used in epidemiological studies.101 Furthermore, measuring 
metals concentrations in urine and blood yielded comparable 
predictive performance in a mixture setting.102 Still, further 
studies are warranted to be inclusive of populations that are 
underrepresented in environmental epidemiologic studies and 
to assess measure Pb in blood samples.

Table 3. Associations between individual prenatal metals concentrations and offspring Social Responsiveness Scale (SRS-2) Z-scores at 
36 months by cohort: linear regression models.

METAL AND LEVELS, LOG2(µG/L) EARLIa (N = 154) MARBLESb (N = 97)

RANGE BETA (95% CI) RANGE BETA (95% CI)

Lead

 First quartile −4.5 to −2.7 Reference −4.3 to −2.7 Reference

 Second quartile −2.7 to −2.1 0.49 (0.02, 0.96) −2.7 to −2.2 −0.33 (−0.96, 0.30)

 Third quartile −2.1 to −1.5 0.24 (−0.23, 0.71) −2.2 to −1.7 0.18 (−0.50, 0.85)

 Fourth quartile −1.5-1.3 0.27 (−0.24, 0.77) −1.7-0.8 0.12 (−0.60, 0.85)

 A doubling in concentration — 0.01 (−0.20, 0.21) — 0.16 (−0.12, 0.43)

Mercury

 First quartile −5.0 to −3.1 Reference −4.6 to −3.3 Reference

 Second quartile −3.1 to −2.4 −0.15 (−0.61, 0.31) −3.3 to −2.7 0.13 (−0.50, 0.76)

 Third quartile −2.4 to −1.6 −0.34 (−0.81, 0.13) −2.7 to −1.9 −0.38 (−1.03, 0.26)

 Fourth quartile −1.6-0.7 −0.19 (−0.66, 0.29) −1.9-2.9 −0.07 (−0.71, 0.57)

 A doubling in concentration — −0.03 (−0.19, 0.12) — −0.08 (−0.28, 0.12)

Selenium

 First quartile 3.7-4.9 Reference 4.0-4.9 Reference

 Second quartile 4.9-5.2 0.20 (−0.25, 0.65) 4.9-5.2 −0.05 (−0.67, 0.57)

 Third quartile 5.2-5.5 0.27 (−0.20, 0.74) 5.2-5.5 −0.01 (−0.61, 0.59)

 Fourth quartile 5.5-7.1 0.18 (−0.28, 0.64) 5.5-6.8 0.00 (−0.63, 0.62)

 A doubling in concentration — 0.10 (−0.22, 0.42) — −0.13 (−0.54, 0.28)

Manganese

 First quartile −4.4 to −2.5 Reference −3.9 to −2.2 Reference

 Second quartile −2.5 to −2.0 0.11 (−0.37, 0.60) −2.2 to −1.9 0.27 (−0.35, 0.89)

 Third quartile −2.0 to −1.5 −0.03 (−0.50, 0.44) −1.9 to −1.4 0.31 (−0.31, 0.94)

 Fourth quartile −1.5-0.1 0.34 (−0.16, 0.84) −1.4-0.04 −0.07 (−0.73, 0.59)

 A doubling in concentration — 0.15 (−0.06, 0.36) — 0.01 (−0.33, 0.35)

All the values are regression coefficients (95% confidence intervals) unless otherwise specified. We imputed metal concentrations below the lower limit of detection 
(LLOD) with the LLOD divided by square root of 2 and then corrected for urinary specific gravity.
aThe 2 models included the 4 urine metals (log2-transformed; continuous or quartiles), maternal age at delivery (years), interpregnancy interval (months), 4 dummy 
variables for maternal education, 3 dummy variables for child race, child sex, and 3 dummy variables for study site.
bThe 2 models included the 4 urine metals (log2-transformed; continuous or quartiles), maternal age at delivery (years), interpregnancy interval (months), 4 dummy 
variables for maternal education, 3 dummy variables for child race, and child sex.
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Conclusions
In this analysis of 2 elevated-probability pregnancy cohorts for 
ASD in the United States, all the associations between the 
metals within the mixture (Pb, Hg, Se, and Mn) during preg-
nancy and offspring SRS Z-scores at 36 months were null and/
or inconsistent. Additionally, the overall effect of prenatal 
exposure to this mixture on offspring SRS Z-scores appeared 
to be modified by cohort and child sex. Despite the null find-
ings, this study conforms to the National Institute of 
Environmental Health Sciences (NIEHS) strategic plan of 
examining human experiences through the investigation of 

chemical mixtures.103 Additionally, it provides crucial insights 
that may facilitate the development of targeted interventions to 
alleviate heightened metal exposures, such as regulating chemi-
cals as a group or mixture, rather than individually. Further 
studies with larger sample sizes are warranted to incorporate 
genetic susceptibility to metals exposure and include quantita-
tive autistic traits other than SRS scores.
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Table 4. Associations between individual prenatal metals and offspring Social Responsiveness Scale (SRS-2) Z-scores at 36 months by child sex: 
linear regression models.

METAL AND LEVELS, LOG2(µG/L) MALESa (N = 130) FEMALESa (N = 121)

RANGE BETA (95% CI) RANGE BETA (95% CI)

Lead

 First quartile −4.5 to −2.8 Reference −4.3 to −2.6 Reference

 Second quartile −2.8 to −2.2 0.47 (−0.16, 1.11) −2.6 to −2.0 −0.02 (−0.45, 0.41)

 Third quartile −2.2 to −1.6 −0.12 (−0.75, 0.51) −2.0 to −1.7 0.07 (−0.34, 0.49)

 Fourth quartile −1.6-1.3 0.30 (−0.38, 0.99) −1.7-0.8 0.05 (−0.40, 0.51)

 A doubling in concentration — 0.05 (−0.23, 0.33) — 0.11 (−0.08, 0.29)

Mercury

 First quartile −4.7 to −3.2 Reference −5.0 to −3.3 Reference

 Second quartile −3.2 to −2.4 −0.25 (−0.87, 0.37) −3.3 to −2.6 0.37 (−0.04, 0.78)

 Third quartile −2.4 to −1.7 −0.89 (−1.52, −0.27) −2.6 to −1.8 0.52 (0.10, 0.94)

 Fourth quartile −1.7-2.9 −0.43 (−1.07, 0.21) −1.8-0.7 0.26 (−0.15, 0.67)

 A doubling in concentration — −0.15 (−0.36, 0.06) — 0.00 (−0.14, 0.14)

Selenium

 First quartile 4.0-4.8 Reference 3.7-4.9 Reference

 Second quartile 4.8-5.1 0.38 (−0.19, 0.96) 4.9-5.2 0.05 (−0.37, 0.48)

 Third quartile 5.1-5.4 −0.04 (−0.62, 0.55) 5.2-5.6 0.18 (−0.23, 0.58)

 Fourth quartile 5.4-6.8 0.41 (−0.17, 1.00) 5.6-7.1 0.19 (−0.23, 0.60)

 A doubling in concentration — 0.04 (−0.40, 0.47) — 0.02 (−0.25, 0.29)

Manganese

 First quartile −4.4 to −2.4 Reference −4.3 to −2.4 Reference

 Second quartile −2.4 to −1.9 0.28 (−0.32, 0.87) −2.4 to −2.0 0.03 (−0.40, 0.46)

 Third quartile −1.9 to −1.4 0.36 (−0.27, 0.99) −2.0 to −1.5 0.16 (−0.25, 0.58)

 Fourth quartile −1.4-0.1 0.02 (−0.62, 0.67) −1.5 to −0.3 −0.01 (−0.46, 0.44)

 A doubling in concentration — 0.07 (−0.21, 0.35) — 0.08 (−0.15, 0.30)

All the values are regression coefficients (95% confidence intervals) unless otherwise specified. We imputed metal concentrations below the lower limit of detection 
(LLOD) with the LLOD divided by square root of 2 and then corrected for urinary specific gravity.
aThe 2 models included the 4 urine metals (log2-transformed; continuous or quartiles), maternal age at delivery (years), interpregnancy interval (months), 4 dummy 
variables for maternal education, 3 dummy variables for child race, and 4 dummy variables for study site.
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and MARBLES study. We are aware of the recent concern of 
using the language “risk” in the field of autism research and are 
moving away from this term. However, these two cohorts were 
named 10 years ago before the discussion started, so we kept 
the cohort names.
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