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Abstract
Whether  prenatal  metal  mixtures  exert  sex-dependent  effects  on  anogenital  distance
(AGD) - a biomarker of prenatal androgen action - remains unknown. To address this gap,
we conducted a prospective cohort study of 248 mother-infant pairs, measuring 10 metals
in first-trimester maternal plasma and AGD at age 2 years. To evaluate the associations
and  identify  the  most  important  metal  contributors,  we  combined  single-metal  linear
regression  with  three  complementary  advanced  computational  approaches  (extreme
gradient boosting, Bayesian additive regression trees, Bayesian kernel machine regression).
We  further  applied  propensity  score  stratification  and  overlap  weighting  to  strengthen
causal  inference.  The  analyses  revealed  sex-specific  patterns:  in  males,  cadmium  (Cd),
thallium (Tl), and arsenic (As) were inversely associated with anopenile distance (AGD-
AP), with Cd showing the strongest effect (-6.96%, PFDR = 0.013), followed by As (-2.83%,

PFDR  =  0.033)  and  Tl  (-2.16%,  PFDR  =  0.040).  In  females,  nickel  (Ni)  was  suggestively
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positively  associated with  anoclitoral  distance (AGD-AC) (6.94%, P  =  0.014),  though not  significant  after  false
discovery rate correction. Machine learning identified Tl and Cd as the top predictors in males, and As in females.
These associations were supported by propensity score-based sensitivity analyses, particularly for male Tl and Cd.
No significant associations were found for AGD-AS/AGD-AF in either sex. These findings demonstrate that prenatal
metal  exposure  exerts  sex-specific  opposing effects  on AGD,  with  Cd and Tl  in  males  showing the most  robust
inverse associations. Our results highlight the value of integrating machine learning with traditional epidemiological
approaches and underscore the importance of sex-stratified analyses in mixture exposure analysis.

INTRODUCTION
Heavy metals are ubiquitous environmental contaminants. Industrial emissions, agricultural practices,

vehicular traffic, and household sources continually release metals such as chromium (Cr), nickel (Ni),

copper (Cu), zinc (Zn), arsenic (As), cadmium (Cd), tin (Sn), mercury (Hg), thallium (Tl), and lead (Pb) into

air, water, soil, and food chains
[1-3]

. Once released, these elements persist in the environment and accumulate

in biological systems, where they have been linked to a range of chronic and acute health conditions
[4,5]

.

Pregnant women and developing fetuses are particularly vulnerable to metal exposure, as metals can cross

the placental barrier and interfere with critical developmental processes
[6,7]

. For instance, Cd, Pb, and As are

all associated with adverse fetal outcomes, including reduced birth weight, increased risk of preterm birth,

and impaired fetal growth
[8]

. The first trimester - when organogenesis occurs and the fetal organs and

systems are forming and maturing rapidly - is a period of heightened vulnerability to environmental insults,

including heavy metal exposure
[9-12]

. During this critical phase, the fetal body lacks fully developed

detoxification mechanisms, making it more susceptible to the adverse effects of metal accumulation
[13,14]

.

Consequently, early pregnancy is widely recognized as a critical window for metal-induced developmental

toxicity, where even low-level metal exposure may lead to long-term, irreversible impairments in fetal

development.

Anogenital distance (AGD), measured from the anus to the genital tubercle, is a sexually dimorphic trait

sensitive to prenatal endocrine disruption, strongly influenced by embryonic androgen action
[15-18]

. AGD is

increasingly used as a noninvasive biomarker in human epidemiology: shorter male AGD correlates with

lower fertility, reduced semen quality, lower testosterone levels in adulthood, and birth defects like

hypospadias
[19,20]

; in females, longer AGD is associated with polycystic ovary syndrome
[21,22]

, whereas shorter

AGD correlates with endometriosis
[21]

, primary ovarian insufficiency
[23]

, and altered female sexual function
[24]

.

Importantly, the literature frequently reports that AGD is affected by environmental pollutants and can

reflect prenatal hormone perturbations.

Existing epidemiological evidence on metals and reproductive development remains limited
[25,26]

. One key

study provided preliminary evidence: Huang et al. found that prenatal serum Pb and Cr were inversely

associated with AGD in 2- to 3-year-old boys, while antimony and strontium showed positive associations
[26]

;

Celik et al. found that neonatal urinary Hg, maternal urinary manganese (Mn), and cord blood Mn were

negatively correlated with penile length, and neonatal urinary Hg was also inversely associated with AGD
[25]

.

Despite these initial reports, current literature has largely concentrated on adverse birth outcomes such as

preterm birth and fetal growth restriction, and research on AGD as an endocrine-sensitive endpoint remains

sparse. Collectively, these observations underscore the need to further explore the relationships between

prenatal metal exposure and AGD to address key knowledge gaps in this field.

To address these gaps, we conducted a prospective cohort study of 248 mother-infant pairs. First-trimester

maternal plasma was analyzed for 10 metals (As, Cd, Cr, Cu, Hg, Ni, Pb, Sn, Tl, Zn). At age 2 years, we

assessed the sexually dimorphic, endocrine-sensitive AGD. Single-metal linear regression was first performed
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to identify metals significantly associated with AGD. We employed three advanced computational

approaches - extreme gradient boosting (XGBoost)
[27]

, Bayesian additive regression trees (BART)
[28]

, and

Bayesian kernel machine regression (BKMR)
[29,30]

 - to evaluate variable importance and mixture effects. To

assess the robustness of the single-metal associations to residual confounding, we also performed propensity

score stratification and overlap weighting as causal sensitivity analyses. Our primary aim was to compare

mixture associations with individual metal patterns and thereby contextualize metal-induced endocrine

disruption.

EXPERIMENTAL
Study population

The study participants were derived from a prospective birth cohort established at the Wuhan Women’s and

Children’s Health Care Center
[31-33]

. Eligible participants met the following criteria: (1) singleton pregnancy

with gestational age less than 16 weeks at enrollment; (2) permanent residence in Wuhan; (3) provided a

maternal plasma sample during the first trimester; (4) delivered a live-born infant without congenital

anomalies at the study hospital; and (5) completed a follow-up visit at two years of age, during which AGD

were measured. The present analysis included 248 mother-infant pairs with available data on first-trimester

plasma, maternal and child characteristics, and AGD measurements at 2 years of age, with children born

between August 2018 and May 2020.

The study protocol was reviewed and approved by the Ethics Committee of Tongji Medical College,

Huazhong University of Science and Technology ([2012] (14#)) and the Institutional Review Board of

Wuhan Medical & Healthcare Center for Women and Children (No. 2010009 and 2016003) prior to the

initiation of maternal recruitment. At enrollment, written informed consent was obtained from all

participating mothers. This consent covered telephone follow-ups, questionnaire surveys, and the collection

of biological samples during routine prenatal care, delivery hospitalization, and subsequent child

development follow-up. During the follow-up phase, children and their parents were contacted by telephone

and invited to attend physical examinations and questionnaire surveys. For the 2-year-old child assessments

(including AGD measurements and questionnaire administrations), written informed consent was obtained

from the parents or legal guardians of all participating children prior to any study procedures. All parents

and guardians were fully informed that participation was voluntary and that they could withdraw their child

from the study at any time without any negative consequences.

Plasma metal concentration analysis

Maternal venous blood was collected during the first trimester, with a median gestational age of 13 weeks.

Plasma samples were analyzed for 10 metals - Cr, Ni, Cu, Zn, As, Cd, Sn, Hg, Tl, and Pb - using inductively

coupled plasma mass spectrometry (ICP-MS, Agilent 7900 Series, Agilent Technologies, USA). The analytical

procedure followed established methods
[31,34]

. In detail, a 90-μL aliquot of plasma was mixed with 90 μL of

nitric acid and allowed to react for 24 h. The mixture was subsequently diluted with 1.8 mL of deionized

water and centrifuged. The supernatant was then introduced into the ICP-MS system for quantification.

Quality assurance included blank samples and certified reference materials (ClinChek® Plasma Control for

Trace Elements, Level I and II) in each batch. To correct for matrix effects and instrumental drift, rhodium

(1 μg/L) was added as an internal standard to all samples prior to measurement (Agilent Technologies, 2023).

We generated a multi-point calibration curve using certified standard solutions. Limits of detection (LODs)

for the 10 metals are summarized in Supplementary Table 1. For concentrations below the LOD, values were

replaced with LOD/2 for statistical analyses.

https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
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Assessment of AGD

AGD was measured in 2-year-old children following standardized procedures
[16,17,20,35]

. Children were placed

in a supine position on a flat examination table with the lower body exposed. The hips were positioned at the

edge of the table, and the thighs were flexed to approximately 60-90 degrees relative to the trunk, ensuring a

consistent posture. The center of the anus was marked with a disposable skin marker as a reference point.

Two AGD measures were obtained using a digital caliper (Deli, China; precision 0.1 mm): two AGDs were

measured: (1) anoscrotal distance (AGD-AS) in males/anofourchette distance (AGD-AF) in females, defined

as the distance from the anus to the posterior base of the scrotum (males) or to the posterior fourchette

(females); and (2) anopenile distance (AGD-AP) in males/anoclitoral distance (AGD-AC) in females,

defined as the distance from the anus to the anterior base of the penis (males) or to the clitoral glans

(females). Each measurement was performed twice consecutively. To keep the child calm and maintain the

correct posture, the examiner used gentle verbal encouragement or other age-appropriate distraction

techniques as needed, with assistance from the parent if required. All measurements were carried out by

trained examiners who were blinded to the metal exposure status of the child.

Data collection on maternal and child characteristics

Demographic and clinical information was obtained through two approaches: structured interviews

conducted by trained research nurses and abstraction from electronic medical records. Maternal factors

included age (categorized as ≤ 24, 25-34, and ≥ 35 years), pre-pregnancy body mass index (PBMI,

underweight <​ 18.5, normal 18.5-23.9, overweight 24-27.9, obese ≥ 28), education level (junior high or below,

high school, college or above), household income (low: <​ 50,000 RMB; middle: 50,000-199,999 RMB; high: ≥
200,000 RMB), parity (primiparous, second, third or more), and gestational age at delivery (preterm <​ 37

weeks, term ≥ 37 weeks). Child factors included sex (male, female) and age at AGD measurement

(continuous, in years), and birth weight (low birth weight: <​ 2,500 g; normal birth weight: 2,500-3,999 g; high

birth weight: ≥ 4,000 g.

Statistical analyses

Descriptive statistics

Descriptive statistics were computed to summarize the study variables. Baseline demographic, maternal, and

infant characteristics were described by infant sex. Continuous variables were summarized using medians

with interquartile ranges (IQRs), and categorical variables as frequencies and percentages. Prenatal

concentrations of the 10 metals were summarized by infant sex using selected percentiles (2.5th, 25th, 50th,

75th, and 97.5th), with detection rates also reported. AGD measures were similarly summarized using the

same percentiles. Differences between sexes were assessed using Wilcoxon rank-sum tests for continuous

measures and chi-square or Fisher’s exact tests for categorical variables. Spearman rank correlation

coefficients were computed to evaluate pairwise associations among the 10 metals and between AGD

outcomes (i.e., AGD-AP vs. AGD-AS in males; AGD-AC vs. AGD-AF in females). Scatter plots for the

AGD–AGD correlations are presented to visualize these relationships.

Linear regression models

Linear regression models were constructed to evaluate associations between each of the 10 metals (Cr, Ni,

Cu, Zn, As, Cd, Sn, Hg, Tl, Pb) and the outcomes (AGD-AS, AGD-AF, AGD-AP, AGD-AC). To address

right-skewed distributions, metal concentrations were log
2
-transformed (with 0.001 added to avoid zeros).

The log
2
-transformed values were then linearly transformed to Z-scores (mean = 0, standard deviation = 1), a

process that preserves the distributional shape of the log
2
-transformed data. All outcome variables were

natural log-transformed to improve residual normality. Categorical covariates were entered as factors.
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A hierarchical adjustment strategy was applied using three sequential models: Model 1 (Crude) was

unadjusted; Model 2 (Demographic) was adjusted for age at outcome measurement (continuous, in years),

because age is a fundamental determinant of health outcomes and a well-established confounder in perinatal

studies
[36,37]

; Model 3 was further adjusted for maternal age, gestational age, PBMI, parity, maternal education,

and family income. Covariates for Model 3 were selected a priori based on established literature and causal

considerations to identify a sufficient set of confounders that would minimize bias without over-adjusting for

mediators or colliders. Specifically, maternal age was included to control for age-related sociodemographic

and biological risks
[36,38]

; gestational age was adjusted to account for the direct effect of prematurity on

neonatal outcomes
[39]

; PBMI and parity were incorporated to address metabolic status and obstetric history,

both of which independently influence pregnancy outcomes
[40,41]

; and maternal education and family income

were added as socioeconomic proxies to capture health literacy, lifestyle, and healthcare access, which are

consistently associated with perinatal health
[42,43]

. All covariates were treated as continuous or categorical as

specified.

All models were repeated separately for male and female infants. To account for multiple comparisons, P

values were adjusted using the Benjamini–Hochberg false discovery rate (FDR) method, applied separately by

outcome and sex.

For each association, the standardized regression coefficient (β) corresponds to a one-standard-deviation

increase in the log
2
-transformed metal concentration. To express effects on a more interpretable scale, β was

converted to represent an IQR increase in the log
2
-transformed metal concentration. The IQR was calculated

as the difference between the 75th and 25th percentiles of each metal’s log
2
-transformed distribution in the

study population. The conversion was performed using the formula
[44]

:

where IQR
log2

 is the IQR of the log
2
-transformed metal and SD

log2
 is its standard deviation. The percent change

in the outcome per IQR increase was then computed as
[44]

:

with 95% confidence intervals (CIs) derived from the corresponding bounds of β. Absolute changes in the

original outcome units were estimated by applying these percentages to the mean outcome values.

To test whether the associations varied by sex, we added a metal × sex interaction term to the fully adjusted

linear regression models. The interaction P value was used to assess effect modification by child sex. Positive

interaction estimates indicate stronger associations in females; negative estimates indicate stronger

associations in males. Interaction analyses were performed on the overall cohort (n = 248) using the same

covariate set as Model 3.

To further characterize the exposure-response relationship, metal concentrations were categorized into

quartiles (Q1 to Q4) based on their distributions in the study population, with the lowest quartile (Q1)

serving as the reference category. Linear regression models were fitted using the same fully adjusted covariate

set as in the single-metal analyses (Model 3), with the quartile variable entered as a categorical predictor. The

percent changes in each outcome and their 95%CIs were estimated for Q2, Q3, and Q4 relative to Q1. To

assess linear trends across increasing exposure levels, we performed a trend test by assigning the median

concentration of each quartile category as a continuous score and including this score as a continuous

predictor in the fully adjusted regression model. The resulting P for trend reflects the dose-response

                                                                                        

𝛽𝐼𝑄𝑅 = 𝛽 ×
𝐼𝑄𝑅𝑙𝑜𝑔2

𝑆𝐷𝑙𝑜𝑔2

Percent change = (exp(𝛽𝐼𝑄𝑅) − 1) × 100%
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relationship across increasing exposure levels, and the corresponding percent change per one-quartile

increase and its 95%CI were derived. To visualize the dose-response relationships, scatter plots were

generated for metals with P for trend <​ 0.05. Linear regression lines with 95%CI bands were fitted to illustrate

the associations, with both axes log
2
-transformed.

Advanced computational methods

To complement the traditional regression and mixture analyses, we applied three advanced computational

approaches - XGBoost, BART, and BKMR - to evaluate variable importance, non-linear dose-response

relationships, and mixture effects. All three approaches were performed on the full set of 10 metals, using the

same covariate set as Model 3. All analyses were performed separately for males and females.

XGBoost is a scalable, gradient-boosted decision tree algorithm implemented in the xgboost R package
[27]

. We

trained separate models for males and females, using the same set of predictors (metals plus covariates in

Model 3). Hyperparameters were tuned to balance model fit and generalizability: number of trees = 100,

learning rate (eta) = 0.1, maximum tree depth = 3, subsample ratio = 0.8, and column subsampling

(colsample_bytree) = 0.8. To assess model generalizability, we performed five-fold cross-validation and

evaluated root mean square error (RMSE) across folds to see whether overfitting affected the variable

importance rankings. Early stopping with a patience of 10 rounds was applied to prevent overfitting. The

objective was set to “reg:squarederror” (i.e., regression with squared error loss) for our continuous outcome

(natural log-transformed AGD). Feature importance was assessed using Gain, which measures the average

improvement in accuracy (or reduction in loss) when a feature is used as a split point. Gain values are scale-

independent and can be compared across features.

BART is a Bayesian non-parametric ensemble method that sums the predictions of many regression trees,

implemented in the BART R package
[28]

. We fitted BART using 100 trees, 500 burn-in iterations, and 500

posterior draws. The prior parameters were left at default values (e.g., prior on tree depth and terminal node

variance), which are known to work well for small-to-moderate sample sizes
[28]

. Variable importance was

quantified by the split frequency - the total number of times a variable was selected as a splitting rule across

all trees and Markov chain Monte Carlo (MCMC) draws. This metric reflects how often a variable

contributes to the ensemble’s predictive structure. Because BART automatically handles non-linearities and

interactions, no explicit tuning of interaction terms was required.

BKMR is a flexible, non-parametric Bayesian regression method for estimating the joint effect of a mixture,

implemented in the bkmr R package
[30]

. We performed BKMR in two complementary ways. First, to evaluate

the overall mixture effect, we included all 10 metals in a single BKMR model without hierarchical variable

selection and estimated the change in AGD when all metals were jointly increased from the 10th to the 90th

percentile of their joint distribution, using the 50th percentile (median) as the reference point. Second,

metals were grouped for hierarchical variable selection based on their pairwise Spearman correlation

coefficients, using a threshold of ρ ≥ 0.5 to define moderately or strongly correlated metals
[29]

. Groups were

formed only when metals met this correlation threshold; if no correlations reached this threshold within a

sex, no groups were formed. We reported group-level posterior inclusion probabilities (PIPs) to assess the

importance of each metal group. In addition, individual PIPs were extracted from both the ungrouped and

grouped BKMR models: plain PIPs from the model without hierarchical variable selection, and individual

PIPs (grouped) from the model with grouping. For groups containing more than one metal, the individual

PIPs from the grouped model reflect the relative contribution of each metal within its group. The BKMR

models were run using a Gaussian kernel with 25,000 MCMC iterations, a burn-in of 5,000, and a thinning

interval of 5. All models were fitted separately for males and females. The exposure variables were Z-

standardized prior to analysis (as described above), while covariates were included as linear terms.
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Sensitivity analyses

To further control for potential confounding and assess the robustness of the associations, we performed

propensity score stratification
[45,46]

. For each metal, exposure was dichotomized into high vs. low groups using

the sex-specific median concentration. A logistic regression model including all covariates from the fully

adjusted model (Model 3) was used to estimate the propensity score (probability of being in the high-

exposure group). All 10 metals were analyzed separately by sex. The study population was then divided into

five strata according to the quintiles of the propensity score, ensuring that within each stratum the

distribution of covariates was balanced between exposure groups. Within each stratum, a linear regression

model comparing AGD between high- and low-exposure groups was fitted without further covariate

adjustment. Stratum-specific effect estimates were pooled using inverse-variance weighting.

As an additional sensitivity analysis, we applied overlap weighting, which focuses on the subpopulation with

good overlap in propensity scores
[47]

. Exposure was dichotomized as described above. Propensity scores were

estimated using the same logistic regression model. Overlap weights were calculated as w = PS × (1 - PS),

where PS is the propensity score. These weights assign higher weights to individuals with propensity scores

near 0.5 and down-weight those with extreme scores, thereby targeting the average treatment effect in the

overlap population (ATO). Weighted linear regression was then used to estimate the association between

high exposure and AGD. Robust standard errors were obtained via the survey package. The same sex- and

metal-specific subsets were analyzed. The β coefficients represent the mean difference in natural log-

transformed AGD between the high-exposure and low-exposure groups.

To evaluate the robustness of the observed associations, we conducted two sensitivity analyses: birth weight

adjustment and extreme value treatment. All analyses were performed on all 10 metals separately by sex,

using the same covariate set as Model 3. For the birth weight adjustment analysis, missing birth weight values

were imputed using sex-specific medians. We compared models with and without birth weight as an

additional covariate. For the extreme value treatment, metal concentrations were processed using two

approaches at the 5th and 95th percentiles: (1) truncation, excluding observations below the 5th or above the

95th percentile; and (2) winsorization, replacing extreme values with the 5th or 95th percentile values while

retaining all observations. These methods allow assessment of whether the associations are driven by extreme

observations.

All statistical analyses were performed using R software (version 4.5.2). Key R packages included tidyverse,

survey, xgboost, BART, and bkmr. Figures were generated using GraphPad Prism 10 (Dotmatics, Boston, MA,

USA) and R. A two-sided P value <​ 0.05 was considered statistically significant.

RESULTS AND DISCUSSION
Study population characteristics

A total of 248 mother-infant pairs were included in the analyses. Table 1 presents the baseline characteristics

stratified by infant sex. Maternal factors including maternal age, education level, household income, pre-

pregnancy BMI, and gestational age were comparable between male and female infants (all P > 0.05).

However, parity differed significantly by sex, with primiparous mothers more common in females than in

males (87.5% vs. 70.6%, P = 0.004). Regarding child characteristics, birth weight differed marginally between

sexes (P = 0.050), with low birth weight (<​ 2,500 g) present only in females (3.6%); infant age was slightly but

significantly older in females (median 2.0 vs. 2.0 years, P = 0.041). Both AGD measures were significantly

larger in males than in females: AGD-AS/AGD-AF (37.2 mm vs. 23.9 mm, P <​ 0.001) and AGD-AP/AGD-

AC (83.6 mm vs. 56.7 mm, P <​ 0.001). Detailed distributions of AGD measures, including selected percentiles

(2.5th, 25th, 50th, 75th, and 97.5th), are provided in Supplementary Table 2. Spearman correlation analysis

revealed a moderate positive correlation between the two AGD measures in both sexes: ρ = 0.493 (P <​ 0.001)

for males (AGD-AP vs. AGD-AS) and ρ = 0.43 (P < ​ 0.001) for females (AGD-AC vs. AGD-AF)

[Supplementary Figure 1].

https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
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Table 1. Baseline characteristics of the study participants, stratified by infant sex

Characteristic Male (n = 136) Female (n = 112) P value

Maternal factors

Maternal age [n, (%)] 0.364

Young maternal group (≤ 24 years) 4 (2.9) 5 (4.5)

Prime reproductive group (25-34 years) 111 (81.6) 96 (85.7)

Older (≥ 35 years) 21 (15.4) 11 (9.8)

Maternal education level [n, (%)] 0.134

Junior high or below 9 (6.6) 4 (3.6)

High school 10 (7.4) 16 (14.3)

College or above 117 (86.0) 92 (82.1)

Household income [n, (%)] 0.338

Low 19 (14.0) 12 (10.7)

Middle 104 (76.5) 83 (74.1)

High 13 (9.6) 17 (15.2)

Maternal PBMI [n, (%)] 0.249

Underweight (< ​ 18.5) 22 (16.2) 17 (15.2)

Normal (18.5-23.9) 86 (63.2) 82 (73.2)

Overweight (24-27.9) 22 (16.2) 11 (9.8)

Obese (≥ 28) 6 (4.4) 2 (1.8)

Gestational age [n, (%)] 0.522

Preterm (<​ 37 weeks) 3 (2.2) 5 (4.5)

Term (≥ 37 weeks) 133 (97.8) 107 (95.5)

Parity [n, (%)] 0.004

Primiparous 96 (70.6) 98 (87.5)

Second 37 (27.2) 14 (12.5)

Third or more 3 (2.2) 0 (0.0)

Child factors

Birth weight [n, (%)] 0.050

Low birth weight (<​ 2,500 g) 0 (0.0) 4 (3.6)

Normal (2,500-3,999 g) 120 (88.2) 102 (91.1)

High birth weight (≥ 4,000 g) 8 (5.9) 3 (2.7)

Missing 8 (5.9) 3 (2.7)

Infant age (median [IQR]) 2.0 [2.0, 2.0] 2.0 [2.0, 2.1] 0.041

AGD-AS/AGD-AF (median [IQR]) 37.2 [33.1, 42.5] 23.9 [21.3, 26.6] <​ 0.001

AGD-AP/AGD-AC (median [IQR]) 83.6 [77.4, 91.2] 56.7 [51.4, 62.9] <​ 0.001

Data are presented as n (%) for categorical variables and median [IQR] for continuous variables. P values for categorical variables were derived
from the chi-square test or Fisher’s exact test, as appropriate; a single P value is reported for each categorical variable, comparing male and female
groups. P values for continuous variables were derived from the Wilcoxon rank-sum test. P values < ​ 0.05 were considered statistically significant.
The bold values in the table indicate statistically significant results (P < ​ 0.05). PBMI: Pre-pregnancy body mass index; IQR: interquartile range;
AGD-AS: anogenital distance (anus-scrotum) for males; AGD-AF: anogenital distance (anus-fourchette) for females; AGD-AP: anogenital distance
(anus-penis) for males; AGD-AC: anogenital distance (anus-clitoris) for females; g: grams.

Prenatal metal exposure characteristics

Concentrations of the 10 metals in first-trimester maternal plasma are summarized by infant sex in

Supplementary Table 3. Detection rates exceeded 90% for all metals except Cd (males: 61.8%; females: 69.6%)

and Sn (males: 78.7%; females: 65.2%), which remained above 60%. No statistically significant differences
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were observed between male and female infants for any metal (all P > 0.05), although Zn and As showed

borderline differences (P = 0.055 and P = 0.053, respectively).

Supplementary Figure 2 shows Spearman’s correlation matrices for ten plasma metals (As, Cd, Cr, Cu, Hg,

Ni, Pb, Sn, Tl, Zn) from first-trimester maternal samples stratified by infant sex. Both subgroups showed

strong positive inter-metal correlations. For male infants, the top-ranked correlations were Cd-Zn (ρ = 0.65)

and Cd-Pb (ρ = 0.63); Tl was moderately correlated with As (0.53), Pb (0.43), and Cr (0.48). Cu and Hg

barely correlated with other metals, indicating separate exposure sources. The correlation structure was

comparable among mothers carrying female infants yet exhibited stronger metal covariation, dominated by

Pb-Zn (ρ = 0.71), Cd-Zn (0.66), As-Cd (0.60), and As-Pb (0.60). A prominent sex-specific distinction was

observed: Ni displayed weak negative correlations with As (-0.23) and Cd (-0.21) in the female group, while

Ni was only positively correlated with Cr (0.27) in the male group. Overall, these correlation patterns

indicate a stable core metal cluster among As, Cd, Pb, and Zn in both sexes, with stronger covariation in the

female subgroup, and highlight Ni’s sex-specific correlation profile, which may reflect differences in

exposure sources or metabolic handling.

Associations with AGD

In sex-stratified linear regression models, we found distinct metal-AGD associations that differed between

males and females, with adverse associations predominantly observed in males [Figure 1 and Supplementary

Tables 4-7]. In males, three metals - Cd, Tl, and As - were significantly associated with reduced AGD-AP

[Figure 1 and Supplementary Table 5]. Cd showed the strongest effect, with a -6.96% change (95%CI: -9.22 to

-4.63; P = 0.001) per IQR increase in Cd concentration, supported by a clear dose-response trend (P = 0.011)

[Supplementary Table 7]. Tl (-2.16%, 95%CI: -3.89 to -0.40; P = 0.014) and As (-2.83%, 95%CI: -4.87 to -0.75;

P = 0.007) per IQR increase showed smaller but consistent effects [Figure 1 and Supplementary Table 5]. All

three metals remained significant after FDR correction (P
FDR

 = 0.013, 0.040, and 0.033, respectively). The

biological plausibility of these associations is supported by a common biological pathway: they interfere with

testicular steroidogenesis - Cd and As by downregulating key enzymes (Star, Cyp17a1, Hsd3b)
[48-50]

 and Tl by

inducing Sertoli cell oxidative stress - leading to reduced testosterone biosynthesis and impaired androgen

signaling during the male programming window
[51]

.

Pb (-3.48%, 95%CI: -6.48 to -0.39; P = 0.028) and Cr (-3.19%, 95%CI: -5.88 to -0.42; P = 0.025) were

significantly associated with AGD-AP, but were not significant after FDR correction (Pb: P
FDR

 = 0.056; Cr:

P
FDR

 = 0.053) [Figure 1 and Supplementary Table 5]. The 2020 Guangxi cohort also reported inverse

associations for Pb and Cr with AGD in boys
[26]

, consistent with their roles as androgen receptor antagonists

(Pb)
[52,53]

 and disruptors of testicular steroidogenesis (Cr)
[54,55]

. The attenuated of significance for these two

metals may reflect limited statistical power rather than absence of effect.

Zn showed a non-significant inverse trend, while Cu, Hg, Ni, and Sn were not associated with AGD-AP.

Dose-response analyses supported the main findings [Supplementary Tables 6 and 7]: Cd, Pb, As, Cr, and Tl

all showed significant negative trends (all P for trend <​ 0.05) for AGD-AP, with Cd and Tl showing the

strongest. The dose-response relationships were visually confirmed in scatter plots of log
2
-transformed metal

concentrations against natural log-transformed AGD-AP [Supplementary Figure 3], where linear regression

lines with 95% confidence bands illustrated the monotonic decreasing trends for these metals. In contrast,

none of the metals were significantly associated with AGD-AS (all P and P
FDR

 > 0.05), suggesting that AGD-

AP is a more sensitive biomarker of prenatal metal-induced androgen disruption in males. Overall, these

consistent dose-response patterns, combined with FDR-adjusted significance for As, Cd, and Tl, strengthen

the inference that prenatal exposure to these metals may exert biologically meaningful effects on male genital

development.

https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
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Figure 1. Sex-stratified associations between first-trimester plasma metal concentrations and AGD in 2-year-old children. Panels show
percent change (with 95%CI) in AGD-AS/AGD-AF (A and C) and AGD-AP/AGD-AC (B and D) per IQR increase in each metal
concentration, estimated using three sequential models: Model 1 (unadjusted), Model 2 (adjusted for children’s age), and Model 3 (fully
adjusted for children’s age, maternal age, gestational age, PBMI, parity, maternal education, and family income). Metal concentrations
were log2-transformed and Z-standardized; the percent change corresponds to an increase from the 25th to the 75th percentile of the log2-
transformed concentration. Outcome variables were natural log-transformed. Statistically significant associations (two-sided unadjusted P
< ​ 0.05) are marked with an asterisk (*). Error bars represent 95%CI. Sample sizes: males n = 136; females n = 112. AGD: Anogenital
distance; CI: confidence interval; AGD-AS: anogenital distance (anus-scrotum) for males; AGD-AF: anogenital distance (anus-fourchette)
for females; AGD-AP: anogenital distance (anus-penis) for males; AGD-AC: anogenital distance (anus-clitoris) for females; IQR:
interquartile range; PBMI: pre-pregnancy body mass index.

In females, only Ni showed a suggestive positive association with AGD-AC in the fully adjusted model,

corresponding to a 6.94% increase (95%CI: 1.40-12.79; P = 0.014) per IQR increase in Ni concentration,

although the FDR-adjusted P value did not reach statistical significance (P
FDR

 = 0.140). No other metals were

significantly associated with AGD-AC in females (all P and P
FDR

 > 0.05). The suggestive Ni-AGD-AC

association was supported by a significant dose-response trend (P for trend = 0.005) [Supplementary Table

7], and the positive dose-response relationship was visually confirmed in Supplementary Figure 3 for Ni in

females. In female rats, Ni exposure decreased estradiol and caused ovarian damage
[56]

; in girls, prenatal Ni

was associated with slower breast development
[57]

, suggesting anti-estrogenic actions. This effect could

theoretically reduce estrogenic tone, making androgen-mediated AGD elongation more apparent in females.

To formally evaluate whether the associations differed by sex, we included a metal × sex interaction term in

the fully adjusted models [Supplementary Table 8]. Significant interactions were observed for Ni (P
interaction

 =

0.011), Tl (P
interaction

 = 0.015), Cr (P
interaction

 = 0.002), and Hg (P
interaction

 = 0.019) for AGD-AP/AC, with positive

interaction estimates indicating stronger associations in females than in males. For Ni, the interaction

reflected its positive association in females (6.94%, P = 0.014) and null association in males. For Tl and Cr,

the significant interactions reflected their inverse associations in males (Tl: -2.16%, P = 0.014; Cr: -3.19%, P =

0.025) that were attenuated to null in females. For Hg, despite non-significant associations in both sexes, the

positive interaction estimate suggests a potential sex-dependent pattern warranting further investigation.

Overall, these interaction results confirm that sex is an important modifier of metal-AGD associations, with

effects generally more pronounced in males for AGD-AP and in females for AGD-AC.

https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/7c341d440dedc8ac8920b557a2c12b7e/1790148841/jeea5033-SupplementaryMaterials.pdf
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Table 2. Importance of metals from three computational models for AGD by sex

Metal XGBoost (Gain) BART (Split Frequency) BKMR Plain PIP BKMR Group PIP BKMR Individual PIP (grouped)

Male

Tl 0.127 2,361 0.1360 0.2825 0.1725

Cd 0.094 4,178 0.0355 0.0613 0.0450

As 0.031 2,867 0.0675 0.2825 0.1100

Pb 0.060 3,733 0.0138 0.0613 0.0148

Cr 0.104 2,061 0.0070 0.0073 0.0073

Ni 0.113 1,670 0.0050 0.0183 0.0183

Cu 0.092 2,411 0.0000 0.0068 0.0068

Zn 0.026 3,164 0.0003 0.0613 0.0015

Sn 0.037 2,784 0.0013 0.0025 0.0025

Hg 0.077 2,368 0.0000 0.0000 0.0000

Female

As 0.112 3,287 0.1840 0.1963 0.1830

Ni 0.080 3,517 0.0158 0.0203 0.0203

Cd 0.023 3,652 0.0073 0.1963 0.0060

Pb 0.078 2,602 0.0033 0.1963 0.0058

Zn 0.032 2,555 0.0020 0.1963 0.0015

Cr 0.081 1,486 0.0033 0.0055 0.0055

Sn 0.083 3,967 0.0070 0.0060 0.0060

Hg 0.089 3,181 0.0005 0.0143 0.0143

Cu 0.051 2,687 0.0010 0.0038 0.0038

Tl 0.041 2,154 0.0003 0.0008 0.0008

XGBoost Gain measures the average information gain; higher values indicate greater contribution to model predictive performance. BART Split
Frequency is the total number of times a variable was selected as a splitting rule across all trees and MCMC draws. BKMR Plain PIP: Individual
posterior inclusion probability from the ungrouped BKMR model. BKMR Group PIP: Probability that a metal group was selected in the grouped
BKMR model. BKMR Individual PIP (grouped): Individual posterior inclusion probability for each metal estimated from the grouped BKMR model.
For single-metal groups, this value represents the marginal inclusion probability of the metal in the grouped model. Metals are ordered by their
relevance based on the combined evidence from all three models. Sample sizes: males n = 136; females n = 112. AGD: Anogenital distance; XGBoost:
extreme gradient boosting; BART: Bayesian additive regression trees; BKMR: Bayesian kernel machine regression; PIP: posterior inclusion
probability; MCMC: Markov Chain Monte Carlo.

Advanced computational analysis

To complement the single-metal linear regression analyses and assess the robustness of the findings, we

applied three complementary computational models - XGBoost, BART, and BKMR [Table 2]. These models

are sensitive to different aspects of the data: XGBoost captures linear and weak non-linear additive effects
[27]

,

BART is more flexible for complex non-linearities and interactions
[28,58]

, and BKMR with hierarchical variable

selection handles correlated exposures by grouping metals based on Spearman correlation (ρ ≥ 0.5 for

exploratory analysis) and estimating group-level and BKMR individual PIP (grouped)
[29]

. XGBoost models

were evaluated by five-fold cross-validation to assess generalizability; stable predictive errors across folds

(mean RMSE: 0.118 ± 0.012 for males and 0.176 ± 0.021 for females) indicated that variable importance

rankings were not substantially affected by overfitting.

In males, Tl showed the highest XGBoost Gain (0.127) and the highest BKMR Individual PIP (grouped)

(0.1725). Within the As–Tl group (group PIP = 0.2825), Tl dominated the group effect (0.1725 vs. 0.1100 for

As). Cd had the highest BART split frequency (4,178) and strong XGBoost Gain (0.094). Within the

Cd–Zn–Pb group (group PIP = 0.0613), Cd was the dominant contributor (0.0450 vs. 0.0015 for Zn and
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Figure 2. Overall mixture effects of 10 metals on AGD from BKMR stratified by sex. (A) Males: AGD-AP; (B) Females: AGD-AC. The solid
line represents the estimated effect on the natural log-transformed AGD (95%CI). The dashed horizontal line at zero indicates no effect.
The x-axis represents the quantile of the metal mixture, where 0.5 is the reference point (all metals fixed at their median concentrations).
Values below 0.5 indicate joint decreases and values above 0.5 indicate joint increases in all metal concentrations. All models were
adjusted for child’s age, maternal age, gestational age, PBMI, parity, maternal education and household income. Sample sizes: males n =
136; females n = 112. AGD: Anogenital distance; BKMR: Bayesian kernel machine regression; AGD-AP: anogenital distance (anus-penis) for
males; AGD-AC: anogenital distance (anus-clitoris) for females; CI: confidence interval; PBMI: pre-pregnancy body mass index.

0.0148 for Pb). These findings independently confirm Cd and Tl as the key metals driving the inverse AGD-

AP associations observed in linear regressions.

Notably, Pb exhibited high BART frequency (3,733) but low BKMR Individual PIP (grouped) (0.0148),

suggesting its apparent single-metal effect largely reflects co-exposure with Cd. This is consistent with the

understanding that Cd and Pb are common co-contaminants from shared environmental sources
[59,60]

. The

BKMR Individual PIP (grouped) results indicate that Cd drives the joint mixture effect, with Pb contributing

little additional independent signal once Cd is accounted for. This explains why Pb was significant in single-

metal models but not robust in co-exposure-controlled analyses.

In females, As was the most important metal across all models, with the highest BKMR Plain PIP (0.1840),

highest XGBoost Gain (0.112), and substantial BART split frequency (3,287). Within the As–Zn–Cd–Pb

group (group PIP = 0.1963), As overwhelmingly drove the group effect (PIP: 0.183 vs. <​ 0.006 for the others).

This confirms the importance of As in the mixture, though its single-metal association was non-linear (only

Q2 vs. Q1 was significant, P = 0.008). Ni showed moderate importance (BART Split Frequency: 3,517, BKMR

Plain PIP: 0.0158), providing independent support for its positive linear association (Model 3: 6.94%, P =

0.014), though not significant after FDR correction.

BART and XGBoost showed some divergence for certain metals. For example, Cd in females had a high

BART split frequency but a low XGBoost Gain, suggesting potential non-linear effects that BART is more

sensitive to
[28,58]

. This divergence highlights the value of using multiple complementary approaches to

characterize the exposure-response relationship.

In males, the BKMR overall mixture effect was significant and negative, indicating that joint exposure to the

10 metals was associated with reduced AGD-AP [Figure 2]. In females, the overall mixture effect was not

significant, suggesting that opposing metal effects may cancel each other out [Figure 2].
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Table 3. Propensity score-based sensitivity analyses for associations between each metal and AGD-AP (males)/AGD-AC (females),
stratified by sex

Metal
Propensity score stratification Overlap weighting

β (95%CI) P β (95%CI) P

Male

Cr -0.0372 (-0.0792, 0.0049) 0.083 -0.0419 (-0.0841, 0.0003) 0.054

Ni 0.0163 (-0.0259, 0.0585) 0.449 0.0065 (-0.0352, 0.0482) 0.76

Cu 0.0060 (-0.0381, 0.0501) 0.789 0.0228 (-0.0212, 0.0668) 0.312

Zn -0.0464 (-0.0887, -0.0042) 0.031 -0.0478 (-0.0886, -0.0071) 0.023

As -0.0361 (-0.0781, 0.0059) 0.092 -0.0386 (-0.0797, 0.0025) 0.068

Cd -0.0367 (-0.0757, 0.0023) 0.065 -0.0548 (-0.0955, -0.0142) 0.009

Sn -0.0354 (-0.0756, 0.0048) 0.084 -0.0266 (-0.0679, 0.0146) 0.207

Hg -0.0324 (-0.0732, 0.0084) 0.120 -0.0235 (-0.0654, 0.0183) 0.272

Tl -0.0587 (-0.0981, -0.0194) 0.003 -0.0627 (-0.1026, -0.0228) 0.003

Pb -0.0333 (-0.0747, 0.0081) 0.115 -0.0338 (-0.0751, 0.0075) 0.111

Female

Cr 0.0085 (-0.0594, 0.0764) 0.807 0.0277 (-0.0398, 0.0951) 0.423

Ni 0.0587 (-0.0058, 0.1232) 0.074 0.0638 (-0.0017, 0.1292) 0.059

Cu 0.0021 (-0.0611, 0.0653) 0.948 -0.0031 (-0.0701, 0.0639) 0.928

Zn 0.0249 (-0.0474, 0.0973) 0.499 0.0317 (-0.0374, 0.1008) 0.370

As -0.0473 (-0.1167, 0.0220) 0.181 0.0033 (-0.0641, 0.0708) 0.923

Cd -0.0215 (-0.0913, 0.0483) 0.546 -0.0185 (-0.0877, 0.0507) 0.601

Sn 0.0003 (-0.0657, 0.0662) 0.994 0.0361 (-0.0334, 0.1055) 0.311

Hg 0.0222 (-0.0423, 0.0866) 0.501 0.0570 (-0.0091, 0.1231) 0.094

Tl 0.0110 (-0.0551, 0.0770) 0.745 0.0201 (-0.0484, 0.0885) 0.567

Pb -0.0070 (-0.0761, 0.0622) 0.843 0.0058 (-0.0612, 0.0728) 0.865

Covariates (child’s age, maternal age, gestational age, PBMI, parity, maternal education, and household income) were included in the logistic
regression model for estimating propensity scores. Exposure was dichotomized at the sex-specific median for each metal. For propensity score
stratification, stratum-specific estimates were pooled using inverse-variance weighting across five strata. For overlap weighting, weights were
calculated as PS × (1 - PS), targeting the ATO. β represents the mean difference in natural log-transformed AGD between the high-exposure group
(above the sex-specific median) and the low-exposure group (below the sex-specific median), estimated from propensity score stratification
(inverse-variance weighted average across strata) and overlap weighting (weighted linear regression), respectively. Statistical significance (P < ​
0.05) is indicated in bold. Sample sizes: males n = 136; females n = 112. The bold values in the table indicate statistically significant results (P < ​
0.05). AGD-AP: Anogenital distance (anus-penis) for males; AGD-AC: anogenital distance (anus-clitoris) for females; CI: confidence interval;
PBMI: pre-pregnancy body mass index; PS: propensity score; ATO: average treatment effect in the overlap population; AGD: anogenital distance.

In summary, the computational models converged on a consistent narrative: Tl and Cd in males, and As in

females are the most robustly associated metals with AGD, while other metals either showed model-

dependent importance or consistently low importance. These results strengthen the inference from

traditional regression analyses and highlight the value of integrating multiple analytical approaches to

disentangle the effects of correlated environmental exposures.

Sensitivity analyses

To assess robustness against residual confounding, model specification, and extreme observations, we

conducted three sensitivity analyses: propensity score-based methods, birth weight adjustment, and extreme

value treatment [Table 3, Supplementary Tables 9 and 10].

Propensity score stratification and overlap weighting confirmed that male Tl remained significantly

associated with AGD-AP across both methods (β = -0.0587 and -0.0627, both P <​ 0.01). The discrepancy for
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Cd between stratification and overlap weighting may partly reflect the lower detection frequency of Cd

(61.76% for males and 69.64% for females), which reduces the precision of estimates within strata in the

stratification approach, whereas overlap weighting, by retaining full sample information and using

continuous weights, improves estimation efficiency
[61,62]

. Zn became significant in both propensity score

methods (P = 0.031 and 0.023), whereas As and Pb were attenuated and no longer significant (P > 0.05). In

females, Ni showed borderline positive associations (P = 0.074 and 0.059).

Given that birth weight may lie on the causal pathway between prenatal metal exposure and AGD - which

could introduce overadjustment bias - we compared models with and without birth weight adjustment.

Comparison of models with and without birth weight adjustment yielded nearly identical estimates for all

metals (e.g., male As: -0.0305 vs. -0.0302; female Ni: 0.0487 vs. 0.0482) [Supplementary Table 9], indicating

that birth weight does not materially confound or mediate the observed associations
[61]

.

Extreme value treatment (truncation and winsorization at 5th/95th percentiles) confirmed that male Cd,

male Tl, and female Ni remained significant across all three approaches [Supplementary Table 10]. In

contrast, male As and Pb lost significance after truncation (As: P = 0.007 vs. 0.358; Pb: P = 0.028 vs. 0.284) but

remained significant in winsorized models (As: P = 0.013; Pb: P = 0.034), suggesting these associations may

be partially driven by extreme observations. Female Hg became significant only after truncation (P = 0.105

vs. 0.015), hinting at a potential non-linear effect.

Collectively, these sensitivity analyses consistently identified male Tl, male Cd, and female Ni as the most

robust associations. The associations for male As and Pb showed method dependence and warrant cautious

interpretation. These findings support the robustness of the primary conclusions regarding sex-specific

effects of prenatal metal exposure on AGD.

Limitations

Several limitations should be acknowledged. First, our sample size (n = 248) is modest, which may have

limited power to detect smaller mixture effects or weaker interactions. However, we were still able to detect

significant single-metal associations and consistent dose-response trends, suggesting that power was

sufficient for the main findings. Second, metal concentrations were measured only once in the first trimester,

which may not capture full exposure variability across pregnancy. Nevertheless, the first trimester (8-14

weeks) represents the critical window for genital development
[13,14]

, and single-spot measurements in this

period have been widely used and accepted in similar studies as a reasonable proxy
[63,64]

. Third, AGD was

measured at age 2 years rather than at birth. However, AGD is known to track stably from infancy through

early childhood
[65,66]

, and our measurements were performed by trained examiners blinded to exposure status

using standardized protocols, minimizing bias. Moreover, postnatal growth is unlikely to substantially alter

the ranking of AGD within the cohort, supporting the validity of our exposure-outcome assessment. Fourth,

the present analysis included a subset of the original cohort with complete data on plasma metals and AGD

measurements. The included participants covered the full range of key characteristics of the broader

cohort
[31-33]

. Importantly, the consistency of our findings across multiple analytical approaches - including

linear regression, dose-response analysis, propensity score methods, and machine learning - further supports

the robustness of the observed associations and suggests that selection bias, if present, is unlikely to have

materially affected the conclusions.

CONCLUSIONS
In this prospective cohort study, prenatal metal exposures exerted sex-specific opposing effects on AGD. Tl

in males was the most robust association, remaining significant across all sensitivity analyses. Cd in males

and Ni in females showed consistent associations in single-metal and dose-response analyses, with additional
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support from overlap weighting for Cd and borderline support from propensity score-based methods for Ni.

Machine learning independently identified Tl and Cd as the top male predictors and As as the top female

predictor. The associations for As and Pb were method-dependent and warrant cautious interpretation. Our

findings underscore sex-specific susceptibility as a critical modifier of metal toxicity and highlight the value

of integrating machine learning with traditional epidemiological approaches to characterize environmental

exposure-response relationships. Future studies should elucidate the underlying sex-specific mechanisms

and validate these findings in larger, more diverse populations.
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