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Abstract: Herein, we explored the overall association between metal mixtures and lung functions in
populations of varying ages and the relationship among the associated components. The 2007-2012
National Health and Nutrition Examination Survey data of 4382 American participants was analyzed,
and generalized linear, elastic net, quantile g-computation, and Bayesian kernel machine regression
models were used to evaluate the relationship between exposure to the metal mixture and lung
function at various ages. The results of barium exposure at distinct stages revealed that children and
adolescents exhibited greater lung function changes than those in adults and the elderly. Additionally,
compared with children and adolescents, cadmium- and arsenic—containing metabolites contributed
to nonconductive lung function changes in adults and the elderly exposed to metal mixtures. The
results showed that the effects of exposure to metal mixtures on lung function in children and
adolescents were predominantly caused by lead and barium. Altogether, children and adolescents
were found to be more susceptible to metal-exposure-mediated lung function changes than adults
and the elderly.

Keywords: metals; GLM; Qgcomp; BKMR; pulmonary function

1. Introduction

Metals are abundant in nature and can threaten human well-being through various
routes including drinking water, diet, air inhalation, and skin contact [1-3]. Awareness
regarding the negative effects of metals on human health has been increasing over time.
Metals can accumulate in the human tissues, organs such as kidneys, skeletal system,
nervous system, and cardiovascular system over long periods, contributing to damage
to the corresponding organs and systems [4,5]. Despite the legislation and regulations to
mitigate metal pollution and related human exposure, metals persist within the environ-
ment, creating difficulties in their eradication [5,6]. Consequently, environmental metal
pollutants remain significant ecological and health concerns worldwide, warranting further
studies [7].

Lung function is a crucial screening parameter for evaluating lung injury, as an im-
paired lung function is a prominent characteristic of lung disease, and its severity can be
assessed utilizing such parameters [8]. Additionally, lung function may be used as a diag-
nostic parameter for lung issues such as chronic obstructive pulmonary disease (COPD).
The mortality rate associated with chronic respiratory illnesses in the United States has
increased by approximately 30% from 1980 to 2014 [9]; hence, comprehending the under-
lying causes of early lung function decline is crucial for reducing lung disease-associated
morbidity and mortality [10].

Reportedly, arsenic and tungsten exposure in certain environments can contribute to
the development of chronic lung diseases [11]. Furthermore, although trace metals such as
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selenium and molybdenum are essential for the human body, excessive levels of these ele-
ments can result in lung diseases [12-14]. Previous studies have primarily investigated the
relationships between individual metal exposure and lung function; however, in real-world
scenarios, humans are often exposed to multiple metals simultaneously [15]. Moreover,
the interactions among these metals may amplify or diminish the toxicity or beneficial
effects of individual metals [16,17]. Contemporary studies investigating the correlation
between exposure to an individual metal and lung function possess certain limitations
and inadequacies. Moreover, studies on the effects of exposure to multiple metals on lung
function are limited, necessitating further investigations.

Compared with adults, the respiratory tracts of children are more complex, with
unique anatomical and physiological characteristics [18,19]. Reportedly, acute airway
obstruction is prevalent among infants and children [20]. Interstitial lung disease is widely
spread in children and adolescents, and pulmonary fibrosis in adults [21]. Additionally,
the anatomy, physiology, and immunity of the respiratory system evolve with increasing
age [22], whereas respiratory muscle strength decreases with age, which may contribute
to the inability of the body to remove harmful substances [23]. Respiratory structure
varies among the population at distinct stages and is divergent, resulting in varying
sensitivity to external factors. Present studies focus on the effect of single-metal exposure
on lung function in a population at a certain stage, and none have determined the effect of
metal exposure on lung function in populations at varying stages. Therefore, herein, we
examined the effects of mixed metal exposure on lung function in children and adolescents
(6-18 years), adults (19-59 years), and the elderly (>60 years) to analyze the effects of metal
exposure on lung function among these distinct stages of the population and prevent metal
exposure in a targeted manner.

Additionally, existing studies have predominantly investigated the association be-
tween individual metal exposure and lung function, with limited studies on the effects of
multi-metal exposure on respiratory function. To address this knowledge gap, we utilized
data from the National Health and Nutrition Examination Survey (NHANES) to evaluate
the relationship between multi-metal exposure and lung function using the generalized
linear model (GLM), elastic net (ENET) model, quantile g-computation (Qgcomp) model,
and Bayesian kernel machine regression (BKMR) model. The findings of this study may
propose research concepts regarding the consequences of multi-metal exposure on lung
function, along with strategies for its prevention and treatment.

2. Materials and Methods
2.1. Study Design and Participants

NHANES is a nationally representative cross-sectional survey conducted by the United
States Centers for Disease Control and Prevention to comprehensively assess the health
and nutritional status of the general population in the United States. Written informed
consent was obtained from all study participants before the survey. Details of the sampling
procedure, design, and associated data involved in this study are available on the NHANES
official website.

Herein, we used data obtained in 2007-2018, 2009-2010, and 2011-2012 (three cycles)
from the NHANES official website; a total of 30,442 respondents were surveyed from 2007
to 2012. Following the inclusion and exclusion criteria of similar studies to reduce the
selection bias [24,25], first, 5033 participants who did not perform laboratory tests were
excluded, followed by those who lacked lung function measurements or had missing
or unreliable values (n = 5362). Additionally, participants with incomplete laboratory
tests, including urinary metals and urinary As, were excluded from the remaining sample
(n = 14,264). An additional 1401 individuals who lacked basic covariate data, such as family
income and poverty ratio, race, education, marital status, body mass index (BMI), physical
activity, cigarette consumption, and alcohol consumption were excluded to ensure the
accuracy of the results. The selection process of participants is shown in Figure 1.
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Figure 1. Flowchart depicting the inclusion of subjects in our study, NHANES, USA, 2007-2012.

2.2. Measurement of Vital Capacity

Detailed information regarding vital capacity measurements can be found on the
NHANES official website [26]. Herein, mainly forced expiratory volume in one second
(FEV1), forced vital capacity (FVC), peak expiratory flow (PEF), forced expiratory flow
between 25% and 75% FVC (FEF25-75%), and baseline forced expiratory time (FET) were
analyzed.

2.3. Environmental Chemicals

The following metals were examined in this study: arsenic (As), arsenobetaine (AsB),
dimethylarsinic acid (DMA), barium (Ba), cadmium (Cd), cobalt (Co), cesium (Cs), molyb-
denum (Mo), lead (Pb), antimony (Sb), thallium (T1), tungsten (W), uranium (U), and
mercury (Hg). To address values below the detection limit, the NHANES laboratory proce-
dure was followed, that is, replacing low values with the detection limit divided by the
square root of two. Detailed analysis information and limit of detection (LOD) values
for each chemical are provided in the laboratory method documentation available on the
NHANES official website [27,28].

2.4. Covariates

Consistent with previous similar studies [25,29,30], demographic data collection
involved categorizing participants into specific age groups: children and adolescents
(6-18 years), adults (19-59 years), and the elderly (>60 years) [31]. Sex was recorded as
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male or female; race was categorized as non-Hispanic White, non-Hispanic Black, Mex-
ican American, other Hispanic, and other races; and family income and poverty ratio
(PIR) were categorized as <1.30, 1.30-3.50, and >3.50 [28]. Body measurements, including
BMI, were recorded by trained health technicians and further categorized into under-
weight (<18.5 kg/ m?), normal (18.5-24.9 kg/ m?), overweight (25-29.9 kg / m?), and obese
(>30.0kg/ m?). Serum cotinine levels reflect the markers of tobacco exposure in vivo [25].

2.5. Statistical Analyses

NHANES uses a multi-stage complex design, using WTSA2YR, which ensures that
the data are representative, and the data analyses follow the guidelines provided on the
NHANES official website. The weighted descriptive statistics were expressed as numbers
(N) and percentages (%), the continuous variables were expressed as weighted averages
and standard deviations, and the skewed variables were expressed as median and quartile
ranges. The t-test was used for the normal distribution data, the Mann-Whitney U test was
used for skewed distribution data, and the chi-square test was used for categorical data. To
elucidate the effects of urine dilution on the measurement results, the relationship between
metal exposure levels and lung function was analyzed using urinary creatinine-corrected
urinary metal concentration (ng/g) [32]. The Pearson correlation coefficient was utilized to
assess the correlation among the concentrations of urinary metals.

2.5.1. ENET Model and GLM

ENET is a regularization model based on Ridge regression and least absolute shrinkage
and selection operator regression [33,34]. When multiple highly correlated variables are
related to the outcome, two or more are selected by ENET, demonstrating a certain stability
for the selected variables [35]. Owing to the presence of covariance among the metals,
herein, we utilized the ENET model to screen for elements in the highly correlated metals
in association with the dependent variable, namely, lung function, and calculated the
corresponding beta coefficients (3) to quantify the relationship between urinary metal
concentrations and lung function. Furthermore, the selected confounding covariates were
included in the ENET regression model as unpunished variables, where the further away
the value was from 0, the stronger the relationship between the metal element and lung
function.

A GLM was utilized to assess the effect of both single- and multi-metal exposure on
lung function. The coefficient “b” was utilized to quantify the effect magnitude. Herein, the
following two models were developed: Model 1, a rough model, and Model 2, which was
adjusted for various factors including age, gender, race, education level, PIR, BMI, physical
activity, and serum cotinine levels. Additionally, both models were adjusted for urinary
creatinine. If the regression p-value of the metal as a continuous variable was <0.05, the
difference was considered statistically significant.

2.5.2. Qgcomp Model

Considering the easy concurrent exposure of various heavy metals to people, different
metals may be highly correlated. The recently developed Qgcomp model was used to
estimate the overall associations between the metal mixtures and lung function. This
novel statistical strategy presents the advantages of the simplicity of weighted quantile
sum regression (WQS) model reasoning and the adaptability of g calculation, and it can
evaluate the cumulative effects of multiple chemicals in different directions [36]. However,
a limitation of WQS regression is that it assumes all associations are in the same direction.
In contrast to WQS, Qgcomp does not require the association among all heavy metals and
lung function levels in the same direction [37]. When exposure effects are nonlinear and
nonadditive, the WQS model yields biased estimates of the quadratic exposure effects,
whereas Qgcomp yields unbiased estimates of the exposure effects and associated variances.
Therefore, Qgcomp can provide a more realistic estimate of the effect of the mixture as a
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whole and more precise estimates. The Qgcomp regression model was adjusted for age,
gender, race, education level, PIR, BMI, physical activity, and serum cotinine levels.

2.5.3. BKMR Model

The BKMR model was used to further explore the dose-response relationship between
urinary metals and lung function, along with the interactions among urinary metals. BKRMR
is widely used in epidemiological studies involving mixed environmental exposures [38].
The BKMR model utilizes the Bayesian method. The Markov chain Monte Carlo (MCMC)
algorithm screens the variables and constructs the Gaussian kernel function, which flexibly
simulates the complex relationship between the response variable and multiple predictors
and visualizes the potential interactions among these predictors [39]. The core formula of
the BKMR model is as follows:

Yi =h(Zi, ..., Zim) +xiB + &

where Y; represents health outcomes (categorical or continuous variables), Z is the exposure
variable, h(...) denotes the constructed exposure-response function, x; and (3 represent
the adjusted covariates and their corresponding coefficients, and ¢; is the residual term.
For BKMR sampling, 5000 iterations were performed using the MCMC algorithm. Firstly,
posterior inclusion probabilities (PIPs) of each metal under different lung function indica-
tors were calculated using the BKMR model to determine the importance between metals
and lung function indicators, with a lower value (close to 0) indicating a lower importance.
Secondly, the overall correlation analysis between metal and lung function indicators was
performed using the mixed exposure effect diagram. Thirdly, an influence diagram of
single-metal exposure on lung function was illustrated to determine the correlation be-
tween single-metal exposure and lung function indexes by fixing other metals at the 25th,
50th, or 75th percentile and examining the link between individual metals and lung func-
tion indicator levels. Fourthly, when all other metals were fixed at the 50th percentile, the
BKMR model was used to generate a univariate exposure-response curve to elucidate the
potential non-linear relationship among the metals and lung function indicators. Finally,
bivariate exposure-response curves of metal and lung function indicators were plotted
using the BKMR model to explore the potential interactions among metals. The adjusted
covariates in BKMR were the same as those in the multiple linear regression analysis.

The results of the regression analysis were expressed as coefficients and their cor-
responding 95% confidence intervals (CIs). The statistical significance level was set at
0.05 (two—tailed). All statistical analyses were conducted using R 4.2.1 (R Development
Core Team, University of Auckland, New Zealand). BKMR and Qgcomp models were
implemented with the R packages “bkmr” (version 0.2.2) and “qgcomp” (version 2.8.6),
respectively.

3. Results
3.1. Population Characteristics

In total, 4382 participants who completed the examination were included. The general
characteristics of all participants are listed in Table 1. Among all participants, there were
marginally fewer males than females (49.1% vs. 50.9%). Furthermore, the serum cotinine
level of the children and adolescents group was considerably lower than that of the adult
and the elderly group. With the increase in age, the first and second baseline time and
FET decreased. Similarly, we found statistical differences in terms of gender, race, the
poverty income ratio, BMI, physical activity, and serum cotinine level. Further information
is mentioned in Table 1.
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Table 1. Demographic characteristics of the study population, NHANES 2007-2012 (1 = 4382).

. . Children and Adolescents Adults Elderl

All Participants (6-18) (19-59) (>60) y
Gender n (%)
Male 2217 (49.1) 245 (48.5) 1454 (49.9) 518 (45.9)
Female 2165 (50.9) 235 (51.5) 1431 (50.1) 499 (54.1)
Race n (%)
Mexican American 750 (8.4) 132 (14.0) 497 (9.0) 121 (3.6)
Other Hispanic 461 (5.5) 47 (4.8) 311 (6.1) 103 (3.1)
Non-Hispanic White 1888 (68.9) 164 (61.4) 1225 (66.9) 499 (80.3)
Non-Hispanic Black 909 (10.7) 110 (14.0) 566 (10.9) 233 (8.4)
Other race—including multi-racial 374 (6.5) 27 (5.8) 286 (7.1) 61 (4.6)
Family income poverty
ratio n (%)
<13 1382 (20.3) 187 (26.8) 919 (20.8) 276 (15.8)
1.3-35 1652 (35.9) 182 (36.6) 1048 (34.7) 422 (40.2)
>3.5 1348 (43.8) 111 (36.6) 918 (44.5) 319 (44.0)
Recreational activities n (%)
Yes 2397 (61.0) 406 (88.1) 1567 (61.2) 424 (48.6)
No 1985 (39.0) 74 (11.9) 1318 (38.8) 593 (51.4)
Body mass index (BMI) n (%)
<185 kg/m? 137 (2.6) 74 (15.9) 55 (1.7) 8 (0.6)
18.5 < 25 kg/m? 1373 (33.0) 256 (57.6) 896 (33.1) 221 (22.7)
25 < 30 kg/m? 1411 (32.7) 84 (14.8) 939 (33.1) 388 (38.5)
>30 kg/m? 1461 (31.7) 66 (11.7) 995 (32.1) 400 (38.2)
Pulmonary function Mean (SD)
FEV1 (mL) 8.29 (0.27) 8.26 (0.22) 8.34 (0.25) 8.09 (0.29)
FVC (mL) 8.05 (0.30) 8.11 (0.23) 8.11 (0.26) 7.77 (0.31)
FEF25-75% (mL/s) 8.98 (0.29) 8.90 (0.22) 9.03 (0.26) 8.81 (0.33)
PEF (mL/s) 7.93 (0.52) 8.19 (0.32) 8.03 (0.43) 7.41 (0.58)
FET (s) 2.30 (0.37) 1.92 (0.39) 2.29 (0.33) 2.50 (0.35)
NHANES cycles n (%)
2007-2008 1446 (32.9) 206 (47.9) 885 (31.7) 355 (31.5)
2009-2010 1751 (35.6) 274 (52.1) 1104 (34.3) 373 (34.2)
2011-2012 1185 (31.5) 0(0.0) 896 (34.0) 289 (34.3)

As shown in Table 2, the detection rates of urinary As and its metabolites (total As
and DMA) and urinary metal metabolites (Ba, Ca, Co, Ce, Mo, Pb, T1, W, U, and Hg) were
higher than 80%. Furthermore, only AsB (57.89%) and Sb (70.63%) had detection rates of
less than 80%. Following grouping according to age, the metals and their metabolites in the
adult and elderly groups were identical to those in the total study population. However,
the detection rate of Sb in the children and adolescents group was similarly higher than
80% (Tables S1-S3).

Table 2. Urinary metal distribution in the study population, NHANES 20072012 (n = 4382). Adjusting
for In-transformed urinary creatinine.
Percentiles
Metal Metabolites Detection Rate N (%) Mean LOD
P5 P25 P50 P75 P95
Urinary total arsenic 4326 (98.72) 16.90 0.26 2.38 4.28 6.97 14.84 53.30
Urinary arsenobetaine 2537 (57.89) 8.72 1.19 0.16 0.48 1.49 5.49 35.87
Urinary dimethylarsonic acid 3577 (81.63) 4.95 191 1.40 2.34 3.51 5.73 12.39
Urinary barium 4361 (99.52) 2.29 0.06 0.36 0.85 1.49 2.62 6.14
Urinary cadmium 4020 (91.74) 0.30 0.04 0.05 0.11 0.19 0.36 0.86
Urinary cobalt 4358 (99.45) 0.48 0.02 0.14 0.23 0.34 0.51 1.13

Urinary cesium 4382 (100.0) 4.96 0.09 1.98 3.14 4.27 5.98 9.90
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Percentiles
Metal Metabolites Detection Rate N (%) Mean LOD

P5 P25 P50 P75 P95
Urinary molybdenum 4380 (99.95) 50.04 0.08 14.94 27.75 40.56 60.42 114.25
Urinary lead 4242 (96.81) 0.59 0.03 0.15 0.28 0.43 0.68 1.45
Urinary antimony 3095 (70.63) 0.08 0.02 0.02 0.04 0.06 0.08 0.19
Urinary thallium 4356 (99.41) 0.18 0.02 0.07 0.11 0.15 0.21 0.37
Urinary tungsten 3846 (87.77) 0.12 0.02 0.02 0.05 0.08 0.14 0.37
Urinary uranium 3787 (86.42) 0.01 0.01 0.00 0.00 0.01 0.01 0.03
Urinary mercury 4382 (100.0) 0.69 0.13 0.10 0.21 0.43 0.82 2.12
Serum cotinine 4382 (100.0) 51.74 0.01 0.01 0.02 0.05 4.07 328.70

3.2. Urinary Metal Distribution, Correlation, and Selection

The Pearson correlation results showed a correlation among the metals of 4382 partici-
pants (p < 0.05). We found a strong correlation between Ce and Tl (r = 0.61), As and DMA
(r=0.75), and As and AsB (r = 0.85) (Figure 2).

9 g o
0 [} © T [e] |72} 2 Q2 — =3 (=]
< < 8mO0 00 =sSa vwiEFPFP DT \
~ 000
AsB 0.85 ‘ @ 0.8
DMA 0.75 0.53 @) o6
Ba 0.09 0.06 0.13 ‘
L 0.4
Cd 0.210.210.26 0.04.
Co 0.09 0.06 0.16 0.43 0.15 . L 0.2
Cs 0.29 0.25 0.37 0.27 0.31 0.33. o
Lo
Mo 0.11/0.01 0.21 0.14 0.01 0.26 0.23.
Pb 0.21 0.150.26 0.27 0.42 0.23 0.35 0.12 ‘ [=0-2
Sb 0.08 0.08/0.15 0.19/0.14 0.18 0.14 0.13 0.25‘ 04
Tl 0.27 0.24 0.34 0.20 0.19 0.25 0.61 0.21 0.20 0.13 .
-0.6
Tu 0.030.010.10 0.15 0.06 0.19 0.07 0.38 0.10 0.25 0.04'
U 0.07 0.02 0.16 0.22 0.17 0.150.13 0.11 0.23 0.27 0.07 0.32 . —08

Hg 0.29/0.26 0.30 0.08 0.23 0.08 0.30 0.14 0.12 0.05 0.25 0.15 0.11. P
Figure 2. The correlations among the urinary concentrations in the 14 metals tested.Pearson correla-
tion was performed to determine the correlations among the urinary concentrations in the 14 metals.
The black numbers in the lower-left part indicate the correlation coefficients. The upper-right part
indicates the heat map of the correlation coefficients between chemical concentrations. The white
part represents no correlation (r = 0.00), blue represents a positive correlation, and red represents a
negative correlation. The darker the color, the greater the correlation coefficient.

Subsequently, we used an ENET model to identify elements in the metal mixtures
in the environment that play an important role in lung function (Figure 3). Furthermore,
the results showed that As and its metabolites, namely, Pb, Mo, Cd, U, Hg, and Cs, were
correlated with all lung functions (p < 0.05). Cd was significantly negatively correlated with
FEV1, FVC, FEF25-75%, and PEF and positively correlated with FET. Hg was significantly
positively correlated with all lung functions (p < 0.05). Based on the results of ENET, we
selected urinary metals and their metabolites associated with each of the five lung function
indices and added them into a subsequent mixed exposure model to determine possible
correlations with lung functions.
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Figure 3. Estimated coefficients of the association between metals and pulmonary function by
elastic net regression models. The dotted line represents 0, and each circle represents each metal
substance. The farther the circle is from the dotted line, the greater the correlation between metal
and lung function.The model was adjusted for gender, race/ethnicity, BMI, family income poverty
ratio, physical activity, and serum cotinine levels. The correlation between a metal and lung function
becomes stronger as the point deviates from 0. (A) FEV1, (B) FVC, (C) FEF25-75%, (D) FET, and
(E) PEE.

3.3. Association between Metal Exposure and Lung Functions

The outcomes of the generalized linear model on the correlation between metals and
the outcomes of lung functions are shown in Table S4. Altogether, the model adjusted
for all covariates showed that Pb and Cd were negatively correlated with lung functions,
whereas Ba was positively correlated with lung functions, regardless of age (p < 0.05). In
the children and adolescent group, Pb was negatively correlated with the rest of the lung
function indicators except for FET. In the adult group, Cd was positively correlated with
FET and negatively correlated with the other indicators. However, in the older age group,
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Cd showed a negative correlation with lung function except for FET, whereas Ba showed a
positive correlation (p < 0.05). The uncorrected model is shown in Table S5.

Qgcomp regression analysis was performed to determine the correlation between
mixed metal exposure and the lung function indicators. Furthermore, the results of this
model are consistent with our earlier findings (Figures 4 and S1). In the group of children
and adolescents, the Qgcomp results showed a potential negative correlation between the
concentration of mixed heavy metal exposures and the lung function indices, namely, FEV1,
FVC, FET, PEF, and FEF25-75% (p < 0.05). In the adult group, all lung function indices
except FET showed a negative correlation (p < 0.05) with mixed heavy metal concentrations,
and the same results were observed in the elderly group.
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Figure 4. The correlation between the Qgcomp index and pulmonary function. The model was
adjusted for gender, race/ethnicity, BMI, family income poverty ratio, physical activity, and serum
cotinine levels. Figure (A-C) show the children and adolescents group; figure (D-F) show the adult
group; and figure (G-I) show the elderly group.
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For the FEV1 index, Cd and DMA showed a stable negative correlation in the three age
groups. The greatest weight was given to Pb in the children and adolescents group, with a
decrease of 0.45 units in FEV1 for a one-unit increase in Pb. Cd is the most crucial heavy
metal in the adult and older age groups, with a decrease of 0.53 and 0.32 units of FEV1 for
a one—unit increase in Cd, respectively. On the other hand, Ba showed a stable positive
correlation in all age groups (p < 0.05). Among the metals negatively correlated with FVC,
Pb (0.26), Cd (0.48), and Mo (0.44) exhibited the highest weights. Furthermore, FEF25-75%
was negatively correlated with heavy metals, which was the same as that for FEV1. In the
case of FET, Cs was positively correlated, regardless of age. Ba showed a stable positive
correlation with PET in all age groups. As showed a stable negative correlation with PET.

3.4. Association among Urinary Metals and Lung Functions Using the BMKR Model

The BKMR model was used to determine the association between metal mixtures and
lung functions. Initially, the results of the mixed exposure effect plot showed a significant
negative correlation between the lung function indices FEV1 and FVC when adolescent
children and elderly people were exposed to metal mixtures relative to the adult group.
Additionally, we found that metal mixture exposure was positively correlated with FET
regardless of the age group (p < 0.05), indicating that baseline FET is associated with the
amount of metal exposure (Figures 5 and 52). We found that for young children and adults,
the older age group was more sensitive to metal exposure. Furthermore, all five lung
function indices significantly decreased after metal mixture exposure.

FEV1 FvC FEF25-75 %

~0.2 0o - o
-2
-0.3
-4
0.5 0.6 0.7 0.3 0.4 05 0.6 0.7 0.3 04 05 0.6 0.7
Metal Metal Metal
E F
2
v
1
0 o
PO | ! . * e 4 4 O ) e o 0 ¢ 4
. (f & . =1 ? e
-2 L] .
-2
-4 -3
0.5 0.6 0.7 0.3 0.4 0.5 0.6 0.7 0.3 0.4 0.5 0.6 0.7
Metal Metal Metal
H I
0.00 e 0.0 o
. .
. )
-0.02 . .
. . . .
! 5 0.1 &
. -0.04 . .
. ) .
* -0.06 o -0.2 ¥
. i .
. ® .
-0.08
0.5 0.6 0.7 0.3 0.4 0.5 0.6 0.7 03 04 0.5 0.6 0.7
Metal Metal Metal

Figure 5. Association between metal mixtures and lung functions, as estimated by the BKMR model.
The overall effect of metal and lung function (95%CI). Figure (A-C) show the children and adolescents
group; figure (D-F) show the adult group; and figure (G-I) show the elderly group. The model
adjusted urinary creatinine, gender, race, family income poverty ratio, BMI, serum cotinine, and
physical activity.
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We further investigated the interactions among these metals. Fixing the remaining
metals at the median level, we determined the exposure-response relationship between a
particular metal and different lung functions by fixing another metal at the 25th, 50th, and
75th percentiles, respectively. The effects of individual metal variables on lung functions
were determined by univariate exposure-response function curves and effect plots of single—
metal exposure on lung functions, and the relative importance of each metal variable was
reflected by PIP (Figures 6 and S3). Some differences in the three subgroups were observed.
Notably, Pb (PIP = 0.948), U (PIP = 0.102), and Ba (PIP = 0.106) were the key metals causing
changes in the lung functions of the children and adolescent groups. Furthermore, Pb (PIP
=1.000), Cd (PIP = 0.864), and Hg (PIP = 0.110) were the key metals causing changes in the
lung functions of the adult group. Lastly, Pb (PIP = 1.000) and Cd (PIP = 1.000) were the key
metals causing changes in the lung functions of the older group. When other metals were
fixed at the 25th, 50th, and 75th percentiles, Ba had a negative effect on the lung functions
of the children and adolescents group and Ca had a negative effect on the lung function
of the elderly group. However, in the adult group, no metal played a predominant role
in lung functions, indicating that the metals interacted with each other. Furthermore, as
shown in Figures 5 and 6, we found that Pb, As, and DMA played an important role in
affecting lung functions because they were stable in different age groups for individual and
mixed exposures (p < 0.05) (Figures 51-53).
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Figure 6. Association among metal mixtures and lung functions, as estimated by the BKMR model.
The univariate exposure-response function was determined by BKMR between each metal and lung
function while the concentrations of other metals were fixed at median percentile values. Figure (A-C)
show the children and adolescents group; figure (D-F) show the adult group; and figure (G-I) show
the elderly group. The model adjusted urinary creatinine, gender, race, family income poverty ratio,
BMI, serum cotinine levels, and physical activity.

Lastly, all the metals were at their 50th percentile, and the interactions between the
metals were analyzed by the bivariate exposure-response function of the BKMR model.
The slopes of the bivariate metal response functions for one metal metabolite were sim-
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ilar at different quartiles for the other metal metabolite, which suggested no interaction.
The results suggest that certain interactions are present among the metals at any stage
(Figures 54-57).

4. Discussion

Due to the potential adverse health effects associated with exposure to environmentally
hazardous metals, countries consider it a major public health concern that demands imme-
diate attention. The inhalation of metal-containing pollutants by humans can contribute to
acute chemical pneumonia, pulmonary edema, or acute trachea and bronchitis [40]. There-
fore, the relationship between metal exposure and lung function has garnered increasing
global attention. In this study, four statistical methods were used to assess the relationship
between exposure to mixed metals at different life stages and five lung function indicators.
Altogether, we found that, in comparison with children, adolescents, and the elderly, adults
exposed to metal mixtures have more metals affecting lung functions. Furthermore, Pb
plays an important role in the effects of metal exposure on lung function across all ages.

Because metals are usually interrelated in the environment, they can exhibit mu-
tual promotion or inhibition, suggesting synergistic or antagonistic effects on human
health [41-43]. In this study, several models were used to determine the effects of mixed
metal exposure on lung functions. Different models have distinct advantages and disad-
vantages, making the results more compatible and accurate. The GLM model can reveal
comparatively direct and easily explainable results [44,45]. Qgcomp can determine the
weight of each component in mixed exposure, whereas BKMR can determine the risk of
the entire mixture and the nonlinear relationship and interaction among the constituent
mixtures [46—48].

As is a ubiquitous metalloid [49]. Even though As is not more toxic than the other
metals listed in the Toxic Substances and Disease Registry list, it ranks higher than lead,
mercury, and cadmium based on its exposure frequency, toxicity, and human exposure
potential [50]. As is known to cause lung cancer. As exposure plays an important role
in diseases such as pulmonary fibrosis, lung injury, and lung inflammation. As exposure
activates inflammatory markers [51]. In humans, As exposure is associated with increased
levels of matrix metalloproteinase-9, a biomarker of lung inflammation [52]. In the present
study, we found correlations between arsenic and its metabolite (DMA) and indicators
of FEF25-75%, FET, and PEF in the different age groups of the participants. Notably, As
is one of the few metals metabolized by the human body [53]. As compounds ingested
by humans and rodents are detoxified and excreted after methylation, resulting in the
presence of DMA [49,54,55], which is a product of arsenic methylation. DMA is larger
and more persistent than As in the body. Therefore, DMA may be more sensitive to As
exposure in vivo than total arsenic levels, and an increase in total As levels in the human
body indicates recent excessive exposure to As [56].

We found that both Ba and Pb notably affected the children and adolescents group
when exposed to metal mixtures. Pb is generally inhaled through the respiratory tract,
but children are more exposed to Pb through oral chewing of Pb—containing items com-
pared with individuals in other age groups [57,58]. A cross-sectional study indicated that
urinary Pb is negatively correlated with FVC in children aged 6-17 who participated in
NHANES [57]. The results of a small cohort study of 107 primary school children in
Mongolia revealed that airborne Pb exposure is associated with reduced PEF [59]. Al-
though there is a paucity of in vivo experiments on the effects of Pb on lung function, we
found that both Pb and the cortisol damaged by Pb can independently improve the pro-
inflammatory immune environment or oxidative state affecting the programming of lung
development [58,60]. Even though there are few biological studies on Ba, epidemiological
investigations suggest that Ba contributes to decreased lung functions [61]. Furthermore,
Ba titanate nanoparticles can induce cytotoxicity in human lung cancer cells via oxidative
stress [62].
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In vivo experiments [63] have shown that chronic exposure to Cd in mice can con-
tribute to COPD, and a decrease in characteristic lung functions can be observed. We found
that Cd and Pb in metal mixtures were associated with all five lung function measurements
in the adult group. Cd is a pulmonary toxin that causes respiratory diseases [64]. A previ-
ous study showed that the Cd-metalloproteome may contain 18.4% of the complete human
proteome [65]. Furthermore, another study showed that Cd-metalloprotein is associated
with lung adenocarcinoma [66]. The correlation between Cd levels in male blood and
lung functions was confirmed by epidemiological and in vivo, respectively [67,68]. Cd can
cause an anti-apoptotic survival response via many signaling pathways, contributing to
cell death [69], repair and survival, or malignant transformation. Cd exposure can cause
interstitial pulmonary fibrosis or emphysema, which is associated with the synthesis of
connective tissue proteins [70]. Although Pb is associated with lung function in adults,
it is more significant in children and adolescents who are more susceptible and more
prone to environmental pollutants due to their growth and developmental characteristics,
behavioral patterns, and lower awareness of the risks [71].

Cd, Pb, and Ba emerge as significant components affecting lung functions in response
to metal mixtures, particularly in older age groups compared with children and adult
groups. In contrast to other populations, Cs sensitivity is more pronounced in older age
groups. Although Cs and lung-related studies are limited, some research has linked soil
137Cs to pediatric obstructive and restrictive lung function impairment [72]. The results
of the present study are consistent with those of previous studies, which showed that
children and older adults are more sensitive to metal exposure than adults. However, it
is noteworthy that the metal species associated with lung functions were much higher in
adults than in children and older adults for mixed metal exposures. Metals are fixed in
the environment, but environmental metal distribution can be changed by anthropogenic
activities, making adults, especially those in industrial occupations, more prone to metal
exposure compared with children and the elderly. The interrelation among metals in the
environment suggests potential synergistic or antagonistic effects on human health [41-43],
posing greater health risks in mixed exposures. Children and the elderly benefit from
protective policies against toxic substances, whereas less attention is paid to normal adults,
making them the group with the highest exposure risk to toxic metal species [73].

Our study presents several advantages. Firstly, in contrast to previous investigations
that focused solely on the correlation between individual metal exposure and lung function,
we used multiple models to determine the relationship between metal exposure and lung
function across different segments of the U.S. population. This approach aimed to improve
the understanding of the effect of metals, whether in isolation or combination, on lung
functions, as well as the specific role played by each metal in mixed exposure. Secondly,
we used data from the U.S. Health and Nutrition Survey, providing a substantial and
representative sample size. Thirdly, our study determined the effects of metal exposure on
lung function within distinct stages of a unified sample, highlighting innovative approaches.
However, our study has some limitations that should be addressed. Firstly, the cross—
sectional design of the included data makes it difficult to establish a causal relationship
between urinary metal levels and lung functions. Secondly, due to ethical issues, we
were unable to obtain baseline metal levels in the population for comparison. Thirdly, the
calculation of values below the LOD by dividing the square root of LOD by 2 may introduce
bias [74]. Additionally, there is inevitably selection bias in the participant selection process,
potentially affecting the results. Lastly, although our study involved many covariates, we
did not conduct an in-depth exploration of other covariates. It is important to conduct an
in—depth study of other covariates in possible follow-up studies to provide further insights
for related research.

5. Conclusions

In this study, diverse statistical models were used to investigate the effects of metal
exposure on lung functions across different age groups. The findings suggest that in
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children and adolescents, the primary contributors to the effects of metal mixture exposure
on lung function were Pb and Ba. Conversely, for adults and the elderly, Cd played a
major role. Additionally, the metabolites of As also influenced lung functions. Although
children and the elderly exhibited the highest sensitivity to metals, adults had greater
overall exposure. It is crucial to acknowledge the health damage resulting from metal
exposure in adults, which also warrants attention.

Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390 /metabo14030139/s1, Figure S1: The correlation between
the Qgcomp index and pulmonary function. The model was adjusted for gender, race/ethnicity,
BMI, family income poverty ratio, physical activity, and serum cotinine levels. Figure (A,B) show
the children and adolescents group; figure (C,D) show the adult group; and figure (E,F) show the
elderly group; Figure S2: Association between metal mixtures and lung functions, as estimated by
the BKMR model. The overall effect of metal and lung function (95%CI). Figure (A,B) show the
children and adolescents group; figure (C,D) show the adult group; and figure (E,F) show the elderly
group. The model adjusted urinary creatinine, gender, race, family income poverty ratio, BMI, serum
cotinine, and physical activity; Figure S3: Association among metal mixtures and lung functions,
as estimated by the BKMR model. The univariate exposure-response function was determined by
BKMR between each metal and lung function while the concentrations of other metals were fixed at
median percentile values; Figure (A,B) show the children and adolescents group; figure (C,D) show
the adult group; and figure (E,F) show the elderly group. The model adjusted urinary creatinine,
gender, race, family income poverty ratio, BMI, serum cotinine levels, and physical activity; Figure S4:
Association between metal mixtures and lung function estimated by the BKMR model. The figure
describe the estimated difference in lung function from 25th to 75th percentiles for each metal when
the other metal is fixed at 25th percentile (red line), 50th percentile (green line), or 75th percentile (blue
line). This point represents the estimated value, and the horizontal line represents the 95% confidence
interval (CI). The model adjusted urinary creatinine, gender, race, PIR, BMI, serum cotinine and
physical activity. Figure (A-E) show the children and adolescents group; figure (F-J) show the adult
group; and figure (K-O) show the elderly group; Figure S5: Association between metal mixtures
and lung function in children and adolescents group estimated by the BKMR model. The figure are
bivariate exposure response functions of metal and lung function. When one metal is fixed at different
(25, 55, 75) percentiles, while the other metal is fixed at the 50th percentile, the average difference
between the other metal and the lung function as a bivariate exposure response function. The model
adjusted urinary creatinine, gender, race, PIR, BMI, serum cotinine and physical activity; Figure Sé:
Association between metal mixtures and lung function in adults group estimated by the BKMR model.
The figure are bivariate exposure response functions of metal and lung function. When one metal
is fixed at different (25, 55, 75) percentiles, while the other metal is fixed at the 50th percentile, the
average difference between the other metal and the lung function as a bivariate exposure response
function. The model adjusted urinary creatinine, gender, race, PIR, BMI, serum cotinine and physical
activity. Figure S7: Association between metal mixtures and lung function in elderly peoples group
estimated by the BKMR model. The figure are bivariate exposure response functions of metal and
lung function. When one metal is fixed at different (25, 55, 75) percentiles, while the other metal is
fixed at the 50th percentile, the average difference between the other metal and the lung function as a
bivariate exposure response function. The model adjusted urinary creatinine, gender, race, PIR, BMI,
serum cotinine and physical activity. Table S1: Urinary Metal Distribution in Children and Adoles-
cents of the study population, NHANES 2007-2012 (n = 4382); Table S2: Urinary Metal Distribution in
Adults of the study population, NHANES 2007-2012 (n = 4382); Table S3: Urinary Metal Distribution
in the elderly of the study population, NHANES 2007-2012 (n = 4382); Table S4: Relationship between
metal and lung function of the study population, NHANES 2007-2012 (n = 4382); Notes: FEV1, forced
expiratory volume in 1s; FVC, forced vital capacity; FEF25-75%, forced expiratory fow between
25 and 75% of FVC; PEF, peak expiratory fow rate. FET, forced expiratory time. Adjusted for age,
sex, race/ethnicity, education level, marital status, ratio of family income to poverty, BMI, physical
activity level, alcohol status and smoking status. @ P < 0.05; Table S5: Relationship between metal
and lung function of the study population, NHANES 2007-2012 (n = 4382); Notes: FEV1, forced
expiratory volume in 1s; FVC, forced vital capacity; FEF25-75%, forced expiratory fow between 25
and 75% of FVC; PEF, peak expiratory fow rate. 2 P < 0.05.
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