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Abstract

Exposure assessment traditionally relies on biomarkers that measure chemical concentrations in
individual biological media (/.e., blood, urine, etc.). However, chemicals distribute unevenly
among different biological media; thus, each medium provides incomplete information about body
burden. We propose that machine learning and statistical approaches can create integrated
exposure estimates from multiple biomarker matrices that better represent the overall body burden,
which we term multi-media biomarkers (MMBs). We measured lead (Pb) in blood, urine, hair and
nails from 251 Italian adolescents aged 11-14 years from the Public Health Impact of Metals
Exposure (PHIME) cohort. We derived aggregated MMBs from the four biomarkers and then
tested their association with Wechsler Intelligence Scale for Children (WISC) 1Q scores. We used
three approaches to derive the Pb MMB: one supervised learning technique, weighted quantile
sum regression (WQS), and two unsupervised learning techniques, independent component
analysis (ICA) and non-negative matrix factorization (NMF). Overall, the Pb MMB derived using
WQS was most consistently associated with 1Q scores and was the only method to be statistically
significant for Verbal 1Q, Performance 1Q and Total 1Q. A one standard deviation increase in the
WQS MMB was associated with lower Verbal 1Q (8[95% CI] = -2.2 points [-3.7, —0.6]),
Performance 1Q (=1.9 points [-3.5, —0.4]) and Total 1Q (-2.1 points [-3.8, —0.5]). Blood Pb was
negatively associated with only Verbal 1Q, with a one standard deviation increase in blood Pb
being associated with a —1.7 point (95% CI: [-3.3, —0.1]) decrease in Verbal 1Q. Increases of one
standard deviation in the ICA MMB were associated with lower Verbal 1Q (-1.7 points [-3.3,
-0.1]) and lower Total 1Q (=1.7 points [-3.3, —0.1]). Similarly, an increase of one standard
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deviation in the NMF MMB was associated with lower Verbal 1Q (-1.8 points [-3.4, —-0.2]) and
lower Total 1Q (1.8 points [-3.4, —0.2]). Weights highlighting the contributions of each medium
to the MMB revealed that blood Pb was the largest contributor to most MMBS, although the
weights varied from more than 80% for the ICA and NMF MMBs to between 30% and 54% for
the WQS-derived MMBSs. Our results suggest that MMBs better reflect the total body burden of a
chemical that may be acting on target organs than individual biomarkers. Estimating MMBs
improved our ability to estimate the full impact of Pb on 1Q. Compared with individual Pb
biomarkers, including blood, a Pb MMB derived using WQS was more strongly associated with
1Q scores. MMBs may increase statistical power when the choice of exposure medium is unclear
or when the sample size is small. Future work will need to validate these methods in other cohorts
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and for other chemicals.
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1. Introduction

Understanding the impact of environmental exposures, such as heavy metals, on human
health requires optimizing our estimates of exposure dose. In epidemiological studies,
exposure biomarkers, surrogate measures of internal dose, are the gold standard method to
estimate exposure. This is because the total body burden is unknown and exposure
biomarkers, unlike environmental concentrations of chemicals in air, water or soil, reflect
internalized levels of chemicals that are more likely to impact the target organ (Nordberg,
2010). However, exposure biomarkers are surrogate markers of total exposure from the
environment. The level of exposure estimated using one biomarker may not correspond to
the level estimated using another biomarker, as chemicals do not distribute evenly across the
body but rather distribute based on chemical properties (e.g., fat solubility and charge,
among others). Additionally, each exposure biomarker represents a particular body
compartment (e.g., bone, blood, soft tissue) and, therefore, cannot capture the full internal
dose of a given chemical. Thus, the use of a single exposure biomarker often fails to fully
capture the internal dose of the chemical across all compartments (Basu et al., 2014).
Misspecified levels of exposure in research studies lead to exposure imprecision and
potential exposure misclassification.

Exposure imprecision could bias effect estimates towards the null, thus reducing the power
to detect exposure-response relationships (Grandjean et al., 2003, 2004; Grandjean and
Herz, 2011; Zeger et al., 2000; Grandjean and Budtz-Jorgensen, 2010), or it could create a
false-positive result if the bias is directional. This would be the case if a chemical
accumulates in a particular tissue due to its chemical properties but has no biological effect.
For example, an inert fat-soluble chemical with a high volume of distribution may be
expected to be associated with obesity, especially if the dose is measured in fat. The overall
direction and magnitude of the bias depend on several factors, including the relationship
between the exposure and the outcome, the variances of the exposure and outcomes and the
correlation structure between the exposure, outcome and covariates (Zeger et al., 2000). Bias
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due to exposure measurement error has been highlighted as an under-appreciated and major
limitation of environmental health studies (Spiegelman, 2010).

A potential solution to reduce the imprecision from individual biomarkers is to combine
information from multiple exposure biomarkers, each representing different tissue
compartments. To this end, we propose the derivation of an integrated measure of exposure
across multiple media, which we call a multi-media biomarker (MMB). Prior studies using
this concept but a different terminology have used methods such as confirmatory factor
analysis (Budtz-Jorgensen et al., 2003; Grandjean and Budtz-Jorgensen, 2007) (CFA) and
structural equation models (Grandjean and Budtz-Jorgensen, 2007; Kim et al., 2014;
Heilmann et al., 2006) (SEMs). However, both methods are based upon strong assumptions
about the distributions of the variables, which may not be true in practice, and proper model
specification, both of which are issues that can lead to bias (VanderWeele, 2012; Flora et al.,
2012a). Additionally, SEMs require a priori specification of causal relationships between
variables, relationships that may not be possible to validate in practice. Finally, to our
knowledge, the application of these methods has been limited to two chemicals, mercury and
polychlorinated biphenyls (PCBs) (Budtz-Jorgensen et al., 2003; Grandjean and Budtz-
Jorgensen, 2007; Kim et al., 2014; Heilmann et al., 2006), and predate recent advances in
statistical methods and machine learning that integrate information from multiple exposures,
such as methods designed to address chemical mixtures.

Statistical methods for mixtures were developed to determine the joint impact of multiple
chemicals, generally in a single medium, on a health outcome, but fundamentally address the
issue of combining sets of correlated predictors into a “vector,” “factor” or “index” that can
be used to analyze their joint impact. Thus, we propose that a natural extension is to use
these methods to evaluate the joint effect of a sing/e chemical across multiple media, /.¢., to
estimate the body burden of the exposure. Statistical mixture methods include the estimation
of the relative contributions of each predictor to the joint effect, which in the context of an
MMB can be used to identify major biomarker media contributors to the MMB effect (e.g.,
blood or urine). The large number of mixture techniques (Stafoggia et al., 2017) makes it
prohibitive to use all of them in this study. Instead, we focus on a few techniques to highlight
the utility of MMBs for exposure assessment.

In seeking to improve upon exposure assessment using biomarkers and to formalize the
concept of an MMB, we chose lead (Pb) as the paradigm chemical to derive an MMB. Pb is
a neurotoxic metal with no known safe level of exposure and has been extensively studied
(Ehman, 2018; Abadin et al., 2007). Higher Pb levels are consistently linked to declines in
cognitive function, such as 1Q scores in children (Abadin et al., 2007). Different media have
been used individually as biomarkers of Pb exposure (Sanders et al., 2009; in Measuring
Lead Exposur, 1993; Barbosa et al., 2005), but blood Pb is widely considered the ideal
biomarker of Pb (in Measuring Lead Exposur, 1993; Barbosa et al., 2005). Blood Pb has
been an effective biomarker in research studies yet comprises less than two percent of the
total body burden of Pb (Barry, 1975). The concentration of Pb in the blood may not fully
reflect total body burden because Pb follows a three-compartment kinetic model with the
largest fraction of the body burden being found in bone (Graziano, 1994; Lyngbye et al.,
1990). Bone Pb has been used as a biomarker of exposure in adults but not in children, due
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to differences in bone density and concerns about radiation exposure at young ages (Hu et
al., 1998; Nie et al., 2011). The measurement of Pb in urine reflects Pb that has diffused
through the plasma and has been excreted through the kidneys (Barbosa et al., 2005) and
represents both recent exposure and remobilized tissue Pb levels. Excretion through urine
increases during recent exposure (Sakai, 2000; Skerfving et al., 1988) and is the major
elimination pathway of Pb, making up between one half and two thirds of the total
elimination of Pb (Abadin et al., 2007; in Measuring Lead Exposur, 1993). Elimination
through keratinizing tissues via secretion, 7.e., nails and hair, is a minor elimination pathway,
constituting less than 10% of the total elimination (in Measuring Lead Exposur, 1993). Nails
and hair are considered to reflect longer-term exposure than urine and blood because both
nails and hair are isolated from other metabolic activities in the body for months after
secretion and grow relatively slowly (Takagi et al., 1988; Patra et al., 2006; LeBeau et al.,
2011; Yaemsiri et al., 2010). Since each biomarker provides information on a different
compartment and different biological processes, we hypothesize that combining information
from multiple biomarkers will result in an improved measure of the total body burden of Pb
and thus improved exposure characterization.

In this study, we derived MMBs for Pb using three mixture methods: non-negative matrix
factorization (NMF), independent component analysis (ICA) and WQS regression. We used
the exposure biomarkers blood, urine, hair and nails, collected as a part of the Public Health
Impact of Manganese Exposure (PHIME) cohort in Italy, to derive the MMBs.

2. Material and methods

2.1. Description of the study population

Subjects for this study are from the PHIME cohort, based in the Italian province of
Lombardy. 720 participants were recruited through the junior high schools in the public
school district. Participants were eligible for the study if they were born and raised within
the study area, were between 11 and 14 years of age and were from a family that had lived in
the study area for at least two generations. Adolescents were excluded from the study if they
had a neurodegenerative disease or a family history of neurodegenerative disease, were using
medications with known neuro-psychological side effects or had visual or motor deficits. A
detailed description of the recruitment process and study design has been previously
published (Lucchini et al., 2012a). Eligible adolescents and their parents receive a detailed
explanation of the study procedures prior to consenting to participate. The PHIME study
protocols were approved by the Institutional Review Boards (IRBs) of the Public Health
Agencies of Valcamonica and Brescia, the University of California, Santa Cruz and the
Icahn School of Medicine at Mount Sinai. Complete data for all biomarkers, outcomes and
covariates of interest were available from 251 adolescents and these comprise the final
sample used in this analysis.

2.2. Lead biomarker measurements

The collection of biological samples (blood, urine, hair and nails) from the PHIME
participants has been described previously (Lucas et al., 2015; Lucchini et al., 2012b).
Whole blood samples were collected using butterfly catheters into trace metal-free
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vacutainers. Spot urine samples were collected into sterile polyethylene containers. Hair
samples were collected using stainless steel scissors. Fingernail samples were collected with
stainless steel nail clippers. Pb concentrations in all media were measured using magnetic
sector inductively coupled plasma mass spectrometry (Thermo Element XR ICP-MS),
described elsewhere (Smith et al., 2007; Eastman et al., 2013). To assess the overlap
between the Pb biomarkers, we estimated the Spearman correlation, rg, among the Pb
biomarkers and show the results in Supplemental Fig. 1.

2.3. Covariate data

In order to obtain sociodemographic information, trained study staff administered
standardized questionnaires either at in-person visits or over the phone. Socioeconomic
status (SES), categorized as low, medium and high, was determined using an Italy-specific
methodology that incorporates information on both parental occupation and education
(Cesana et al., 1995).

2.4. Wechsler Intelligence Scale for Children

We used the Third Edition of the Wechsler Intelligence Scale for Children (WISC-I11),
which is normed for children aged 6-16 years. The WISC-III is composed of 10 subtests
that are grouped into two domains: verbal, which measures the participant’s language-based
skills, and performance, which measures the participant’s non-verbal, perceptual
organization. Verbal 1Q and Performance 1Q composite scores were created by combining
the five subtests in each domain. The subtests comprising the Verbal 1Q score are
Information, Similarities, Arithmetic, Vocabulary and Comprehension. The subtests
comprising the Performance 1Q score are Picture Completion, Coding, Picture Arrangement,
Block Design and Object Assembly. The Verbal and Performance 1Q scores are combined to
derive a measure of overall general intelligence, Total 1Q. The WISC was administered by
two trained neuro-psychologists. Age-adjusted WISC scores were used in analyses.

2.5. Statistical analyses

2.6. WQS

The statistical mixture methods used to estimate the MMBSs can be grouped into two broad
categories: supervised techniques, where information about the outcome of interest is used
in the estimation of the MMB; and unsupervised techniques, where information about the
outcome of interest is not used in the estimation of the MMB. In this work, we used the
supervised method WQS and the unsupervised methods ICA and NMF. In deriving an
MMB, each method generates a set of weights that estimate the relative contributions of
each original Pb biomarker to the MMB. Note that the contributions of each biomarker to
the MMBs derived using unsupervised methods will be the same for all outcomes, but the
contributions of each biomarker to the MMBSs derived using supervised methods may
change depending on the outcome.

The full details of WQS have been presented previously (Carrico et al., 2014). Briefly, WQS
is a supervised learning technique that empirically estimates weights, w, in order to
maximize the likelihood of the following regression equation
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where yis the outcome of interest; 5 is the intercept; B is the regression coefficient for the
weighted sum of the quantiled biomarker concentrations, gp; B is the number of biomarkers;
z=[2z, ..., Zc] is the set of covariates; and ¢ is the set of regression coefficients

corresponding to z The weights are constrained such that 0 < w, < 1 and ZbB =jwpml

(Carrico et al., 2014). For these analyses, we grouped the exposure data into quartiles.
Additionally, we used 1000 bootstrap datasets, where wj, was estimated as the average across
the bootstrap estimates. Since the exposure was Pb and the outcome was 1Q, we constrained
the directionality of the association of the WQS index to be non-positive. Sensitivity
analyses (not shown) were performed where the directionality of the constraint was reversed,
however, none of the models achieved statistical significance at a threshold of p< 0.05. Due
to our limited sample size, we did not separate the data into separate training and testing
datasets.

Since the weights are constrained such that 0 < w, < 1 and Zf: 1wy = 1, the weights can be

used to determine the relative contribution of each biomarker as a percentage to the MMB.

27. ICA

ICA is an unsupervised matrix factorization technique that seeks to decompose a set of
observations into a set of statistically independent factors. ICA contrasts with principal
component analysis (PCA) in that PCA determines linearly uncorrelated factors, whereas the
factors extracted using ICA are statistically independent. In practice, the factors generated
using ICA are often more useful than those generated using PCA (Hyvarinen and Oja, 2000;
Saidi et al., 2004). A fuller discussion of ICA can be found elsewhere (Hyvarinen and Oja,
2000; Adali et al., 2014). For a set of B Pb biomarkers from the mth subject, x%, € RE, the

noiseless ICA model (Adali et al., 2015) can be written as

Xn=8Sp,A, m=1, ... M, )

where sI, € R2 is the set of factors estimated using ICA; A is the mixing matrix; and M is

the total number of subjects. These factors are estimated such that they are statistically
independent of each other. Four factors were estimated for ICA. The ICA MMB is defined
as the first of these four factors. Sensitivity analyses (not shown) were performed assessing
the association between the other factors generated using ICA and the 1Q measures, and the
other factors were not found to be significantly associated with any of the outcomes.

The rows of A contain the loadings of each factor across the original biomarkers, /.e., the ith
row of A, a;, represents the loadings of the ith component for each biomarker. Therefore,
these loadings can be used to determine the relationship between the ICA MMB and each of
the original biomarkers. Since A is nearly an orthogonal matrix (Adali et al., 2015), we
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compute the relationship between the ICA MMB and the original biomarkers, as a

2,vB 2
percentage, as a;y~/ 3.5 = 1 (aip) -

The details of NMF have been presented elsewhere (Berry et al., 2007). Briefly, if we collect
all observations from the B Pb biomarkers from all M subjects into a single dataset,

X € RM > B NMF is an unsupervised technique that determines a pair of nonnegative factor
matrices W and H of lower matrix rank than X, such that

X~ WH. @)

These factor matrices are estimated such that they minimize IIX — WHIl 5 where IIll gis the
Frobenius norm. Two factors were estimated for NMF. We define the NMF MMB as the first
of these factors. Sensitivity analyses (not shown) were performed assessing the association
between the other factors generated using NMF and the 1Q measures and the other factor
was not found to be significantly associated with any of the outcomes.

Similar to the matrix A in ICA, the rows of H in NMF contain the loadings of each factor
across the original biomarkers, /e, the th row of H, h; represents the loadings of the th
component for each biomarker. Therefore, these loadings can be used to determine the
relationship between the NMF MMB and each of the original biomarkers. Each of the rows

of H, hy, is constrained such that h;, = ,lZf- 1(h,~b)2 = 1. Thus, we compute the relationship

between the NMF MMB and the original biomarkers, as a percentage, using the square of
the elements of h;.

2.9. Summarizing the weights across MMBs

Since each MMB may rank the importance of each biomarker differently, we need a method
to combine these importance measures across MMBs in order to determine an ordinal
ranking of the biomarkers that can be used to determine their overall importance. We
propose the use of the following metric to combine importance measures of the biomarkers

across MMBs. Let; = siljs be the tstatistic for the gth MMB that was statistically
J
significantly associated, at a threshold of p < 0.05, with an outcome of interest. The

proposed weighting of the Ath biomarker, wy, across significant MMBs is

gl wi
= Sk
X - 1]t

where wjy is the weight associated with biomarker Aand MMB . The proposed weighting
scheme weighs the biomarker across MMB based upon the magnitude of the association
between the MMB and the outcome as well as how well the model fits the data.

Wk O]
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2.10. Data screening and analysis

Prior to calculating the MMBs, the Pb biomarker data were first converted to z-scores.
Biomarker values more than three scaled median absolute deviations (MAD) were labeled as
outliers and not used in analyses. For the WQS MMB, the data were then put into quartiles
and the WQS MMB estimated. In order to test the effect of combining Pb biomarkers in an
uninformed way, we also derived an MMB consisting of the average of all the original
biomarkers, /.e., assuming equal weights for all biomarkers. Since the MMBs may not be in
z-scores after they are generated, each MMB was transformed into z-scores in order to
standardize the effect estimates across all biomarkers. Associations between MMBSs and 1Q
scores were measured using linear regressions, adjusting for sex and SES. Note that the
WISC 1Q scores are adjusted for age. These covariates were chosen based upon prior
research in the same cohort (Lucchini et al., 2012a; Butler et al., 2018; Bauer et al., 2017).
The generation of the ICA and NMF MMBs were performed using MATLAB R2017b; all
other analyses were performed using SAS 9.4.

3. Results

3.1. Descriptive statistics

The demographics of the subset of PHIME participants that had complete data on all
exposures, covariates and outcomes are presented in Table 1. The average age of the
participants was 12.3 years and approximately half of the participants (53.4%) were female.
These characteristics in the subset of subjects included in these analyses were similar to
those in the parent cohort. Metal concentrations in Pb biomarkers are summarized in Table
2. The rg among the Pb biomarkers are shown in Supplemental Fig. 1. Pb levels in blood
were moderately correlated with both urine Pb (0.3, £ < 0.001) and hair Pb (0.18, p< 0.001).
Pb concentrations in other biomarkers were not correlated.

3.2. Pb biomarkers and WISC-III

In covariate-adjusted models, none of the individual Pb biomarkers were associated with
Total 1Q scores at a p < 0.05 threshold for significance, though blood Pb is marginally
significant (p [95% Cl], p-value: 1.6 [-3.2, 0.0], 0.06). The ICA MMB, NMF MMB and
WQS MMB were all negatively associated with Total 1Q (Fig. 1). A one-standard-deviation
increase in the ICA MMB, NMF MMB and WQS MMB was associated with 1.7 [95% CI:
0.1, 3.3], 1.8 [95% CI: 0.2, 3.4] and 2.1 [95% CI: 0.5, 3.7] point decreases in Total 1Q,
respectively. Blood was the largest contributor to the MMBSs, with weights of 88.8%, 82.4%
and 42.5%, respectively, from ICA, NMF and WQS (Fig. 2). Urine was the second highest
contributor to the NMF MMB (15.7%), while nails were the second highest contributor to
the ICA (7.4%) and WQS (29.0%) MMBs. Note that both the ICA and NMF MMBs were
significantly associated with Total 1Q even though blood Pb on its own was not significantly
associated with Total 1Q and both ICA and NMF MMBs have the majority of their weight
from blood. Figures showing the associations of each of the biomarkers with each subscale
of the WISC-III are shown in the Supplemental Information Section (Supplemental Figs. 2—
9).
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In covariate-adjusted models, blood Pb, the ICA MMB, the NMF MMB and the WQS MMB
were significantly associated with Verbal 1Q (Fig. 3). A one-standard-deviation increase in
blood Pb, ICA MMB, NMF MMB and WQS MMB, respectively, was associated with
decreases of 1.7 [95% CI: 0.1, 3.3] points, 1.7 [95% ClI: 0.1, 3.3] points, 1.8 [95% CI: 0.2,
3.4] points and 2.2 [95% CI: 0.6, 3.8] points in Verbal 1Q. The top three contributors to the
WQS MMB for Verbal 1Q were blood (54.2%), hair (23.0%) and nails (18.8%); together
making up 96.0% of the total weight (Fig. 4).

Only the WQS MMB was associated with Performance 1Q in the WISC-1I1 (Fig. 5). A one-
standard-deviation increase in the WQS MMB was associated with a 1.9 [95% ClI: 0.4, 3.5]
point decrease in Performance 1Q. The top three contributors to the WQS MMB for
Performance 1Q were nails (35.5%), blood (30.7%) and hair (22.0%); together making up
88.2% of the total weight (Fig. 6). The MMB formed using an equal weighting from each
medium was not significantly associated with any WISC score.

Table 3 shows the combined weights representing the importance of each individual Pb
biomarker to the significant Pb MMBs. We find that blood has the greatest importance, with
65.2% of the weight. Nails (14.9%), hair (11.1%) and urine (8.8%) are comparatively less
informative biomarkers.

4. Discussion

In this study, we demonstrated the utility and value of combining exposure information from
multiple exposure biomarkers to derive a more integrated measure of exposure, a concept we
formalize as the MMB. We applied this concept to Pb exposure on cognitive outcomes
because Pb is a paradigm neurotoxicant and blood Pb is a well-established biomarker that is
typically used in isolation and not in combination with other Pb biomarkers. If our concept
were correct, we would expect MMBs to outperform blood Pb, which is our primary finding.
The MMB approach yielded associations for Pb exposure that no single biomarker could
replicate. Since MMBs combine information from multiple exposure biomarkers, they can
create a more comprehensive estimate of Pb body burden than individual Pb biomarkers,
including blood Pb. The weights estimated by each MMB method represent the relative
contribution of each biomarker to the MMB. Thus, they can be used to determine an ordinal
ranking of biomarkers based upon their ability to measure Pb exposure. Given the long
history of Pb research based on blood Pb, and that prior studies show that the other
biomarker matrices have not performed as well as blood Pb, we would expect blood Pb to
have the highest weights in our MMBSs, which we found to be the case. Our method allows
researchers to avoid choosing one biomarker over another and instead allows them to
integrate information from multiple biomarkers.

Overall, we found that higher Pb levels, estimated using blood and MMBs derived using
ICA, NMF and WQS, were associated with lower 1Q. While this adds to the considerable
body of literature highlighting the neurological impacts of Pb exposure (Lidsky and
Schneider, 2003; Flora et al., 2012b; Bellinger, 2008), our most important finding is that our
MMB outperformed blood Pb. Our results are similar to prior studies of blood Pb, many of
which had larger sample sizes than this study. For example, we found that the association
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between Pb levels across biomarkers was stronger with Verbal 1Q compared with
Performance 1Q. This is consistent with previous investigations that have used blood Pb and
measured cognitive function using the WISC-111 (Surkan et al., 2007; Kim et al., 2009;
Taylor et al., 2017; Wasserman et al., 1997). This was even true for the ICA and NMF MMB
that have the majority of their weight from blood. Associations estimated by WQS were the
strongest, suggesting that incorporating information about the outcome in the derivation of
an MMB may improve our ability to estimate effects. However, like all research studies,
these results should be replicated using an independent population.

The weights of the MMBs provide information about the utility of different media as
biomarkers for Pb in this cohort. We found that blood was the highest contributor to nearly
all MMBs. The amount of the contribution differed from more than 80% for the MMBs
derived using ICA and NMF to between 30% and 54% for the MMBs derived using WQS.
This aligns with the current understanding of Pb measurement that blood is more
informative about the body burden of Pb than nails, hair or urine (Abadin et al., 2007;
Barbosa et al., 2005; Bergdahl and Skerfving, 2008). We found that Pb levels measured in
nails, hair and urine were not individually associated with any of the three 1Q scores.
However, there are issues with whether blood Pb alone can accurately reflect body burden
that have been raised in the past, such as that blood reflects a small fraction of the total body
burden and blood is a reflection of both short term and long term exposure (Bergdahl and
Skerfving, 2008). MMBs may offer a solution to such concerns as all exposure biomarkers
reflect the true body burden of exposure that is being observed with error, thus combining
exposure information from multiple biomarkers will result in more accurate measures of the
total body burden of the exposure (Grandjean et al., 2004). By examining the weights of the
significant MMBs, we can determine an ordinal ranking of the individual Pb biomarkers.
Our results indicate that the media that best highlight the connection between Pb exposure
and poorer performance on the WISC-I11 are: blood, nails, hair and finally urine. This
ordinal ranking of the biomarkers by their ability to highlight the connection between Pb
exposure and cognitive function can inform future studies seeking to explore this
connection. However, the ranking that we found in this work does contrast with a previous
study that found that urine was more informative than either nails or hair (Wang et al.,
2009).

Our study has multiple strengths. Measuring the level of Pb in multiple media from the same
people at the same time, though not generally done in epidemiological research, enables the
direct comparison of the performance of different Pb biomarkers. This could be a
particularly useful means to compare different biomarkers of exposure for relatively new
chemicals for which established biomarkers do not exist and for which the choice of
biomarker matrix is subjective. As untargeted chemical assays are more commonly used,
many previously unidentified chemicals that impact human health will be identified (Uppal
et al., 2016; Xue et al., 2019). The ideal media in which to measure chemicals will likely
vary among compounds and MMBs may offer a framework for direct comparison of
different biomarkers, even allowing for and identifying situations in which more than one
biomarker is needed to estimate exposure appropriately. Our use of multiple methods, with
unique modeling assumptions, to generate MMBs allows us to probe the robustness of the
estimated MMBs. The consistency of our results provides us with increased confidence in
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our conclusions. The critical advantage of the proposed MMB concept is that a more
informative exposure assessment can be formed by combining exposure information from
multiple media. In this study, we only considered the biomarkers blood, hair, nails and urine,
but MMBs could be derived using any subset of these biomarkers or could include other
biomarkers including saliva Pb or metallothioneins. Metallothioneins are cysteine-rich
proteins that are induced by nutrient metals such as zinc and copper, but also bind toxic
metals such as Pb and cadmium. While we did not measure metallothionein levels in this
study, in future work, we will explore incorporating them to estimate the body’s response to
exposure.

Our study does have limitations. Our sample size was relatively small. However, our ability
to detect significant associations even with a modest sample size suggests that MMBs may
increase statistical power. For the WQS MMB, the data used to generate the MMB is the
same as the data that is used to validate the MMB; thus, we may have issues of overfitting
for this MMB. The population used in this study is comprised of adolescents between the
ages of 11 and 14; thus, our conclusions about the utility of different Pb biomarkers may not
be generalizable to other age groups, such as the elderly, infants and young children. We
believe that MMBs should be tested in younger age groups as well, given that Pb poisoning
is more common in young children and the use of individual biomarkers rather than MMBs
may not fully describe the true association due to incomplete exposure characterization.
Also, data on Pb exposure and 1Q during adolescence are uncommon; thus, we believe our
study makes an important contribution in this regard as well. The level of Pb in this
population is relatively low compared to other populations (da Rocha Silva et al., 2018; Huo
etal., 2007; Pelc et al., 2016); but is likely similar to adolescents in other developed
countries. Since the distribution of Pb in the body may differ depending on the levels of
environmental exposure, our conclusions on the optimal biomarkers to measure Pb exposure
may not generalize to populations with higher environmental exposure levels. The
performance of the different biomarkers is also dependent on the outcome; therefore, the
results may change depending on the use of different target organs, such as the kidney or
heart, for the health endpoints. Populations with significant liver or kidney disease may
particularly benefit from the MMB approach, as assumptions regarding the ideal biomarker
to use in the presence of a chronic disease may be unclear. MMBs may enable more
objective comparisons of different biomarkers. Finally, the methods considered in this study
made two linearity assumptions, which may not fully capture the relationships between Pb
biomarkers and 1Q scores or between Pb biomarkers. The first assumption is linearity in the
association between the exposure and the outcome. Though this assumption may be
reasonable in our study, since the effects of Pb exposure on IQ is linear for the small range
of Pb levels seen in this cohort (Canfield et al., 2003), it may not be reasonable for
chemicals that have known nonlinear exposure-response relationships. The second
assumption is that the methods used to construct the MMBs only allow them to be formed
from linear combinations of the exposure biomarkers. The second assumption may not
adequately capture the full toxicokinetics of Pb; however, these linear combinations are a
first-order approximation of a more complicated nonlinear model of the relationships
amongst the biomarkers. It should also be noted that because the level of exposure is
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relatively low in this population, higher-order interaction effects between the biomarkers
might be expected to be modest.

We propose that our work has multiple potential applications. First, although measuring
chemical concentrations in multiple media (blood, urine, hair and nails) may be cost-
prohibitive for some studies, this would be mitigated by the increased statistical power of the
MMB, allowing for lower enrollment levels. This may be particularly true for existing
cohorts that no longer recruit new subjects and cannot increase sample size, but nonetheless
may have stored samples from multiple media that can be used to measure chemical
exposure. The MMB approach may be more statistically powerful than measuring exposure
in a single medium in such a scenario. Additionally, the use of individual biomarkers by
themselves do not enable us to differentiate between chronic and acute exposure (Hu et al.,
1998). MMBs might have the potential to differentiate between these two exposure
scenarios, since each biomarker provides different information about the timing of exposure
and the weights inform the relative contribution of each biomarker.

5. Conclusion

Exposures to environmental contaminants are often estimated in environmental health
research using samples from individual biological media. However, these surrogate measures
of exposure rely on incomplete information about the body burden of exposure. In this study,
we found that combining exposure information from multiple Pb biomarkers to derive an
integrated measure of exposure, referred to as the MMB, outperformed individual
biomarkers in estimating Pb associations with 1Q. Of the derived MMBs, the WQS method
was most strongly associated with 1Q scores. Using weights that estimate how much
information each medium contributes to the MMBSs, we found that the order of importance
for the media is blood, nails, hair and then urine. These results align with the performance of
each individual Pb biomarker. Our proposed approach of combining exposure information
across multiple biomarkers could be useful in future studies that seek to highlight the link
between chemical exposures and human health.
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Fig. 1.

Begta coefficients and 95% confidence intervals of the association between each Pb
biomarker and age-adjusted Total 1Q. All models were adjusted for sex and SES. The
original biomarkers are shown in red and denoted using triangles. The MMBs that are
generated using unsupervised methods are shown in cyan and denoted using circles. The
MMBs that are generated using supervised methods are shown in magenta and denoted
using crosses. (For interpretation of the references to colour in this figure legend, the reader
is referred to the Web version of this article.)
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Bar graph of estimated biomarker weights for the MMBs in models of Total 1Q. Larger
weights indicate greater contributions of the original biomarkers to the MMBs.
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Beta coefficients and 95% confidence intervals of the association between each Pb
biomarker and age-adjusted Verbal 1Q. All models were adjusted for sex and SES. The
original biomarkers are shown in red and denoted using triangles. The MMBs that are
generated using unsupervised methods are shown in cyan and denoted using circles. The
MMBs that are generated using supervised methods are shown in magenta and denoted
using crosses. (For interpretation of the references to colour in this figure legend, the reader
is referred to the Web version of this article.)

Environ Res. Author manuscript; available in PMC 2021 April 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Levin-Schwartz et al.

Blood ;

Urine

Nail |

Hair

Page 19

M Unsupervised, Equal Weight

" Unsupervised, ICA
Bl Unsupervised, NMF

B Supervised, WQS

0% 10% 20% 30% 40% 50% 60% 70%

Fig. 4.

Contribution to Multi-media Biomarker (%)

Bar graph of estimated biomarker weights for the MMBs in models of Verbal 1Q. Larger
weights indicate greater contributions of the original biomarkers to the MMBs.
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Beta coefficients and 95% confidence intervals of the association between each Pb
biomarker and age-adjusted Performance 1Q. All models were adjusted for sex and SES. The
original biomarkers are shown in red and denoted using triangles. The MMBs that are
generated using unsupervised methods are shown in cyan and denoted using circles. The
MMBs that are generated using supervised methods are shown in magenta and denoted
using crosses. (For interpretation of the references to colour in this figure legend, the reader
is referred to the Web version of this article.)
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Bar graph of estimated biomarker weights for the MMBs in models of Performance IQ.

Large

r weights indicate greater contributions of the original biomarkers to the MMBs.
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Table 1

Demographic information and descriptive statistics.

Demographics Category N (%)

Total 251 (100%)

Gender Male 117 (46.6%)
Female 134 (53.4%)

Socioeconomic Status Low 56 (22.3%)
Medium 136 (54.2%)

Average + SD (range) High 59 (23.5%)

Age (years) 12.3+1.0 (11-14)

SD: Standard deviation.
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Table 2

Pb concentrations in exposure biomarkers (n = 251).

Exposure Biomarker Median Interquartile range

Blood (pg/dL) 1.2 0.9-1.6

Urine (ug/L) 0.52 0.35-0.75
Hair (ug/g) 0.09 0.04-0.22
Nails (Hg/g) 0.09 0.04-0.20
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Table 3:

Combined importance measure of media used as Pb exposure biomarkers across all significant MMBs and the
three outcomes verbal 1Q, performance 1Q, and total 1Q.

Exposure Biomarker Blood Urine Hair Nails

Weight 652% 8.8% 11.1% 14.9%
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