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Abstract

Background—The infant microbiome contributes to health status across the lifespan, but
environmental factors affecting microbial communities are poorly understood, particularly when
toxic and essential elements interact.

Objective—We aimed to identify the associations between a spectrum of other early-postnatal
nutrient or toxic elemental exposures measured and the infant gut microbiome.

Methods—Our analysis included 179 six-week-old infants from the New Hampshire Birth
Cohort Study. Eleven elements were measured in infant toenail clippings. The gut microbiome was
assessed using 16S rRNA V4-V5 hypervariable region targeted sequencing. Multivariable zero-
inflated logistic normal regression (MZILN) was used to model the association between element
concentrations and taxon relative abundance. To explore interactive and nonlinear associations
between the exposures and specific taxa we employed Bayesian Kernel Machine Regression
(BKMRY). Effect modification by delivery mode, feeding mode, peripartum antibiotic exposure,
and infant sex was assessed with stratified models.
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Results—We found a negative association between arsenic and microbial diversity in the full
population that was accentuated among infants exposed to peripartum antibiotics. Arsenic,
cadmium, copper, iron, lead, manganese, nickel, selenium, tin, and zinc were each associated with
differences in at least one taxon in the full study population, with most of the related taxa
belonging to the Bacteroides and Lactobacillales. In stratified analyses, mercury, in addition to the
other elements, was associated with specific taxa. Bifidobacterium, which associated negatively
with zinc in MZILN and BKMR models, had a quadratic association with arsenic concentrations.
These associations varied with the concentration of the other element.

Conclusions—Early postnatal toxic and nutrient elemental exposures are associated with
differences in the infant microbiome. Further research is needed to clarify the whether these
alterations are a biomarker of exposure or if they have implications for child and lifelong health.

Keywords

Infant gut microbiome; 16S rRNA gene; Metals/metalloids; Elemental nutrients; Mixtures;
Bayesian kernel machine regression

INTRODUCTION

For nearly a decade there have been calls to examine the interaction between environmental
toxicants and the gut microbiome (Betts, 2011; Feingold et al., 2010), but most of the
current research has been conducted in animal models and, with few exceptions (Gaulke et
al., 2018; Guo et al., 2014; Yu et al., 2016), has explored the effects of individual chemicals
(Chi et al., 2018, 2016; Rosenfeld, 2017). The literature is particularly sparse regarding
studies of human infants. The neonatal gut microbiome is unstable until a balanced
community is established (Lozupone et al., 2012; Palmer et al., 2007), and during this period
may be especially sensitive to modifying factors such as environmental chemicals. Infants
are exposed to an onslaught of exposures simultaneously, including metals and metalloids,
collectively referred to as “metals” (Rauh et al., 2010; Stiemsma and Michels, 2018). Some
exposures, including essential nutrients from breastmilk, are vital for infant growth and
development, but others are harmful toxicants (Oskarsson et al., 1998; Rauh et al., 2010).
Although some nascent work has examined how these elements interact to impact child
health (Henn et al., 2014; Valeri et al., 2017), mixture methods have not yet been applied to
the microbiome.

Many epidemiological and experimental studies have explored the detrimental effects of
infant exposure to metals on growth (Sabra et al., 2017; Vrijheid et al., 2016),
neurodevelopment (Rodriguez-Barranco et al., 2013; Vahter, 2008; Vrijheid et al., 2016),
and gastrointestinal symptoms (Farzan et al., 2016; Rahman Anisur et al., 2011; Rivera-
Dominguez and Castano, 2019). However, the mechanisms by which metals affect child
health are not fully understood (Jaishankar et al., 2014), and the microbiome remains an
underexplored target of these elements. As the most critical barrier organ, the intestines
house the majority of the microbes in and on the human body (The Human Microbiome
Project Consortium et al., 2012); toxicants directly impact microbes and are often
metabolized by them. Our previous work found associations between six-week-old urinary
arsenic and the gut microbiome (Hoen et al., 2018). Another recent paper described
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associations between organic compounds in breastmilk and the infant gut microbiome one
month post-partum (Iszatt et al., 2019). However, these works did not consider the myriad of
elements to which the gut is exposed concomitantly, especially at the taxon-level.

This study expands on our earlier findings of an association between arsenic and the infant
gut microbiome by examining exposure to eleven trace elements concurrently in the
neonatal period of 0-6 weeks of age. In addition to controlling for confounding by the other
metals/nutrients, which are common co-exposures, we implemented novel statistical
methods to allow for potential nonlinear and interactive associations between essential and
toxic elements and the microbiome.

MATERIALS AND METHODS

2.1 Study cohort

Pregnant women (approximately 24—-28 weeks gestation) ages 18-45 were recruited from
New Hampshire prenatal clinics, as previously described (Gilbert-Diamond et al., 2011).
Inclusion criteria for the original cohort (designed to examine the effects of drinking-water
arsenic on infant health) included using a private, unregulated well at their residence since
last menstrual period and no plans to move. Participants provided written and informed
consent. All study protocols were reviewed and approved by the Center for the Protection of
Human Subjects at Dartmouth.

2.2 Toenail and stool sample collection

At approximately two weeks postpartum, participants were sent materials to collect and
return a clipping of their infant’s toenails. Infant toenails grow roughly 0.1 mm/day (Goullé
et al., 2009) and are on average 3.2-5.7 mm in length at birth (Davis et al., 2014), and thus
clippings reflect exposures approximately six to seven weeks prior, including the relevant
window during which the naive gut is colonized by bacteria. These peripartum exposures
primarily result from transplacental transfer (Chen et al., 2014). Infant stools were collected
as previously described (Madan et al., 2016). At a regularly scheduled postpartum visit
(approximately six weeks postpartum), mothers were asked to bring in the infant toenail
clipping sample and to collect an infant stool sample in a provided diaper and store it in their
home freezer until they were able to return it to the study site (within 24 hours). Stool was
thawed at 4°C so that it could be aliquoted into cryovial tubes containing RNAlater and
homogenized before storing at —80°C.

2.3 Trace element/metal/metalloid analysis in infant toenails

Trace elements were measured in infant toenails as previously described (Punshon et al.,
2016). Briefly, samples were digested with a low-pressure microwave method and subjected
to inductively coupled plasma mass spectrometry (ICP-MS) to measure the concentration of
sixteen metal/metalloid compounds (aluminum, vanadium, chromium, manganese, iron,
nickel, copper, zinc, arsenic, selenium, molybdenum, cadmium, tin, antimony, mercury, and
lead). Of these, we a prioriidentified manganese, iron, nickel, copper, zinc, arsenic,
selenium, cadmium, tin, mercury, and lead as exposures of interest because toenail
concentrations of these compounds are considered reproducible biomarkers of exposure
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(Garland et al., 1993), including in infant samples (Appleton et al., 2017; Davis et al., 2014;
Maccani et al., 2015; Punshon et al., 2016). Mean recovery of standard reference material
[National Institute for Environmental Sciences (Japan) Certified Reference Material No. 13,
hair] was 92% (£ 7%) and the average coefficient of variation between duplicates was 5%
(all =7%). Any variability of precision in measurement is independent of outcome
assessment and therefore likely biases any associations toward the null by introducing noise.
Machine-reported concentrations below the limit of detection (LOD) were used (Whitcomb
and Schisterman, 2008). Undetectable concentrations were imputed with the analyte-specific
LOD/sqrt(2). For comparability, concentrations were log-transformed and z-scaled, and
exposures were treated continuously.

2.4 Microbiome analysis in stool samples

As previously described (Madan et al., 2016), DNA was extracted from infant stool samples
with the Zymo Fecal DNA extraction kit (Cat# D6010, Zymo Research, Irvine, CA), using
the manufacturer’s instructions. For each extraction, 400ul RNAlater stool slurry (50—-100mg
of stool) was used to isolate DNA. Extractions were run in batches of multiple samples,
including a composite RNAlater stool positive control and RNAlater negative control. Lysis
was perform using 750ul Lysis Buffer in ZR BashingBead™ Lysis Tubes (0.5 mm), mixed
and then shaken on a Disruptor Genie for 6 minutes. Eluted DNA was quantified on a
Qubit™ fluorometer using the Qubit™ dsDNA BR Assay. Average coefficient of variation
of DNA yields (ng/ul) for composite RNAlater stool positive controls was 28%. No DNA
was ever detectable in negative control elutions. The V4-V5 hypervariable region of the 16S
rRNA gene (Degnan and Ochman, 2012) was sequenced on an Illumina MiSeq at the Marine
Biological Laboratory in Woods Hole, Massachusetts. Representative negative controls were
submitted for Illumina v4v5 16S sequencing, but no reads were obtained. Details on quality
control measures were described previously (Madan et al., 2016). Amplicon sequence
variants (ASVs) were inferred using the DADAZ2 pipeline (Callahan et al., 2016) and
taxonomies were assigned using the Greengenes classifier and reference dataset (DeSantis et
al., 2006).

2.5 Statistical analysis

Our analysis was restricted to term (= 37 weeks gestational age) infants who had stool
samples collected at approximately six weeks postpartum, whose toenail clippings were
collected no more than 10 weeks after stool collection, and who had complete covariate data
(Figure S1, n =179). Covariates were selected a priori or if they had previously been
identified as predictors of the six-week microbiome in New Hampshire Birth Cohort Study
(NHBCS) analyses (Coker et al., 2019; Hoen et al., 2018; Lundgren et al., 2018; Madan et
al., 2016; Singh et al., 2019). These included feeding method, delivery mode, peripartum
antibiotic exposure, infant sex, maternal fruit and dairy intake during pregnancy, and parity.
Based on prior work, feeding method, delivery mode, peripartum antibiotic exposure, and
infant sex were considered potential effect modifiers. Thus, analyses stratified on these
factors were conducted. Statistical significance was defined as p < 0.05. All analyses were
conducted in R 3.5.2 (R Core Team, Vienna, Austria).
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Alpha (within-subject) diversity was calculated with the Shannon (1949) and Simpson
(1949) Indices, and, because the exposures and outcome relations appeared linear, we used
linear regression to model each metal/metalloid with the alpha diversity indices, adjusted for
all other metal/metalloids and covariates. Beta diversity (community structure) was assessed
using generalized UniFrac distances (Chen et al., 2012). Using the adonis2function in the
“vegan” package with 10,000 permutations, we tested the statistical significance of the
contribution of each exposure to community structure while adjusting for all metal/metalloid
exposures and covariates (considered significant if p < 0.05). Alpha and beta diversity
supplemental analyses considered each exposure individually (not adjusting for other
exposures) for comparison to mutually adjusted models. To identify ASV-specific
associations each of the elements, we employed Multivariate zero-inflated logistic normal
(MZILN) models (Li et al., 2018). MZILN statistically models zero-inflated and
compositional relative abundance data using both discrete and continuous components to
allow for zero-valued relative abundances (with a random taxon selected as the reference) as
the outcome and uses ordinary least squares with a minimax concave penalty for estimation
based on log-likelihood function. Given the predictive nature of this model, multiple
corrections testing is neither appropriate nor necessary because we do not interpret
significance or p-values. All exposures and relative abundance outcomes were included
concurrently in the models, which were run 100 times; we used a threshold of having a non-
zero estimate in at least 90 runs to ensure robustness of results. This method was shown to
be insensitive to the reference taxon selected (Li et al., 2018), but in sensitivity analyses we
ran these models with each taxon serving as the reference. MZILN, like all available
methods for microbiome data, assumes a linear relationship between each exposure and
outcome, and cannot account for correlations among exposures.

Finally, because we hypothesized that some elements may have nonlinear and/or interactive
effects, we utilized Bayesian kernel machine regression (BKMR) with variable selection to
flexibly model the association between the metals/metalloids and the top ten most abundant
taxa and each metric of alpha diversity in the unstratified population (Bobb et al., 2015).
BKMR exploits the (dis)similarity of subjects’ exposure profiles in a kernel machine to
estimate the exposure-response function, from which one can examine cross-sections of this
high-dimensional surface by setting all but one or two of the predictors to a fixed value. To
better approximate a normal distribution of the outcome (taxon relative abundance), a
pseudo count of 0.5 was added to zero-count data before calculating relative abundance and
log transformation (Chen and Li, 2013). Using a Gaussian kernel with 30,000 iterations, we
explored the nonlinear dose-response curve for each individual exposure when all other
exposures were held at their median. Elements selected for inclusion in more than 50% of
the iterations [posterior inclusion probability (PIP) > 0.5] were deemed to be significant
contributors to the variability in the outcome. To examine whether any two elements
interacted, we visually compared the dose-response curve for a given exposure when one
other exposure was fixed at the 101", 50thv or 90™ percentile and all other exposures were
fixed at the 50t percentile. After visually assessing each BKMR fitted univariate and
bivariate exposure-response function, we confirmed and quantified our findings by applying
the most appropriate traditional regression method.
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3. RESULTS

3.1 Study participant characteristics

Of 1305 pregnant women enrolled in our study since stool collection began, we obtained a
stool sample from 661 infants at approximately six weeks of age and performed 16S
sequencing on 391 of these (Figure S1). We further obtained trace element data, including
toxic metals/metalloids and nutrient elements, measured in toenail clippings at six weeks on
222 of these infants and complete exposure, outcome, and covariate data on 179. Mothers of
infants included in our analysis were 60% parous and 93% were married (Table 1).
Approximately half of infants were exposed to peripartum antibiotics and a quarter were
born via Caesarean delivery (Table 1). Participants included in the analysis were more likely
to have any higher education compared to those not included in the analysis (43% compared
to 33%). Many element concentrations were positively correlated with one another (positive
Spearman’s correlation coefficient range: 0.003, 0.87; Figure S2). Mercury was not
correlated with other elements except for selenium, with which it had a weak positive
correlation (Spearman’s correlation coefficient = 0.29). Exposure distributions were similar
for individuals included in the analysis and those not included except for nickel and zinc,
both of which had higher means in our analytical cohort (Table 1, Table S1).

3.2 Within-subject (alpha) diversity and community structure (beta diversity)

Infant toenail arsenic was marginally negatively associated with the Simpson Index, a
measure of within-subject diversity [p = —0.03 per standard deviation increase in log arsenic
concentration, 95% CI (=0.07, 0); Figure 1, Table S2]. This association was stronger and
more statistically significant (smaller p-value) among infants who were exclusively breast
fed [ = —0.05 per standard deviation increase in log arsenic concentration, 95% CI (0.1,
0)], exposed to peripartum antibiotics [ = —0.06 per standard deviation increase in log
arsenic concentration, 95% CI (=0.11, 0)], or vaginally delivered, exclusively breastfed and
exposed to peripartum antibiotics [ = —0.12 per standard deviation increase in log arsenic
concentration, 95% CI (—0.24, —0.01)]. Estimates were mostly similar in single-exposure
models, but the negative association with arsenic among vaginally delivered, exclusively
breastfed infants was not as apparent [ = —0.06 per standard deviation increase in log
arsenic concentration, 95% CI (-0.14, 0.02); Table S3]. Although no association between
arsenic and the Shannon Index was observed in the unstratified population, we again found
stronger associations among infants exposed to peripartum antibiotics, particularly those
who were delivered vaginally and exclusively breastfed (Table S4). Additionally, a negative
association was observed between mercury and the Shannon Index among infants fed any
formula [mixed fed or exclusively formula fed, p = —0.15 per standard deviation increase in
log mercury concentration, 95% CI (=0.27, —0.02)]. For the most part, estimates from
single-exposure models were encompassed in the confidence intervals from multi-exposure
models (Table S5). BKMR indicated that no element contributed to either metric of alpha
diversity (PIPs < 0.5; Table S6). No significant associations were found between nutrients/
metals and beta diversity, measured with generalized UniFrac distances in the unstratified
population in either multi- or single-exposure analyses (Table S7-8). Cadmium was a
marginal contributor to community structure among infants who were not exclusively
breastfed in multi- but not in single-exposure models.
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3.3 Specific-taxon relative abundance

Associations with the relative abundance of at least one ASV were detected for several
elements MZILN models (Figure 2). The strongest associations were detected with the
relative abundance of an ASV identified as Escherichia coli; with both negative (zinc) and
positive (nickel and manganese) associations. A strong negative association was also
detected between zinc and the relative abundance of an ASV annotated as Bacteroides
fragilis. The most abundant infant gut ASV, Bifidobacterium, decreased with increasing zinc
concentrations and increased with increasing cadmium concentrations. Some of these
associations were consistent in stratified analyses while others were not (Tables S9-19). In
general, the relative abundance of taxa in the gut microbiome of male infants was more often
associated with trace element/metal exposures female infants. Additionally, the microbiomes
of infants born vaginally were more associated with exposures than those born via
Caesarean. A sensitivity analysis with each taxon as the reference produced similar results
(data not shown).

3.4 Nonlinearity and interactions

We next explored potential exposure interactions using BKMR. PIPs for associations
identified using MZILN models ranged from 0.024 (lead and a Bacteroides ASV) to 0.632
(zinc and Bifidobacterium, Table S20). Based on the PIPs, elements were significant
contributors (Z.e., PIP > 0.5) to the relative abundance of Bifidobacterium (arsenic and zinc).
For those associations detected with MZILN where the PIP was < 0.5, BKMR dose-response
curves showed similar patterns to those described by MZILN (/.e., in the same direction,
Figure S3).

Dose-response curves from BKMR suggested a negative linear association between zinc and
Bifidobacterium, which was also positively associated with cadmium in MZILN models
(Figure 3). The dose-response curves for cadmium from BKMR reflected this positive
association, but less conspicuously (PIP = 0.223). Although we found no association
between arsenic and Bifidobacterium with MZILN, we detected a nonlinear (quadratic)
association using BKMR (PIP = 0.578). Furthermore, in BKMR bivariate exposure plots, the
association between arsenic and Bifidobacterium differed by concentration of zinc, with the
reciprocal plot suggesting a similar interaction (Figure 4). Specifically, arsenic was more
strongly associated with Bifidobacterium relative abundance at high concentrations of zinc
(90™ percentile), whereas the reverse was also true (/.e., zinc was more strongly associated
with Bifidobacterium relative abundance when arsenic was in the 50t or 90™ percentile
compared to the 10t percentile). To confirm these associations, we fit linear regression
models including all elements and covariates as well as a quadratic term for arsenic and an
interaction term between zinc and arsenic. Despite the limited power of this model, the main
effect of zinc was significant [fz, = —0.52, 95% CI (-0.91, —0.13)], as was the quadratic
arsenic term [BasZ = 0.43, 95% CI (0.18, 0.68)]. Neither the main effect of arsenic nor the
interaction between arsenic and zinc were significant [Bas = —0.11, 95% CI (-0.49, 0.28);
Bas*zn = —0.21, 95% CI (-0.47, 0.04)], although the direction of the interaction suggested a
synergistic relationship. No other nutrient/toxic exposures or their interactions were
significant in their associations with Bifidobacterium (Figure S4).
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4. DISCUSSION

In our novel study of infant multiple exposures to eleven trace elements, which include
environmental toxicants found in our food and water sources, we found that arsenic was
associated with decreased microbial alpha diversity, particularly in exclusively breastfed
infants or those exposed to peripartum antibiotics. None of the exposures we investigated
appeared to alter beta diversity, entire bacterial community structures. We identified
associations with most nutrient and metal elements and the relative abundance of at least one
taxon. We also found differences in the microbiome associated with toxicant exposures by
delivery mode, breast feeding status, infant sex, and peripartum antibiotic exposure,
although the small sample size in these subpopulations may lead to spurious results. In
addition, we identified a nonlinear (quadratic) association between arsenic and
Bifidobacterium and a synergistic interaction between arsenic and zinc in their associations
with Bifidobacterium using BKMR.

We found evidence that arsenic was associated with decreased diversity as measured by the
Simpson Index. Our finding that the association between arsenic concentration and Simpson
Index was more pronounced among infants exposed to peripartum antibiotics (primarily
penicillin) suggests that these exposures may act synergistically on alpha diversity.
Interestingly, certain forms of arsenic were previously used as antimicrobials, and have
recently been proposed as a novel broad-spectrum antibiotic (Nadar et al., 2019). We also
found that the association between arsenic and Simpson Index was more significant among
infants who were exclusively breastfed, although the estimate among mixed fed/exclusively
formula fed infants was not appreciably different. Because of the limited number of
exclusively formula fed infants in our population, we cannot determine whether infants with
any breastfeeding experience a different effect of arsenic than those with no breastfeeding.
Although urinary arsenic of formula or mixed fed infants is significantly higher than that of
exclusively breastfed infants in this population (Hoen et al., 2018), their toenail arsenic
concentrations at six weeks were similar. This is likely due to the time period of exposure
represented by infant toenails trace element testing (/.e., infant peripartum exposure which
can include late fetal exposure) versus infant urine element testing, which captures metal
exposure in the past few days.

In addition to arsenic, copper (Grass et al., 2011) and mercury (Fildes, 1940) have been
identified and utilized as antimicrobials, and nickel, lead, and tin have been shown to have
some weak antimicrobial properties (Yasuyuki et al., 2010). We found that mercury was
associated with decreased within-subject diversity, but only among infants who were not
exclusively breast fed. While a recent meta-analysis found that not exclusively breast
feeding was associated with increased alpha diversity in infants under six months of age, this
was not true in our six-week-old population and mercury concentration was also not related
to breastfeeding status (Ho et al., 2018). It is possible that exclusive breastfeeding confers
some protection against mercury, or, conversely, that formula supplementation imparts
susceptibility. However, without /n vitro modeling any hypothesized mechanisms remain
speculative. Notably, Bridges et al. did not report changes to within-subject diversity with
increasing exposure to mercury in a mouse model (2018). We did not find any associations
between copper and within-subject diversity. Copper concentrations in our study were
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comparable to other child/infant populations (Karatela et al., 2018; Wilhelm et al., 1994),
and our null findings with within-subject diversity reflect similar results in a study of dietary
copper intake in rats (Song et al., 2018).

No individual elements were associated with changes in bacterial community structure (beta
diversity) in the infant gut using generalized UniFrac distances. In our previous report of
associations between urinary arsenic concentrations and infant gut microbial diversity, we
described a significant correlation, particularly among formula-fed male infants (Hoen et al.,
2018). This discrepancy may relate to the different exposure metric used (urinary vs.
toenail), which could indicate an importance of timing of exposure, or the inclusion of the
wide array of exposure elements as covariates. Inorganic arsenic is the majority of toenail
arsenic, whereas organic forms such as metabolic products of inorganic arsenic dominate
urinary arsenic (Button et al., 2009; Signes-Pastor et al., 2017). Since the gut microbiome is
known to play a role in arsenic metabolism (/.e., methylation), our findings could reflect an
effect of the microbiome on arsenic rather than the reverse (Van de Wiele et al., 2010).
Future metagenomic studies examining the abundance of arsenic methylation genes or
studies in populations with acute rather than chronic exposure may elucidate the
bidirectional association between arsenic and the gut microbiome.

We identified at least one ASV associated with ten of the examined elements in the cohort.
Bacteria utilize certain metals in vital biological processes and thus their growth could be
inhibited by insufficient supply of those metals (Chandrangsu et al., 2017); others that can
transport or detoxify metals may increase in abundance in the presence of those metals.
Some bacteria have been shown to accumulate toxic metals (Gadd, 1990), which can
ultimately cause cell death (Yasuyuki et al., 2010). In our stratified analyses, we found more
associations between metals and the relative abundance of ASVs among vaginally delivered
infants than those delivered via Caesarean section. While this could be a result of greater
statistical power in the vaginally delivered population due to a larger sample size or chance,
it may also reflect changes in the microbiome of the pregnant woman related to her metal
exposure, which is correlated with infant exposure (Arbuckle et al., 2016). Because vertical
transfer is disrupted by Caesarean surgery, these associations may be better preserved in the
vaginally delivered subset (Dominguez-Bello et al., 2010). It may also indicate that the taxa
transferred vaginally are more likely to be affected by nutrient or toxic exposures. Further
research on the microbiome during pregnancy, particularly related to environmental
exposures and seeding of the infant gut, is needed to investigate this possibility.

Applying BKMR allowed us to detect nonlinear and interactive associations between infant
toenail element concentrations and Bifidobacterium, as well as affirming its strong negative
linear association with zinc. On average, Bifidobacterium is the most abundant taxon in the
infant gut and its increased abundance in the six-week infant has been associated with
vaginal delivery and exclusive breastfeeding (Madan et al., 2016). The bacterium is
recognized as a probiotic capable of decreasing incidence of viral diarrhea and with multiple
immunologic benefits (Lopez et al., 2010; Saavedra, 2000). Similarly, zinc has been used in
over-the-counter medications to boost immune function (McElroy and Miller, 2002); zinc
deficiency, for which up to 17% of the world’s population is at risk (Wessells and Brown,
2012), has been associated with impaired immunity (Wintergerst et al., 2007). However, in
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populations with adequate intake, zinc supplementation was associated with increased
nausea and diarrhea (Science et al., 2012). It is possible that decreased Bifidobacterium
abundance serves as a mechanism by which zinc exposure influences gastrointestinal
symptoms. The association between zinc and Bifidobacterium may be different (/e
positive) in a zinc-deficient population such that across a broad spectrum of zinc exposure
there is a nonlinear, negative quadratic effect. In fact, in a mouse model of zinc deficiency
researchers found that Bifidobacterium was positively correlated with plasma zinc
concentrations (Gaulke et al., 2018). Future analyses in populations with a broad range of
zinc exposure (/.e., including zinc-deficient individuals) are warranted to examine this
hypothesis.

With BKMR we were able to detect a nonlinear association between arsenic and
Bifidobacterium that could not be detected with traditional statistical methods for
microbiome data, highlighting a gap in the current microbiome literature. The observed
nonmonotonic relationship, where arsenic is associated with lower relative abundance of
Bifidobacterium at moderate concentrations, may indicate desensitization at higher
concentrations, a negative feedback mechanism, or dose-dependent metabolism (Lagarde et
al., 2015). We found that this association was strongest when zinc concentrations were in
their 90™ percentile, indicating a potential synergism between zinc and arsenic in their
associations with Bifidobacterium. Gaulke et al. examined co-exposure to zinc deficiency
and arsenic exposure and found interactions with community structure and individual taxa
(2018). However, these results are not directly comparable to the interaction between arsenic
and zinc observed in our analysis because animal models are imperfect representations of
the human microbiome, especially in this case where the mice were adults and exclusively
female. More /n vitroand in vivo research is needed to determine how zinc and arsenic may
affect the growth of Bifidobacterium, and how they may interact in doing so.

Our study, while examining the association between environmental factors and the infant gut
microbiome using novel interaction methods, is not without its limitations. Our sample size,
particularly in certain sub-populations (e.g., Caesarean deliveries), provides limited power.
However, our findings suggest important associations that should be confirmed in larger
cohorts. Additionally, the cohort inclusion criterion of private well use may cause
recruitment individuals with unique elemental exposure profiles that do not reflect those of
the general population. Stool samples were thawed during aliquoting, which may result in
deterioration of some bacterial DNA, but that degradation should be independent of
exposure and therefore not result in bias even if some taxa are underrepresented. Because
there have been few studies on environmental exposures and the microbiome, it is unclear
what window of nutrient/metal/metalloid exposure is most influential in modifying the infant
gut microbiome. Elemental exposures are relatively stable over time, and thus, infant
toenails collected around six weeks postpartum are likely reflective of late prenatal and early
postnatal exposures. The small sample weight of infant toenails may lead to nondifferential
misclassification of exposure. It is possible that the infant microbiome could affect the
metabolism and excretion/storage of metal/metalloids.

Our analysis, like all microbiome studies, is also limited by the novel but imperfect methods
available for obtaining meaningful estimates from high-dimensional and complex data.
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While MZILN accounts for the zero-inflated nature of microbiome data and allows for the
consideration of many exposures, it identifies significant associations by shrinking estimates
toward zero, thereby biasing all estimates toward the null. Similarly, because BKMR is not
designed to handle zero-inflated, autocorrelated microbiome data, it is not a practical or
appropriate first approach in this type of study. Rather, as utilized here, it can be used to
tease apart complex interactions between multiple exposures with a few taxa of interest.
Here, we elected to examine some of the most abundant taxa with BKMR to minimize the
effect of zero-count data, but in doing so we have missed other novel associations. Further,
imperfect strategies for modeling co-exposure to multiple elements in an epidemiologic
setting make it possible that our estimates are subject to co-exposure amplification bias
(Weisskopf et al., 2018). Our results highlight the need for statistical methods that can
handle the structure of microbiome data, but also can reveal nonlinear and interactive
associations.

Despite its limitations, our study also has many strengths. First, it is among the earliest
epidemiologic studies with a large sample size to consider the association between early-life
exposure to nutrients/metals/metalloids and the gut microbiome, and the first to consider the
potential confounding by co-exposure to multiple elements. In addition, we explored the
interactive effects of metals that were associated with the same ASV by applying BKMR, a
novel approach in the microbiome literature. This study also applies cutting-edge statistical
techniques to handle the complex structure of microbial sequencing data. For example, by
using generalized UniFrac distances we did not inflate the importance of abundant taxa as
weighted UniFracs do, but still reduced the noise of less abundant taxa which can drive
findings with unweighted UniFracs. Furthermore, the NHBCS, a longitudinal pregnancy
cohort, captures the exposures and outcomes of this study at multiple time points, which will
allow us to explore whether these associations persist in later infancy and have relevance to
childhood health outcomes.

5. CONCLUSIONS

In summary, this study found novel associations of common metal and metalloid exposures
with the gut microbiome diversity and specific taxa in the infant gut in the neonatal period.
Our findings suggest that environmental exposures, including metals, could be important
drivers of infant gut microbial development. Future studies are needed to evaluate the impact
of elements during pregnancy and on the vertical transmission of the microbiome to
offspring. In addition, pre- and perinatal metal exposure has been associated with many
diverse health effects, and it remains to be seen whether the alterations observed in the infant
gut microbiome are a biomarker of exposure or represent a biological mechanism by which
metals ultimately affect human health.
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HIGHLIGHTS

Aim was to examine mixture of nutrient and toxic elements and the infant
microbiome

Arsenic and antibiotics were synergistically associated with lower diversity

Found associations with Bifidobacterium and zinc (negative) and arsenic
(quadratic)

Environ Int. Author manuscript; available in PMC 2021 May 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Laue et al.

Effect Estimate

Page 18

Full Population Breastfeeding é)’(‘gg's‘l’}r'g VBE;p@gﬂEéot'C
0.0 — __
®
o ® ®
? ®
0.1 i i == | 1
*
& @
-0.21
*
-0.31
Al EBF  MF/FF No Yes No Yes

Figure 1.

Association between log-transformed, z-centered infant toenail arsenic exposure and
Simpson Index within-subject diversity in the full population and stratified by relevant
covariates, adjusting for all other nutrient/metal/metalloid exposures and covariates
concurrently. EBF: exclusively breast fed. MF/FF: mixed fed/formula fed. VBF: vaginally
delivered and exclusively breast fed.
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Figure 2.
Cladogram of amplicon sequence variants statistically significantly associated either

positively (blue) or negatively (red) with infant toenail metal/metalloid exposures in the full
population (n = 179). Orange stars indicate the ten most abundant taxa on average in the
population. Models adjust for all element/metal/metalloid exposures and covariates
concurrently. No statistically significant associations were found with mercury, and thus it
does not appear in the figure, but was included as a covariate in all models.
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Figure 3.

Bayesian Kernel Machine Regression (BKMR) dose-response curves for each exposure
when all other exposures are fixed at the median, adjusting for covariates in the full
population (n = 179) for taxa with associations with at least two exposures in either
multivariate zero-inflated logistic normal (MZILN) or BKMR maodels. Color/line type
indicate exposures that were found to be significantly associated with the given amplicon
sequence variant in MZILN models, to have a posterior inclusion probability (PIP) > 0.5 in
BKMR, both, or neither.
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Figure 4.

Bivariate plots of the interaction between arsenic and zinc in their associations with
Bifidobacterium in the unstratified population (n = 179) when all other exposures are fixed
at the median, adjusting for covariates. For example, the first panel shows the association
between arsenic and Bifidobacterium when zinc is fixed at the 10t, 50t or 90t percentile
and all other elements are fixed at their medians.
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Characteristics of New Hampshire Birth Cohort Study subjects [N (%) or Mean (+ SD)] with infant toenail

Table 1.

metal concentrations after stool collection began compared to those included in analyses

Characteristic

Subjects with Toenail Metals (n = 458)

Included in Analysis (n = 179)

*

p
Maternal Characteristics
Parity 0.92
Nulliparous 182 (39.7) 71 (39.7)
Parous 272 (59.3) 108 (60.3)
Education <0.05
College Graduate or Less 287 (62.6) 102 (57.3)
Any Higher Education 153 (33.4) 77 (42.7)
Relationship Status 0.59
Married 406 (88.6) 167 (93.3)
Never Married or Separated 34 (7.4) 12 (6.7)
Fruit Intake (servings/day) 24 (x1.4) 2.6 (x15) 0.10
Dairy Intake (servings/day) 3.7(x19) 3.7(x19) 0.46
Delivery Characteristics
Delivery Mode 0.46
Vaginal 331 (72.3) 133 (74.3)
Caesarean 127 (27.7) 46 (25.7)
Peripartum Antibiotic Exposure 0.56
Any 208 (45.4) 87 (48.6)
None 236 (51.5) 92 (51.4)
Gestational Age (weeks) 39.1(x1.6) 394 (x1.1) 0.02
Birth Weight (g) 3470 (+ 524) 3527 (+ 452) 0.05
Infant Characteristics
Feeding Mode 0.68
Exclusively Breast Fed 238 (52) 111 (62.0)
Formula Fed or Mixed Fed 153 (33.4) 68 (38.0)
Infant Sex 0.34
Male 240 (52.4) 99 (55.3)
Female 218 (47.6) 80 (44.7)
Toenail Metal at Six Weeks (pg/g)
Arsenic 0.24 (+0.78) 0.25 (+ 0.56) 0.65
Cadmium 0.12 (+0.33) 0.14 (+ 0.41) 0.69
Copper 18.7 (£ 44.9) 23.3(+63.4) 0.23
Iron 464.5 (+ 2524.8) 709.1 (+ 3824.6) 0.29
Lead 1.8 (£ 4.5) 2.2 (£6.1) 0.71
Manganese 7.4 (£ 29.5) 10.3 (+41.5) 0.35
Mercury 0.25 (+ 0.75) 0.21 (+ 0.46) 0.66
Nickel 918.9 (+ 7636) 1922.1 (+ 12094) 0.04
Selenium 22(x4) 2.5(x4.6) 0.09
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Characteristic Subjects with Toenail Metals (n =458)  Included in Analysis (n = 179) p*
Tin 1.7 (£ 4.5) 1.8 (x4.9) 0.45
Zinc 973.3 (£ 4947.3) 1376.3 (£ 6051.1) 0.03
Microbial Diversity at Six Weeks
Shannon Index (unitless) - 1.73 (£ 0.56)
Simpson Index (unitless) - 0.69 (+0.17)

*
Comparing those included in analysis to those not included
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