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Abstract

Objective:

Studies suggest that essential metal(loid)s within normal levels may help sustain glucose
homeostasis, while some non-essential metal(loid)s are linked to disrupted glucose metabolism.
However, few studies have examined these associations among pregnant women, and the joint
associations of these essential and non-essential metal(loid)s are unclear. In this thesis, we
explored both the individual and joint associations between metal(loid)s and gestational glucose

levels and compared the findings from different statistical methods.

Methods:

For Study I and II, we used data from Eunice Kennedy Shriver National Institute of Child
Health and Human Development (NICHD) Fetal Growth Studies - Singleton cohort, a
prospective pregnancy/birth cohort study conducted between July 2009 and January 2013.
Overall 2,334 non-obese healthy women were enrolled in the cohort. Our analyses included
1,857 of these women in Study I, and 1,720 in Study II. The exposures of interest for the purpose
of this thesis were zinc, selenium, copper, and molybdenum concentrations measured by
inductively coupled plasma mass spectrometry using plasma collected during the 1% trimester.
The main outcome was glucose levels measured from non-fasting, 50-gram glucose tests from
later pregnancy gestational diabetes screening test. In Study I, linear regression models and
quantile regression models were fitted for each metal(loid)s in association with gestational
glucose levels, adjusting for maternal socio-demographic characteristics, life style factors, and
reproductive history. In Study II, three statistical approaches — Bayesian Kernel Machine

Regression (BKMR), adaptive Least Absolute Shrinkage and Selection Operator (LASSO), and
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generalized additive model (GAM) — were used to evaluate the joint associations between the
metal(loid)s mixture and glucose levels, adjusting for the same covariates as Study 1.

For Study III, we used data from Project Viva, a prospective pregnancy/birth cohort in
eastern Massachusetts. Concentrations of 11 essential and non-essential metal(loid)s — arsenic,
barium, cadmium, cesium, copper, magnesium, manganese, lead, selenium, zinc and mercury —
were measured using red blood cells collected in early pregnancy. Glucose levels were measured
from non-fasting, 50-gram glucose tests in later pregnancy. BKMR models were applied to
model the joint associations between metal(loid)s mixtures and glucose levels, GAM and
multivariable linear regression were subsequently fitted to examine the reproducibility of BKMR

results.

Results:

In Study I, we found that higher plasma copper concentrations in early pregnancy were
associated with significantly higher glucose levels (i.e., per 50% increase in copper was related
to 4.9 mg/dL higher mean glucose level, 95% confidence interval (CI): 2.2, 7.5), and higher
plasma molybdenum concentrations were associated with lower glucose levels (i.e. 1.2 mg/dL
lower per 50% increase in molybdenum, 95% CI: -2.3, -0.1). In Study II, in addition to these
associations, a super-additive interaction between copper and zinc was observed, with consistent
results from three methods.

In Study III, our BKMR findings suggested a modest nonlinear association between early
pregnancy erythrocyte barium and glucose levels (2.1 mg/dL higher mean glucose level
comparing women in the 75% to the 25" percentile of barium concentrations, 95% credible

interval: -0.2, 4.4; 1.54 mg/dL lower mean glucose level comparing women in the 90 to the 75®
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percentile of barium concentration, 95% credible interval: -3.3, 0.2). We also observed a modest
inverse association between mercury (Hg) and glucose levels (1.9 mg/dL lower mean glucose
level comparing women in the 75% to the 25" percentile of mercury concentration, 95% credible

interval: -4.2, 0.4), and suggestive interactions for barium with lead, magnesium, and arsenic.

Conclusions:

We evaluated early pregnancy metal(loid)s mixture and found that some metal(loid)s (i.e.
copper, molybdenum, barium, mercury) may alter normal glucose levels in later pregnancy, with
different directions of associations. Some metal(loid)s may also interact with each other (i.e.
copper and zinc, barium and lead/magnesium/arsenic). If replicated and better quantified in
future work among different populations and using different biomarkers, these findings will have

important implications for the management of glycemia during pregnancy.
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Introduction

Gestational diabetes mellitus (GDM), defined as any degree of glucose intolerance with
onset or first recognition during pregnancy, affects about 5-9% of pregnancies in the U.S.
(Bardenheier et al., 2013; DeSisto, 2014; Lavery et al., 2017). GDM is associated with a number
of adverse pregnancy outcomes and birth outcomes, including fetal macrosomia, stillbirth,
preeclampsia and Cesarean delivery (Coustan, 2013; Kim, 2014). Although most GDM cases are
restorable after delivery, women who develop GDM are at higher risk of GDM in subsequent
pregnancies and type-2 diabetes following their pregnancies (Bellamy et al., 2009; Metzger et
al., 2007). Moreover, intrauterine exposure to maternal GDM conveys high risks for obesity and
type-2 diabetes in the offspring (Dabelea, 2007). Recent studies have found that milder degrees
of hyperglycemia which do not meet the diagnostic criteria for GDM may nevertheless confer
the same risks of many poor pregnancy outcomes and long-term morbidity for the women and
the offspring (Lowe et al., 2019; Scholtens et al., 2019; The HAPO Study Cooperative Research
Group, 2008).

Environmental factors have been suggested as potential risk factors for GDM and
hyperglycemia during pregnancy (Gonzélez-Villalva et al., 2016). Among them, metal(loid)s,
both essential and non-essential ones, may be important to consider given their involvement in
glucose metabolism and the potential to modify their levels through exposure control. Essential
metal(loid)s, such as zinc (Zn), selenium (Se), magnesium (Mg), molybdenum (Mo), manganese
(Mn) have been demonstrated to help sustain normal glucose homeostasis through facilitating
insulin secretion, increasing insulin sensitivity, and/or acting as anti-oxidants (Kaur and Henry,
2014; Mwiti Kibiti and Jide Afolayan, 2015; O’Connell, 2001; Wang et al., 2017). When in

excess of cellular needs, some metal(loid)s, such as copper (Cu) and Se, may generate reactive



oxygen species and induce insulin resistance (Mueller and Pallauf, 2006; Valko et al., 2005). On
the other hand, non-essential metal(loid)s, such as arsenic (As), cadmium (Cd), lead (Pb) and
mercury (Hg), might interfere with normal glucose metabolism through inducing oxidative
stress, interfering with signal transduction factors, affecting hormone synthesis, and/or
competing with essential metal(loid)s (Chen and Tan, 2012; Goyer, 1997; Iavicoli et al., 2009;
Kuo et al., 2013; Semczuk and Semczuk-Sikora, n.d.).

In spite of accumulating evidence from basic science studies and epidemiologic studies
among non-pregnant populations, studies assessing the associations between metal(loid)s and
glycemia status during pregnancy are still limited. Several studies have evaluated concentrations
of Zn, Se, Mg, As, Cd, and Pb in relationship with the risk of GDM or pregnancy hyperglycemia,
but the findings of these studies have been inconsistent (Ettinger et al., 2009; Kong et al., 2016;
Mishu et al., 2019; Peng et al., 2015; Romano et al., 2019; Shapiro et al., 2015; Valvi et al.,
2017; Wang et al., 2017, 2018). Other metal(loid)s, such as Cu, Mn, Mo, Ba, Cs, and Hg, have
been evaluated in even fewer studies (Shapiro et al., 2015; Soomro et al., 2019; Valvi et al.,
2017; Wang et al., 2018, 2002). A number of reasons may explain the inconsistency of previous
findings. First, most studies were conducted in a case-control or cross-sectional manner, where it
was unclear whether the differences in metal(loid)s concentrations were the potential cause or
the subsequent effect of GDM/hyperglycemia. Second, sample sizes of most studies were small
(hundreds of women or fewer), which can limit the study power to detect mild effects or may
increase the risk of chance findings. Third, most studies analyzed each metal(loid)s only
individually, which might lead to biased estimates if some metal(loid)s were highly correlated
and could overlook potential interactions among metal(loid)s. In addition, the use of different

biomarkers for exposure assessment, unattended sources of confounding, and intrinsic variations



of vulnerability for different study populations may also contribute to the inconsistency of
existing findings.

To fill these gaps in the literature, we designed the following studies to assess the
associations between metal(loid)s and gestational glucose levels. In Study I, we sought to
determine the individual associations between 4 essential metal(loid)s (i.e. Zn, Se, Cu, Mo)
measured during 1% trimester and gestational glucose level from 50-gram, non-fasting glucose
load test (GLT) measured at late 2" trimester among a cohort of non-obese women in the U.S. In
Study II, we studied the joint associations of the 4 metal(loid)s as a mixture in the same
population. We applied three statistical methods (Bayesian Kernel Machine Regression
(BKMR), Adaptive Least Absolute Shrinkage and Selection Operator (Adaptive LASSO), and
Generalized Additive Model (GAM)) and compared their results. In Study III, we applied
BKMR and GAM to a mixture of 11 essential and non-essential metal(loid)s to study their
associations and potential interactions with gestational glucose levels from GLT among a cohort

of women in eastern Massachusetts.
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Abstract

Context: Studies suggest many essential trace metal(loid)s are involved in glucose metabolism,
but the associations among pregnant women are unclear.

Objective: To assess associations between early pregnancy plasma zinc, selenium, copper and
molybdenum and blood glucose levels later in the 2" trimester.

Design: Eunice Kennedy Shriver National Institute of Child Health and Human Development
(NICHD) Fetal Growth Studies - Singleton cohort, a prospective cohort study between July 2009
and January 2013.

Setting: 12 academic research hospitals in the U.S.

Patients: 1857 multi-racial non-obese healthy women

Main Outcome Measures: Blood glucose levels from 1-hour 50-g gestational load test (GLT) at
24 to 28 weeks of gestation.

Results: Higher concentrations of 1% trimester copper were associated with higher glucose levels
from GLT (i.e. per 50% increase in copper concentrations was related to 4.9 mg/dL higher
glucose level, 95% CI: 2.2, 7.5) adjusted for maternal socio-demographic characteristics and
reproductive history. In contrast, per 50% increase in molybdenum concentrations were
associated with 1.2 mg/dL lower mean glucose levels (95% CI: -2.3, -0.1). The magnitudes of
these associations were greater at the upper tails of glucose level distribution based on quantile
regressions of the 10", 50, and 90™ percentiles.

Conclusions: Higher copper and lower molybdenum concentrations could increase the risk of
glucose dysregulation during pregnancy, with women at higher risk of GDM potentially affected
to a greater extent. Further work is needed to understand the mechanisms involved with early
pregnancy essential metal(loid)s in order to inform clinical diagnosis and prevention for glucose

intolerance during pregnancy.



Introduction

Gestational diabetes mellitus (GDM) is defined as any degree of glucose intolerance with
onset or first recognition during pregnancy. The prevalence of GDM has increased over the past
few decades, affecting approximately 5-9% of all pregnancies in the U.S. (American Diabetes
Association, 2013; Bardenheier et al., 2013; DeSisto, 2014; Lavery et al., 2017). Elevated
glucose level in pregnancy due to insulin resistance coupled with relatively insufficient insulin
production is an indication of GDM (Buchanan et al., 2007). Accumulating evidence suggests
that any form of pregnancy hyperglycemia, even without meeting the clinical criteria for GDM,
is associated with increased risk of a variety of adverse health outcomes, including preeclampsia,
high birth weight, and primary caesarean section (The HAPO Study Cooperative Research
Group, 2008). Therefore, it is critical to identify modifiable factors that may potentially lower
glucose levels in pregnancy.

Environmental factors may contribute to the development of glucose intolerance in
pregnancy (Metzger et al., 2007). Among these factors, essential trace metal(loids) may be
important to consider with respect to glucose intolerance in pregnancy, given their involvement
in glucose homeostasis, and the potential to modify their levels through dietary management.
Accumulating data from animal and metabolic studies demonstrated that a number of essential
trace metal(loid)s, including zinc, selenium, chromium, iron, manganese, copper and
molybdenum can impact glucose metabolism and insulin sensitivity with downstream effects on
hyperglycemia and GDM (Kaur and Henry, 2014; Kong et al., 2016; Mwiti Kibiti and Jide
Afolayan, 2015). In fact, some of these metal(loid)s are considered as potential preventive and
treatment agents for diabetes (Gonzalez-Villalva et al., 2016). However, when in excess of
cellular needs, some metal(loid)s (e.g. selenium, iron and copper) may generate reactive oxygen

species (ROS) and induce insulin resistance (Mueller and Pallauf, 2006; Valko et al., 2005). A
6



number of studies have evaluated zinc and selenium as they relate to GDM, with studies showing
inconsistent results for zinc and relatively consistent inverse associations for selenium and GDM
risk (Kong et al., 2016; Wilson et al., 2016). Few studies have investigated the association
between copper, molybdenum and glucose levels in pregnancy. Even fewer have evaluated these
essential metal(loid)s in early pregnancy as they relate to the GDM and glycemic dysregulation
in later pregnancy.

Therefore, we aimed to examine the association between essential metal(loid)s and
glucose levels in pregnancy, in a prospective, multiracial cohort of U.S. pregnant women. We
evaluated the associations between early pregnancy essential metal(loid)s which had detectable
concentrations in the study population (i.e. zinc, selenium, copper, molybdenum) and glucose
levels measured late in the 2" trimester, commonly used as an indicator of GDM risk. In
addition, we evaluated shifts in the distribution of glucose levels as it related to early pregnancy

concentrations of these metal(loid)s.



Methods

Study population

The study used data from the Eunice Kennedy Shriver National Institute of Child Health
and Human Development (NICHD) Fetal Growth Studies — Singleton Cohort. The full cohort
consisted of 2,334 healthy, non-obese, low-risk pregnant women from 12 U.S. clinical sites
between July 2009 and January 2013. Women were excluded if they had pre-existing chronic
diseases or medical conditions, past pregnancy complications, smoked within the past 6 months
or were consuming at least one alcoholic drink per day. Women were enrolled between 8 and 13
weeks gestation, with five study visits occurring throughout pregnancy. At each visit, an
interview was conducted using a standardized and structured questionnaire to collect
information, including maternal demographic characteristics, reproductive and pregnancy
history, and health behavior. Blood specimens and maternal anthropometric measurements were
collected at each visit. Additional details of the study can be found elsewhere (Grewal et al.,
2018).

For this analysis, women were included if they provided blood samples with plasma
metal(loid) measurements in late 1% trimester and underwent a 1-hour 50-g GLT in late 2"¢
trimester. Among the 2,334 women recruited into the study, 83 did not have any metal(loid)
measurement upon their enrollment. In addition, 394 women did not have glucose measurement
from GLT. This resulted in a final analytical population of 1857 (79.6%).

Informed consent was obtained before data collection, and institutional review board
approvals were obtained for all participating clinical sites, the data coordinating center and

NICHD.

Metal(loid) data measurement



Concentrations of zinc, selenium, copper, and molybdenum were measured in blood
plasma samples collected during late 1% trimester of pregnancy (median: 12 weeks gestation) and
stored at -70 °C pending analysis. Plasma specimens were shipped to the Wadsworth Center,
New York State Department of Health for trace element analysis using inductively coupled
plasma-mass spectrometry (ICP-MS), a multielement method optimized for serum/plasma
samples and validated for use in biomonitoring studies. The ICP-MS instrument was calibrated
with matrix-matched standards traceable to the National Institute of Standards and Technology
(NIST). Three levels of serum internal quality control (IQC) materials were included in each
analytical run and 2% of all samples were analyzed in duplicate. Typical between-run precision
(for a total of 79 independent days of analysis) varied from 3.7% for an IQC running mean
concentration of 730 pug/L to 3.6% at 2960 pg/L for zinc, 3.9% at 119 pg/L to 3.4% at 270 pg/L
for selenium, 3.4% at 1080 pg/L to 3.2% at 3000 pug/L for copper, and 17.7% at 1.57 pg/L to
4.4 % at 11.3 pg/L for molybdenum. Method validation was established using NIST Standard
Reference Materials and method performance assessed by successful participation in external
proficiency testing (PT) programs for serum/plasma trace elements operated by the Center de
Toxicologie du Quebéc (CTQ), UK NEQAS for Trace Elements, German EQUALM and the NY
State PT program for Trace Elements. All metal(loid)s measurement values were above the limit

of detection (LOD) calculated according to the ISO/IUPAC harmonized guidelines.

Glucose data measurement
The primary outcome of interest was blood glucose levels obtained from the non-fasting,
1-hour 50-g GLT during late 2™ trimester (median: 27 weeks gestation), utilizing the first-step of

the Carpenter-Coustan criteria for GDM screening (Gupta et al., 2015). In addition to assessing



glucose levels continuously, for clinical relevance, we also used two other binary outcomes.
First, since glucose level > 140mg/dL denotes additional screening for GDM using the
Carpenter-Coustan critieria, we dichotomized <140mg/dL v. > 140mg/dL, as a secondary
outcome. For conciseness, we denote glucose levels > 140mg/dL as abnormal GLT glucose
levels. Second, we diagnosed GDM based on diagnostic 100g 3-hour oral glucose tolerance test

(OGTT) according to the Carpenter-Coustan critieria (Carpenter and Coustan, 1982).

Covariates

Information on demographic factors, medical history, and lifestyle factors were obtained
at baseline through an in-person interview, and physical activity information was collected
through self-administered questionnaires. 4 priori, we selected the following variables as
potential confounders and strong predictors of GDM: maternal age at enrollment, self-identified
race/ethnicity, pre-pregnancy body mass index (BMI), physical activity, family history of type 2
diabetes, parity, gestational week at GLT, and socioeconomic status (assessed by maternal
education and employment status, marital status) based on previous literature review as
established risk factors of GDM (Bouthoorn et al., 2015; Galtier, 2010; Hedderson et al., 2010).
Pre-pregnancy BMI was calculated from self-reported pre-pregnancy weight and measured
height upon enrollment. We also considered controlling for early gestational weight gain, defined
as the difference between the measured weight upon enrollment (median: 12 weeks gestation)

and the next visit (median: 19 weeks gestation), and clinical sites in sensitivity analyses.

Statistical analysis
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Demographic characteristics of the study participants were reported using mean +
standard deviation (SD) for continuous variables and N (percentages) for categorical variables.
Distributions of the plasma metal(loid)s concentrations were reported using geometric means and
SD.

We first fitted linear regression models to evaluate the associations between each of the
metal(loid) and mean glucose level from the GLT. Metal(loid)s levels were log-transformed due
to right-skewness. Although natural log-transformation is commonly used, for this data 1 unit
differences of the metal(loid)s on the natural log-transformed scale corresponded to a much
wider range than the interquartile range (IQR) on the original scale, which would limit the
interpretability and clinical relevance of the estimated effect sizes. Therefore, base 1.5 logarithm
function was chosen to ensure 1 unit change on the transformed scale to be within or close to the
interquartile range of original metal(loid)s concentrations. The following covariates were
included in the final models: maternal age in years at enrollment (continuous), self-identified
race/ethnicity (non-Hispanic white, non-Hispanic black, Hispanic, Asian/Pacific Islander),
maternal education (high school or less, some college or associate degree, college degree or
higher), full-time employed or student (yes/no), married or living with a partner (yes/no), family
history of diabetes (yes/no), nulliparity (yes/no), pre-pregnancy BMI (kg/m?, continuous),
moderate to vigorous level of physical activity (hours/week, continuous), gestational week at
blood specimen collection (weeks, continuous). Gestational week at GLT was not included
because of its non-significant difference between women with normal GLT and with abnormal
GLT (p-value: 0.31) and additional missingness (n=27).

To evaluate the shifts of the glucose level distribution in addition to the mean, and to

detect associations that primarily occur at the tails of the distribution, quantile regression was
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performed (Koenker, 2005). Specifically, we focused on the 10", 50", and 90 percentiles of the
glucose levels from the GLT. For each percentile, we built a linear regression model on each
metal(loid) adjusting for the same set of covariates mentioned above. Estimated coefficients with
their 95% confidence intervals (CI) were reported to evaluate the changes in glucose level
distribution with each metal(loid).

To allow for more flexibility in the exposure-outcome associations and to explore
potential non-linear associations, we used splines models. For each metal(loid), we performed
restricted cubic spline transformations with 3 unspecified knots estimated using default quantiles,
and then regressed the mean glucose level and percentiles of glucose level distribution on
transformed metal(loid) levels (Durrleman and Simon, 1989). Deviations from linearity were
evaluated statistically by testing whether the coefficient of the second spline transformation was
significantly different from 0.

In secondary analyses, due to the relatively high prevalence of women with abnormal
GLT (14.2%), log-binomial models were used to estimate the risk ratios of abnormal GLT in
relation to the levels of each metal(loid). Logistic regression models were used to estimate the
odds ratio of diagnosed GDM, which has a low prevalence (3.6%) in this study population.
Finally, we conducted two sensitivity analyses to assess the possibility of confounding and/or
mediation by early gestational weight gain, as well as the clustering effect within each clinical
site. For early gestational weight gain, we added it to the linear regression models; for clinical
site, we fitted mixed effect models with a random intercept for each clinic site.

All analyses were performed in R version 3.4.1. Quantile regression models were
performed with R package quantreg (Koenker, 2005), and spline models were performed with R

package rms (Harrell Jr, 2017).
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Results

Baseline characteristics of the study population are shown in Table 1. Our study
population included 1857 women, of which 264 (14.2%) had glucose levels >140 mg/dL from
the 1-hour 50-g GLT (recognized as with abnormal GLT) despite their low risk antenatal
profiles. The distribution of glucose levels from GLT was approximately normally distributed
with mean of 110.5 mg/dL and standard deviation of 26.9 mg/dL). A greater percentage of
Asian/Pacific Islander women had abnormal GLT (24%, compared to 14% in the total
population). Women who were missing GLT or metal(loid) measurement data had similar
baseline characteristics as those included for the present analysis, with the exception of
Asian/Pacific Islander race/ethnicity (i.e. this group made up 26% of the missing population
compared to 20% of the full cohort). Among the 264 women with abnormal GLT, 58 were
diagnosed with GDM in OGTT. An additional 76 women with normal GLT also underwent

OGTT, among which 9 were diagnosed with GDM.

Table 1. Maternal characteristics of the NICHD Fetal Growth Study participants in Study I

Total GLT < 140 mg/dL.  GLT = 140mg/dL
N=1857 (100%) n=1593 (85.8%) n=264 (14.2%)

Age at pregnancy (year) [mean + SD] 28.1+55 27855 29.7+54
Race/ethnicity [n (%)]

Non-Hispanic white 513 (28) 452 (28) 61 (23)

Non-Hispanic black 482 (26) 435 (27) 47 (18)

Hispanic 512 (27) 441 (28) 71 (27)

Asian/Pacific Islander 350 (19) 265 (17) 85 (32)
Education [n (%)]

High school of less 539 (29) 459 (29) 80 (30)

Some college or associate degree 544 (29) 461 (29) 83 (31)

College degree or higher 774 (42) 673 (42) 101 (39)
Full-time employed/ Student [n (%)] 1365 (74) 1179 (74) 186 (70)
Married/living with a partner [n (%)] 1392 (75) 1177 (74) 215 (81)
Family history of diabetes [n (%)] 357 (19) 293 (18) 64 (24)
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Nulliparity [n (%)] 925 (50) 810 (51) 115 (44)

Pre-pregnancy BMI (kg/m?)
[mean + SD] 23.6+3.0 236+29 23730
Normal (< 25) [n (%)] 1249 (67) 1081 (68) 168 (64)
Overweight (= 25) [n (%)] 608 (33) 512 (32) 96 (36)

Gestational week at GLT (week) 270+25 27025 26.8 +2.7
[mean + SD]

Early gestational weight gain® (kg) 29+£23 30+£22 28+24
[mean + SD]

Physical activity® (hour/week) 18.8+19.3 190+193 175+ 189

[mean + SD]

Abbreviations: GLT, glucose load test; BMI, body mass index; SD, standard deviation

*Gestational weight gain from enrollment (median: 12 weeks gestation) to the next visit (median: 19
weeks gestation)

®Moderate to vigorous level of physical activity

Levels of plasma zinc and selenium among the study population (medians of 806 pg/L
and 123 pg/L, respectively) were comparable to those measured among U.S. non-pregnant
women of reproductive age in the National Health and Nutrition Examination Survey
(NHANES) from 2011 to 2014, while the levels of plasma copper (median = 1874 ng/L) were
much higher in our study population than the serum copper reported in NHANES (Table 2).
Molybdenum has not been evaluated in plasma/serum in NHANES. Levels of metal(loid)s varied
significantly among different race/ethnicity groups and education levels, and with regard to some
other maternal characteristics (Supplemental material Table S1). All four metal(loid)s were

weakly correlated with pairwise Spearman correlations below 0.2.
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Table 2. Distribution of the metal(loid)s in Study I (ug/L)

Metal(loid) Study population (N= 1857) NHANES (N =514)2
Geometric Median 25" percentile 75" percentile Median
Mean

Zn 804 806 714 901 773

Se 122 123 113 132 124

Cu 1851 1874 1637 2105 1284

Mo 1.9 1.9 1.4 2.7 -

Abbreviations: Zn, zinc; Se, selenium; Cu, copper; Mo, molybdenum

*Levels of metal(loid)s among nonpregnant women at reproductive age (18 — 45) from the National
Health and Nutrition Examination Survey (NHANES) 2011 — 2014 data. In NHANES, zinc, selenium and
copper were measured in serum, serum molybdenum levels were not measured.

Linear associations between metal(loid)s concentrations and glucose levels

Multivariable adjusted linear regression models showed that 50% increase in copper
concentrations (corresponding to 1 unit increase on the log; s scale) was related to a 4.9 mg/dL
(95% CI: 2.2, 7.5) increase in mean glucose level from the GLT. For molybdenum, there was a
1.2 mg/dL (95% CI: -2.3, -0.1) decrease in mean glucose level for every 50% increase in
molybdenum. No evidence of synergistic effect was observed for copper and molybdenum.
Based on quantile regression analyses at selected percentiles of the glucose distribution, the
magnitudes of these associations were observed to be greater at the upper tail of the glucose level
distribution (Figure 1). For example, women in the 90™ percentile of the glucose distribution
were expected to have 7.1 mg/dL (95% CI: 2.6, 11.0) higher glucose levels for every 50%
increase in copper, compared to women in the median of the glucose distribution whose glucose
levels were 5.0 mg/dL (95% CI: 1.4, 7.2) higher for every 50% increase in copper, and 3.2
mg/dL (95% CI: -0.2, 5.3) higher for women in the 10" percentile of the glucose distribution.

For both zinc and selenium, we observed non-significant positive associations with glucose
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levels from the GLT (the mean, median and the 90™ percentile), with the exception of negative

associations with the 10" percentile of glucose distribution.
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Figure 1. Distribution changes of glucose level from 1-hour glucose load test as a function of
50% increase in each metal(loid).

Results were obtained by running multivariable adjusted linear regression and quantile regressions on the
10™, 50™, and 90™ percentiles of the glucose level. All models adjusted for age, race/ethnicity, education,
full-time employed/student, marital status, family history of diabetes, parity, pre-pregnancy body mass
index, physical activity, gestational week at blood sampling.

Abbreviations: Zn, zinc; Se, selenium; Cu, copper; Mo, molybdenum

Non-linear assessment of metal(loid)s concentrations and glucose levels

In the restricted cubic spline analysis, the likelihood ratio tests of the second spline
transformation variables were not rejected at the 0.05 significance level for any of the
metal(loid)s and regression models, suggesting no significant violations of the linearity

assumptions.

Metal(loid)s in association with abnormal GLT glucose levels and GDM
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We also evaluated the risk of abnormal GLT in association with each metal(loid), both in
crude models and in multivariable adjusted models (Table 3). Women had a 1.53 increased risk
of abnormal GLT for every 50% increase of copper concentrations (95% CI: 1.19, 1.97). For
molybdenum, every 50% increase of molybdenum was associated with a 14% reduced risk of
abnormal GLT [RR: 0.86 (95% CI: 0.78, 0.96)]. Similar results for copper and molybdenum
were found for diagnosed GDM, and there was suggestive evidence of positive associations

between selenium concentrations and GDM (Table 3).

Table 3. The association between 50% increase in metal(loid) concentrations and abnormal GLT?
and diagnosed GDMP

Abnormal GLT Diagnosed GDM
Crude Model Adjusted Model® Crude Model Adjusted Model*

Risk ratio p Risk ratio p Odds ratio p Odds ratio p
(95% CI) (95% CI) (95% CI) (95% CI)

Zn 1.10 (090, 034 1.18(0.98, 0.09 0.98(0.59, 094 1.02(0.60, 0.94
1.35) 1.42) 1.51) 1.58)

Se 099 (0.70, 094 125090, 0.19 1.93(0.95, 0.06 1.79 (1.33, 0.01
1.38) 1.74) 3.78) 5.68)

Cu 1.35(1.06, 001 153(.19, <001 1.76 (1.05, 0.03 1.67(0.95, 0.08
1.71) 1.97) 2.97) 2.98)

Mo 092(0.82, 0.11 0.86(0.78, 0.01 0.73(0.58, 0.01 0.72 (0.56, 0.01
1.02) 0.96) 0.92) 0.92)

Abbreviationw: GLT, glucose load test; GDM, gestational diabetes melius; Zn, zinc; Se, selenium; Cu,
copper; Mo, molybdenum

2Glucose level from GLT = 140 mg/dL
®Diagnosed using Carpenter-Coustan criteria
¢ Adjusted for age, race/ethnicity, education, full-time employed/student, marital status, family history of

diabetes, parity, pre-pregnancy BMI, physical activity, gestational week at blood sampling

Sensitivity Analyses
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In sensitivity analyses accounting for the potential clustering effect of clinic sites by
fitting a mixed effect model with a random intercept for each clinic site (12 in total), similar
estimates for the associations between each metal(loid) and glucose levels from the GLT were
found. Variances explained by clinic sites were around 3%, suggesting little clustering effect.
Adjusting for early pregnancy weight gain to examine potential sources of bias also yielded
similar results (not shown), suggesting early pregnancy weight gain was not a strong confounder

or mediator in this analysis.
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Discussion

In a prospective multi-racial study of pregnant women in the U.S., we found higher
concentrations of plasma copper in early pregnancy were prospectively associated with higher
glucose levels assessed in the late 2" trimester as a part of GDM screening test. On the other
hand, higher concentrations of plasma molybdenum in early pregnancy were associated with
lower glucose levels from the same GDM screening test. Furthermore, the magnitudes of these
associations were greater on the upper tail of glucose level distributions. These findings suggest
that higher copper and lower molybdenum levels in blood plasma could potentially increase the
risk of glucose dysregulation during pregnancy and might impact women at higher risk of GDM
to a greater extent.

The present study was the first to evaluate this association prospectively in a pregnant
population. Few epidemiological studies have evaluated the association between copper and
glucose levels in pregnant women. One case-control study found higher serum copper
concentrations among women with GDM similar to our results (Wang et al., 2002), while two
other case-control studies found no difference in copper concentrations (Al-Saleh et al., 2004;
Loven et al., 1992). Various reasons could explain the inconsistencies in previous studies,
including limited power due to small sample sizes, cross-sectional design, methodological
differences in copper level assessment, as well as residual confounding and variations in baseline
risk of GDM. Our findings are consistent with a growing number of studies among non-pregnant
populations that have found increased copper concentrations among diabetic patients (Abou-Seif
and Youssef, 2004; Atari-Hajipirloo et al., 2016), suggesting a positive relationship between
copper and glucose levels.

Copper enters the human body mainly through drinking water, diet and supplements, skin

contact, or inhaling air containing copper particulates. The majority of serum copper is
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transported bound to ceruloplasmin. The biological mechanism through which copper may affect
glucose levels is complex. Animal studies showed that free copper ions are highly redox active
and can elicit ROS production (Cooper et al., 2005; Valko et al., 2005). This induced oxidative
stress may contribute to cell damage, including damage to pancreatic -cells that are responsible
for insulin secretion. Copper may also impair insulin sensitivity through disturbing hormone-
dependent signal transduction (Tapiero et al., 2003). Conversely, diabetes may perturb copper
metabolism (Hordyjewska et al., 2014). Although in the present study, blood specimens for
copper measurement were collected before the GDM screening test that was conducted during
mid to late pregnancys, it is possible that the rise of copper levels indicates early-stage
impairments in glucose metabolism. Further complicating this issue is the continuous increase of
copper accumulation throughout pregnancy, due to its important role for the formation of various
enzymatic and other processes within the developing fetus (McArdle, 1995; Vukelic et al.,
2012). Thus, it is unclear whether higher copper exposure in early pregnancy is a contributor to
higher glucose levels later in pregnancy, or whether some underlying causes of higher glucose
levels are associated with greater accumulation of copper. Additional work is needed to provide
insights to (i) the causality of the copper-glucose metabolism relationship, (ii) whether this
relationship is similar among non-pregnant and pregnant populations, (iii) whether this
relationship depends on the timing of copper measurements, and (iv) whether this relationship
differs with different forms of copper (ceruloplasmin-bound and non—ceruloplasmin-bound
copper).

Our study is among the first to show an inverse association between plasma molybdenum
and glucose levels in pregnancy. Molybdenum is an effective anti-hyperglycemic agent, shown

to decrease blood glucose levels by mimicking insulin activity, promoting lipogenesis and

20



increasing insulin sensitivity in animal models (Mwiti Kibiti and Jide Afolayan, 2015). Its
association with GDM risk has only been evaluated in a small case-control study (Al-Saleh et al.,
2004), where no significant difference was observed. While deficiency in molybdenum is rare in
the general population (ATSDR, 2017), pregnant women may be more prone to molybdenum
insufficiency due to a greater demand for molybdenum (Carol J. Lammi-Keefe et al., 2008).
Moreover, exposure to molybdenum is almost entirely through food, especially those from
above-ground plants such as legumes, leafy vegetables, and cauliflower (ATSDR, 2017). It is
possible that the association shown in this study is partially due to intake of food high in fiber,
vegetable protein and vitamin which have been previously related to lower GDM risk (Bao et al.,
2014; Zhang et al., 2006). Future studies are needed to better understand whether molybdenum
has an impact on glucose regulation during pregnancy.

Finally, our results showed that all observed associations were not constant over the
entire glucose level distribution but were consistently stronger in the upper tails. This suggests
that women with a higher risk of glucose dysregulation in pregnancy may be more susceptible to
the effect of high copper and low molybdenum as it relates to their glucose metabolism. Since
this study was done among non-obese women with no known pre-existing conditions, it is
worthwhile to further examine the effects of these metal(loid)s among other populations at
higher risk of GDM.

Besides the above major findings, we also detected suggestive positive associations
between selenium and GDM, which differs from previous studies (Al-Saleh et al., 2004; Askari
et al., 2015; Bo et al., 2005a; Kilinc et al., 2008; Kong et al., 2016; Tan et al., 2001). These
studies were conducted outside the U.S. with lower exposures to selenium compared to our study

population (mean serum/plasma selenium concentrations below 100 pg/L, vs. 123.9 nug/L).
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Evidence from in vivo studies and animal studies suggested that the role of selenium in glucose
metabolism depends on the concentration and the compound type (Drake, 2006; Mueller et al.,
2006; Mueller and Pallauf, 2006; Spallholz et al., 2004). In fact, one epidemiologic study based
on 8,876 non-pregnant U.S. adults (NHANES III participants) found the relationship between
selenium and the prevalence of diabetes to be non-linear and generally positive in higher levels
of selenium (Bleys et al., 2007). Therefore, it is possible that a protective effect of selenium is
only limited to a lower range, and higher selenium exceeding certain levels can exert a
hyperglycemic effect.

The present study has several limitations. First, non-fasting glucose levels from GLT may
be affected by the collection date and the timing of the last meal, therefore glucose levels may
not truly represent the level of insulin resistance of the women. Second, a single measurement of
the metal(loid)s at enrollment may or may not capture the true exposure levels during early
pregnancy. This is of less concern for selenium and copper, for which we found high correlations
between the measurements at enrollment and during early 2™ trimester (gestational week 16 —
22) among a subsample of 101 women that were followed longitudinally (spearman correlation =
0.72 and 0.75, respectively). Third, adjusting for gestational weeks at blood collection may not
fully account for the variation of plasma volume expansion during pregnancy (Vricella, 2017).
Nevertheless, all metal(loid)s were collected within a narrow range (8-13 weeks gestation) when
little increase in plasma volume occurs. Additionally, it is important to note that most of the
sources of error mentioned above are likely to be non-differential, therefore leading to bias
towards the null. The recruitment criteria of the study population may limit the generalizability
of our results. For example, women who were obese, as well as those that had pre-existing

chronic conditions, psychiatric disorders or previous pregnancy complications were excluded
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from the present study. While this allows us to evaluate risk factors independent of baseline
reproductive health status, caution should be taken when generalizing these results to other
populations with higher risk of pregnancy complications who may be more susceptible to
pregnancy exposures. In addition, while certain race/ethnicity groups with higher prevalence of
GDM such as Asian/Pacific Islander (Chu et al., 2009) were oversampled, exploration of
potential effect modification by race/ethnicity was not well-powered in this study due to limited
sample sizes in each racial/ethnic group. Finally, future studies should also take into account the
interactions among the metal(loid)s.

Despite these limitations, this study has several strengths. First, this study is among the
first few to evaluate the prospective associations between specific essential metal(loid)s with
glucose levels during pregnancy. The prospective design and early measurements of metal(loid)s
minimizes the possibility of reverse causation and differential measurement errors. Second, the
use of quantile regression allowed us to fully capture the associations between essential
metal(loid)s and the glucose levels. We were able to observe shifts in the distribution that would
not have been detectable using classical regression methods solely focusing on the mean. In
addition, quantile regression does not require any distributional assumptions (e.g. normality of
the outcome) and is not sensitive to the presence of outliers. Third, we were able to evaluate and
adjust for a number of potential confounders as well as important risk factors of GDM, reducing
the chance of bias. Fourth, we assessed the association in a relatively large multi-racial/ethnic

population of U.S. women from multiple sites.
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Conclusion

In this study, we found that elevated plasma copper was associated with higher glucose
levels and abnormal GLT on routine GDM testing used as a part of standard obstetrics care,
suggesting higher risk of GDM. In contrast, higher concentrations of molybdenum in plasma
were associated with decreased glucose levels. Future studies are needed to replicate these
findings, as well as to investigate the link between essential metal(loid)s and glucose metabolism
during pregnancy in more detail among populations with different baseline risks and across
different ranges of exposure. If replicated and well quantified, these findings could provide early
markers of potentially modifiable environmental exposures that are related to glucose

dysregulation in pregnancy.
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Abstract

Objective: Studies have shown that individual trace element levels might be associated with
abnormal glycemic status, with implications for diabetes. Few studies have considered these
trace elements as a mixture and their impact on gestational glucose levels. Comparing three
statistical approaches, we assessed the associations between essential trace elements mixture and
gestational glucose levels.

Methods: We used data from 1,720 women enrolled in the Eunice Kennedy Shriver National
Institute of Child Health and Human Development’s Fetal Growth Study, for whom trace
element concentrations (zinc, selenium, copper, molybdenum) were measured by inductively
coupled plasma mass spectrometry (ICP-MS) using plasma collected during the 1 trimester.
Non-fasting glucose levels were measured during the gestational diabetes mellitus (GDM)
screening test in the 2™ trimester. We applied (1) Bayesian Kernel Machine Regression
(BKMR); (2) adaptive Least Absolute Shrinkage and Selection Operator (LASSO) in a mutually
adjusted linear regression model; and (3) generalized additive models (GAMs) to evaluate the
joint associations between trace elements mixture and glucose levels adjusting for potential
confounders.

Results: Using BKMR, we observed a mean 2.7 mg/dL higher glucose level for each
interquartile increase of plasma copper (95% credible interval: 0.9, 4.5). The positive association
between plasma copper and glucose levels was more pronounced at higher quartiles of zinc.
Similar associations were detected using adaptive LASSO and GAM. In addition, results from
adaptive LASSO and GAM suggested a super-additive interaction between molybdenum and

selenium (both p-values = 0.04).
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Conclusion: Employing different statistical methods, we found consistent evidence of higher
gestational glucose levels associated with higher copper and potential synergism between zinc

and copper on glucose levels.
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Introduction

Essential trace elements, usually obtained from food sources, play diverse roles in the
human body. They can regulate metabolic functions and influence the development and
progression of many diseases (Shils and Shike, 2006). Accumulating evidence from animal and
clinical studies demonstrate that a number of essential trace elements, including zinc (Zn),
selenium (Se), and molybdenum (Mo), can directly modulate glucose homeostasis and insulin
activity (Kaur and Henry, 2014; Mwiti Kibiti and Jide Afolayan, 2015; O’Connell, 2001). In
fact, some of these trace elements (e.g., Zn, Se) have been investigated as potential preventive
and treatment agents for hyperglycemia and diabetes (El Dib et al., 2015; Karamali et al., 2015;
Wang et al., 2017). Meanwhile, some essential trace elements (e.g. Se, copper (Cu)) may induce
oxidative stress in excess of cellular need and have been found to be associated with higher risk
of hyperglycemia with increasing concentrations (Mueller and Pallauf, 2006; Valko et al., 2005).

As pregnancy is a period of increasing insulin resistance, this time period is particularly
vulnerable to the development of dysglycemia (Petry, 2014). Gestational diabetes (GDM),
defined as glucose intolerance with onset or first recognition in pregnancy, is a common
pregnancy complication affecting approximately 5-9% of women in the U.S. that is associated
with a variety of adverse pregnancy outcomes (DeSisto, 2014; Lavery et al., 2017). Even milder
degrees of hyperglycemia that do not meet the clinical criteria for GDM may confer the same
risks of many poor pregnancy outcomes, as well as long-term morbidity for both women and
offspring (Bellamy et al., 2009; Dabelea, 2007; Kim, 2014; The HAPO Study Cooperative
Research Group, 2008). Given the involvement of essential trace elements in glucose
homeostasis and the potential to modify exposure levels through dietary management, it is

important to understand how these elements could impact abnormal glycemia during pregnancy.

28



A few studies have examined the associations between these trace elements and glycemia
status in pregnancy. Wilson et al. summarized studies assessing the association between Zn and
GDM, for which inconsistent results were reported (Wilson et al., 2016). Studies on Se showed
relatively consistent inverse associations with GDM risk (Bo et al., 2005b; Hamdan et al., 2014;
Kilinc et al., 2008; Tan et al., 2001),, with one exception of positive association (Molnar et al.,
2008). Fewer studies have investigated the associations between Cu, Mo and glycemia status
during pregnancy (Loven et al., 1992; Wang et al., 2002).

Findings for these trace elements as they relate to pregnancy glucose-related outcomes
may be inconsistent due to evaluating associations for these elements individually. Women are
likely to be exposed to multiple trace elements coming from the same sources (Shils and Shike,
2006; Woodruff et al., 2011). As a result, the specific trace element identified by individual
analysis could be potentially confounded by other correlated trace elements. Furthermore, some
trace elements share the same pathways in glucose metabolism, including increasing insulin
secretion, insulin sensitivity, and acting as oxidants/antioxidants (Mwiti Kibiti and Jide
Afolayan, 2015). Therefore, studying one element at a time could overlook
synergistic/antagonistic effects by multiple trace elements.

Several statistical methods have been proposed to assess environmental mixtures. These
include variable selection and shrinkage approaches, such as (adaptive) least absolute shrinkage
and selection operator (LASSO) (Tibshirani, 1996; Zou, 2006) and elastic-net (Zou and Zhang,
2009); dimension reduction methods such as principal component analysis (PCA) (Anderson,
2003) and weighted quantile sum (WQS) regression (Carrico et al., 2015); exposure-response
surface estimation approaches such as Bayesian Kernel Machine Regression (BKMR) (Bobb et

al., 2015); and classification approaches such as classification and regression tree (CART) and
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random forest (Strobl et al., 2009). The National Institute of Environmental Health Sciences
(NIEHS) convened a workshop in 2015 during which over 30 potential methods were compared
in both simulated and real-world data sets (Taylor et al., 2016) and the need for more systematic
comparisons in larger and more complex data sets has been recognized. Nonetheless, few studies
have applied these techniques and even fewer have compared multiple methods using real-world
epidemiologic data (Chiu et al., 2018; Deyssenroth et al., 2018; Forns et al., 2016; Minguez-
Alarcon et al., 2019; Park et al., 2017; Zhang et al., 2019).

In the present study, we aimed to explore and compare findings from three methods —
BKMR, adaptive LASSO, and GAM - to evaluate mixtures of essential trace elements in relation
to gestational glucose levels in a prospective, multiracial cohort of U.S. women. In particular, we
examined (1) whether the associations between certain elements and glucose levels are more

pronounced than others; and (2) whether the elements interact with each other.
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Methods

Study population

The study used data from the Eunice Kennedy Shriver National Institute of Child Health
and Human Development (NICHD) Fetal Growth Studies — Singleton Cohort. The full cohort
comprised 2,334 healthy non-obese pregnant women recruited from 12 U.S. clinical sites
between July 2009 and January 2013. All women were free from pre-existing chronic diseases or
medical conditions, had no past pregnancy complications, consumed less than 1 alcoholic drink
per day and had not smoked within the past 6 months. By design, this pregnancy cohort
comprised women with low risk antenatal profiles and presumed to be favorable for optimal fetal
growth as this was the primary outcome of the parent study. Women were enrolled between the
8 and 13" weeks gestation and were followed through delivery. Additional details of the study
can be found elsewhere (Grewal et al., 2018).

For this analysis, we focused on the 1% trimester plasma concentrations of trace elements
with detection rates greater than 80% in the study population (i.e. Zn, Se, Cu, Mo, all 100%
detected). Women were included if they provided blood samples for plasma measurements of
Zn, Se, Cu, and Mo upon their enrollment and underwent a glucose load test (GLT) later in the
27 trimester as a part of screening for gestational diabetes. Among the 2,334 women recruited
into the study, 83 did not have blood samples for any trace element measurement, and an
additional 172 did not have measurement of Mo due to limited plasma sample volume. We
removed women with extremely high Zn measurements (i.e. above 5 SD from the mean on the
log-transformed scale) as we did not want to base predictions on a very small sample size (n=3).
In addition, 356 women did not have glucose measurement from GLT. This resulted in a final

study population of 1720 (74% of those enrolled).
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Informed consent was obtained before data collection, and institutional review board
approvals were obtained for all participating clinical sites, the data and imaging coordinating

centers and NICHD.

Trace elements analysis

Concentrations of Zn, Se, Cu, and Mo were measured in blood plasma specimens
collected at the time of enrollment (median: 12 weeks gestation) and stored at -70 °C pending
analysis. Plasma specimens were shipped to the Laboratory of Inorganic and Nuclear Chemistry,
Wadsworth Center, New York State Department of Health for trace elements analysis using
inductively coupled plasma-mass spectrometry (ICP-MS), a multielement method optimized for
serum/plasma samples and validated for use in biomonitoring studies, as described previously
(Zheng et al., 2019). The ICP-MS instrument was calibrated with matrix-matched standards
traceable to the National Institute of Standards and Technology (NIST). Three levels of serum
internal quality control (IQC) materials were included in each analytical run and 2% of all

samples were analyzed in duplicate.

Glucose levels measurement

The primary outcome of interest was blood glucose levels obtained from the non-fasting,
1-hour 50-g GLT during late 2" trimester (median: 27 weeks gestation, range: 13 — 40 weeks
gestation), as a part of the two-step Carpenter-Coustan criteria for GDM diagnosis (American

Diabetes Association, 2013).

Covariates
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Based on previous literature review (Bouthoorn et al., 2015; Galtier, 2010; Hedderson et
al., 2010), the following variables were selected a priori as potential confounders and/or strong
predictors of GDM: maternal age, self-identified race/ethnicity, pre-pregnancy body mass index
(BMI), physical activity, family history of type 2 diabetes, parity, maternal education,
employment status, and marital status. Information on demographic factors, personal and family
medical history, and lifestyle factors were obtained at enrollment through in-person interviews.
A self-administered activity questionnaire was used to collect physical activity information.
Participants' weight and height were measured by trained research staff at enrollment using a
standardized protocol (Grewal et al., 2018). Pre-pregnancy BMI was calculated from self-

reported pre-pregnancy weight (in kilograms) divided by measured height (in meters) squared.

Statistical analysis

Demographic characteristics of the study participants were reported using mean +
standard deviation (SD) for continuous variables and number (percentage) for categorical
variables. Plasma trace element concentrations were reported using median and interquartile
range (IQR). Trace element concentrations were natural log-transformed and standardized before
statistical modeling to account for the right-skewedness of their distributions and to achieve a
common scale. Correlations between trace element concentrations were assessed using Spearman
correlation coefficients.

All models included the following covariates: maternal age in years at enrollment
(continuous), race/ethnicity (non-Hispanic white, non-Hispanic black, Hispanic, Asian/Pacific
Islander), maternal education (high school or less, some college or associate degree, college

degree or higher), full-time employed or student, married or living with a partner, family history
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of diabetes, nulliparity, pre-pregnancy BMI (kg/m?, continuous), moderate to vigorous level of
physical activity (hours/week, continuous), gestational week at blood specimen collection
(weeks, continuous).

A variety of approaches have been proposed to analyze environmental mixtures in
epidemiological studies (Stafoggia et al., 2017; Taylor et al., 2016). Based on our study goals,
we selected three methods that can be used to identify important mixture components and to
assess interactions between the components. We first applied BKMR, a recently introduced
method for mixture analysis. Given the low correlations among the trace elements and the
opposing directions of the individual associations shown in a previous study (Zheng et al., 2019),
two other conventional and more computationally efficient methods that are appropriate for the
nature of the dataset — the adaptive least absolute shrinkage and selection operator (adaptive
LASSO) and generalized additive model (GAM, also referred to as Exposure Surface
Smoothing) — were applied. The three methods are described below, where Y; represents glucose
levels from GLT, Z; represents a vector of additional covariates mentioned above, and e;

represents the error term which was assumed to be normally distributed.

1. Bayesian kernel machine regression (BKMR)
The BKMR model is:
Yi = h(Zn;, Sei, Cui, Moi) +y'Z; +ei,
where the function h() is a kernel exposure-response function that accommodates interactions
among the trace elements and potential non-linear relationships between trace elements and
glucose levels. The kernel function incorporated variable selection and calculated posterior

inclusion probabilities (PIPs) with values ranging from 0 to 1, whose order of magnitude
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indicates the relative importance of the exposures. The BKMR model yields an estimate of the
exposure-response function h() and its uncertainty.

We used the Gaussian kernel, which has been shown to work well in both simulation
studies and environmental exposure-response scenarios, and the default tuning parameters for
Markov Chain Monte Carlo (MCMC) processes (Bobb et al., 2018, 2015). We derived summary
statistics to quantify scientifically relevant features of the exposure-response function, including
differences in glucose levels associated with changes in the concentrations of the trace element
mixture components, as well as pointwise 95% credible intervals.

We evaluated the robustness of the results by using a Gamma prior specification and
changing tuning parameters in the sensitivity analyses. We ran each MCMC sampler for 10,000
iterations for the main model, and for 1,000 iterations for sensitivity analyses. Details of BKMR

and its implementation can be found elsewhere (Bobb et al., 2018).

1I. Adaptive LASSO

The LASSO is a penalized regression method that shrinks the absolute value of the
regression coefficients, potentially to zero, and therefore retains the most relevant variables for
the outcome (Tibshirani, 1996). Compared to the regular LASSO, adaptive LASSO is consistent
for variable selection by utilizing the adaptively weighted penalty for each coefficient (Zou,
2006). Adaptive LASSO was performed based on a multivariable linear regression model with
all four trace elements and all six pairwise interactions included as:

Yi=Bo + BXi + aW; +y'Z; +ei,
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where Xj represents a vector of standardized log-transformed concentrations of four trace
elements, and W; represents a vector of their pairwise interactions. High order interactions were
not examined due to limited statistical power.

In this analysis, the optimal adaptive LASSO solution was selected based on 10-fold
cross-validation. We used the exact post-selection inference approach proposed by Lee et. al.
(Lee et al., 2016) to obtain 95% confidence intervals (Cls) and p-values for the regression

coefficients.

1II. Generalized additive model

GAM can flexibly model the dose-response curves allowing non-linear associations, by
replacing the linear forms of the trace elements and their interactions with the sum of smooth
functions as:

Yi=Bo + si1(Zni) + s2(Sei) + ... + tiy(Zn;, Sei) + ... +y1Z; +ei,

where si() represent a smooth function estimated from the data using generalized cross-
validation. GAM also allows for smooth functions for interaction terms. For example, ti(Zn;, Sei)
represents a joint smoothed effect of Zn and Se.

We included all trace elements and the six pairwise interactions as smooth terms in
GAM, but assumed higher-order interactions were negligible. Thin plate regression splines
(Wood, 2017) were used to represent the smooth terms, with the maximum possible degrees of
freedom allowed for each trace element set at 3 (therefore 9 for the pairwise interaction terms).
The smoothing parameters were estimated by maximum likelihood (ML). An extra penalty was
added to each term through automatic term selection. We used a cut-off of 0.1 for interaction

term p-value to indicate potential interactions among the trace elements.
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All analyses were performed in R version 3.4.1. BKMR was performed using the R
package bkmr (Bobb, 2017). The adaptive LASSO was performed using the R package parcor
(Kraemer and Schaefer, 2014) and selectivelnference (Tibshirani et al., 2017), and GAM was

performed using the R package mgcv (Wood, 2019).
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Results

Study Population Characteristics

The distribution of selected sociodemographic and lifestyle characteristics of the study
participants is presented in Table 4. Women in this study population (N = 1720) were non-
Hispanic white (30%), Hispanic (27%), non-Hispanic black (26%), and Asian/Pacific Islander
(17%) with an average age of 28.1 £ 5.5 years. While only women who were non-obese at
enrollment were included in the study, one-third of the women were overweight (BMI > 25
kg/m?). Fasting blood glucose levels based upon GLT were approximately normally distributed
with mean (SD) of 110 (26.7) mg/dL. Women who were excluded from this analysis had similar
baseline characteristics as those included, with the exception of higher proportion of non-white
population (88% in the excluded population compared to 70% in the included population).

The trace element concentrations were comparable to those found in U.S. females of
reproductive age (Centers for Disease Control and Prevention. National Center for Health
Statistics., 2011) and were within the normal clinical reference interval for adults (Rifai et al.,
2018) (Supplementary material Table S2). The exception was significantly higher concentrations
of Cu (median: 1867 pg/L vs. 1284 ug/L), which is expected among pregnant women (McArdle,
1995; Vukelic et al., 2012). Moreover, the interquartile range of Cu concentration in this study
population was within the range of serum/plasma Cu established for females at term pregnancy
(1180 — 3020 pg/L) (Rifai et al., 2018). The trace elements were weakly correlated, with all

correlations < (0.18.
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Table 4. Maternal characteristics of the NICHD Fetal Growth Study participants in Study II

Maternal characteristics All (N =1720)
Age at pregnancy (y), mean + SD 28.1+5.5
Race/ethnicity, n(%)
Non-Hispanic white 511 (30)
Non-Hispanic black 452 (26)
Hispanic 459 (27)
Asian/Pacific Islander 298 (17)
Education, n(%)
High school of less 482 (28)
Some college or associate degree 496 (29)
College degree or higher 742 (43)
Full-time employed/Student, n(%) 1274 (74)
Married/living with a partner, n(%) 1305 (76)
Family history of diabetes, n(%) 326 (19)
Nulliparity, n(%) 863 (50)
Pre-pregnancy BMI (kg/m?), mean + SD 23.6 3.0
Normal (< 25), n(%) 1148 (67)
Overweight (> 25), n(%) 572 (33)
Physical activity® (hours/week), mean + SD 189+19.4
Blood glucose level from GLT (mg/dL), mean = SD 110.0 +£26.7
Plasma zinc (ug/L), Median(IQR) 805 (186)
Plasma selenium (pg/L), Median(IQR) 122 (19)
Plasma copper (ug/L), Median(IQR) 1847 (472)
Plasma molybdenum (pg/L), Median(IQR) 1.9 (1.3)

Abbreviations: SD, standard deviation; IQR, interquartile range; BMI, body mass index; GLT, glucose
load test.

*Moderate to vigorous level of physical activity

Trace elements mixture and gestational glucose levels — BKMR

From the BKMR model, Cu, Zn, and Mo had high PIPs (0.94, 0.70, 0.61), suggesting
higher associations with GLT glucose. On the other hand, Se PIP was lower (0.38), suggesting a
weaker association with gestational glucose levels from the GLT. We first examined the
individual exposure-response function of each trace element, fixing all other trace elements at
their medians (Figure 2A). Compared to women with Cu concentration in the 25" percentile,

women in the 75™ percentile had 2.7 mg/dL higher glucose level on average, holding all other
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trace elements at their median (95% credible interval: 0.9, 4.5). The associations for Zn and Mo
were weaker and posterior credible intervals included 0 [1.5 (-0.2, 3.1), -1.5 (-3.3, 0.3),
respectively]. All exposure-response associations were approximately linear. Note that although
we observed some curvature for Cu, nonlinearity was not well-justified as there was considerable
variability for low and high Cu concentrations.

To explore potential two-way interactions, we plotted the exposure-response functions of
each trace element with a second trace element fixed at various percentiles (10", 50, 90™") and
the rest fixed at their medians (Figure 2B). A potential interaction between Cu and Zn was
detected, with the associations between Cu and glucose being stronger at higher levels of Zn.

We also saw similar associations when looking at Zn and glucose, when Cu was at higher
concentrations. The exposure-response curves for some other pairs (e.g. Mo-Se, Cu-Se) were not

perfectly parallel, but showed less empirical evidence of interaction.
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Figure 2. Joint associations of the trace elements mixture on gestational glucose levels from 1-hr
glucose load test (GLT) estimated by Bayesian Kernel Machine Regression (BKMR).
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Figure 2. Joint associations of the trace elements mixture on gestational glucose levels from 1-hr
glucose load test (GLT) estimated by Bayesian Kernel Machine Regression (BKMR).

Model was adjusted for age, race/ethnicity, education, full-time employed/student, marital status, pre-
pregnancy overweight, nulliparity, gestational week at blood sampling, physical activity. Trace element

concentrations were log-transformed and standardized.

(A) Univariate exposure-response functions and 95% credible intervals for each trace element with the
other trace elements fixed at their medians.

(B) Bivariate exposure-response functions. Each cell represents the exposure-response curve for the
column trace element when the row trace element is fixed at 10", 50™, and 90™ percentiles and the other
two trace elements fixed at their medians.

Abbreviations: Zn, zinc; Se, selenium; Cu, copper; Mo, molybdenum.

We also explored possible three-way interactions by visualizing the bivariate exposure-

response functions with a third exposure fixed at different quantiles. No three-way interactions
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were observed (plots not shown). Sensitivity analyses of BKMR with Gamma prior and different

tuning parameters yielded similar results (results not shown).

Trace elements mixture and gestational glucose levels — Adaptive LASSO

Table 5 displays the multivariable-adjusted associations between trace element
concentrations and glucose levels from GLT after model selection by adaptive LASSO. After
selection, the main effects of Zn, Cu, and Mo as well as the interaction terms of Cu-Zn and Mo-
Se remained in the model. The estimated coefficient of the Cu-Zn interaction implied that the
increase of glucose levels associated with every 1 SD increase of log-transformed Cu was 1.3
mg/dL (95% CI: 0.0, 2.4) greater for each 1 SD increase in log-Zn. Similarly, the estimated
coefficient of the Mo-Se interaction implied that with every 1 SD increase of log-transformed
Mo, the decrease of glucose levels was 1.2 mg/dL (95% CI: -2.1, 0) greater for each 1 SD
increase in log-Se. The signs of the interaction terms were the same as the corresponding main
effects (positive for both Cu and Cu-Zn interaction, negative for both Mo and Mo-Se

interaction), indicating super-additive interactions.
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Table 5. Mean change in gestational glucose levels (mg/dL) from 1-hr GLT associated with 1 SD
increase of trace elements® estimated by adaptive LASSO

Estimate (95% CI)°  p

Zn 1.2(-0.2,2.4) 0.07
Se° - -

Cu 2.5(1.4,3.6) <0.001
Mo -1.5(-2.6,-0.4) 0.02
Cu-Zn® 1.3(0.0,2.4) 0.05
Mo-Se  -1.2(-2.1,0) 0.04

Abbreviations: GLT, glucose load test; SD, standard deviation; LASSO, least absolute shrinkage and
selection operator; CI, confidence interval; Zn, zinc; Se, selenium; Cu, copper; Mo, molybdenum.

*Trace element concentrations were log-transformed and standardized.

® Adjusted for age, race, education, full-time employed/student, marital status, pre-pregnancy overweight,
nulliparity, gestational week at blood sampling, physical activity

¢ Main effect of selenium was not selected in the model.

4 “Cu-Zn” represents the interaction term of Cu and Zn, similar for “Mo-Se”.

Trace elements mixture and gestational glucose levels — GAM

The primary findings from GAM were consistent with findings from the adaptive LASSO
and BKMR, with evidence of positive associations of Cu and Zn with glucose levels (p-values
<0.001 and 0.061, respectively), and an inverse association for Mo and gestational glucose levels
(p-value = 0.023, Supplementary material Figure S1).

Two pairwise interaction terms had p-values < 0.1 in GAM: Mo-Se (p-value = 0.038) and
Cu-Zn (p-value = 0.096). The exposure-response surfaces of the two pairs of interactions were
shown in Figure 2. The interaction between Mo and Se suggested that at high concentrations of
Se, the estimated gestational glucose levels decreased almost linearly with increasing Mo
concentrations, while at low concentrations of Se, this association was not obvious (Figure 2A).

Figure 2B showed that the interaction between Cu and Zn was overall super-additive, and
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gestational glucose levels were estimated to reach the maximum when both metals were at the

highest levels within the exposure range of this study population.
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Figure 3. The estimated gestational glucose levels from 1-hr glucose load test (GLT) associated
with trace elements pairs estimated by Generalized Additive Model (GAM).

Trace element concentrations were log-transformed and standardized. Predicted grid points far from the
original data are not plotted by setting too.far = 0.15 in R package mgcv. (A) Mo and Se (B) Cu

and Zn. Models were adjusted for age, race, education, full-time employed/student, marital status, pre-
pregnancy overweight, nulliparity, gestational week at blood sampling, physical activity.

Abbreviations: Zn, zinc; Se, selenium; Cu, copper; Mo, molybdenum.

Finally, we compared the three modeling methods by focusing on the two pairwise
interactions detected: Cu-Zn and Mo-Se. We calculated the differences of gestational glucose
levels with respect to interquartile changes of Cu when setting Zn at different percentiles (10,
50™ 90", and the changes of gestational glucose levels with interquartile changes of Mo when
setting Se at different percentiles (Table 6). Overall, the effect sizes predicted from the three
methods were in the same directions and comparable in magnitudes. The estimated interactions
were weaker from BKMR compared to the other two methods, shown as the smaller differences
in the magnitude of the associations between different percentiles. For example, the effect size of

Cu estimated by BKMR was 0.7 mg/dL higher when Zn concentrations were at the 90"
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percentile compared to the 10" percentile, while it was 3.7 mg/dL and 3.3 mg/dL higher

estimated by adaptive LASSO and GAM, respectively.

Table 6. Interactions between trace metal(loid)s (Cu-Zn and Mo-Se) on gestational glucose
levels (mg/dL) from 1-hr GLT estimated by three methods

Difference in glucose levels as Cu increases  Difference in glucose levels as Mo increases from

from 25" to 75™ percentile with Zn set at 25" to 75" percentile with Se set at different

different percentiles (95% interval)® percentiles (95% interval)

10 50" 90" 10 50" 90"
BKMR  22(0.1,42) 2.7(0.9,45) 29(09,49) -14(3.2,04) -1.5(33,03) -1.6(-3.4,0.2)
Adaptive 1.2 (-1.4,3.8) 3.1(1.3,49) 49(24,74) -03(-29,24) -2.0(-3.9,- -3.9 (-6.5, -1.2)
LASSO 0.2)

GAM  24(-08,5.6) 4.1(2.0,6.1) 57(2.6,8.8) -02(-3.1,2.7) -1.9(3.9,0.1) -4.1(-7.1,-1.1)

Abbreviations: GLT, glucose load test; Zn, zinc; Se, selenium; Cu, copper; Mo, molybdenum; BKMR,
Bayesian Kernel Machine Regression; Adaptive LASSO: adaptive least absolute shrinkage and selection
operator; GAM, generalized additive model.

* The estimates are represented as point estimates (95% intervals), where for BKMR the intervals are
credible intervals from Bayesian posterior probability distribution; for adaptive LASSO the intervals are
confidence intervals fitting a multivariable regression model with variables selected with adaptive
LASSO; for GAM the intervals are confidence intervals.
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Discussion

Using three modeling approaches — BKMR, adaptive LASSO, and GAM — we evaluated
the associations between early pregnancy Zn, Se, Cu, and Mo as a mixture on gestational glucose
levels from GLT late in the 2" trimester in a U.S. multi-racial pregnancy cohort. We found
positive associations between Cu and gestational glucose levels, negative associations between
Mo and glucose levels, and super-additive interactions between Cu and Zn, consistent across all
three statistical approaches. Further, we found evidence of a super-additive interaction (in the
negative direction) between Mo and Se using adaptive lasso in a linear model and using GAMs.
This paper expands on a previous study that evaluated individual associations of each trace
element with gestational glucose levels (Zheng et al., 2019) by considering interactions among
the elements and comparing the findings from multiple mixture analysis approaches.

When considering mixtures, the synergism between Cu and Zn in relation to glucose
levels is not well-examined. One potential mechanism is through activating Cu/Zn superoxide
dismutase (SOD) as a homodimer. A few epidemiologic studies have detected increased Cu/Zn
SOD activity in individuals with diabetes (Kawamura et al., 1992; Pawlak et al., 2012) and
women with gestational diabetes (Loven et al., 1992; Wdowiak et al., 2015). Cu/Zn SOD
normally plays a major role in antioxidant defense mechanisms by catalyzing dismutation of
superoxide radicals. However, when over-produced or administered, Cu/Zn SOD may facilitate
the generation of reactive oxygen species by acting as a superoxide reductase or superoxide
oxidase and thus could result in dysglycemia (Amstad et al., 1991; Liochev and Fridovich, 2000;
Omar et al., 1990; Valko et al., 2005). For the Mo-Se interaction, the possible mechanisms
remain unclear. Future studies are needed to confirm the super-additive effect of the two pairs of

trace elements, and to understand the potential pathways involved.
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Overall, the consistency of the results across the three approaches suggests that any of the
three might be appropriate for investigating the joint effect of the mixture for this study.
However, it is important to understand the different underlying assumptions of each method, and
to consider their advantages and disadvantages in the context of this study cohort.

BKMR was developed specifically to study exposure mixtures (Bobb et al., 2015). It
relaxes parametric assumptions of the exposure-outcome relationship by considering all the
exposures in a multivariable space and connects it with the health outcome through a kernel
function. As such, BKMR allows for a high level of flexibility and does not require pre-
specification of interactions or nonlinear effects, making this a powerful exploratory tool that
helps us identify important features of a multi-dimensional exposure-response space. Another
strength of BKMR is that it can tease out the contributions of each exposure, or several
exposures from the complex overall mixture effect, while taking high-dimensional interactions
into account. However, formal statistical testing for interactions is not readily available yet.

Variable selection and shrinkage approaches, such as LASSO, adaptive LASSO, and
elastic net, have been widely applied to identify the most predictive factors among a set of
exposures (Dai et al., 2016; Lenters et al., 2016; Peng et al., 2015; Vriens et al., 2017) and have
demonstrated high statistical power in identifying the true pair-wise interactions in simulated
datasets (Sun et al., 2013). Adaptive LASSO, a variable selection method chosen for this study,
is particularly useful when a more sparse and consistent solution is desired (Zou, 2006; Zou and
Hastie, 2005). However, LASSO-type methods may not be suitable for identifying high-order
interactions which are likely to be correlated. Previous simulation studies showed that among a
large pool of correlated variables, LASSO-type methods tend to impose a strong shrinkage

towards zero on estimated regression coefficients and may not select the ones that are truly
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associated with the outcome (Czarnota et al., 2015; Sun et al., 2013). Additionally, LASSO-type
approaches are prone to model misspecification, as linearity is typically assumed for the
exposure-response relationships and the effects of the interaction terms.

Compared to LASSO-type methods, GAM allows more flexibility for modeling
exposure-response relationships by replacing the linear terms with smooth functions. It is also
more robust compared to other fully-parametric methods such as generalized linear models with
natural cubic splines (Wood, 2017). In fact, GAM has been commonly used to check the
assumption of linearity for exposure-response relationships (Lazarevic et al., 2019). While strong
evidence of non-linearity was not apparent here, our study is among only a few that further
utilized GAM to explore interactions that may not appear in a linear fashion (Burkart et al., 2013;
X. Lietal., 2017). We were able to capture important interaction terms based on their p-values,
and to visualize a comprehensive exposure-response surface. However, it has been suggested that
GAM may exhibit biased behavior at the edges of the data distribution (Webster et al., 2006),
which is of special concern when investigating interactions. Caution should be taken when
interpreting overly complex surfaces, which may be due to the sparsity of the exposure data in
certain ranges that predictions were based on, rather than true complexity of the interaction.

Besides the overall consistency across the three methods, we recognized some differences
between the findings from BKMR and the other two methods. Specifically, strong associations
between Mo and gestational glucose levels and an interaction between Mo and Se were not
observed in BKMR, which were detected in adaptive LASSO and GAM. In addition, the Cu-Zn
interaction was weaker compared to the results from the other two methods. Similar to our
findings, some studies have found that associations revealed from other methods for evaluating

multiple exposures (e.g. PCA, WQS) were less evident or not observed using BKMR (Minguez-
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Alarcon et al., 2019; Zhang et al., 2019). These differences could be due to multiple reasons
related to the properties of each method, including model specification (nonparametric vs.
parametric), the algorithm for model fitting (Bayesian vs. non-Bayesian), the handling of
variable selection, etc. To better understand whether there are specific settings where one
approach may perform better than the other, a formal comparison of these methods needs to be
conducted.

Our study has several limitations. First, the exposures examined in the current study were
limited to the four trace elements. Indeed, the maternal environment is likely influenced by a
wider breadth of environmental exposures that may also play a role in glucose metabolism.
However, we restricted to these 4 trace elements as they are more likely to share the same source
and/or pathway and had high detection rates which ensures a relatively large sample size. We
also treated nonchemical stressors such as physical activity as potential confounders, while it is
possible that the effects of these confounders were in conjunction with other environmental
exposure mixtures. Nevertheless, our statistical analytic methods could potentially expand to a
broader range of risk factors. Second, measurement error may be introduced in our assessment of
the exposures. We were only able to measure the trace element concentrations of every pregnant
woman from a single plasma sample collected during the 1% trimester (8-13 weeks gestation),
which may or may not be representative of the concentration in early pregnancy. Nonetheless, it
is important to note that these errors are expected to be non-differential and would likely bias the
effects toward the null. Finally, this analysis may be limited in its generalizability, as women
who were obese, and those with pre-existing chronic conditions, psychiatric disorders or

previous pregnancy complications were excluded from the study.
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Despite these limitations, our study had several strengths. First, this study is among the
first to apply and compare BKMR, adaptive LASSO, and GAM in studying the joint effect of
mixed environmental exposures and adverse health outcomes in a real-world dataset. By
applying these methods, we were able to not only identify the most important components within
a set of trace elements in relation to the health outcome, but also to assess the potential non-
additive effects. Second, the relatively large sample size allowed us to study the interactions
among the exposures, and to adjust for a number of potential confounders and risk factors of
gestational glucose levels, which reduced the chance of bias. Third, the prospective design and
early measurements of the exposures minimized the possibility of reverse causation and

differential measurement errors.
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Conclusion

Employing three statistical approaches to study the effect of early pregnancy essential
trace elements mixture on gestational glucose levels, we found strong evidence of a
hyperglycemic effect of Cu and interactions between Cu and Zn. Studying the effect of these
trace elements as a mixture provides important implications for decision makers to consider
multiple elements when designing intervention strategies to reduce abnormal gestational glucose
levels. Our example also demonstrated a general consistency across all methods evaluated in this
study, and how these methods might compare with one another for evaluating the same
associations. Future studies need to move from a “one exposure at a time” approach to
simultaneous analyses of multiple environmental exposures in order to understand and quantify
the joint effect of environmental mixtures on human health. Applying multiple methods
appropriate for the study questions and data structures may help obtain a more comprehensive

picture of the exposure-response relationships, as well as ensure the robustness of the findings.
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Abstract

Aim: Studies suggest essential metal(loid)s are involved in glucose metabolism, and non-
essential metal(loid)s could alter normal glycemic regulation. However, joint effects of
metal(loid)s on glucose levels during pregnancy are unclear. We explored the joint associations
of pregnancy exposures to essential (copper, magnesium, manganese, selenium, zinc) and non-
essential (arsenic, barium, cadmium, cesium, lead, mercury) metal(loid)s with gestational
glucose levels.

Methods: We studied 1311 women enrolled in Project Viva, a prospective pregnancy/birth
cohort. We measured erythrocyte metal(loid) concentrations from 1% trimester blood samples.
We measured glucose levels 1 hour after non-fasting 50-gram glucose challenge tests (GCT)
from 2" trimester gestational diabetes screening. We applied Bayesian Kernel Machine
Regression (BKMR) to model the associations between metal(loid) mixtures—including their
interactions—and glucose levels post-GCT. For reproducibility of BKMR results, generalized
additive model (GAM) and multivariable linear regression model were fitted based on
interactions suggested in BKMR.

Results: The BKMR model showed an inverse U-shaped association between erythrocyte
barium and gestational glucose levels. The mean glucose level was estimated to be 2.1 mg/dL
higher comparing women in the 75 to 25" percentile of erythrocyte barium concentrations (95%
credible interval: -0.2, 4.4). However, an inverse association was seen above the 75™ percentile.
An interquartile range increase of erythrocyte mercury was associated with 1.9 mg/dL lower
mean glucose levels (95% credible interval: -4.2, 0.4). BKMR, GAM and linear regression

models all showed interactions for barium with lead, magnesium, and arsenic.
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Conclusions: Based on these metal(loid)s mixture analyses, we found that early pregnancy
barium and mercury erythrocytic concentrations are associated with altered glucose levels in

later pregnancy, with potential interactions for barium with other toxic and essential metals.
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Introduction

Gestational diabetes mellitus (GDM), defined as diabetes first diagnosed during
pregnancy, affects approximately 5-9% of pregnancies in the U.S. (DeSisto, 2014; Lavery et al.,
2017) and is associated with poor pregnancy outcomes as well as long-term morbidity for both
the mother and the child (Bellamy et al., 2009; Dabelea, 2007; Kim, 2014). Even milder degrees
of hyperglycemia, which do not meet the diagnostic criteria of GDM may also confer similar
risks of these adverse health outcomes (The HAPO Study Cooperative Research Group, 2008;
Scholtens et al., 2019; Lowe et al., 2019). Therefore, it is critical to identify modifiable risk
factors that may lower glucose levels during pregnancy.

Recently, environmental factors have been suggested to contribute to the development of
glucose intolerance in pregnancy (Ehrlich et al., 2016; Metzger et al., 2007). Among them,
metal(loid)s may be important to consider, given that some are known for being involved in
glucose metabolism and the fact that they are modifiable through dietary management and
exposure reduction. Accumulating evidence from in vitro studies, animal studies and a few
epidemiology studies among non-pregnant populations has shown that normal levels of essential
metal(loid)s, such as magnesium (Mg), manganese (Mn), selenium (Se), and zinc (Zn), help
sustain glucose homeostasis through stimulating insulin secretion, increasing insulin sensitivity,
disrupting hormone levels, and/or acting as antioxidants (Iavicoli et al., 2009; Kaur and Henry,
2014; Kong et al., 2016; Mwiti Kibiti and Jide Afolayan, 2015). In fact, some of these
metal(loid)s (e.g. Zn, Se) are studied as potential preventive and treatment agents for diabetes (EI
Dib et al., 2015; Karamali et al., 2015; Stranges et al., 2007). On the other hand, non-essential
metal(loid)s, such as arsenic (As), cadmium (Cd), mercury (Hg), and lead (Pb), have been
described to exhibit hyperglycemic properties (Hectors et al., 2011; Kuo et al., 2013). Pathways

through which these metal(loid)s may increase blood glucose levels include inducing oxidative

56



stress, interfering with insulin signal transduction factors, and disrupting hormone functions
(Chen et al., 2009; Edwards and Ackerman, 2016; Hectors et al., 2011).

Limited evidence has been published with regard to the association between metal(loid)s
exposure and glycemic status during pregnancy. A number of studies have evaluated Mg, Se and
Zn as they relate to GDM/hyperglycemia risks, showing relatively consistent inverse associations
for Mg and Se, and inconsistent results for Zn (Goker Tasdemir et al., 2015; Kong et al., 2016;
Mishu et al., 2019; Nabouli et al., 2016; Wilson et al., 2016; Zheng et al., 2008). Non-essential
metal(loid)s, such as As, Ba, Cd, Pb, and Hg, have been investigated in a few studies, and
findings of their associations with GDM have been inconsistent (Ettinger et al., 2009; Farzan et
al., 2016; Peng et al., 2015; Shapiro et al., 2015; Soomro et al., 2019; Valvi et al., 2017). Among
these studies, even fewer have evaluated these associations in a prospective manner, limiting the
interpretability of the findings. Moreover, the complexity of the metal(loid)s exposure has
seldom been investigated, both in terms of the number of metal(loid)s and the mechanisms by
which they may interact with each other.

The aims of this study were to prospectively evaluate the associations between
metal(loid)s mixtures and glycemic status during pregnancy accounting for individual and joint
effects of these exposures, as a mixture. We employed a novel statistical approach, Bayesian
Kernel Machine Regression (BKMR) for metal(loid)s exposure data (Bobb et al., 2015, 2018)
and fitted them with prospectively collected glucose levels. This statistical approach allows
inclusion of a relatively large number of metal(loid)s, and can incorporate potential non-linear
associations between the metal(loid)s and glucose levels, as well as interactions among the
metal(loid)s. In addition, we assessed the robustness of the BKMR findings by using

complementary statistical approaches, generalized additive models (GAMs) and multivariable
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linear regression, to determine the robustness of the associations observed using the BKMR

approach.
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Methods

Study population

Women in this study were participants in Project Viva, a prospective observational cohort
study designed to examine prenatal diet and other health factors in relation to pregnancy and
child health outcomes (Oken et al., 2015). Participants were recruited during their first prenatal
visit at 8 obstetrical offices of Atrius Harvard Vanguard Medical Associates in eastern
Massachusetts between 1999 and 2002. Inclusion criteria included singleton gestation, ability to
answer questions in English, and gestational age < 22 weeks at recruitment.

The flow diagram of the study participants included in the current analyses is depicted in
Figure 4. Of the total 2100 women in the cohort, 16 were ineligible due to preexisting diabetes.
1379 women had measurements for all selected metal(loid)s, of which 1325 went through a 50-g
glucose challenge test (GCT) and had complete covariates information. Additionally, 14 women
were removed due to extreme values of one or more metal(loid)s (more than 5 SD away from the
mean on the log scale), which resulted in 1311 women for the main analyses. All women
provided written informed consent at recruitment. The Institutional Review Board of Harvard

Pilgrim Health Care reviewed and approved all study protocols.
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Figure 4. Flow diagram of Study III population.

Abbreviations: GDM, gestational diabetes mellitus; SD, standard deviation; As, arsenic; Cd, cadmium;

Cu, copper; Mg, magnesium; Se, selenium; Zn, zinc.

Metal(loid)s concentrations
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At recruitment (median: 10 weeks gestation; range: 5-21 weeks gestation), a blood
sample was obtained from each woman. The blood sample was centrifuged at 2000 rpm for 10
minutes at 4°C to separate erythrocytes from plasma, and a separate aliquot of erythrocytes was
provided for mercury analysis. All aliquots were stored at -70°C prior to metal(loid)s analyses.

We measured concentrations of all metal(loid)s except for mercury in erythrocytes using
Inductively Coupled Plasma Mass Spectrometry. Briefly, a 0.5 ml of stored packed erythrocytes
is weighed and digested in 2 ml of ultra-pure concentrated HNO; acid for 48 hours and then
further digested with 1 ml of 30% ultra-pure for another 48 hours following dilution with 10 ml
deionized. Sample handling is performed in an ISO class 6 clean room with an ISO class 5
laminar flow clean hood. A triple quadrupole Inductively Coupled Plasma-Mass Spectrometry
was used to analyze elements on a single run (Agilent 8800 ICP-QQQ) in MS/MS mode. The
8800 ICP-QQQ, has higher sensitivity and lower background interference than traditional ICP-
MS, providing overall better performance than single quadrupole ICP-MS instruments. The
Children’s Health Exposure Analysis Resource (CHEAR) funded the measurement of
metal(loid)s (CHEAR award #2017-1740) and was carried out at the Mount Sinai CHEAR
Network Laboratory.

Mercury concentrations were analyzed separately using the Direct Mercury Analyzer 80.
One sample each of the Quality Control (QC) pools at high and low levels were run per batch,
with a total of 52 duplicate samples included. Results were reported as metal(loid)s
concentrations in the red blood cell sample in ng/g. All metal(loid)s selected in this study had
intra-class correlation above 0.60, and the percent detected was above 80%. We used the
instrument estimated concentration for those below the limit of detection (LOD). Before

statistical modeling, all metal(loid)s concentrations were right shifted by 1 ng/g to avoid negative
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values (20 for As, 4 for Ba), log-transformed to account for right-skewness, and then

standardized to have mean O and SD 1 (ng/g).

Gestational glucose tolerance

Late in the 2™ trimester (median: 28 weeks gestation; range: 13-26 weeks gestation), all
women underwent a non-fasting 50g oral GCT as the first step of GDM diagnosis. The
continuous glucose levels 1-hour post-GCT were used as the primary outcome. For all women,
GCTs were performed later than their blood collection for metal(loid)s measurements.

As a secondary outcome, we also looked a binary outcome of glucose intolerance defined
as having either impaired glucose tolerance (IGT) or GDM. As part of usual clinical prenatal
care, women with a glucose value >140 mg/dL 1 hour post-GCT underwent a fasting 100g oral
glucose tolerance test (OGTT). Normal glycemia thresholds were defined by Carpenter-Coustan
criteria (American Diabetes Association, 2018): fasting < 95 mg/dL, 1 hour < 180 mg/dL, 2 hour
< 155 mg/dL, 3 hour < 140 mg/dL. GDM was defined as having 2 or more abnormal OGTT
glucose values and IGT was defined as having only 1 abnormal OGTT glucose value. The
composite of IGT and GDM was used because of the relatively small sample size for GDM in

this study population (n=66).

Covariates

Participants provided sociodemographic information, personal and family medical
history, and lifestyle factors at their initial study visit during prenatal care. Based on previous
literature review (Bouthoorn et al., 2015; Galtier, 2010; Hedderson et al., 2010), the following

variables were selected a priori as potential confounders and/or strong predictors of glucose
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intolerance: maternal age, self-identified race/ethnicity, pre-pregnancy body mass index (BMI),
parity, GDM in previous pregnancies, maternal education, and diabetes status of biological
mother. Since concentrations of certain metals may vary through pregnancy (Gulson et al., 1997;
Vukelic et al., 2012), gestational week at blood collection for metal(loid)s measurements was

also adjusted for in all models.

Statistical Analysis

We first applied Bayesian Kernel Machine Regression (BKMR), a non-parametric
method for analyzing mixtures of environmental exposures, to study the associations between the
metal(loid)s and pregnancy glucose levels. The BKMR model is specified as: Y; = h(M;) + BZ; +
e, where Y is the glucose level, M is the metal(loid)s mixture profile, Z are all selected
covariates, e represents the error term, and h() is a kernel exposure-response function that allows
nonlinearity and interactions among the metal(loid)s. The kernel function accommodates
variable selection and yields posterior inclusion probabilities (PIPs), whose order of magnitude
indicates the relative importance of the exposures. When metal(loid)s are not highly correlated,
component-wise selection can be used where each metal(loid) is selected individually.

We used the Gaussian kernel with the default parameters, as it has been shown to work
well in both simulation studies and environmental exposure-response scenarios (Bobb 2015,
Valeri, 2017). We ran each Markov Chain Monte Carlo (MCMC) sampler for 10,000 iterations.
From the model fit, we derived summary statistics to quantify the relevant features of the
exposure-response function, including differences in glucose levels associated with changes in
the metal(loid)s concentrations as well as pointwise 95% credible intervals. Details of the BKMR

method and implementation can be found elsewhere (Bobb et al., 2015, 2018).
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To evaluate the reproducibility of the results from BKMR and to test the statistical
significance of potential interactions, a multivariable Generalized Additive Model (GAM) and a
multivariable linear model were then fitted. For GAM, we fitted the main effects of all
metal(loid)s and suggestive pairwise interactions among the metal(loid)s from BKMR as smooth
functions. We used thin plate regression splines (Wood, 2017) to represent the smooth terms,
setting the maximum possible degrees of freedom allowed for each metal(loid) at 4. The
smoothing parameters were estimated by maximum likelihood (ML). An extra penalty was
added to each term through automatic term selection. For the linear model, to further reduce the
number of parameters needed to be estimated, we selected important metal(loid)s and pairwise
interactions based on previous results (the main association or the interaction term had p-value <
0.1 from the GAM), and accommodated potential nonlinear associations by categorizing the

metal(loid)s concentrations into tertiles.

Sensitivity Analysis

Sensitivity analyses were conducted to assess the influence of extreme observations by
fitting the BKMR model and the GAM after including the 14 women who had been excluded
from main analyses because of extreme values of metal(loid)s. Second, we fitted the BKMR
model and the GAM adjusted for hemoglobin concentration, as some of the metal(loid)s tend to
bind to hemoglobin (deSilva, 1984; Goyer, 1997). Third, we further adjusted for early pregnancy
fish consumption and n-3 fatty acid consumption in the BKMR model and the GAM, as they
may be a source of certain metals (e.g. Hg, Pb) as well as be protective of glycemia (Santangelo
et al., 2016; Schoenaker et al., 2016). Fish consumption and n-3 fatty acid consumption data

during the past 3 months were estimated from self-administered Food Frequency Questionnaire
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(FFQ) completed after the initial pregnancy visit (median: 12 weeks gestation). Lastly, we fitted
the GAM with GDM and IGT combined as a clinically relevant binary outcome, adjusting for the

same covariates as the main analysis.
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Results

Study population characteristics

Maternal characteristics of the study participants and the excluded population are shown
in Table 7. Among the 1311 Project Viva mothers included in this study, 73% were self-
identified as white, the mean (standard deviation, SD) age at study enrollment was 32.3 (4.6)
years, and pre-pregnancy BMI was 24.9 (5.4) kg/m?. Compared to study participants, the
excluded population had higher proportion of non-white women, on average lower household
income, and lower education level. The mean (SD) glucose level post-GCT of the included
sample was 114 (27) mg/dL. Among the study participants, 66 (5%) women developed GDM,
and 38 (3%) developed IGT.

The detection percentage, geometric means (GMs), medians, 25 percentiles, and 75%
percentiles of the metal(loid)s included in this analysis are summarized in Supplemental material
Table S3. All metal(loid)s were weakly correlated (Spearman correlation coefficients < 0.39),
with the exception of four moderately correlated pairs Cu-Zn, As-Hg, Mg-Se, Cu-Mg (Spearman
correlation coefficients = 0.58, 0.56, 0.43, 0.40, respectively). Therefore, component-wise

selection was applied in BKMR.
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Table 7. Maternal characteristics of the Study III participants (N = 1311) and the excluded
population (N = 789)

Study Excluded
participants population®
(N=1311) (N =789)
Age (year), mean(SD) 32.3 (4.6) 31.0 (6.0)
Race/ethnicity, n(%)
White 962 (73) 417 (53)
Black 165 (13) 181 (23)
Hispanic 87 (7) 65 (8)
Other 97 (7) 102 (13)
Pre-pregnancy BMI (kg/m?), mean(SD) 24.9 (5.4) 24.9 (5.7)
GDM in a prior pregnancy, n(%)
No 640 (49) 372 (47)
Yes 23 (2) 20 (3)
Nulliparous 648 (49) 369 (47)
DM in participant’s mother, n(%)
No 1071 (92) 521 (92)
Yes 89 (8) 44 (8)
Missing/don’t know® 153 224
Smoking habit, n(%)
Never 900 (68) 526 (67)
Before pregnancy 259 (20) 131 (17)
During pregnancy 154 (12) 111 (14)
Household income > 70K, n(%) 799 (61) 327 (42)
College graduate and above, n(%) 913 (70) 428 (54)
Fish consumption® (servings/week), mean(SD) 1.6 (1.4) 1.8 (2.0)

Abbreviations: BMI, body mass index; GDM, gestational diabetes mellitus; DM, diabetes mellitus; SD,
standard deviation.

*Percentages in the excluded population may not add up to 100 due to missingness.

®The category “Missing/don’t know” was not included in the total population when calculating the
percentages of “Yes” and “No”

¢ During past 3 months of women’s initial pregnancy visit (median: 12 weeks gestation) estimated from
self-administered Food Frequency Questionnaire
Bayesian Kernel Machine Regression Analyses

From the BKMR model estimates, Ba had the highest posterior inclusion probability
(PIP: 0.5), followed by Hg and Se (0.1), suggesting that these were the most relevant

metal(loid)s associated with glucose levels. We examined the univariate exposure-response
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association of each metal(loid), fixing all other metal(loid)s at their medians (Figure SA, Table
8). Ba appeared to be associated with gestational glucose level in an inverse U-shaped pattern.
On average, the estimated glucose levels were 2.1 mg/dL higher comparing women with Ba
concentrations at the 75" percentile of the study population to those at the 25" percentile (95%
credible interval: -0.2, 4.4). However, the association became inverse when the women’s Ba
concentrations were above the 75™ percentile in the population (5.90 ng/g), with an estimated
decrease of 1.54 mg/dL for women with Ba concentrations at the 90™ percentile compared to
those at the 75 percentile (95% credible interval: -3.3, 0.2). Similarly, the estimated glucose
levels were 1.9 mg/dL lower comparing women with Hg concentrations at the 75" percentile to
those at the 25™ percentile (95% credible interval: -4.2, 0.4). The associations for other

metal(loid)s were weaker.

Table 8. Differences in gestational glucose levels (mg/dL) associated with interquartile (25 to
75™) changes of each metal(loid), with all other metal(loid)s fixed at their medians, estimated by
Bayesian Kernel Machine Regression (BKMR)

Estimate (95% credible interval)

Arsenic (As) 0.6 (-1.3,2.5)
Barium (Ba) 2.1(-0.2,4.4)
Cadmium (Cd) -0.3 (-1.7, 1.0)
Cesium (Cs) -0.2 (-2.2, 1.7)
Copper (Cu) 0.2 (-1.6,1.9)
Magnesium (Mg) 0.4 (-1.6,2.3)
Manganese (Mn) -0.5(-2.0, 1.1)
Lead (Pb) -1.2 (-3.1,0.7)
Selenium (Se) 1.1(-1.2,3.3)
Zinc (Zn) 0.3(-0.8,1.4)
Mercury (Hg) -1.9 (-4.2,0.4)

Models were adjusted for maternal age, self-identified race/ethnicity, pre-pregnancy body mass index
(BMI), parity, gestational diabetes in previous pregnancies, maternal education, diabetic status of
biological mother, and gestational week at blood collection for metal(loid)s measurements.
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To explore potential pairwise interactions, we plotted (Figure 5B) the exposure-response
associations of each metal(loid) with a second metal(loid) at different percentiles (10, 50t, 90™)
and the rest fixed at their medians. We detected five pairs of metal(loid)s with potential
interactions, all of which involve Ba: As-Ba, Hg-Ba, Mg-Ba, Pb-Ba, Se-Ba: the exposure-
response curves of the 5 metal(loid)s (As, Hg, Mg, Pb, Se) were not parallel at low, median, and
high Ba concentrations. For example, the positive associations between As and glucose level

were stronger at higher percentiles of Ba.
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Figure 5. Joint associations of the metal(loid)s mixture on gestational glucose levels from 1-hr
glucose load test (GLT) estimated by Bayesian Kernel Machine Regression (BKMR).
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Figure 5. Joint associations of the metal(loid)s mixture on gestational glucose levels from 1-hr

glucose load test (GLT) estimated by Bayesian Kernel Machine Regression (BKMR).

(A) Univariate exposure-response functions and 95% credible intervals for each metal(loid) with the other
metal(loid)s fixed at their medians. (B) Exposure-response functions of metal(loid)s pairs. Each cell
represents the exposure-response curve for the column metal(loid) when the row metal(loid) is fixed at
10th, 50th, and 90th percentiles and the other two metal(loid)s fixed at their medians.

Models were adjusted for maternal age, self-identified race/ethnicity, pre-pregnancy body mass index
(BMI), parity, gestational diabetes in previous pregnancies, maternal education, diabetic status of
biological mother, and gestational week at blood collection for metal(loid)s measurements.
Abbreviations: As, arsenic; Ba, barium; Cd, cadmium; Cs, cesium; Cu, copper; Mg, magnesium; Mn,
manganese; Pb, lead; Se, selenium; Zn, zinc; Hg, mercury.

To assess the robustness of the findings and formally test the statistical significance of

these interactions suggested in BKMR, we subsequently fitted a multivariable GAM
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incorporating these five interaction terms in addition to the main effects of all the metal(loid)s, as
smooth functions. A similar inverse U-shaped association between Ba and glucose level and a
positive association for Hg were detected (p = 0.004, 0.05, respectively, Supplemental material
Figure S2). The GAM also showed suggestive evidence of interactions between Pb and Ba, Mg
and Ba, as well as As and Ba (p = 0.005, 0.04, 0.08, respectively). In a linear regression model
with selected metal(loid)s (As, Ba, Mg, Pb, Se, Hg, where Ba was categorized into tertiles) and
the pairwise interactions with Ba suggested by GAMs (As-Ba, Mg-Ba, Pb-Ba), we further
confirmed the directions of these interactions (Table 9). For example, 1 SD increase of As on the
log-transformed scale was associated with 2.0 mg/dL (95% confidence interval: -0.8, 4.8) higher
glucose level when setting Ba at the highest tertile, which is greater than the value when setting
Ba at the second tertile (0.8 mg/dL; 95% confidence interval: -1.9, 3.5). These results are

consistent in direction with the interaction suggested in BKMR models.
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Table 9. Differences in gestational glucose levels (mg/dL) associated with 1 standard deviation
increase of metal(loid)s concentrations on log-transformed scale, estimated by multivariable
linear regression model.

Estimate (95% confidence interval)

Se 0.8 (-1.1, 2.6)
Hg -1.7(-3.4,0.1)
As
Ba tertile 1 -0.7 (-3.6, 2.3)
Ba tertile 2 0.8 (-1.9,3.5)
Ba tertile 3 2.0 (-0.8, 4.8)
Mg-Ba
Ba tertile 1 1.8 (-0.8,4.4)
Ba tertile 2 0.4(-24,3.2)
Ba tertile 3 -1.0 (-3.8, 1.8)
Pb-Ba
Ba tertile 1 -2.6 (-5.2,0.0)
Ba tertile 2 -2.5(-5.0,0.1)
Ba tertile 3 1.2 (-1.3,3.8)

Models were adjusted for maternal age, self-identified race/ethnicity, pre-pregnancy body mass index
(BMI), parity, gestational diabetes in previous pregnancies, maternal education, diabetic status of
biological mother, and gestational week at blood collection for metal(loid)s measurements. Ba
concentrations were categorized as tertiles.

Abbreviations: Se, selenium; Hg, mercury; As, arsenic; Ba, barium; Mg, magnesium; Pb, lead.

Sensitivity analysis

Results from BKMR analyses and GAMs were similar when we included 14 observations
with extreme metal(loid)s concentrations, and when we further adjusted for hemoglobin
concentration, fish consumption or n-3 fatty acid consumption. When fitting the GAM using the
combined IGT and GDM binary outcome, the associations between Hg, Cd and the risk of
GDM/IGT appear to be in the same directions as with gestational glucose levels, although Ba did
not appear to be associated with glucose levels and none of the metal(loid)s appear to be

significantly associated (results not shown).
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Discussion

In the present study, we assessed the individual and joint effect of both essential and non-
essential metal(loid)s exposure using data from the Project Viva pregnancy cohort. We observed
a modest inverted U-shaped nonlinear association between early pregnancy Ba and late 2™
trimester GCT glucose levels, where Ba was associated with higher GCT glucose levels in low to
moderately high Ba concentrations and was associated with lower glucose level in moderately
high to high Ba concentrations as well as in very low to low concentrations. We also found a
modest inverse association between early pregnancy Hg concentrations and GCT glucose levels,
which persisted after adjustment for the beneficial effects of fish consumption. Interestingly, we
saw suggestive evidence of pairwise interactions between As and Ba, Pb and Ba, as well as Mg
and Ba.

Barium (Ba) is a non-essential metal that naturally occurs in most food, surface waters
and in public drinking water supplies. While the general population is usually exposed to Ba at
low levels, workers in barium mining industries and individuals who reside near such industries
may be exposed to relatively high levels through the inhalation of dust containing Ba compounds
(ATSDR, 2007). Few studies have evaluated the association between Ba and glycemic status,
and most were done among non-U.S. populations and/or workers occupationally exposed to
higher levels of toxic metals (Cancarini et al., 2017; Feng et al., 2015; X. T. Li et al., 2017; Liu
et al., 2016). One study based on the 1999-2010 National Health and Nutrition Examination
Survey, a representative sample of the U.S. civilian population, found that higher levels of
urinary Ba were associated with greater insulin resistance defined by the Homeostatic Model
Assessment of Insulin Resistance (HOMA-IR), but not with risk of diabetes (Menke et al., 2016).
Possible mechanisms of Ba in relation to glucose levels during pregnancy and its interaction with

other metal(loid)s remain unclear.
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On the other hand, several studies—both basic and epidemiological studies—have
evaluated the association between Hg and glucose levels. Animal and in vitro studies show that
exposure to Hg can cause pancreatic beta cell apoptosis and interfere with lipid peroxidation,
possibly accelerating progression to diabetes (Chen et al., 2006; Moreira et al., 2012). However,
a review of epidemiologic studies examining the association between Hg exposure and glycemic
status outside of pregnancy suggested that findings were inconsistent (Roy et al., 2017). As far as
we are aware, only three studies have evaluated Hg exposure in association with glycemic status
during pregnancy, showing positive (Peng et al., 2015), negative (Valvi et al., 2017), and null
(Shapiro et al., 2015) associations between Hg exposure and the risk of GDM.

While our findings were similar indirection to those of Valvi et al, results may differ from
other studies for several reasons. First, the findings can be impacted by the biosamples used to
estimate Hg exposure applied in different studies. In our study, we used total Hg measured in
erythrocytes collected during early pregnancy. It has been suggested that erythrocyte Hg is a
good indicator of Hg exposure due to the uniform distribution of Hg in tissues and that a high
proportion (over 90%) of Hg stably resides in erythrocytes (National Research Council (US)
Committee on the Toxicological Effects of Methylmercury, 2000; Nordberg, 1976). However, it
is unclear whether the distribution of Hg in the blood is altered by early pregnancy blood glucose
levels, as women with higher blood glucose levels have enhanced glycation of hemoglobin
(Sacks, 2013). Therefore, the inverse association between erythrocyte Hg and glucose levels may
act through physiological changes and not toxicological effects. Second, the findings can be
affected by unadjusted or not fully adjusted confounding factors, as well as the measurement for
confounding factors. Healthy dietary patterns which includes fish consumption — one of the

major sources of Hg exposure — may lower glucose levels and reduce the risk of developing
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GDM (Santangelo et al., 2016; Schoenaker et al., 2016). In this study, the association between
Hg and glucose levels remained similar after further adjusting for fish consumption or n-3 fatty
acid consumption estimated from FFQ. However, these estimates may be affected by recall bias,
and/or it may not fully capture the beneficial factors relevant to glucose metabolism (e.g. specific
types of fish). Third, the findings may only reflect associations between Hg exposure and
glycemic status in certain exposure ranges. Hg exposure is expected to be low in this study
population, given the generally low habitual fish intake and low environmental contamination
(Oken et al., 2016). Therefore, it is possible that the inverse Hg association seen in the present

study is only applicable in low Hg exposure settings.

Our study has some limitations. First, a single measurement of metal(loid)s may not
represent the average levels of the metal(loid)s during early pregnancy. For example, since Ba in
the blood is readily eliminated within a few days (ATSDR, 2007; Choudhury and Cary, 2001),
the erythrocyte Ba concentrations may vary largely based on a woman’s day-to-day intake.
However, this is less of a concern for metal(loid)s with longer half-lives in the blood such as Pb,
Hg and Cd (Jarup et al., 1983; Kioumourtzoglou et al., 2016; Rabinowitz et al., 1976). Second,
the glucose levels used as the main outcome of this study were from the non-fasting 50-gram
GCT used as a part of GDM screening, which can be affected by the timing and compositions of
the last meal. As a secondary analysis, we also evaluated combined IGT and GDM as the
outcome; however, we were limited by the sample size to have power to detect any statistically
significant associations. Third, although we adjusted for major demographic, lifestyle and
reproductive health information, our findings may be subject to residual confounding, such as

nutrient intake. It is also possible that some non-environmental factors may modify the
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associations between metal(loid)s and gestational glucose levels, which we did not have enough
statistical power to examine in this study. Fourth, selection bias may be present, as a relatively
large proportion (36%) of participants in the cohort did not have complete measurements for all
metal(loid)s and were therefore not included in the analysis. However, we were able to adjust for
some major factors related to being included in the analysis, such as race/ethnicity and education
level, which may have helped to reduce the possibility of selection bias in this study. Fifth, our
study population included mothers, living in eastern Massachusetts, who all had access to
prenatal care and were relatively well educated. Therefore, results from this study may not be
generalizable to other populations, especially those with lower socioeconomic status, at higher
risk of developing pregnancy complications, and with differing dietary and metals exposure
source patterns.

Despite the limitations, our study has several strengths. We employed BKMR, a
nonparametric method to evaluate the associations between metal(loid)s mixture and gestational
glucose levels. This statistical approach allowed us to overcome many limitations that traditional
approaches have, such as model mis-specification, violation of linearity, and multiple
comparisons. In addition to providing estimates of the associations between metal(loid)s and
gestational glucose levels, BKMR also served as an exploratory tool for suggesting main effects
and interactions to include when constructing parametric models in GAMs and linear regression
models. In this study, where a relatively large number of metal(loid)s (n = 11) were assessed
simultaneously, using parametric approaches directly can be challenging as they require
estimating a much larger number of parameters in order to allow for non-linear exposure-

response relationships and interactions among the exposures. Other strengths of the study include
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its relatively large sample size, the fact that the study design was prospective, and our ability to

investigate these associations adjusting for major confounders.
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Conclusion

Among a prospective cohort of Massachusetts pregnant women, we found evidence for
an inverse U-shaped nonlinear association between early pregnancy erythrocyte Ba and
gestational glucose levels, and an inverse association for erythrocyte Hg. We also saw suggestive
evidence of interactions between Ba and three other metal(loid)s (Pb, Mg, As). While these
exploratory findings suggest that essential and non-essential metal(loid)s exposures may
individually and jointly play a role in glucose metabolism during pregnancy, caution should be
taken when interpreting the results as this is one of the first studies examining these associations
using erythrocyte metal(loid)s. If replicated and well quantified in different biomarkers and
among different pregnancy populations, these findings may provide implications for the

prevention of maternal dysglycemia during pregnancy.
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Conclusions

In these three studies conducted in two prospective pregnancy cohorts, we found that
early pregnancy concentrations of certain metal(loid)s may be associated with gestational
glucose levels late in the 2" trimester. In the NICHD Fetal Growth Study cohort (analyzed in
Study I and II), we identified that plasma Cu was positively associated with gestational glucose
levels, while plasma Mo was inversely associated with gestational glucose levels. Additionally,
the positive association between Cu and glucose levels appeared to be stronger when Zn
concentrations were higher. In Study III, we found that erythrocyte Ba was associated with
gestational glucose levels in an inverse U-shaped pattern, and erythrocyte Hg was inversely
associated with gestational glucose levels, both with modest effect sizes. We also found
suggestive evidence of interactions between Ba and other essential and non-essential metal(loid)s
(i.e. Pb, As, Mg).

Three metal(loid)s — Zn, Se, and Cu — were evaluated in both cohorts. While findings
from both cohorts suggested positive associations between these metal(loid)s and gestational
glucose levels, the effect sizes were much weaker within the Project Viva cohort. The difference
may be explained by a few reasons. First, the metal(loid)s were measured in different biomarkers
(plasma vs. red blood cells), where metal(loid)s concentrations may or may not be similar or
proportional. Second, the precision of the measurements within the two cohorts might be
different, which can affect the ability to detect any associations. Third, the two pregnancy
populations were different in a number of aspects including but not limited to race/ethnicity and
geographic regions, which may lead to different levels of metal(loid)s exposures and

susceptibility to glycemia.
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Our studies added important insights to the body of literature examining the associations
between metal(loid)s and glycemia status during pregnancy. First, we identified a few metals
(i.e. Cu, Mo, Ba, Hg) that might alter gestational glucose levels and are of interest for future
research. Many of these metals have only been assessed in a limited number of pregnancy
cohorts, and their roles in the glucose metabolism are not clear. Although the effect sizes
detected in our studies were moderate, modifying their concentrations may have a large impact
on the population level (e.g. decrease the prevalence of GDM). Second, our findings of several
essential metal(loid)s (i.e. Cu, Zn, Se) positively associated with gestational glucose levels or
GDM risks raises concern about their safety/non-toxic doses. Some essential metal(loid)s, such
as Zn and Se, have been considered as potential treatment for diabetes (El Dib et al., 2015;
Karamali et al., 2015; Wang et al., 2017), while studies of their relationships with glycemia
status within pregnant populations found inconsistent results (Wilson 2016, Kong 2016). The
associations of our study suggest that their protective effects in glucose metabolism may be
dependent on the exposure levels and might be modified by other metals. Third, our studies are
among the first to consider metal(loid)s exposure as a mixture in relation to their associations
with gestational glucose level. The interactions that we detected suggests that the protective/toxic
features of one metal(loid)s can be affected by the others. Therefore, decision makers should
consider multiple elements when designing intervention strategies. Fourth, while most available
studies on this topic were conducted in a case-control or cross-sectional manner, the prospective
design of our studies help us better understand the causal relationship between metal(loid)s
concentrations and gestational glucose levels.

Our studies (Study II and III) also provided useful implications for the application of

mixture analysis methods in environmental epidemiologic studies. When few elements are
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included as a mixture such as the situation in Study II, applying multiple methods allows the
verification of the underlying assumptions of various methods and helps obtain a more
comprehensive picture of the associations between metal(loid)s mixture and gestational glucose
levels. When the exposure mixture constitutes a relatively large number of exposures such as the
situation in Study III, BKMR can be useful as a qualitative screening tool to select potential
interactions, especially when prior knowledge on the exposure-response relationships is lacking.
Well-designed simulation studies that takes into account the complexity of real-world datasets
(e.g. unmeasured confounders, complex correlation pattern among the elements, extreme values)
are needed to further compare the performances of these different methods.

There are some limitations of our studies. One of the biggest limitations the three studies
shared in common is the use of a single measurement of the metal(loid)s concentrations from
each woman to represent her exposure levels during early pregnancy, which is of special concern
for metal(loid)s with short half-lives in blood such as As and Ba. This can be potentially
addressed by evaluating the variation of non-persistent metal(loid)s using longitudinal
measurements. In addition, using non-fasting glucose level from GLT as the main outcome used
for these studies has some drawbacks. Most importantly, it can be affected by the collection date
and the timing of the last meal and therefore may not truly represent the level of glycemia of the
women. However, given the sample size and the prevalence of GDM in these cohorts, we were
under powered to detect associations using GDM as the outcome.

Future research is warranted in order to provide practical implications for the prevention
of maternal dysglycemia. First, additional large-scale prospective studies are needed to confirm
our findings and to better quantify the associations between metal(loid)s and glycemia status

during pregnancy. Given that metal(loid)s have different route of exposure, toxicokinetics and
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metabolism, using appropriate biomarkers to estimate the exposure is critical, and comparisons
of different biomarkers may be considered. Moreover, studies need to explore vulnerable
populations, such as those who are more likely to be exposed to toxic metal(loid)s and those
might be more sensitive to the alteration of metal(loid)s concentrations. Second, pathways
through which metal(loid)s may affect diabetogenesis during pregnancy remains to be explored.
Different biomarkers for the effect may be considered, including but not limited to measures for
pancreatic cell function, insulin resistance, and oxidative stress. Third, proper adjustment for diet
in the association between metal(loid)s and pregnancy glycemia represents important challenges.
Not only is food a major source for the exposure of metal(loid)s, but also other nutrients and
toxicants in food might have an effect on the glucose metabolism, independently or jointly with
the metal(loid)s. Assessing the metal(loid)s composition in various food sources, and mediation
analysis evaluating the association between certain food types and glycemia through metal(loid)s
can provide more insights into this issue. Last but not the least, researchers should consider
simultaneous analysis of a wider range of environmental exposures that can be co-exposed with

metal(loid)s and may be involved in glucose metabolism.
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Supplementary Material
Table 1. Multivariable® adjusted associations between categorized metal(loid) concentrations and

1-hour GLT glucose levels across the distribution of the outcome
Glucose level distribution (mg/dL)

Metal(loid), pg/L Mean 10™ percentile Median 90™ percentile
Estimate (95% CI) p Estimate (95% CI) p Estimate (95% CI) p Estimate (95% CI) p

Zn

Q1 [396,714] Ref. Ref. Ref. Ref.

Q2 (714, 803] 1.45(-1.95,4.85) 0.40 -142(-5.01,1.92) 0.37 -0.03 (-3.95, 3.56) 0.99 1.70 (-4.74,12.93) 0.65

Q3 (803, 900] 1.21 (-2.18, 4.60) 0.49 -4.18 (-8.08,-0.15) 001 1.00 (-2.50,5.02) 0.62 3.44 (-2.44,10.79) 0.28

Q4 (900, 12100] 2.61 (-0.80,6.03) 0.13 -4.22 (-7.20,-0.10) <0.01 1.54 (-1.90,5.61) 0.46 5.38 (-1.50, 14.04) 0.12

p-Trend 0.16 0.03 041 0.13

Se

Q1[439,113] Ref. Ref. Ref. Ref.

Q2 (113, 123] 0.82(-2.54,4.19) 0.63 -1.46 (-4.38,2.38) 045 0.74 (-3.03,4.03) 0.72 239 (-5.47,8.25) 0.40

Q3 (123, 133] 3.28 (-0.14,6.71) 0.06 -0.01 (-3.69,4.09) 0.99 3.21(-0.51,6.49) 0.11 7.54 (-2.95,14.05) 0.07

Q4 (133,326] 2.03 (-1.42,5.47) 0.25 -1.27 (-4.32,1.85) 049 1.88 (-1.79,4.94) 0.39 5.15(-2.47,12.53) 0.12

p-Trend 0.15 0.61 0.29 0.09

Cu

Q1 [677, 1630] Ref. Ref. Ref. Ref.

Q2 (1630, 1870] 2.77 (-0.62,6.16) 0.11 2.19 (-2.60, 5.25) 035 0.60 (-2.35,5.90) 0.77 4.16 (-3.00, 12.50) 0.20

Q3 (1870, 2110] 6.39 (2.90,9.88) <0.01 441 (-0.26,7.72) 0.02 447 (042,10.21) 0.05 8.93(1.98,16.18) 0.01

Q4 (2110, 3480] 6.27 (2.66,9.89) <0.01 3.84 (0.63,6.48) 0.08 5.02(1.19,10.52) 0.02 8.28 (0.49, 17.56) 0.02

p-Trend <0.01 0.02 <0.01 <0.01

Mo

Q1[0.52,1.35] Ref. Ref. Ref. Ref.

Q2(1.35,1.94] -0.12 (-3.62,3.37) 0.94 1.00 (-5.55,5.48) 0.72 -0.39 (-3.95,3.75) 0.86 0.58 (-3.94,7.40) 0.88

Q3(1.94,2.69] -3.82 (-7.34,-0.30) 0.03 143 (-2.78,6.01) 047 -3.75 (-7.92,-0.64) 0.07 -7.96 (-11.67,-2.51) 0.05

Q4(2.69,17.10] -3.15(-6.71,0.41) 0.08 -1.90 (-6.51,2.43) 033 -2.01 (-6.75,0.34) 0.33 -6.55(-13.90, 1.41) 0.19

p-Trend 0.02 043 0.13 <0.01

Abbreviation: GLT, glucose load test

*Adjusted for age, race, education, full-time employed/student, marital status, family history of
diabetes, parity, pre-pregnancy BMI, physical activity, gestational week at blood sampling
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Table S2. Concentrations (ug/L) of trace elements in Study II participants and NHANES

Trace Study participants NHANES 2011-2014

element (N=1720)? (N =514)°
Geometric Median 25" percentile 75" percentile Median
Mean

Zn 801 805 714 900 773

Se 122 123 113 132 124

Cu 1847 1867 1632 2104 1284

Mo 1.9 1.9 14 2.7 -

Abbreviations: GLT, glucose load test; Zn, zinc; Se, selenium; Cu, copper; Mo, molybdenum.

aLevels of plasma trace elements levels among the study participants.

"Levels of serum trace elements among nonpregnant women at reproductive age (18 — 45 y)
from the National Health and Nutrition Examination Survey (NHANES) 2011 — 2014 data.
Serum molybdenum levels were not measured.
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Figure S1. The exposure-response curves with 95% confidence intervals for each trace element

in relation to glucose levels from 1-hr glucose load test (GLT) in Study II, estimated by
Generalized Additive Model (GAM).

Models were adjusted for age, race, education, full-time employed/student, marital status, pre-
pregnancy overweight, nulliparity, gestational week at blood sampling, physical activity. Trace

elements concentrations were log-transformed and standardized.

Abbreviations: Zn, zinc; Se, selenium; Cu, copper; Mo, molybdenum.
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Table S3. Distributions of red blood cell metal(loid)s concentrations among Study I1I

participants® (ng/g)

Percent  Intra-class Geometric ~ Median 25t 75t

detect correlation® Mean percentile percentile
Arsenic 90% 0.886 0.818 0.836 0.440 1.530
Barium 99% 0.819 3.65 3.18 1.99 5.90
Cadmium 95% 0.932 0.402 0.395 0.279 0.559
Cesium 100% 0.900 2.51 2.53 2.03 3.18
Copper 100% 0.644 563 563 515 617
Magnesium  100% 0.726 41300 41100 37000 46100
Manganese  100% 0.825 16.3 16.1 13.1 20.3
Lead 100% 0.963 17.9 17.6 13.5 23.6
Selenium 100% 0.770 250 248 220 282
Zinc 100% 0.748 10300 10400 9270 11600
Mercury 97% 0.920 2.94 3.25 1.64 6.39

aMetal(loid)s concentrations are reported with different decimal places due to different limit of
detection levels.

®52 duplicate pairs were analyzed to calculate intra-class correlations.
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Figure S2. Exposure-response functions with gestational glucose levels and their 95% confidence
intervals for (A) barium (Ba), and (B) mercury (Hg), estimated by the generalized additive model
among Study III participants.

Ba and Hg concentrations were log-transformed and standardized.
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