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Background: Lead (Pb) is a ubiquitous environmental contaminant with an array of detrimental health eﬀects in
children and adults, including neurological and immune dysfunction. Emerging evidence suggests that Pb exposure may alter the composition of the gut microbiota, however few studies have examined this association in
human populations. The purpose of this study was to examine the association between urinary Pb concentration
and the composition of the adult gut microbiota in a population-based sample of adults.
Methods: Data used in this study were collected as part of the Survey of the Health of Wisconsin (SHOW) and its
ancillary microbiome study. The SHOW is a household-based health examination survey of Wisconsin residents,
collecting a variety of survey data on health determinants and outcomes, as well as objective measurements of
body habitus, and biological specimens including urine. The ancillary microbiome study added additional
questions and biological specimen collection, including stool, from participants age 18+. Pb concentration was
analyzed in urine samples, and gut microbiota composition was assessed using DNA sequencing of the 16S rRNA
V4 region, extracted from stool samples. Data processing and statistical analyses were performed in mothur,
Python, R, and SAS.
Results: Of 696 participants, urinary Pb concentration was highest in those age 70+, females, those with a high
school diploma or lower, current and former smokers, and those without indoor pets. In adjusted models, increasing urinary Pb levels were associated with increases in microbial α-diversity (p = 0.071) and richness
(p = 0.005). Diﬀerences in microbial β-diversity were signiﬁcantly associated (p = 0.003) with diﬀerences in
urinary Pb level. Presence of Proteobacteria, including members of the Burkholderiales, was signiﬁcantly associated with increased urinary Pb.
Conclusion: These results suggest that Pb exposure is associated with diﬀerences in the composition of the adult
gut microbiota in a population-based human sample. Further investigation of this association is warranted.
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1. Introduction

2. Material and methods

Xenobiotics, including lead (Pb) remain persistent public health
problems worldwide. The bacteria present throughout the body, known
as the microbiota, and their collective genomes, the microbiome, may
play a role in mediating the relationship between human Pb exposure
and its downstream health outcomes. The gut is a particularly rich site
for bacterial colonization, and the gut microbiota play key functions in
human metabolism and health (Cénit et al., 2014; Sekirov et al., 2010).
The gut microbiota typically maintains a symbiotic relationship with its
host, and when that system is in a state of imbalance, or dysbiosis, host
health can be aﬀected through changes in metabolic function (Le
Chatelier et al., 2013) and the production of signaling molecules
(Schirmer et al., 2016), as well as infection (Buﬃe et al., 2015). Gut
dysbiosis has been associated with a range of acute and chronic diseases
including infection (Lozupone et al., 2013), digestive conditions
(Morgan et al., 2012), and mental health (Jiang et al., 2015). One facet
of gut microbial balance is diversity, a combined measure of the
number of species present and the abundance of individuals within each
species (Hughes et al., 2001). Changes in microbial diversity are interpreted as changes in microbial composition and can be used as a
signal of dysbiosis. Many factors aﬀect the composition of the gut microbiota, and investigations of the complex interactions between environmental pollutants and the microbiome are only recently underway.
Pb has been a pervasive environmental contaminant for many years,
with no known necessary biological function for humans and most
bacteria (Jarosławiecka and Piotrowska-Seget, 2014). Pb has been
causally linked to myriad detrimental health eﬀects in both children
and adults, including neurological disorders, kidney malfunction, anemia, and reduced immune function, and no “safe” threshold of Pb
exposure exists (Abadin et al., 2007). Health eﬀects are more prominent
in children than adults, but immune eﬀects are seen in adults even at
low levels of exposure (Abadin et al., 2007; Dietert and Piepenbrink,
2006; Tong et al., 2000). Immune eﬀects of Pb include a shift from Type
2 helper (Th2) cells to Th1 cells, and an increase in both interleukin 4
and IgE secretion, all of which reduce the immune system's ability to
ﬁght infection, while increasing autoimmune tendencies (Dietert and
Piepenbrink, 2006). In addition to the direct toxic eﬀect of Pb on
bacteria, these immune eﬀects can alter the gut microbiome by reducing the body's ability to maintain its balance, thus allowing greater
potential for opportunistic species to become overly abundant.
Animal studies have found that both chronic and acute Pb exposure
alter microbial diversity, composition of bacterial taxa, and metabolic
function within the gut (Breton et al., 2013b; Gao et al., 2017; Wu et al.,
2016; Xia et al., 2018a, 2018b; Zhai et al., 2017). Not only do gut
microbial composition and function shift with Pb exposure in mice (Gao
et al., 2017), but the gut microbiota also alter absorption of Pb into the
blood stream by acting as a barrier to absorption, and by altering host
gene expression of proteins involved in metal metabolism (Breton et al.,
2013a). However, very little has been done to determine if these relationships translate to human populations. Two small studies in children have examined the relationship between Pb and the gut microbiome as exploratory analyses outside of their main study aims, with
mixed results (Bisanz et al., 2014; Zhai et al., 2019). No study to date
has examined the relationship between Pb exposure and the microbiota
of adults with more typical levels of Pb exposure.
The objective of this study was to improve our understanding of the
association between Pb exposure and the composition of the gut microbiota in an adult human population. Our goals were to examine
associations between urinary Pb levels and gut microbial diversity in a
sample of 696 adults recruited from the Survey of the Health of
Wisconsin (SHOW) and its ancillary microbiome study. We hypothesize
that increasing urine Pb levels would be associated with a signiﬁcant
decrease in α-diversity, and signiﬁcant shifts in β-diversity within the
gut microbiome, driven by diﬀerences in speciﬁc bacterial taxa.

2.1. Data source
Data and biological specimens used in this analysis came from the
SHOW and its ancillary microbiome study, both described in previous
publications (Eggers et al., 2018; Nieto et al., 2010). The SHOW is a
yearly statewide health examination survey that collects a wide range
of health exposure and outcome data addressing all major determinants
of health including health care access, social determinants, lifestyle and
behavioral factors. Modeled after the National Health and Nutrition
Examination Survey (NHANES), the SHOW began in 2008, and uses a
three tier clustered randomization scheme to select participants from
around the state of Wisconsin. The SHOW collects survey data, as well
as objective measures of body habitus and biological specimens including urine, plasma, and serum. In 2016 the microbiome ancillary
study was added to the SHOW protocol, recruiting participants age 18
and older (Eggers et al., 2018). Participants completed the standard
SHOW components plus additional survey components, in addition to
submitting swabs of the skin, nose, and mouth, and samples of saliva
and stool. The analysis for the current study uses survey data, urine
samples, and stool samples collected by the SHOW and the microbiome
study in 2016 and 2017. The SHOW protocol and the protocol for this
study have both been approved by the University of Wisconsin Institutional Review Board, and all participants completed written consent to participation.
2.2. Variables
The main predictor variable was creatinine-adjusted urinary Pb
concentration (original measurement in μg/L, after creatinine adjustment units are pg/L) as a measure of Pb exposure (Sakai, 2000). Urinary Pb measurement was used in this study because whole blood
samples, the typical matrix for Pb exposure measurement, were not
available for the majority of study participants. Urinary Pb concentration was measured using inductively coupled plasma mass spectrometry. One value was below the limit of detection (LOD), and was replaced with the LOD/√2. Pb exposure was adjusted for urinary
creatinine by standardizing the units and dividing Pb by creatinine to
account for variation in urinary output and kidney function. For descriptive tables, creatinine-adjusted urinary Pb was then categorized by
quartiles. For regression analyses, creatinine-adjusted Pb was log
transformed for normality. Whole blood Pb was also measured in a
subset of 110 individuals from whom samples were collected in order to
examine correlations between urinary and blood Pb levels.
The main outcome variables include gut microbial α-diversity,
measured using the inverse-Simpson index (Simpson, 1949), richness,
measured using the abundance-based coverage estimator (ACE) (Gotelli
and Colwell, 2001), and β-diversity measured using the Bray-Curtis
dissimilarity index (Bray and Curtis, 1957), as well as taxonomic units
from phylum to genus levels. Richness is an estimate of the number of
diﬀerent species, or in this case operational taxonomic units (OTUs),
present within the gut of an individual, and α-diversity is a combination
of richness and evenness of abundance among the OTUs present. Both
measures can be interpreted as higher estimates representing a richer or
more diverse gut microbiota. The β-diversity measurement is a distance
matrix comparing the similarity (or dissimilarity in the case of BrayCurtis) of the OTU composition of each sample to each other. Samples
that are more distant from each other are more diﬀerent in composition
from samples that are less distant.
Variables that were hypothesized a priori as potential confounders
were examined using a directed acyclic graph (DAG) and eligible for
inclusion in statistical models. Demographic variables include age,
gender, income, poverty status, and race-ethnicity. Income was operationalized using self-reported total household income, which was then
calculated as a percentage of the Federal Poverty Level (FPL) based on
2
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Normalized OTU counts were used for α–diversity and richness calculations, which were performed in R. Additional data processing was
done using Python v.3.7.2, SAS v. 9.4, and R v 3.5.2.

the Health and Human Services guidelines for the number of people in
the household. Race and ethnicity were self-reported and then collapsed
into four categories of non-Hispanic White, non-Hispanic Black,
Hispanic, non-Hispanic other.
Other potential confounding factors include behavioral variables
such as smoking, antibiotic use in the last year, and dietary components. Diet was analyzed using the Diet History Questionnaire (DHQ-II),
which asks about usual diet consumption over the last year (Diet
History Questionnaire DHQ-II and, 2019). Dietary components were
included as consumption per 1000 Kcals consumed. Antibiotic use in
the last year was self-reported as either yes or no. Although it was
unlikely that antibiotic use was directly associated with Pb exposure, it
is an important variable due to its strong eﬀects on microbial composition. Since the gut microbiome can return to a normal state in less
than a year following antibiotics, we did not exclude these participants
and, instead examined history of antibiotic use an important covariate.
Additional physiological and environmental factors were also considered as covariates, including indoor pet ownership, body mass index
(BMI), urbanicity, and length of residence in current home. BMI was
calculated based on measured height and weight, using the equation:
weight (kg)/height(cm)^2. BMI was categorized as follows for some
components of the analysis: underweight (< 18.5), normal weight
(18.5–24.9), overweight (25–29.5), and obese (≥30). Urbanicity was
deﬁned using the Rural-Urban Commuting Area (RUCA) Codes.

2.4. Statistical analysis
Statistical analysis was performed in SAS and R. Frequency tables
were calculated for all potential confounders by creatinine-adjusted Pb
quartiles. Univariate analyses including P-values based on χ2 are shown
for categorical variables, and p for trend is shown for continuous
variables to test for predictors of Pb exposure. Univariate analysis of all
potential confounding variables with ACE and inverse-Simpson as the
outcome was also conducted to determine level of association for inclusion in regression models (results not shown). Linear regression of
log creatinine-adjusted urinary Pb was performed for inverse-Simpson
and ACE to determine if increased Pb exposure was associated with αdiversity and richness. For each analysis, univariate regression estimates are shown as well as a fully adjusted model, and models stratiﬁed
by relevant eﬀect modiﬁers. Linear regression models were adjusted for
clustering by household. The fully adjusted models were adjusted for
age, gender, BMI, antibiotic use, race/ethnicity, education, smoking,
ﬁber consumption (g/1000 Kcal), urbanicity, and indoor pet. Variables
used to stratify models examining eﬀect modiﬁcation were age,
smoking, BMI, urbanicity, and ﬁber consumption. P-values ≤0.05 were
considered statistically signiﬁcant.
The β-diversity distances (Bray-Curtis) were calculated in R using
the vegan package (Oksanen et al., 2016). Permutational Analysis of
Variance (PERMANOVA) was then used to estimate associations between log creatinine-adjusted urinary Pb and β-diversity. Adjusted
PERMANOVA models included the same covariates as the adjusted
linear regression models.
To examine speciﬁc taxa that contributed to diﬀerences in β-diversity, the Quasi-Conditional Association Test using General
Estimating Equations (QCAT-GEE) in the miLineage R package was
used, which includes a Benjamini-Hochberg correction for multiple
comparisons (FDR) (Tang et al., 2017). The QCAT-GEE has three parts:
the zero-part, which assesses diﬀerences in presence/absence of each
taxa, the positive-part, which assesses diﬀerences in abundance of each
taxa, and the two-part, which combines the zero and positive-parts.
This test is adjusted for the same covariates as the adjusted linear
models of α-diversity and richness, and outputs the names of taxa that
are signiﬁcantly diﬀerent by Pb level after adjustment for covariates
and multiple comparisons. To determine direction of association, logistic regression was used for taxa signiﬁcant in the zero-part, and
linear regression was used for taxa signiﬁcant in the positive-part.
As a sensitivity analysis, and to explore diﬀerent biological matrices
of exposures, correlation statistics were run to compare the creatinineadjusted urinary Pb measurement to more traditional whole blood Pb
measurements in a subset of 110 participants.

2.3. Microbiota analysis
Genomic DNA was extracted from stool samples as described previously (Eggers et al., 2018). Brieﬂy, chemical, heat, and mechanical
disruption were used to lyse the bacterial cells. DNA was puriﬁed by
phenol-chloroform-isoamyl alcohol extraction, and further puriﬁed
using NucleoSpin Gel and PCR clean-up kit (Mcherey-Nagel, Germany).
Puriﬁed DNA was quantiﬁed using PicoGreen in a microplate reader.
The 16S rRNA V4 region of the extracted DNA was barcoded and ampliﬁed using custom PCR primers following the protocol by Kozich et al.
(Kozich et al., 2013).The PCR reaction consisted of 5 μL (25 ng) sample
DNA, 0.5 μL (10 μM) of each primer, 12.5 μL of 2× KAPA Hotstart
Ready Mix (Kapa Biosystems, Wilmington, MA, United States), and
water to 25 μL total volume. Ampliﬁcation conditions were 95 °C for
3 min, 25 cycles of 95 °C for 30 s, 55 °C for 30 s, and 72 °C for 30 s,
followed by 72 °C for 5 min. After PCR, samples were run through 1.0%
low melt agarose gel (National Diagnostics, Atlanta, GA) electrophoresis to further remove unwanted DNA. Bands of the correct length were
then extracted using Zymo Gel DNA Recovery Kit (Zymo Research, Irvine, CA, United States). Once the gel was removed, samples were
quantiﬁed by Qubit® Fluorometer (Invitrogen, San Diego, CA, United
States) and pooled to 4 nM. A DNA sequencing control of 10% PhiX was
added to the aliquot and sequenced on an Illumina MiSeq sequencer
using a MiSeq v2 (2x250bp) Reagent Kit (Illumina, Inc., San Diego, CA)
per manufacturer's instructions. The samples for this analysis were sequenced in three runs of equal size. To avoid sequencing batch eﬀects,
samples collected in 2016 were stratiﬁed by urinary Pb concentration,
age, and gender and randomized in a 1:1 ratio to each of two plates. The
samples collected in 2017 were run on a third plate with no randomization.
Raw sequencing data was processed using mothur v. 1.39 (Kozich
et al., 2013) using the Standard Operating Procedure for MiSeq data
(MiSeq SOP, n.d.). Brieﬂy, contigs (overlapping sequences) were
aligned using the SILVA v.132 16S rRNA gene reference database
(Pruesse et al., 2007), and low quality reads were removed. Sequences
of the wrong length were removed, and chimeras were detected and
removed using UCHIME (Edgar et al., 2011), Sequences were assigned
to operational taxonomic units (OTUs) at the species level (97% similarity) using the GreenGenes database v. gg_13_8_99 (DeSantis et al.,
2006). Coverage was assessed by Good's index, as calculated in mothur.
OTU counts were normalized to 10,000 sequences per sample.

3. Results
3.1. Population characteristics and Pb exposure
The study population was age 18 and over, with 48.7% between the
ages of 50 and 69, 57.3% female, and 83.0% Non-Hispanic White. The
population was relatively evenly distributed between low, middle, and
high income categories, with 26.9% of participants receiving a high
school diploma or less. 56.5% of participants have never been smokers,
34.9% have used antibiotics in the past year, 54.7% own an indoor pet,
and 76.1% were overweight or obese. Participants resided in urban
(66.2%), suburban (10.9%), and rural areas (22.9%), with 54.7% of
participants living in their homes for > 10 years. The geometric mean
urinary Pb for all samples was 0.30 μg/L (SE 1.04). Creatinine-adjusted
urinary Pb concentration was found to increase with age, was higher in
women, among those with a high school diploma or less, current or
3
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Table 1
Distribution of demographics and potential covariates by creatinine-adjusted urinary Pb quartile.

Exposure
Creatinine-adjusted urinary Pb (pg/L)
Categorical covariates
Age§
18–29
30–49
50–69
≥ 70
Gender†
Female
Male
Race/ethnicity
Non-Hispanic White
Non-Hispanic Black
Hispanic
Non-Hispanic other
Family income
Low income
Middle income
High income
Education⁎
≤ High School
Some college
≥ Bachelor's degree
Smoking§
Current
Former
Never
Antibiotic use
Yes
No
Indoor pet†
Yes
No
BMI
Underweight/normal
Overweight/obese
Urbanicity
Urban
Suburban
Rural
Length of residence§
< 1 year
1–3 years
3–10 years
> 10 years
Continuous covariates
Dietary iron (mg/1000 Kcal)
Dietary calcium (mg/1000 Kcal)
Dietary ﬁber⁎ (g/1000 Kcal)
Dietary vitamin C (mg/1000 Kcal)

Total

Quartile 1

Quartile 2

Quartile 3

Quartile 4

N
696
N
696
58
172
339
127
696
399
297
695
577
70
24
24
696
204
220
272
695
187
247
261
685
93
205
387
653
228
425
693
379
314
690
165
525
695
460
76
159
688
62
105
145
376
N
615
615
615
615

Range (N)
0.03–0.24 (174)
n (%)

Range (N)
0.24–0.39 (174)
n (%)

Range (N)
0.39–0.60 (174)
n (%)

Range (N)
0.60–15.31 (174)
n (%)

36 (62.1)
84 (48.8)
49 (14.5)
5 (3.9)

19
49
78
28

(32.6)
(28.4)
(23)
(22)

2 (3.4)
19 (11.0)
115 (33.9)
38 (29.9)

1 (1.7)
20 (11.6)
97 (28.6)
56 (44.1)

87 (21.8)
87 (29.3)

90 (22.6)
84 (28.3)

106 (26.6)
68 (22.9)

116 (29.1)
58 (19.5)

138 (23.9)
21 (30.0)
9 (37.5)
5 (20.8)

145 (25.1)
20 (28.6)
6 (25.0)
3 (12.5)

153 (26.5)
14 (20.0)
3 (12.5)
4 (16.7)

141 (24.4)
15 (21.4)
6 (25.0)
12 (50.0)

49 (24.0)
62 (28.2)
63 (23.2)

52 (25.5)
53 (24.1)
69 (25.4)

47 (23.0)
51 (23.2)
76 (27.9)

56 (27.5)
54 (24.5)
64 (23.5)

34 (18.2)
56 (22.7)
84 (32.2)

49 (26.2)
65 (26.3)
60 (23.0)

47 (25.1)
64 (25.9)
63 (24.1)

57 (30.5)
62 (25.1)
54 (20.7)

14 (15.1)
33 (16.1)
123 (31.8)

30 (32.3)
51 (24.9)
93 (24.0)

21 (22.6)
59 (28.8)
91 (23.5)

28 (30.1)
62 (30.2)
80 (20.7)

58 (25.4)
104 (24.5)

58 (25.4)
109 (25.6)

51 (22.4)
117 (27.5)

61 (26.8)
95 (22.4)

115 (30.3)
58 (18.5)

97 (25.6)
77 (24.5)

84 (22.2)
90 (28.7)

83 (21.9)
89 (28.3)

40 (24.2)
133 (25.3)

38 (23.0)
136 (25.9)

42 (25.5)
131 (25.0)

45 (27.3)
125 (23.8)

119 (25.9)
23 (30.3)
32 (20.1)

124 (27.0)
15 (19.7)
34 (21.4)

109 (23.7)
20 (26.3)
45 (28.3)

108 (23.5)
18 (23.7)
48 (30.2)

23 (37.1)
35 (33.3)
50 (34.5)
64 (17.0)
Mean ± SE
7.6 ± 0.24
719.4 ± 42.56
9.5 ± 0.3
52 ± 2.81

19 (30.6)
31 (29.5)
42 (29.0)
82 (21.8)
Mean ± SE
7.3 ± 0.17
732.8 ± 32.94
10.2 ± 0.36
59 ± 2.94

12 (19.5)
20 (19.0)
27 (18.6)
112 (29.8)
Mean ± SE
7.9 ± 0.2
771.5 ± 39.57
12.3 ± 0.41
66.3 ± 3.34

8 (12.9)
19 (18.1)
26 (17.9)
118 (31.4)
Mean ± SE
7.6 ± 0.18
799.2 ± 43.84
11.9 ± 0.41
64.2 ± 3.17

Data come from the microbiome study sample of the Survey of the Health of Wisconsin 2016-2017. Urinary Pb geometric mean statistics are not adjusted for
creatinine concentration or household clustering. Categorical distribution statistics calculated using frequency tables adjusted for household clustering, including pvalues from the χ2 statistic. Continuous covariate statistics calculated including adjustment for household clustering, including p for trend.
⁎
P≤0.05
†
P≤0.01.
§
P≤0.0001.

1% of sequencing reads in each sample are from OTUs that only appear
once. Firmicutes were the most prevalent bacterial phylum across all
four creatinine-adjusted urinary Pb quartiles, followed by the
Bacteriodetes and Actinobacteria (Fig. 1). A heat map comparing individuals from the ﬁrst and fourth quartiles of Pb exposure demonstrates the wide variability in microbial composition even within Pb
exposure groups (Fig. 2).

former smokers, those who do not own an indoor pet, and those who
have been living in their current residence for > 10 years (Table 1).
Increasing dietary ﬁber intake was also signiﬁcantly associated with
increasing urinary Pb concentration (Table 1). In our sensitivity analysis, creatinine-adjusted urinary Pb and blood Pb were strongly correlated (Pearson = 0.621, p < 0.0001).

3.2. Gut microbial composition
3.3. Pb and α-diversity, richness
The number of high quality, processed sequences per sample ranged
from 10,599–589,443 with an average of 32,765. Sequencing produced
Goods coverage of 99.2% or higher for all samples, indicating that <

Inverse-Simpson values ranged from 1.0 to 44.9, with a mean of
14.3. In models of α-diversity (inverse-Simpson) the main eﬀect of log
4
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increasing dietary ﬁber consumption. Signiﬁcant predictors of reduced
richness were increasing BMI and antibiotic use. Stratiﬁed analysis
(Table 3) demonstrated stronger positive association between urinary
Pb levels and richness for those age 50 and above (p = 0.0008), former
(p = 0.008) and never smokers (p = 0.02), suburban (p = 0.004) and
rural (p = 0.03) residents, those in the second tertile of ﬁber consumption (p = 0.002), and those who have not used antibiotics in the
past year (p = 0.01).
3.4. Pb and β-diversity
The β-diversity distance (Bray-Curtis) was calculated and displayed
by quartiles of creatinine-adjusted urine Pb level in a non-metric multidimensional scaling (NMDS) plot in Fig. 3. Although there is not clear
visual separation of groups within the study population in Fig. 3, the
PERMANOVA analysis indicated small but signiﬁcant diﬀerences in βdiversity by level of log creatinine-adjusted urine Pb level (Table 4) in
both the unadjusted and adjusted models. Other factors signiﬁcantly
associated with changes in β-diversity in the sample were age, gender,
BMI, antibiotic use, identifying as Black, having a bachelor's degree or
higher, being a current smoker, ﬁber intake, and living in a rural area.

Fig. 1. Gut Bacterial Phyla by Urinary Pb Quartile.
Relative abundance of the ﬁve most abundant bacterial phyla found in the
study samples by creatinine-adjusted urinary Pb quartiles.

creatinine-adjusted urinary Pb was a slight increase in diversity in both
the unadjusted (p = 0.023) and adjusted (p = 0.071) models (Table 2).
Other factors signiﬁcantly associated with greater α-diversity were
more education, suburban residence, and not owning an indoor pet.
Stratiﬁed analysis (Table 3) showed that the positive association between Pb and α-diversity was strongest for those age 50 and above
(p = 0.04), former smokers (p = 0.008), and suburban (p = 0.002) and
rural (p = 0.02) residents, compared to urban residents.
ACE richness estimates ranged from 26.1 to 654.8, with a mean of
265.6. Models of richness (ACE) showed a positive eﬀect of increased
urinary Pb levels, although eﬀect size varied between models, and was
signiﬁcant in both the unadjusted (p < 0.0001) and adjusted
(p = 0.005) models (Table 2). Other signiﬁcant predictors of increased
richness were Non-Hispanic Black race compared to Non-Hispanic
White race, completing a bachelor's degree or higher education, and

3.5. Pb and bacterial taxa
Several bacterial taxa were found to be signiﬁcantly diﬀerent according to levels of log creatinine-adjusted urine Pb level before correction for multiple comparisons (Table 5). After FDR correction, only
taxa within the phylum Proteobacteria and the order Burkholderiales
remained signiﬁcant at the < 0.05 level. The odds of Proteobacteria
colonization with increasing log creatinine-adjusted urinary Pb were
2.36 (95% CI = 1.25–4.44) unadjusted, and 2.49 (95% CI = 1.05–5.87)
when adjusted for confounders. The odds of Burkholderiales colonization with increasing Pb were 1.47 (95% CI = 1.13–1.90) unadjusted,
and 1.98 (95% CI = 1.39–2.82) when adjusted for age, gender, body
mass index, antibiotic use, race/ethnicity, education, smoking, ﬁber
consumption, urbanicity, and indoor pet ownership.

Fig. 2. Most Abundant OTUs by Urinary Pb Quartile.
Abundance of the top 20 most abundant OTUs in participants from the ﬁrst and fourth quartiles of creatinine-adjusted urinary Pb level.
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Table 2
Eﬀect of Urinary Lead concentration on α-diversity (Inverse-Simpson) and richness (ACE).
Outcome:

Inverse-Simpson

ACE

Unadjusted

Adjusted

Unadjusted

Adjusted

Variable

β (95% CI)

β (95% CI)

β (95% CI)

β (95% CI)

Urine Pba
Age
Gender (Female)
BMI
Antibiotics (Yes)
Race/ethnicity
Non-Hispanic White
Non-Hispanic Black
Hispanic
Non-Hispanic other
Education
≤High School
Some college
≥Bachelor's Degree
Smoking
Never
Current
Former
Fiber (g/1000 Kcal)
Urbanicity
Urban
Suburban
Rural
Indoor pet (Yes)

0.82 (0.12, 1.53)⁎

0.93 (−0.08, 1.93)
0.03 (−0.01, 0.07)
−1.00 (−2.1, 0.11)
−0.05 (−0.13, 0.04)
−0.89 (−2.04, 0.26)

5.11 (14.67, 34.76)§

17.43 (5.23, 29.63)†
0.39 (−0.2, 0.97)
4.37 (−10.88, 19.61)
−1.59 (−2.71, −0.46)†
−22.55 (−39.8, −5.30)⁎

Reference
0.80 (−0.91, 2.52)
1.72 (−1.14, 4.58)
−0.58 (−3.27, 2.11)

Reference
34.31 (3.51, 65.11)⁎
24.6 (−20.53, 69.72)
−19.23 (−58.15, 19.70)

Reference
2.21 (0.95, 3.46)‡
2.75 (1.39, 4.11)§

Reference
14.58 (−5.56, 34.72)
21.57 (0.02, 43.13)⁎

Reference
−1.37 (−2.98, 0.25)
−0.39 (−1.67, 0.9)
0.07 (−0.06, 0.2)

Reference
−11.87 (−38.93, 15.19)
2.93 (−17.03, 22.90)
2.67 (0.64, 4.7)†

Reference
1.79 (0.07, 3.5)⁎
0.52 (−1.06, 2.1)
−1.70 (−2.84, −0.55)†

Reference
17.38 (−3.80, 38.56)
10.52 (−12.43, 33.46)
−10.41 (−27.37, 6.56)

Data come from the microbiome study sample of the Survey of the Health of Wisconsin 2016–2017.
Abbreviations: Pb = lead; ACE = abundance-based coverage estimator; BMI = body mass index.
Results are shown from linear regression models, unadjusted and adjusted for the covariates shown above.
a
Creatinine-adjusted and log transformed.
⁎
P ≤ 0.05.
†
P ≤ 0.01.
‡
P ≤ 0.001.
§
P ≤ 0.0001.

4. Discussion

underscore the importance of examination of chronic Pb exposure in
composition of the microbiota over time. Future research is needed to
determine how this impacts overall metabolic function and chronic
health.
Previous epidemiologic studies have examined Pb exposure and
changes in the gut microbiome only as secondary analyses in studies
among children, with mixed results. Zhai et al. (2019), found no evidence of association, and Bisanz et al. (2014) found increased prevalence of Succinivibrionaceae and Gammaproteobacteria in children
with highly elevated blood Pb levels. Similarly, Gammaproteobacteria
were signiﬁcantly associated with Pb in this study of adults prior to FDR
correction. Gammaproteobacteria are members of the phylum Proteobacteria, and changes in the Gammaproteobacteria composition may
contribute to changes in Proteobacteria found in this study. While the
ﬁndings of this study are somewhat in line with those of Bisanz et al.
(2014), the diﬀerences in results are not surprising given the vastly
diﬀerent population composition, sample size, exposure level, exposure
measurement type, and primary study purpose and design. Several investigations of diﬀerent animal models also found the abundance of
varying taxa to be associated with increased Pb exposure (Breton et al.,
2013b; Gao et al., 2017; Xia et al., 2018a, 2018b; Zhai et al., 2017).
When considered within the context of previous work, our study suggests that Pb exposure is associated with gut microbial composition,
even in an adult human population with relatively low levels of exposure.
The ﬁndings that α-diversity and richness were associated with
higher urinary Pb concentrations among a sample of adults were not
consistent with our hypothesis that both measures of microbial diversity would decrease with Pb exposure. Possible explanations include

In this analysis of the association between urinary Pb exposure and
gut microbial composition, signiﬁcant diﬀerences in α-diversity and
richness were found with increasing levels of urinary Pb concentrations.
In contrast with preliminary hypotheses, Pb exposure, as measured in
urine, was associated with an increase in the number of species present
within the gut, driving an increase in overall diversity. Associations
between urinary Pb exposure and measures of increased richness and αdiversity were strongest for those ages 50 and above, former smokers,
and those living in suburban and rural areas. Urinary Pb concentration
was also associated with signiﬁcant diﬀerences in β-diversity, indicating that the composition of the gut microbiota was diﬀerent with
increasing Pb exposure. Pb level was associated with signiﬁcantly increased colonization by Proteobacteria, speciﬁcally Burkholderiales.
This study has important implications for translational microbiome
research because it is one of the few human studies to date to consider
the relationship between heavy metal exposures, such as Pb, on the gut
microbiota. While this study's results are not a direct translation of
previously published experimental animal studies, some ﬁndings were
consistent. For example, Gao et al. (2017) found signiﬁcant diﬀerences
in the abundance of several bacterial taxa upon Pb exposure in mice,
including reductions in the Clostridiales and Coprococcus. These taxa
were similarly signiﬁcantly reduced in this study, prior to correction for
multiple comparisons. Among mice orally exposed to Pb, Gao et al.
(2017) also found signiﬁcant changes in the trajectories of α and βdiversity, and metabolic function with Pb exposure that became
stronger over time with continued exposure, although they saw a decrease in α-diversity with increased Pb. Collectively these ﬁndings
6
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Table 3
Association of urinary lead with α-diversity (Inverse-Simpson), richness (ACE),
stratiﬁed by eﬀect modiﬁers.
Outcome:

Inverse-Simpson

ACE

Stratiﬁcation variable
Age
< 50
≥50
Smoking
Current
Former
Never
BMI
Underweight/normal
Overweight/obese
Urbanicity
Urban
Suburban
Rural
Fiber consumption
Tertile 1
Tertile 2
Tertile 3
Antibiotic use
Yes
No

Urine Pba β (95% CI)

Urine Pba β (95% CI)

0.31 (−1.18, 1.80)
1.33 (0.03, 2.63)⁎

−2.5 (−26.1, 21.1)
25.0 (10.5, 39.6)‡

1.42 (−0.44, 3.29)
3.19 (0.83, 5.54)†
0.34 (−0.85, 1.52)

−16.6 (−58.0, 24.8)
47.8 (17.6, 78.1)†
16.2 (2.5, 29.9)⁎

0.48 (−1.27, 2.23)
1.07 (−0.03, 2.18)

19.1 (−0.7, 39.0)
18.4 (3.4, 33.3)⁎

−0.29 (−1.40, 0.81)
2.66 (0.95, 4.38)†
1.10 (0.44, 4.76)⁎

8.5 (−7.4, 24.5)
26.8 (8.8, 44.8)†
31.3 (2.6, 59.9)⁎

0.58 (−1.19, 2.35)
0.73 (−0.67, 2.13)
0.86 (−0.99, 2.71)

5.5 (−20.1, 31.1)
26.4 (10.0, 42.7)†
7.2 (−17.1, 31.4)

0.92 (−0.68, 2.51)
0.75 (−0.42, 1.92)

12.7 (−6.7, 32.0)
19.6 (4.5, 34.7)⁎

Table 4
Association of urinary lead concentration with β-diversity (Bray-Curtis), unadjusted and adjusted for covariates.
Outcome:

Variable
Urine Pba
Age
Gender (Female)
BMI
Antibiotics
Yes
Don't know
No
Race/ethnicity
Non-Hispanic White
Non-Hispanic Black
Hispanic
Non-Hispanic other
Education
≤ High School
Some college
≥ Bachelor's Degree
Smoking
Never
Current
Former
Fiber (g/1000 Kcal)
Urbanicity
Urban
Suburban
Rural
Indoor pet (Yes)

Data come from the microbiome study sample of the Survey of the Health of
Wisconsin 2016–2017.
Abbreviations: Pb = lead; ACE = abundance-based coverage estimator;
BMI = body mass index.
Linear regression estimates and conﬁdence intervals from separate stratiﬁed
analysis models for each variable. All models were adjusted by age, gender,
BMI, race/ethnicity, education, smoking, ﬁber, urbanicity, and pets, EXCEPT
for the stratiﬁcation variable.
P-values shown are testing whether the adjusted regression estimate for urinary
Pb in each subgroup analysis is signiﬁcantly diﬀerent than 0.
a
Creatinine-adjusted and log transformed.
⁎
P ≤ 0.05.
†
P ≤ 0.01.
‡
P≤0.001.

Bray-Curtis
Unadjusted

Adjusted

R2% (P)
0.60 (0.001)

R2% (P)
0.35 (0.003)
1.03 (0.001)
0.49 (0.001)
0.35 (0.006)
0.40 (0.003)
0.31 (0.020)
Reference
Reference
0.46 (0.001)
0.21 (0.177)
0.16 (0.495)
Reference
0.19 (0.260)
0.36 (0.005)
Reference
0.33 (0.010)
0.23 (0.103)
0.74 (0.001)
Reference
0.19 (0.305)
0.39 (0.001)
0.19 (0.279)

Data come from the microbiome study sample of the Survey of the Health of
Wisconsin 2016–2017.
Abbreviations: Pb = lead; BMI = body mass index.
Results shown from PERMANOVA models, unadjusted and adjusted for covariates shown above.
a
Creatinine-adjusted and log transformed.

that the source of Pb exposure may also be introducing diﬀerent bacteria, or increasing the survival ability of bacteria that would not
otherwise thrive in that environment. Or, Pb exposure could be reducing the abundance of highly abundant bacteria and alter the evenness
of abundance across all taxa. Alternatively, the immune suppressing
eﬀects of Pb may outweigh the direct eﬀects of Pb on the gut bacteria,
allowing for increased colonization.Ultimately, α-diversity and richness
results are composite measures of microbial gut composition and signiﬁcant shifts, regardless of direction, point to the need for additional
investigations that explore the changes in bacterial composition and
function associated with Pb exposure in more detail.
Although Proteobacteria make up a small proportion of the overall
composition of the gut microbiota (Fig. 1), their increased levels may
also contribute to this ﬁnding. Proteobacteria are a phylum of Gramnegative bacteria that include the classes α-, β-, δ-, and γ-proteobacteria, order Burkholderiales, and the families Alcaligenaceae and
Oxalobacteraceae, all of which were signiﬁcant either before or after
FDR correction in our QCAT-GEE analysis. The order Burkholderiales
contains a wide variety of bacterial species that perform a plethora of
metabolic functions. Some members of the Alcaligenaceae family are
known to be respiratory pathogens, including Bordatella pertussis, the
causative agent of whooping cough (Austin, 2014). A species of clinical
relevance within the Oxalobacteraceae family of the Burkholderiales, is
Oxalobacter formigens, a bacteria commonly found in the gastrointestinal tract that uses oxalate as its primary source of carbon and
energy (Baldani et al., 2014). Oxalate is a dietary component that typically binds with Ca2+, and in excess can lead to calcium oxalate
kidney stones (Holmes and Assimos, 2004). In a study using data from
the American Gut Project, the abundance of O. formigens was found to

Fig. 3. β-Diversity distance by Urinary Pb Quartile.
Bray-Curtis dissimilarity distances, colored by quartile of creatinine-adjusted
urinary Pb level. Distance between dots represents the diﬀerence in OTU
composition between samples.
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ﬁndings (The Human Microbiome Project Consortium, 2012).
Eating a healthy diet has been previously suggested as an intervention to mitigate the toxicity of Pb exposure (Kordas et al., 2018; Zhai
et al., 2015). Mechanisms include competition by essential metals, reduction of oxidative stress, and improved immune function, counteracting the negative eﬀects of heavy metals (Zhai et al., 2015). In our
analysis, stratifying the analysis by tertiles of dietary ﬁber consumption
modiﬁed the eﬀects of Pb on gut microbial composition, with those in
the middle tertile showing the largest increase in α-diversity and
richness with increase Pb level. This may be a previously unconsidered
pathway through which healthy diets ameliorate the toxic eﬀects of Pb.
Given the ongoing need for strategies to reduce Pb exposure and its
toxic eﬀects (Cassidy-Bushrow et al., 2017; Song et al., 2017), this area
is promising for further investigation including both observational and
clinical studies.
Although this analysis contributes novel insights to what is known
about Pb and the gut microbiota, it has some limitations. Fecal samples
are a useful matrix for examining the contents of the gut microbiota,
however, some aspects of sample collection could have been improved
upon in this study. For example, the SHOW ancillary microbiome study
collects only one stool sample per participant, which gives a crosssectional snapshot of the microbiota but may not accurately represent
the normal composition. Moreover, the cross-sectional nature of this
study allows for investigation of association, not causality. An expansion of the microbiome study began in 2018 and collects a second fecal
sample (along with several environmental samples) from the participants in this study. Future analysis will be able to examine gut microbiota composition longitudinally as well as urinary Pb level over time,
and provide additional insights into the relationship between the two.
We also note that extracting DNA from fecal samples that have not
been frozen and thawed is ideal for getting the most accurate sequencing results, as some bacterial DNA is damaged with each freeze-thaw
cycle (Cardona et al., 2012). Fecal samples from the SHOW ancillary
microbiome study go through at least one freeze-thaw cycle before
sequencing. Although this is a known limitation, the PCR used to amplify DNA prior to sequencing would still be able to identify non-viable
organism as long as the DNA encoding the 16S rRNA is undamaged. The
gut microbiota analysis is further limited by the use of 16S rRNA amplicon sequencing as opposed to whole genome sequencing. Sequencing
entire genomes would allow for more accurate identiﬁcation of bacteria, and in-depth analysis of potential metabolic function within the
gut microbiome. This type of analysis is useful given the interpersonal
variation in taxonomic composition of the gut microbiota (Jovel et al.,
2016). Using metagenomic data would allow for the examination of
how the functional capacity of the microbiome is altered upon exposure
to Pb.
The use of urine samples for the measurement of Pb exposure, while
useful in measuring exposure, may also induce some misclassiﬁcation,
as it is not the gold standard for Pb exposure measurement. Because this
study was observational, determination of Pb exposure was limited to
post-exposure measurement. This poses challenges for addressing this
particular research question as the gut microbiota play a role in the
metabolism of Pb within the gut, as postulated in the case of O. formigens, which may aﬀect the level of Pb that is absorbed into the
bloodstream and later exits the body through the urine.

Table 5
Speciﬁc bacterial taxa associated with level of urinary Pb concentration, adjusted for covariates.
Uncorrected P-value

Phylum
Proteobacteria
Class
Alphaproteobacteria
Betaproteobacteria
Deltaproteobacteria
Gammaproteobacteria
Order
Burkholderiales
Clostridiales
Desulfovibrionales
Rhizobiales
Family
Alcaligenaceae
Barnesiellaceae
Brucellaceae
Clostridiaceae
Desulfovibrionaceae
Enterococcaceae
Lactobacillaceae
Oxalobacteraceae
Rikenellaceae
Genus
Clostridium
Coprococcus
Desulfovibrio
Eubacterium
Pediococcus
Ruminococcus

Direction

Two-part

Zero-part

Positive-part

0.0236

0.0006⁎

0.9620

↑

0.6436
0.5050
0.0119
0.0317

0.0198
0.0099
0.0119
0.7030

0.6436
0.5050
1.0000
0.0307

↑
↑
↑
↑

0.0044
0.0008
0.0921
0.1683

0.0002⁎
0.1582
0.0277
0.0099

0.7822
0.0008
0.8208
0.1683

↑
↓
↑
↑

0.4356
0.2574
0.0248
0.0218
0.0644
0.0129
0.1881
0.3267
0.0584

0.0099
0.0495
0.0248
0.0406
0.0178
0.9307
0.0396
0.0495
0.0208

0.4356
0.2574
1.0000
0.1416
0.4772
0.0129
0.5446
0.3267
1.0000

↑
↑
↑
↓
↑
↑
↓
↑
↑

0.0455
0.0238
0.8119
0.0149
0.0124
0.0208

0.7406
0.0099
0.0396
0.0525
0.0124
0.0614

0.0455
0.3178
0.8119
0.0663
1.0000
0.0347

↓
↓
↑
↑
↓
↑

Data come from the microbiome study sample of the Survey of the Health of
Wisconsin 2016–2017.
Analysis was performed using Quasi Conditional Association Test using
Generalized Estimating Equations (QCAT-GEE), adjusted for age, gender, body
mass index, antibiotic use, race/ethnicity, education, smoking, ﬁber consumption, urbanicity, and indoor pets.
⁎
Indicates p < 0.05 after FDR correction.

be associated with increased α-diversity and resilience of the gut microbiota to disturbances (Liu et al., 2017). This may further explain our
ﬁnding that increasing α-diversity was associated with increasing urine
Pb concentration. Oxalate can also bind with Pb2+ to form lead oxalate.
When oxalate binds to Ca or Pb, it reduces the amount free and available for absorption into the blood stream. Thus, it is possible that the
presence of O. formigens in the gut microbiota could increase urine Pb
levels, rather than Pb exposure resulting in an increase in O. formigens
presence or abundance. However, there is not strong evidence that this
is the case in our study. Further investigation of the association between
O. formigens and human biomarkers of Pb is needed.
An important considerations in interpreting results is that exposures
in this sample are relatively low, with a lower geometric mean urinary
Pb concentration than the NHANES representative sample (0.45 μg/L)
(Buser et al., 2016), however, there is overlap in exposure levels between the two study populations. Additionally, approximately 76% of
this study population was overweight or obese based on objectively
measured height and weight. This is consistent with previous estimates
of a representative sample of the Wisconsin population (Eggers et al.,
2016). This skew towards a higher BMI may be contributing to the
diﬀerence in Firmicute to Bacteriodetes ratio identiﬁed in this study
population compared to previous studies of healthy adults (The Human
Microbiome Project Consortium, 2012). We also acknowledge that
diﬀerences in the DNA extraction method used for these analyses, including heat, chemical, and mechanical lysis, may additionally contribute to this ﬁnding. However, the high level of variability in community structure between individuals is consistent with previous

5. Conclusions
This study found that levels of adult urinary Pb concentration are
associated with signiﬁcant diﬀerences in gut microbial composition,
even at Pb levels below the national average, including changes in α
and β-diversity, as well as diﬀerences in colonization by Proteobacteria,
speciﬁcally Burkholderiales. This study also sets a basis for comparison
of future studies of Pb exposure and the human microbiota. Further
examination of this association and its downstream health eﬀects is
warranted.
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