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A B S T R A C T

Selective attention is essential for cognitive and behavioral self-regulation. However, the association between 
lead exposure and selective attention remains unclear. We examined the association between blood lead levels 
and selective attention, and evaluated whether this association is influenced by sleep duration. We used data 
from a prospective cohort of 377 Korean children. Blood lead concentrations and Stroop Color and Word Test 
(SCWT) scores were repeatedly measured at 6, 8, and 10 years of age. Generalized propensity scores (GPSs) were 
generated using linear regression models predicting lead levels. Associations between lead levels and SCWT 
scores were assessed using causal inference approaches, such as linear mixed models adjusted for both GPS and 
potential confounders, as well as doubly robust estimation models. In models adjusted for both GPS and potential 
confounders, a doubling of lead levels was associated with lower color [β = -1.46, 95 % confidence interval (CI): 
− 2.63, − 0.30] and color–word (β = − 1.52, 95 % CI: − 3.00, − 0.04) test scores. In doubly robust models, these 
associations persisted for the color (β = − 1.35, 95 % CI: − 2.36, − 0.34) and color–word (β = − 1.33, 95 % CI: 
− 2.61, − 0.04) test scores. The associations varied by sleep duration, with stronger effects observed among 
children sleeping ≤ 8 h compared with those sleeping longer. By applying multiple causal inference approaches, 
this study provides robust evidence that lead exposure impairs selective attention in school-age children. The 
detrimental associations were amplified among those sleeping ≤ 8 h, suggesting that sufficient sleep may 
mitigate the neurotoxic effects of lead exposure.

1. Introduction

Selective attention—the ability to concentrate on goal-relevant 
stimuli while suppressing distraction—is essential for cognitive and 

behavioral self-regulation (Fisher, 2019). Impaired selective attention in 
early life is associated with increased risk of academic under
performance, classroom behavioral issues, and reduced social compe
tence, and may contribute to long-term outcomes such as lower 
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educational attainment, mental health difficulties, and impaired occu
pational functioning (Rabiner et al., 2016; Stevens and Bavelier, 2012). 
Because current interventions primarily manage symptoms rather than 
restore attentional capacity, identifying and mitigating early-life risk 
factors for impaired selective attention is a critical public health priority.

Environmental exposure to lead, an established neurotoxicant, has 
been associated with a variety of neurodevelopmental outcomes, 
including deficits in cognitive function and behavioral problems, even at 
blood lead concentrations below 5 μg/dL. However, the association 
between lead exposure and selective attention remains uncertain, with 
inconsistent findings across studies; some reported significant associa
tions (Kim et al., 2010; Schwartz et al., 2000), whereas others found no 
association (Choi et al., 2020; Surkan et al., 2007; Yu et al., 2019, 2021). 
Furthermore, to the best of our knowledge, no prior study has applied 
causal inference methodologies (e.g., propensity score methods and 
doubly robust estimation) to rigorously evaluate the causal relationship 
between low-level lead exposure and neurodevelopmental outcomes, 
raising concerns of residual confounding inherent to observational study 
designs.

Inadequate sleep duration, particularly shorter sleep, has been linked 
to reduced selective attention in both younger and older adults (Asaoka 
et al., 2025; Song et al., 2023; Wiggins et al., 2018), although evidence 
among school-age children remains limited. Given this adverse impact 
of insufficient sleep on selective attention, sleep duration may modify 
the association between lead exposure and selective attention, with 
stronger effects expected among children with shorter sleep duration. 
However, to the best of our knowledge, this potential effect modification 
has not been investigated, despite its important implications for devel
oping public health strategies to reduce the neurotoxic burden of lead.

Therefore, we investigated the association between blood lead levels 
and selective attention and evaluated whether this association is modi
fied by sleep duration using a prospective birth cohort of Korean chil
dren followed up to age 10 years. To strengthen causal interpretation, 
we applied causal inference approaches to observational data. We hy
pothesized that blood lead levels would be causally associated with 
lower selective attention in school-age children, and that this association 
would be stronger among those with inadequate sleep duration 
compared with those with adequate duration.

2. Materials and methods

2.1. Data source and study participants

The present study used data from the Environment and Development 
of Children (EDC) study, an ongoing cohort designed to investigate as
sociations between prenatal and postnatal environmental exposures and 
children’s physical and neurobehavioral health outcomes. Detailed in
formation on the study design and protocol has been described else
where (Kim et al., 2018). Briefly, 703 pregnant women without genetic 
or immunodeficiency disorders and with sufficient Korean language 
proficiency were recruited during the second trimester from eight hos
pitals in Seoul and Gyeonggi province, Republic of Korea (August 
2008–July 2010). The children of the enrolled mothers have been fol
lowed biennially since 2012 at ages 2, 4, 6, 8, and 10 years. Concen
trations of pollutants were measured using maternal blood and urine 
samples during pregnancy and child samples at each follow-up. Various 
physical and neurobehavioral outcomes were also assessed, with selec
tive attention evaluated using the Stroop Color and Word Test (SCWT) 
administered by trained clinical psychologists at 6, 8, and 10 years of 
age.

Of the 572 children assessed at 6 years of age, we excluded 79 with 
missing prenatal blood lead data, 56 with missing blood lead data at 
both 2 and 4 years, and 3 with missing blood lead data at all three time 
points of 6, 8, and 10 years. We further excluded 44 children with 
missing SCWT data at all three time points of 6, 8, and 10 years, 11 
children with missing covariate data (maternal smoking during 

pregnancy), and 2 with missing data for a variable (birth order) used to 
estimate generalized propensity scores (GPSs). The final analytical 
sample consisted of 377 children at 6 years, of whom 348 were followed 
up at 8 years and 306 at 10 years.

The Institutional Review Board of Seoul National University Hospital 
approved the study protocol (IRB No. 1201–010–392). The study 
adhered to the principles of the Declaration of Helsinki. Written 
informed consent was obtained from parents of all participants and 
additionally from children at ages 8 and 10 years.

2.2. Measurement of blood lead concentrations

Whole blood samples were collected from mothers during pregnancy 
(14–27 weeks of gestation) and from children at 2, 4, 6, 8, and 10 years 
of age in ethylenediaminetetraacetic acid (EDTA) tubes. After collection, 
samples were stored at − 20 ℃ until analysis. Prior to measurement, 
samples were thawed to room temperature and homogenized using a 
vortex mixer. Blood samples were then diluted with a matrix modifier 
containing 20 % ammonium phosphate monobasic (NH4H2PO4) and 
Triton X-100 (Sigma-Aldrich, MO, USA). Quantification of lead was 
performed using a Zeeman atomic absorption spectrometer (240Z AA, 
Agilent Technologies, CA, USA), applying the standard addition method 
with Environmental Calibration Standards (Part #5183–4688, Agilent) 
to control for matrix effects.

The limits of detection (LODs) ranged from 0.092 to 0.282 μg/dL 
across sampling waves, and all blood samples had lead concentrations 
above the LOD.

2.3. Evaluation of selective attention

Selective attention was assessed at ages 6, 8, and 10 years using the 
SCWT, a widely employed neuropsychological instrument and a well- 
validated measure of selective attention. Originally developed by 
Charles Gordon for children aged 5–14 years (Shin and Park, 2007), the 
SCWT has been frequently applied to evaluate selective attention in both 
the general population and in various neurodevelopmental conditions, 
including attention-deficit/hyperactivity disorder, autism spectrum 
disorder, specific learning disorders, and tic disorders. The SCWT con
sists of three 45-second trials: a word-reading condition (reading color 
names printed in black ink), a color-naming condition (naming the ink 
color of presented color patches or symbols), and an incongruent col
or–word condition (naming the ink color of a color word that spells a 
different color). Successful performance requires attending to the 
task-relevant attribute (e.g., ink color) while ignoring conflicting or 
irrelevant information (e.g., word meaning).

In this study, the Korean standardized children’s version of the SCWT 
(Shin and Park, 2007) was administered by trained clinical psychologists 
from Seoul National University Hospital. Children were instructed to 
respond aloud as quickly and accurately as possible. Three performance 
indices were obtained based on the accuracy of each trial (word, color, 
and color–word test scores). Raw scores were then converted into age- 
and sex-adjusted T-scores (mean = 50, standard deviation = 10), with 
higher scores indicating better selective attention.

2.4. Assessment of sleep duration

Children’s average sleep duration was assessed in surveys at ages 6, 
8, and 10 years. Parents were asked to report the child’s usual total sleep 
duration over a typical week, reflecting an average of weekday and 
weekend sleep. To capture potential non-linear effects and ensure suf
ficient sample sizes within each category, sleep duration was classified 
into three groups: ≤ 8 h, > 8 to < 10 h, and ≥ 10 h. This categorical 
variable was incorporated in the analyses as a time-varying variable. 
There were no missing data.
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2.5. Covariates and predictors of generalized propensity scores

Based on previous epidemiological studies (Choi et al., 2020; Kim 
et al., 2010; Schwartz et al., 2000; Surkan et al., 2007; Takeuchi et al., 
2021; Yu et al., 2019, 2021), the following potential confounders were 
identified and adjusted for in analytical models: child’s age (month) and 
sex, maternal age at enrollment (year), maternal educational level 
(≤high school graduate, college or university, or graduate school), 
maternal smoking during pregnancy (never, past, or current smoker), 
and child’s secondhand smoke exposure (no or yes). Information on 
these variables were collected at each child survey (child’s age, sex, and 
secondhand smoke exposure) or at maternal enrollment (maternal age, 
educational level, and smoking during pregnancy). Child’s age and 
secondhand smoke exposure were modeled as time-varying covariates.

GPS methods extend conventional propensity score approaches to 
continuous exposures by balancing measured covariates across exposure 
levels. To generate GPSs, the above confounders were included together 
with additional predictors of lead exposure identified in prior studies 
(Carrel et al., 2017; Taylor et al., 2013): housing type (single-family, 
multi-family, apartment, or other), distance from major roads (≥500 m, 
100–499 m, 50–99 m, or <50 m), presence of nearby factories (no or 
yes), presence of a nearby waste incineration plant (no or yes), and birth 
order (ordinal). Information on these variables was collected at child 
surveys (ages 2, 4, 6, 8, and 10 years) and treated as time-varying 
variables.

No missing data were observed for either the potential confounders 
or the predictors of lead exposure.

2.6. Statistical analysis

Because blood lead concentrations exhibited a right-skewed 
(approximately log-normal) distribution, they were summarized using 
geometric means and geometric standard deviations and log2-trans
formed for subsequent analyses.

To evaluate the associations between lead levels and repeatedly 
measured SCWT scores at ages 6, 8, and 10 years, we constructed linear 
mixed models with a random intercept for each participant. The models 
were adjusted for potential confounders and simultaneously included 
lead levels during pregnancy, the average of lead levels at ages 2 and 4 
years, and repeatedly measured lead levels at 6, 8, and 10 years. By 
mutually adjusting for exposures at different time points, we aimed to 
disentangle independent effects and identify sensitive exposure 
windows.

To generate GPS, we first constructed a linear model predicting log- 
transformed lead levels using independent variables described above. 
We then estimated the GPS of each participant as:

GPSi = MultiNormal(Yi, mean = fitted values, standard deviation 
(SD) = SD of residuals),

where Yi represents log-transformed lead levels of individual i at ages 
2, 4, 6, 8, and 10 years. Fitted values and SD of residuals were derived 
from the prediction model.

Stabilized inverse probability weights (IPWs) were then calculated 
as: 

IPWi =
Nulli
GPSi

,

where Nulli = MultiNormal(Yi, mean = overall mean of pollutants, SD =
overall SD). To reduce the influence of extreme weights, IPW values 
above the 99th percentile were truncated as the 99th, and those below 
the 1st percentile were truncated as the 1st.

To evaluate the positivity assumption for the GPS—requiring that 
every observation has a non-zero probability of receiving any given 
exposure level—we compared GPS distributions between participants 
with blood lead levels above and equal to the median and those below 
(Giffin et al., 2023). We found that the GPS distribution in both groups 

exhibited substantial overlap, supporting the assumption (Fig. S1). We 
also assumed that the consistency assumption—meaning that an in
dividual’s SCWT outcome is unaffected by other participants’ lead 
exposure—and the absence of unmeasured confounding were reason
ably satisfied (Giffin et al., 2023), as it is unlikely that one child’s lead 
exposure would influence another child’s Stroop test outcome, and we 
adjusted for a wide range of potential confounders.

To estimate causal effects, we applied three modeling strategies: (1) 
linear mixed models adjusted for GPS (continuous) only, (2) linear 
mixed models adjusted for both GPS (continuous) and confounders, and 
(3) doubly robust models adjusted for confounders and weighted by 
stabilized IPWs. Because GPS balances measured covariates across 
different levels of a continuous exposure, GPS adjustment helps 
approximate a counterfactual framework (Austin, 2018). Doubly robust 
estimation combines GPS weighting and outcome regression, yielding 
consistent effect estimates as long as either the exposure model or the 
outcome model is correctly specified (Bang and Robins, 2005).

To further probe potential bias from unmeasured confounding, we 
performed a negative control outcome analysis. This approach relies on 
an outcome not causally affected by exposure but is expected to share a 
similar confounding structure with both the exposure and the primary 
outcome. Given that lead exposure is not biologically expected to affect 
physical activity levels, and that physical activity is influenced by 
common potential confounders such as socioeconomic status, housing 
environment, and educational level (Pouliou et al., 2015; Tandon et al., 
2012; Ziegeldorf et al., 2024), we selected the duration of 
moderate-intensity physical activity (activities causing a noticeable in
crease in heart rate and breathing while conversation; e.g., brisk 
walking, active play) as the negative control outcome.

We also examined associations between lead concentrations during 
pregnancy and at ages 2 and 4 years and SCWT scores at ages 6, 8, and 
10 years using linear mixed models adjusted for both GPS and potential 
confounders, as well as doubly robust models, without adjustment for 
exposures at later ages (6, 8, and 10 years).

Stratified analyses were conducted by sex and sleep duration (≤8 h, 
>8 to <10 h, and ≥10 h) to explore potential differences in the associ
ations between lead concentrations and SCWT scores.

In additional exploratory analyses, we examined the associations of 
blood lead levels with sleep duration (continuous) and of sleep duration 
(both continuous and categorical) with SCWT scores, using linear mixed 
models with the same adjustment structure.

We performed a sensitivity analysis that excluded adjustment for age 
and sex and did not include these variables in the GPS model, since the 
SCWT T-scores were already standardized for age and sex.

Because this study was based on an established birth cohort, no a 
priori power calculation was performed. To aid interpretation of the 
interaction analyses, we conducted simulation-based power calculations 
using the fitted mixed-effects models, preserving the observed sample 
size, repeated-measures structure, and covariate distribution. The 
within-child correction (ICC) was estimated from the random-intercept 
model, and power was evaluated across a range of standardized inter
action effect sizes.

Data management, statistical analyses, and figure generation were 
conducted in R (version 4.5.1; R Foundation for Statistical Computing, 
Vienna, Austria) using the dplyr, tidyr, lme4, lmerTest, dlnm, psych, and 
ggplot2 packages.

3. Results

Among the 377 children assessed at age 6 years, 192 (50.9 %) were 
boys. The mean maternal age at enrollment was 31.4 years. Mothers of 
277 children (73.5 %) had attained a college or university education, 
and 20 mothers (5.3 %) reported smoking during pregnancy. A total of 
82 children (21.8 %) were reported to have been exposed to secondhand 
smoke. Children sleeping > 8 to < 10 h were more likely to have 
mothers with at least a college education (88.1 %) compared with those 
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sleeping ≤ 8 h (74.3 %) (Table 1).
Geometric means ± geometric SDs of lead concentrations were 1.3 

± 1.3 μg/dL during pregnancy, 1.6 ± 1.4 μg/dL at age 2 years, 1.4 
± 1.4 μg/dL at age 4 years, 1.5 ± 1.4 μg/dL at age 6 years, 1.0 ± 1.5 μg/ 
dL at age 8 years, and 1.0 ± 1.4 μg/dL at age 10 years (Table S1).

Blood lead concentrations during pregnancy were not correlated 
with postnatal levels (all p-values ≥0.05). In contrast, concentrations 
measured at 2, 4, 6, 8, and 10 years of age showed low to moderate 
positive correlations, with Pearson’s correlation coefficients ranging 
from 0.23 to 0.47. Exceptions were observed for correlations between 2 
and 8 years and between 2 and 10 years (both p-values ≥0.05) 
(Table S2). The intraclass correlation coefficient (ICC) for blood lead 
concentrations from ages 2–10 years was 0.23 [95 % confidence interval 
(CI): 0.19, 0.27], indicating low within-child reproducibility over time.

A doubling of lead levels at ages 6, 8, and 10 years was associated 
with lower SCWT scores at the same ages across multiple modeling 
approaches. In conventional linear mixed models adjusted for potential 
confounders, higher lead levels were linked to lower color test scores (β 
= − 1.45, 95 % CI: − 2.62, − 0.28). In models adjusted for only GPS, 
higher lead levels were associated with lower word (β = − 3.61, 95 % CI: 
− 4.71, − 2.52), color (β = − 2.63, 95 % CI: − 3.64, − 1.61), and color–
word (β = − 3.03, 95 % CI: − 4.34, − 1.72) test scores. In models adjusted 
for both GPS and confounders, higher lead levels were associated with 

lower color (β = − 1.46, 95 % CI: − 2.63, − 0.30) and color–word (β =
− 1.52, 95 % CI: − 3.00, − 0.04) test scores. In doubly robust models, 
these associations persisted for the color (β = − 1.35, 95 % CI: − 2.36, 
− 0.34) and color–word (β = − 1.33, 95 % CI: − 2.61, − 0.04) test scores 
(Table 2). No associations were observed between blood lead levels and 
the duration of moderate-intensity physical activity, which was used as 
the negative control outcome (Table S3).

Analyses of lead concentrations during pregnancy and at ages 2 and 4 
years as exposures, without adjustment for later exposures (6, 8, and 10 
years), showed that blood lead levels at age 2 years were associated with 
lower color test scores, whereas levels at age 4 years were associated 
with lower word, color, and color–word test scores. These associations 
were consistently observed in both the GPS- and confounder-adjusted 
models and in the doubly robust models. In addition, in the doubly 
robust model, lead levels at age 2 years were also associated with lower 
word test scores (Table S4).

In sex-stratified analyses, the associations between lead levels at ages 
6, 8, and 10 years and SCWT scores at the same ages—particularly 
color–word test scores—were generally stronger among girls than boys. 
However, these findings should be interpreted with caution given the 
overlapping CIs (Table S5).

The associations between blood lead levels and SCWT scores differed 

Table 1 
Characteristics of study participants at age 6 yearsa.

Characteristics Total 
(n = 377)

Sleep duration

≤ 8 h 
(n = 35)

8–10 hb

(n = 160)
≥ 10 h 
(n = 182)

Child’s age (month) 71.1 ± 1.7 71.4 
± 1.8

71.2 ± 1.6 70.9 ± 1.7

Child’s sex ​ ​ ​ ​
Boys 192 (50.9) 18 (51.4) 78 (48.8) 96 (52.7)
Girls 185 (49.1) 17 (48.6) 82 (51.3) 86 (47.3)
Maternal age at 

enrollment (year)
31.4 ± 3.4 31.7 

± 3.9
31.9 ± 3.5 30.8 ± 3.2

Maternal educational 
level

​ ​ ​ ​

≤High school graduate 51 (13.5) 9 (25.7) 19 (11.9) 23 (12.6)
College or university 277 (73.5) 22 (62.9) 116 (72.5) 139 (76.4)
Graduate school 49 (13.0) 4 (11.4) 25 (15.6) 20 (11.0)
Maternal smoking during 

pregnancy
​ ​ ​ ​

Never smoker 218 (57.8) 21 (60.0) 81 (50.6) 116 (63.7)
Past smoker 139 (36.9) 11 (31.4) 72 (45.0) 56 (30.8)
Current smoker 20 (5.3) 3 (8.6) 7 (4.4) 10 (5.5)
Child’s secondhand 

smoke exposure
​ ​ ​ ​

No 295 (78.2) 28 (80.0) 121 (75.6) 146 (80.2)
Yes 82 (21.8) 7 (20.0) 39 (24.4) 36 (19.8)
Blood lead concentrations 

(μg/dL)
1.5 ± 1.4 1.5 ± 1.4 1.5 ± 1.4 1.4 ± 1.3

Stroop color and word test ​ ​ ​ ​
Word score 43.3 

± 11.6
41.0 
± 12.2

43.5 
± 10.9

43.5 
± 12.0

Color score 49.4 
± 10.7

49.0 
± 12.2

49.1 
± 10.5

49.7 
± 10.7

Color–word score 49.2 
± 13.4

48.4 
± 13.5

48.5 
± 12.0

50.0 
± 14.5

Continuous variables (excluding blood lead concentrations) are presented as 
mean ± standard deviation, while blood lead concentrations are presented as 
geometric mean ± geometric standard deviation, reflecting their right-skewed 
(log-normal) distribution. The geometric standard deviation represents a mul
tiplicative dispersion rather than an absolute deviation and should not be 
interpreted as an arithmetic standard deviation. Categorical variables are shown 
as n (%).

a Participant characteristics are presented using data collected at age 6 years. 
The Stroop color and word test was administered repeatedly at ages 6, 8, and 10 
years. The EDC birth cohort was recruited during the prenatal period and fol
lowed up at ages 2, 4, 6, 8, and 10 years.

b 8–10 h indicates sleep duration > 8 h to < 10 h.

Table 2 
Associations between prenatal and postnatal blood lead concentrations and 
Stroop color and word test T-scores among children aged 6–10 years.

Blood lead 
levels

Word score Color score Color–word 
score

​ β 95 % CI ​ β 95 % CI ​ β 95 % CI
Adjusted for confounding factorsa

Prenatal -0.85 -3.19, 
1.50

​ -1.35 -3.72, 
1.02

​ -0.81 -3.36, 
1.73

2–4 years -0.62 -2.81, 
1.57

​ -1.08 -3.29, 
1.13

​ -1.55 -3.93, 
0.84

6–10 years -0.56 -1.72, 
0.61

​ -1.45 -2.62, 
-0.28

​ -1.41 -2.89, 
0.08

Adjusted for generalized propensity scoreb

Prenatal -0.51 -2.74, 
1.71

​ -1.16 -3.37, 
1.06

​ -1.35 -3.76, 
1.06

2–4 years 0.38 -1.78, 
2.53

​ -0.94 -3.08, 
1.21

​ -1.13 -3.47, 
1.21

6–10 years -3.61 -4.71, 
-2.52

​ -2.63 -3.64, 
-1.61

​ -3.03 -4.34, 
-1.72

Adjusted for generalized propensity score and confounding factors
Prenatal -0.82 -3.16, 

1.52
​ -1.47 -3.79, 

0.85
​ -0.97 -3.51, 

1.57
2–4 years -0.82 -3.00, 

1.36
​ -1.44 -3.61, 

0.73
​ -1.73 -4.11, 

0.65
6–10 years -0.58 -1.74, 

0.59
​ -1.46 -2.63, 

-0.30
​ -1.52 -3.00, 

-0.04
Doubly robust estimationc

Prenatal -0.48 -2.83, 
1.87

​ -1.34 -3.63, 
0.95

​ -1.13 -3.69, 
1.42

2–4 years -1.17 -3.36, 
1.01

​ -1.65 -3.78, 
0.48

​ -2.25 -4.64, 
0.14

6–10 years -0.51 -1.53, 
0.50

​ -1.35 -2.36, 
-0.34

​ -1.33 -2.61, 
-0.04

Associations were estimated using linear mixed models with a random intercept 
for each participant.

a Models were adjusted for child’s age and sex, maternal age at enrollment, 
maternal educational level, maternal smoking during pregnancy, and child’s 
secondhand smoke exposure.

b Models were adjusted for a generalized propensity score generated from 
child’s age and sex, maternal age at enrollment, maternal educational level, 
maternal smoking during pregnancy, child’s secondhand smoke exposure, 
housing type, distance from major roads, presence of nearby factories, presence 
of a nearby waste incineration plant, and birth order.

c Models were adjusted for child’s age and sex, maternal age at enrollment, 
maternal educational level, maternal smoking during pregnancy, and child’s 
secondhand smoke exposure, and were weighted using stabilized inverse prob
ability weights derived from the generalized propensity scores.
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markedly by sleep duration. Specifically, lead levels at ages 6, 8, and 10 
years were associated with lower word, color, and color–word test 
scores at the same ages among children sleeping ≤ 8 h; with lower color 
test scores among those sleeping > 8 to < 10 h; and with no associations 
among those sleeping ≥ 10 h (Fig. 1 and Table S6). When formally 
tested using a lead × sleep duration interaction term in the mixed model, 
no statistically significant interaction was detected (all p-values for 
interaction > 0.40).

Our exploratory analyses revealed no consistent evidence of associ
ations between blood lead levels and sleep duration, nor between sleep 
duration and SCWT scores. An exception was observed in the doubly 
robust model, where children sleeping 8–10 h (vs. ≤8 h) showed higher 
word test scores (Tables S7 and S8).

In the sensitivity analysis excluding adjustment for child’s age and 
sex, and omitting these variables from the GPS model, the associations of 
lead levels with color and color–word test scores remained robust. 
Notably, an additional statistically significant association was observed 
for the word score, which had not been evident in the primary analysis 
(Table S9).

4. Discussion

In this study, based on an ongoing prospective birth cohort in Korea, 
we found evidence consistent with a causal association between blood 
lead levels and SCWT performance—particularly color and color–word 
test scores—among school-age children at ages 6, 8, and 10 years. These 
associations remained consistent across different causal inference 

approaches, including GPS adjustment and doubly robust estimation. 
Importantly, the associations were stronger among children sleeping 
≤ 8 h than among those sleeping > 8 h.

Previous studies on lead exposure and selective attention have re
ported inconsistent findings (Choi et al., 2020; Kim et al., 2010; 
Schwartz et al., 2000; Surkan et al., 2007; Yu et al., 2019, 2021). In a 
cross-sectional study of Korean school-age children (mean age, 9.7 
years) not overlapping with participants of this study, higher blood lead 
levels were associated with lower Stroop color–word test scores (Kim 
et al., 2010). A prospective study of U.S. former lead workers (mean age, 
55.6 years; mean interval, 16.0 years since cessation of occupational 
exposure) reported that peak tibia lead was linked to accelerated de
clines in Stroop interference scores (Schwartz et al., 2000). By contrast, a 
cross-sectional study of U.S. children (mean age, 8.0 years) found no 
associations between blood lead levels and Stroop interference scores 
(Surkan et al., 2007). Likewise, two studies based on the same occupa
tional cohort of newly hired U.S. lead workers found no cross-sectional 
or longitudinal associations between blood lead levels and SCWT scores 
(Yu et al., 2019, 2021). Another cross-sectional study of Korean children 
and adolescents observed no significant correlations between blood lead 
levels and Stroop word, color, or color–word test scores (all p-values >
0.15), although correlation coefficients were consistently negative (Choi 
et al., 2020). Because these earlier investigations largely relied on con
ventional observational designs that cannot fully exclude residual con
founding, our findings—derived using multiple causal inference 
methods—provide more robust evidence that lead exposure impairs 
selective attention in school-age children.

Fig. 1. Associations between blood lead concentrations measured during pregnancy (A), ages 2–4 years (B), and ages 6–10 years (C) and Stroop color and word test 
T-scores (Word, Color, and Color–Word) in children aged 6–10 years, stratified by sleep duration (≤8 h, 8–10 h, and ≥10 h). Blue circles with error bars indicate 
estimates and 95 % confidence intervals from linear mixed models adjusted for generalized propensity score and confounders, whereas red diamonds with error bars 
indicate estimates and 95 % confidence intervals from doubly robust models. The dashed horizontal line denotes the null values (β = 0).
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Our findings indicate that lead levels were more consistently asso
ciated with lower Stroop color and color–word test scores than with 
word test scores, aligning in part with previous research that reported 
the associations between lead exposure and lower Stroop color–word 
test scores (Kim et al., 2010). This pattern may reflect the differing 
cognitive demands of the subtests: the word test primarily captures 
automatic processing speed, whereas the color test and especially the 
incongruent color–word test require greater working memory, conflict 
monitoring, and inhibitory control (Periáñez et al., 2021). Thus, the 
neurotoxic impact of lead may be concentrated on more demanding 
attentional and executive components of the task, with exposure 
potentially impairing frontal circuits involved in selective attention and 
conflict resolution.

In our cohort, prenatal blood lead concentrations (approximately, 
mid-pregnancy) were not associated with SCWT performance, whereas 
lead levels at ages 6, 8, and 10 years were linked to poorer scores. 
Because blood lead has a short half-life of < 30 days and primarily re
flects recent exposure (Specht et al., 2019), blood lead levels at ages 6, 8, 
and 10 years likely capture ongoing neurotoxic effects occurring in close 
temporal proximity to Stroop testing. In contrast, any subtle neuro
developmental effects of prenatal lead exposure may have been miti
gated or masked by subsequent environmental influences and neural 
plasticity during the postnatal period.

In the present study, the associations between lead levels and lower 
SCWT scores were more pronounced among children sleeping ≤ 8 h 
than among those sleeping longer. Insufficient sleep may compromise 
the brain’s restorative function, such as glymphatic clearance of 
neurotoxic metabolites, thereby increasing susceptibility to neurotoxic 
effects of lead (Eugene and Masiak, 2015). The glymphatic system, 
which facilitates metabolic clearance from the brain, is most active 
during deep sleep stages (Eugene and Masiak, 2015). Importantly, this 
potential biological interaction does not necessarily require a direct 
association between lead exposure and sleep duration or between sleep 
duration and SCWT scores. Instead, sleep duration may function as an 
effect modifier by altering the brain’s capacity to tolerate or recover 
from neurotoxic insults, rather than acting as an independent risk factor. 
Alternatively, shorter sleep duration may serve as a marker of a sub
group inherently more vulnerable to the detrimental effects of lead, 
given that lead exposure itself has been linked to poorer sleep quality 
and reduced sleep duration (Jansen et al., 2019). In this context, sleep 
duration may reflect broader resilience-related characteristics, such as 
neurodevelopmental robustness, home environment, or psychosocial 
stress, that modify susceptibility to lead toxicity, even in the absence of a 
direct association with the outcome.

Although stratified analyses suggested stronger associations between 
blood lead levels and selective attention among children sleeping ≤ 8 h, 
formal tests for interaction using a lead × sleep duration term were not 
statistically significant. This likely reflects limited statistical power due 
to the small sample size in the ≤ 8-hour group, rather than definitive 
evidence against effect modification. The within-child correlation esti
mated from the mixed-effects models was relatively high (ICC = 0.40). 
Under the observed study design, simulation-based analyses indicated 
that the study did not achieve 80 % power to detect a lead × sleep 
interaction even for relatively large standardized effect sizes (up to 
approximately 0.34 SD per 1 SD increase in lead). This finding suggests 
that the interaction analyses were underpowered. These considerations 
indicate that the observed modification by sleep duration should be 
interpreted as hypothesis-generating rather than definitive. Although no 
prior studies have explicitly examined sleep duration as a modifier of 
lead’s neurobehavioral effects, our findings suggest that promoting 
adequate sleep could be a practical approach to mitigating such risks 
and highlight the potential sleep-targeted interventions. Further 
research is warranted to confirm these findings and elucidate the un
derlying mechanisms.

In sex-stratified analyses, the associations between lead levels and 
SCWT scores—particularly color–word test scores—tended to be 

stronger among girls than boys. This pattern may reflect sex-related 
differences in susceptibility to neurotoxicants, potentially mediated by 
hormonal influences on brain development, differences in lead tox
icokinetics, or variation in cognitive task engagement (Llop et al., 2013; 
Theppeang et al., 2008). Prior studies have also reported sex-specific 
patterns in lead neurotoxicity; for instance, a Korean birth cohort 
study found stronger associations between lead exposure at ages 2 and 5 
years and behavioral problems at age 5 years among girls than boys (Joo 
et al., 2018). In addition, a scoping review concluded that females may 
be more vulnerable to postnatal lead exposure in terms of neuro
cognitive outcomes such as intelligent quotient, whereas lead-exposed 
boys may be at greater risk for externalizing behavior problems (Singh 
et al., 2018). Although these findings are consistent with our observa
tions, the overlapping CIs in our study underscore the need for cautious 
interpretation and larger studies to determine whether sex modifies the 
neurobehavioral effects of lead.

Lead readily crosses the blood-brain barrier by mimicking Ca2+, 
accumulating in the developing brain, where aberrant calcium signaling 
inappropriately activates calmodulin-dependent pathways, thereby 
disrupting synaptogenesis and synaptic plasticity (Goldstein, 1993). 
Lead also alters neurotransmitter systems by impairing dopaminergic 
transmission and reducing GABA-mediated inhibition (Needleman, 
2004). In addition, lead induces mitochondrial dysfunction, triggers 
glutamate excitotoxicity, and delays myelination (Lidsky and Schneider, 
2003). Collectively, these neurotoxic mechanisms hinder the maturation 
of prefrontal-striatal circuits critical for inhibitory control and sustained 
attention, providing a biological basis for the observed reductions in 
SCWT performance among children with higher lead levels.

The present study has several notable strengths. First, this study 
utilized data from a prospective birth cohort that followed children up to 
age 10, allowing for stronger temporal inference between exposures and 
outcomes. Second, we applied multiple causal inference approaches to 
evaluate the impact of lead exposure on selective attention. While these 
methods are increasingly used in other fields of epidemiology, their 
application within environmental epidemiology remains limited; to our 
knowledge, this is the first study to apply these methods to lead 
neurotoxicity. Third, blood lead concentrations were repeatedly 
measured during pregnancy and at 2, 4, 6, 8, and 10 years, improving 
the reliability of exposure assessment and allowing us to identify sus
ceptible windows for adverse neurobehavioral outcomes. Fourth, 
SCWTs were administered repeatedly at ages 6, 8, and 10 years by 
trained clinical psychologists using a validated Korean version of the 
test, reducing the risk of outcome misclassification.

However, several limitations should also be acknowledged. First, 
although this study employed causal inference approaches such as GPS 
adjustment and doubly robust estimation, residual confounding from 
unmeasured factors cannot be entirely excluded. For example, infor
mation on parental cognitive ability, the quality of the home learning 
environment, and child nutritional status (e.g., iron deficiency), which 
have been associated with both exposure and neurocognitive outcomes, 
could not be considered in this study. Despite adjustment for a wide 
range of sociodemographic and environmental covariates and the 
application of doubly robust estimation, residual confounding by these 
unmeasured factors may have influenced the magnitude of the observed 
associations. Furthermore, causal interpretation of these findings relies 
on key assumptions inherent to observational causal inference methods, 
including the absence of unmeasured confounding, correct specification 
of the exposure and outcome models, and the validity of the positivity 
and consistency assumptions. These assumptions cannot be fully verified 
and should be considered when interpreting the results. Future research 
should consider alternative approaches more robust to unmeasured 
confounding, such as instrumental variable analysis and difference-in- 
differences methods (Angrist and Krueger, 2001; Goodman-Bacon, 
2021). Second, while blood lead is the most widely used biomarker in 
epidemiological studies—especially in children—its short half-life limits 
its ability to reflect cumulative exposure. Prior studies in adults have 
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linked bone lead, a more stable marker of long-term exposure, with 
steeper annual declines in SCWT scores (Schwartz et al., 2000). Because 
blood lead primarily reflects recent exposure, the inability to account for 
cumulative lead burden may have resulted in an underestimation of the 
true neurotoxic effects of lead on selective attention. Therefore, the as
sociations observed in the present study should be interpreted as con
servative estimates of the impact of long-term lead exposure. In 
addition, this limitation has implications for the interpretation of sen
sitive exposure windows, as associations observed at specific ages may 
primarily reflect the effects of temporally proximal exposure rather than 
the cumulative impact of earlier lead burden. Thus, incorporating bone 
lead or other long-term biomarkers in future studies may provide a more 
refined characterization of chronic lead exposure. Third, because no 
previous studies have evaluated sleep duration as a modifier of the 
lead–selective attention relationship, our findings should be interpreted 
with caution. Furthermore, sleep duration was assessed using 
parent-reported questionnaires rather than objective measures such as 
actigraphy, which may have introduced misclassification bias. Such 
non-differential misclassification of sleep duration would be expected to 
attenuate true effect modification, suggesting that the observed differ
ences by sleep duration may represent conservative estimates. Never
theless, the possibility of residual misclassification contributing to 
spurious effect modification cannot be entirely excluded and should be 
considered when interpreting these findings. Replication in other co
horts and, importantly, intervention studies are needed to confirm 
whether adequate sleep mitigates lead-related neurobehavioral risks 
and to evaluate the effectiveness of sleep-targeted public health strate
gies. Fourth, the generalizability of these findings should be interpreted 
with caution, as this study was conducted among Korean children with 
relatively low blood lead concentrations. Nevertheless, the observed 
associations at low exposure levels may be relevant to other populations 
experiencing similar background lead exposure. Fifth, because stratifi
cation substantially reduced the sample size, particularly in the 
≤ 8-hour sleep group, our study may have been underpowered to detect 
modest interaction effects, increasing the risk of Type II error. The lack 
of statistically significant interaction terms should not be interpreted as 
evidence against effect modification by sleep duration. Rather, the re
sults reflect limited statistical power, particularly for detecting modest 
interaction effects, and the stratified findings should be interpreted as 
hypothesis-generating.

5. Conclusions

Blood lead concentrations were associated with poorer selective 
attention in school-age children, and the application of multiple causal 
inference approaches supports a potential causal relationship. Associa
tions were stronger among children sleeping ≤ 8 h compared with those 
sleeping longer. By applying multiple causal inference approaches, this 
study provides more robust evidence for the neurotoxic effects of lead on 
selective attention than prior observational studies. However, these 
findings should be interpreted in light of the assumptions required for 
causal inference in observational data. Our findings also suggest that 
ensuring adequate sleep may serve as a practical strategy to mitigate 
such risks, highlighting the potential of sleep-targeted interventions. 
Future research should incorporate diverse causal inference methods, 
including approaches more robust to unmeasured confounding (e.g., 
instrumental variable analysis), and further assess sleep duration as a 
potential effect modifier through replication in other cohorts and 
intervention-based studies.
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