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Abstract 

Imbalance of good and bad bacteria within the gut microbiota has been associated with many 

adverse health outcomes including infection. Antibiotic resistant bacteria (ARB) infections are a 

major cause of global morbidity and mortality and effective treatment options are disappearing 

as antibiotic resistance proliferates. Avoiding imbalance of the gut microbiota may help prevent 

colonization and subsequent infection by ARB and other pathogens. Environmental lead (Pb) 

exposure can change gut microbial composition in animal models, potentially leading to an 

unhealthy imbalance. Pb exposure can also select for bacterial resistance to antibiotics, and 

reduce immune function in humans. All of these mechanisms suggest that exposure to Pb may 

increase risk of ARB infection. This study investigates the association between Pb exposure, and 

water filter use as a potential exposure intervention, and gut microbial composition. Furthermore, 

it examines the potential mediating effect of the gut microbiota on the association between Pb 

exposure and ARB colonization. This study uses survey data and biological samples including 

stored urine and stool samples collected by the ongoing Survey of the Health of Wisconsin and 

its ancillary microbiome study. This complex relationship is examined using a combination of 

molecular sequencing techniques and culture based microbiological methods, within a cross-

sectional epidemiologic study framework. Data analysis consists of various established and 

relatively novel analytical approaches. Evidence from this study suggests that Pb and water filter 

use alter the composition of the gut microbiota, and Pb may be associated with ARB colonization 

in some subsets of the population. These findings support the need for further investigation of 

theses associations, and could be used to support policy and practice to prevent gut microbial 

dysbiosis and ARB colonization and infection.  
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Chapter 1. Introduction 

1.1. OVERVIEW 

Having a balanced gut microbiota is crucial to maintaining health, as the gut microbiome 

has been shown to play an important role in metabolism, nutrition, immune function, and 

nervous system signaling.1 Given its association with these varying biological mechanisms, 

imbalance, or dysbiosis, of the gut microbiota has been linked with many adverse health effects 

including infection, obesity, diabetes, inflammatory bowel disease, allergic disease, and mental 

health conditions.2 There is no single definition of a healthy gut microbiota, however, typically, 

the more diverse the microbiota, the better, especially in the case of infection.1,3  Research is just 

beginning to identify signatures of a “healthy” vs. “un-healthy” gut microbiota, and many 

questions remain, particularly with respect to what level of diversity and which clusters of 

bacteria are most protective and necessary for maintaining health. Further, the role that external 

factors, including diet and environmental toxicants (xenobiotics), play in altering these 

organisms and increasing risk of disease needs further examination. 

Although many have postulated that the environment and geography may affect the 

composition of the gut microbiota, research into the mechanisms by which these factors 

influence the gut microbiota is in its infancy. Xenobiotics can influence gut microbiota in several 

ways. They are potentially toxic to the bacteria in our gut, and can cause dysbiosis by altering the 

composition of the gut microbiota through several mechanisms.4 Likewise, the bacteria in the gut 

can change the metabolism of xenobiotics and potentially mediate the toxic effect of an internal 

dose on the body. 4 Lead (Pb) is one such xenobiotic. It is a pervasive environmental 

contaminant that plays no known necessary biological function for humans and most bacteria.5 

Pb has been causally linked to myriad detrimental health effects in children and adults including 
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altered brain development and reduced immune function. While Pb has been a known toxicant 

for centuries, it is only recently that regulators and scientists agree there is no “safe” threshold of 

Pb exposure.6 Pb also plays a toxic role for many microbes, thus when bacterial communities, 

including the gut microbiota, are exposed there is potential to cause a significant shift in the 

bacterial community composition.7–9 In the environment, Pb has been shown to alter microbial 

communities of water and soil.10,11 Animal studies have shown shifts in gut microbiomes change 

over time and these shifts have impact on important inflammatory and immune metabolic 

pathways.12–15 Only one study in children has explore adverse effects of Pb exposure and child 

gut microbiome and found significant differences in abundance of Succinivibrionaceae and 

Gammaproteobacteria.9 Despite this emerging evidence, few empirical and observational studies 

exist and no study to date has examined the relationship between lead exposure and the 

microbiota of adults.   

A healthy and diverse microbiota has been linked to reduced risk for infections.3,16–18  Of 

greatest concern are antibiotic resistant bacteria (ARB), many of which are not susceptible to 

most forms of existing antibiotic treatment. In the United States infections by ARB cause more 

than 23,000 deaths annually.19 Bacterial genes for metal resistance and antibiotic resistance are 

often linked.20 Environmental and animal studies show that exposing bacteria to Pb leads to 

increased prevalence of antibiotic resistant bacteria.21–24 Pb’s ability to co-select for antibiotic 

resistance in bacteria, disrupt the gut microbiota, and reduce immune function, make it highly 

plausible that Pb exposure leads to increased risk of ARB infection, yet few studies have been 

done to examine this association in humans. 

Drinking water is an important possible source of both Pb exposure and bacteria with 

potential antibiotic resistance. Both groundwater and surface water can be contaminated with Pb 
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and bacteria. Although municipal water sources are treated before distribution, there is not 

regulation for monitoring and treatment of private wells. Well owners are responsible for the 

maintenance of their own water quality, yet most do not test their water regularly.25 However, 

even for those whose water has been treated, Pb and microbes from the distribution system can 

contaminate water before it reaches the home.26,27  Household water filtration is a modifiable 

approach that has the potential to alter water quality, reducing risk of exposure to both ARB and 

heavy metals. This change in xenobiotic and biotic exposure likely affects composition of the 

human microbiota, although this association has yet to be examine. 

 The overarching goal of this dissertation is to gain further insight into the relationships 

between environmental Pb exposure, household water treatment, and the gut microbiota, 

including colonization by ARB. Understanding these relationships in a real world setting sets a 

foundation for further examination of Pb and other environmental exposures in relation to the gut 

microbiota and disease, and may lead to clinical and policy recommendations for preventing 

microbial dysbiosis and associated health outcomes. 

 

1.2. LITERATURE REVIEW 

1.2.1. The Human Microbiota 

The study of the many microorganisms that colonize the human body has been going on 

for many years. In the past, research was limited to the microbes that could be cultured and 

isolated in the lab. Now there are molecular methods, including fluorescence in situ 

hybridization (FISH) and rapid metagenomic sequencing that allow us to get a more accurate 

picture of all of the organisms in a given sample. Since the advent of these techniques, there has 

been a boom in research characterizing the microbiome and its effect on human health.28–30 
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 Trillions of microorganisms colonize the human body, and we have varying forms of 

relationships with these microbes. Most of our microbial colonizers are symbiotic or commensal 

organisms, meaning that we play either mutually beneficial roles, or we benefit the bacteria and 

they cause us no harm or benefit.31 When there is a disruption in the normal balance of our 

microbiota, or dysbiosis, some of our normally commensal bacteria can grow unchecked and 

lead to an opportunistic infection. Other bacteria, known as pathogens, cause infection whenever 

they reach a certain bacterial load. Having a balanced group of microbiota can help prevent 

infection by opportunists and pathogens.  

 Most of what we know about the healthy human microbiota comes from two large-scale 

microbiota studies, the U.S. based Human Microbiome Project (HMP) funded by the NIH32 and 

the Metagenomics of the Human Intestinal Tract project (MetaHIT) a consortium based project 

by the European Union.33  Results from the HMP and other microbiome studies show that the 

dominant phyla in adults are Bacteroidetes and Firmicutes,34 however, there is no single species 

of bacteria found in all humans.1,29  Given the vast intra-individual diversity of microorganisms 

even within healthy individuals, there is no consensus on exactly what a healthy microbiome 

should contain, which can make comparisons of microbiome composition challenging. 

 There are many different ways of characterizing microbiota diversity, most of which 

come from the field of ecology. Diversity is a combination of richness, the number of different 

species or operational taxonomic units (OTUs), and abundance, the number of organisms present 

within each OTU. Once bacterial samples have been collected and the bacteria present have been 

identified, microbiota studies typically examine the α-diversity, or the amount of diversity within 

an individual ecosystem, or in most cases an individual’s gastrointestinal (GI) tract. β-diversity, 

or the difference in diversity of bacterial taxa between groups, is another measure of diversity 



5 
 

 

commonly used when comparing different groups of exposures or outcomes. Another way of 

looking at diversity is to look at the presence or absence, and abundance of specific bacterial 

taxa, with known biological processes.35,36  

 Many different factors, some intrinsic and some modifiable, are known to influence the 

composition of the human gut microbiota. Humans are first colonized at birth via the birth canal, 

and the ecology of the gut is primarily established within the first three years of life, in which the 

diversity greatly increases with time.37,38 After the age of 3, the level of diversity stays relatively 

constant, however, individual species and their relative abundances may change due to other 

factors.37 Gender appears to play a part in microbiota composition, as well as shaping the role of 

the microbiota in downstream health effects.39,40 The link between genetics and the microbiome 

is an ongoing area of investigation, but studies suggest that genetics and environment both play a 

key role in defining the gut microbiota.41–44 

Some modifiable determinants of gut microbiota composition include birth mode, direct 

manipulation, diet, environment, smoking, cohabitation, and animal contact. Some of these 

factors show more acute effects, while some lead to long term shifts. Birth mode is a key early 

determinant in microbiota composition and its effects tend to last throughout the life-course. 

Babies born via Cesarean section generally have less gut microbial diversity, the predominant 

microbes being Staphylococcus and Corynebacterium, typically found on the skin, and show 

delayed gut colonization by Bacteroidetes, a typically predominant species in the human gut.38,45  

Forms of direct manipulation include the use of antibiotics, probiotics and prebiotics. These 

interventions tend to have acute effects, but can lead to long-term effects if exposure is chronic 

or repeated.46,47  Antibiotics that are used to treat infections can also cause widespread reductions 

in commensal (mutualistic or beneficial) bacteria. Probiotics composed of beneficial bacteria, 
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typically Lactobacillus and Bifidobacterium, can be taken alone or in combination with 

prebiotics, poorly digested complex carbohydrates, to directly promote diversity and colonization 

of health-promoting bacteria within the gut.48 The nuances of dietary impacts are still being 

examined, however, several studies have shown the fiber and fat content of the diet can have 

especially dramatic effects on the microbiota.39,49–56 The environment affecting gut microbiota 

include a wide range of environmental contaminants, as well as aspects of the built environment 

that dictate what surfaces and bacteria we come in contact with on a daily basis.57–59 Diet and 

environmental effects can be acute if the exposure is acute, but prolonged and repeated 

exposures tend to have lasting effects. However, early exposures to dietary and environmental 

exposures while the gut microbiota is first being established, can have lasting effects even 

without prolonged exposure.8,30 There are marked differences in the respiratory and gut 

microbiota of smokers and non-smokers, and cessation causes drastic changes as well.60,61 The 

gut microbiota composition is also closely related to those of cohabitating family members and 

domestic animals.62   

 

1.2.2. The Gut Microbiota and Health  

The gut microbiota takes on a host of functions within human health, and microbial 

dysbiosis has been implicated in many acute and chronic health conditions. Our microbes 

mediate digestion of food and other chemicals that enter our system.63 They create a variety of 

metabolites that affect processes within the gut and throughout the body, and can biotransform 

xenobiotics, including pharmaceuticals, into non-bioavailable forms.64,65 The microbiota are so 

involved in the interface with xenobiotics in our bodies, that experts are starting to consider the 

microbiota as a biomarker between xenobiotic exposure and health outcome.66 They can also 
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affect energy harvest by changing the rate at which our cells store fat.67 Our microbiota also 

helps prevent colonization and infection by pathogens and opportunistic commensals. One 

mechanism for this is competitive inhibition, whereby the commensal microbes compete for the 

same resources and mucosal binding sites as the infectious bacteria and limit their growth.68 

Another mechanism is that growth of commensal bacteria along the mucosal lining of the GI 

tract helps to strengthen the epithelial barriers by promoting certain growth factors in the actin 

filaments that increase the strength of the tight junctions between epithelial cells. This 

strengthening helps reduce the ability of pathogenic bacteria to enter our cells and blood stream 

and cause infection.69  

Our microbiota play a large role in the development of the immune system, and continue 

to interact with the immune system to maintain homeostasis throughout our lives.70–72 Having a 

healthy microbiota throughout the life-course helps the gut immune cells to develop differently 

from other immune cells. By maintaining a health bacterial load within the gut, the immune cells 

in the gut are essentially desensitized, having fewer receptors, making them less sensitive to the 

presence of microbes, and producing fewer pro-inflammatory cytokines when stimulated, 

helping to reduce inflammation throughout the life-course.72,73 Beneficial bacteria within the 

microbiota produce cytokines, short and long chain fatty acids, and other signaling molecules 

that affect mucus production, and epithelial barriers, as well as increasing Type 1 T helper cell 

(Th1) response.70–72,74 This increase in Th1 response leads to increased destruction of pathogenic 

bacteria via increased Interferon gamma (IFN-γ) production and increased lysozyme and major 

histocompatibility complex class II (MHCII) expression.70  

In summary, the gut plays an important role in health, while much of the gut microbiota 

is established early in life, exposures throughout the lifecourse can alter gut composition over 
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time, therefore, it is an important area of ongoing investigation both for reducing disease burden 

as well as identifying potential treatments.  

 

1.2.3. Environmental Metal Exposure 

 People living and working in different spaces are exposed to different levels of 

environmental toxicants, and the study of those environmental exposures and disease has been 

on-going for hundreds of years. However, the formal establishment of the US EPA and several 

regulatory and policy decisions, including removal of lead from gasoline have shown dramatic 

decline in overall burden of environmental exposures and efficacy of environmental policies over 

time. 75,76  Sources of environmental hazards are very diverse and can vary on large (city or state) 

to small scales (housing, neighborhood, etc.) leading to within and between individual variability 

in exposure based on daily living and lifestyle patterns. Heavy metal exposure has been of 

particular importance and some of the first classes of chemicals examined, including mercury 

and Pb, were both found to be neurotoxic in early examination of occupational hazards. Heavy 

metal exposure is known to vary differentially due to industrial activity, governmental 

regulations, and home and consumer practices.  

 Pb is among the many heavy metals that are naturally occurring elements in the 

environment. Some natural phenomena like volcanic eruption and soil erosion can lead to higher 

metal exposure levels than normal. Human activity has caused higher levels of exposure, due to 

activities like mining, and the use of metals in industry, agriculture, and technology.77 Some 

metals are essential nutrients for biological processes; however, many metals are considered non-

essential, as they serve no biologically useful purpose. Non-essential metals can cause a wide 

variety of health effects due to their varying biological mechanisms.6,77 Some of the adverse 
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health outcomes include developmental effects, cancer, cardiovascular disease, diabetes, 

neurotoxicity, and intellectual disability.78,79 Literature is just starting to be published on the 

effects of metals on the microbiome, however, early animal and epidemiological studies show 

changes in microbial composition caused by several metals including arsenic, mercury, and Pb.7–

9,12–15,80–84 

 

1.2.4. Environmental Pb 

 Like many other heavy metals, Pb is a naturally occurring element but human activity has 

greatly increased the level of human exposure.6 Pb in the environment comes from many sources 

including mining for Pb and other metals, and industrial plants that use or manufacture Pb, Pb 

compounds, and Pb alloys. Pb is often used in the production of batteries, many of which end up 

in landfills.  Pb was often used in gasoline between 1920 and 1975, until the introduction of 

unleaded gasoline, although Pb was not banned for use in gasoline by the EPA until 1996, the 

burning of which was the main source of lead in the environment during that time period, with 

Pb concentrations in soil particularly high near roadways.85 Pb is still used as a component in 

many brake pads, which add to the accumulation of Pb in soil near roadways. Pb can also be 

released into the air from combustion of oil, charcoal, and other waste.6 Pb concentration in air is 

still used as a metric of air quality as part of the National Ambient Air Quality Standards.86 

Pesticides used before 1950 on many orchards also contained Pb.6 Pb has been an important 

element for building the nation’s water infrastructure and many of our municipal water supplies 

have service lines throughout their distribution systems.87 Before its ban in 1978 by the 

Consumer Protection and Safety Commission, 88 Pb was used in paints and pigments, many of 

which are still a major source of Pb exposure today, particularly for children. Pb from these 
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various sources ends up in soil by falling from the air in rain, chipping in paint from buildings, 

roadway emissions, or direct contamination from waste and industrial sources. Pb binds strongly 

to soil particles and remains for many years. Groundwater can also be contaminated by small 

amounts of Pb from soil, urban runoff, and industrial waste.6  

   

1.2.5. Pb and Health 

 The health effects of Pb exposure are known to be greater in children because exposure to 

Pb is often higher and its effects within the body are more severe in children than adults. Pb is 

more readily absorbed into the bloodstream of children than adults, and exposure to Pb is higher 

per body weight for children. Children can be exposed in utero during pregnancy and, after birth, 

are also more likely to be exposed through soil and dust because they more frequently play on 

the ground and put foreign objects in their mouths.6,89 Once absorbed into the blood stream, Pb 

can pass through the blood-brain-barrier of children more easily than in adults, particularly in 

children 5 years old and younger, having more detrimental effects on a still developing brain.90 

 While Pb is often considered a children’s environmental health issue, Pb exposure can 

also contribute to a wide array of health effects for both children and adults.6 Adverse health 

effects of Pb in children include anemia, kidney damage, muscle weakness, brain damage, colic, 

stunted mental and physical development, and death. Effects of Pb in adults are similar, 

including neurotoxicity, reduced kidney function, anemia, joint weakness, hypertension, reduced 

immune function, and reproductive complications including miscarriage and reduced sperm 

production.6 The main treatment for Pb exposure is to eliminate the source of exposure, however, 

if Pb levels are high enough it can be treated to reduce the biological load through chelation and 
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ethylenediaminetetraacetic acid (EDTA) therapies.6 While limiting Pb in the body helps to 

reduce the adverse effects of Pb, not all effects can be reversed upon treatment.6 

 Pb’s neurotoxicity is primarily based upon its ability to substitute for calcium in the 

body.90 It uses this ability to pass through the blood-brain-barrier via Ca2+ pumps. Once in the 

brain, Pb alters calcium homeostasis within cells, often impairing mitochondrial function and 

resulting in cell death.90 Pb also substitutes for calcium ions in activating second messengers, 

damaging potassium channels, and reducing the functionality of Protein Kinase C, which affects 

neuronal proliferation, differentiation, disrupts cellular functions involved in learning and long-

term memory, and reduces synaptic ability.  Pb also disrupts the dopamine system in the brain, 

can cause anemia, and damage the blood-brain-barrier which can lead to swelling and 

ischemia.90 

 One of the subtler health effects of Pb, is reduced immune function, which can happen 

even at low levels of Pb exposure.91 Pb has been shown to affect almost every aspect of immune 

function, however, certain immune effects are considered trademarks of Pb exposure. The most 

prominent of these is a shift toward Type 2 T helper Cell (Th2) response and increased 

Interleukin-4 secretion, reducing the Th1 response, the primary mechanism for fighting bacteria 

and viruses. Other distinct changes in immune response include increased IgE production 

(autoimmune antibodies), suppression of Delayed Type Hypersensitivity, reduced resistance 

functions of macrophages, including nitric oxide production and new macrophage generation, 

and increases in pro-inflammatory cytokines and reactive oxygen intermediates.91 All of these 

changes in immune function reduce the body’s ability to fight infection, and epidemiologic 

studies using data from the National Health and Nutrition Examination Survey (NHANES) show 

a significant association between Pb exposure and colonization by methicillin resistant 
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Staphylococcus aureus (MRSA),92 as well as several chronic infections including Helicobacter 

pylori (which can be antibiotic resistant), Toxoplasma gondii, and Hepatitis B virus (HBV).93 

 

1.2.6. Antibiotic Resistant Bacteria 

 Antibiotic resistance is an international health crisis. Infections by ARB are becoming 

increasingly common, and effective treatment options are decreasing rapidly. Infections by these 

organisms are often very serious, leading to increased medical care usage and even death. 

Lacking effective treatment options for these infections also endangers the outcomes of other 

medical treatments including surgery and cancer treatment.94 ARB are often transmitted in health 

care settings, but can also be acquired through the community.95–97 Not all ARB are pathogenic, 

however, asymptomatic colonization by an ARB can be a strong predictor of future infection.98–

101  

 Vancomycin-Resistant Enterococci (VRE), Multi-Drug-Resistant Gram Negative Bacilli 

(RGNB), and MRSA are three types of ARB with the capacity to cause seriously detrimental 

health effects.19,102 102101Enterococci are Gram positive cocci that are normally commensal, often 

found in the GI tract, the female genital tract, and in the environment.  Types of Enterococci that 

can become resistant to vancomycin include Enterococcus (E.) faecalis, E. faecium, and others. 

VRE often causes infections associated with hospitalization, including urinary, bloodstream, 

catheter and surgical wound infections.103 RGNB are defined as Gram-negative rods, resistant to 

one or more antibiotics. Bacteria that can become RGNB include Klebsiella, Acinetobacter, 

Pseudomonas aeruginosa, Escherichia coli, and others. RGNB can cause pneumonia, sepsis, 

meningitis, and surgical site infections.104 Staphylococcus (S.) aureus is carried by approximately 

30% of the U.S. population, while MRSA is carried by about 1%.105–107 S. aureus carriage can be 
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commensal, but can also cause opportunistic infections. MRSA is a Gram-positive cocci that is 

often resistant to more than just methicillin.24 

 

1.2.7. Pb and Bacteria 

Heavy metals primarily affect bacteria by entering through essential metal transport 

proteins and denaturing proteins and nucleic acids within the cell.5,108 Lead [Pb(II)] specifically 

affects microbes by altering nucleic acids and proteins, hindering enzyme activity, inhibiting 

membrane functions, and changing osmotic balance.5 All of these effects can be toxic to bacteria 

and have the potential to change the microbial ecology within an ecosystem. Studies in animal 

models have shown changes in gut microbial composition with increased Pb exposure,7,8,12–15 

and one study in a small sample of human children found significant association between high 

blood Pb levels and presence of specific bacteria (Succinivibrionaceae and 

Gammaproteobacteria).9 

There is evidence suggesting that metal exposure is not only changing the composition of 

the gut microbiota, but leading to increased metal- and antibiotic-resistance as well.20–24,82,109–114 

Metal exposure kills susceptible bacteria, leaving metal-resistant bacteria behind. There are 

several mechanisms by which microbes can resist the toxic effects of Pb.  Bacteria can use 

components of their outer cell wall to bind extracellular Pb and prevent it from entering the cell. 

They can precipitate Pb into phosphate salts in and outside the cell, and bind Pb using proteins 

making it unavailable for disrupting cellular mechanisms. Bacteria can also biotransform Pb into 

volatile forms, or most effectively, efflux Pb to the extracellular environment.5 Many bacteria 

that are resistant to metal are also resistant to antibiotics via several mechanisms. Co-resistance 

happens when microbial metal-resistance and antibiotic-resistance genes are physically linked on 



14 
 

 

a genetic unit such as a plasmid. Cross-resistance occurs where one microbial gene produces a 

set of proteins that confers resistance to both metals and antibiotics. Co-regulatory resistance is 

when separate metal-resistance and antibiotic-resistance genes are linked by transcriptional 

regulation, whereby a stimulus for either gene leads to transcription of both.20 In-vitro and 

animal studies have found metal and antibiotic resistance to be linked to each other, and 

associated with Pb exposure.21–24 

Many different bacterial species 

have been identified as having Pb 

resistance, including Staphylococcus 

sp., Bacillus cereus, Bacillus 

megaterium, Arthrobacter sp., 

Corynebacterium sp., Pseudomonas 

marginalis, Pseudomonas vesicularis, 

Enterobacter sp, and Alcaligenes sp, 

however, not every individual within 

each species carries Pb resistance.  

Metal and antibiotic resistance genes 

occur naturally in many bacteria, but 

over time without a stimulus to 

maintain them, these genes can be lost. 

Introducing metal to the environment 

gives a selective advantage to 

maintaining and proliferating these 

Figure 1.1. (Taken from previous publication92)The natural 
history of Pb exposure and selection for antibiotic resistance in 
Staphylococcus aureus that colonize individuals could work in 
several ways. a. The individual is exposed to Pb first, and is 
then exposed to MRSA and MSSA. The Pb prevents 
colonization by MSSA, but not MRSA. b. The individual is 
colonized by MRSA and/or MSSA first, and is then exposed to 
Pb. The Pb selects for antibiotic resistance by killing MSSA 
and leaving MRSA behind. C. MRSA and/or MSSA is exposed 
to Pb in the environment. The Pb exposure selects for antibiotic 
resistance in the environment. The individual is then exposed to 
both MRSA and Pb from the same source.  
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resistance genes.  The genes are then transferred to the next generation of bacteria through cell 

replication, but they can also be transferred horizontally to otherwise susceptible bacteria. 

Mechanisms of horizontal gene transfer include conjugation – transfer of a plasmid from cell to 

cell, transformation – incorporating foreign DNA taken up from the environment, and 

transduction – transfer of DNA via bacteriophage. These mechanisms of gene transfer can 

happen in the environment or in vivo. Therefore, the natural history of colonization by ARB and 

Pb exposure may work in multiple ways. The first mechanism could be that a person is exposed 

to Pb and then later exposed to an ARB (and other antibiotic susceptible bacteria) (Figure 1.1.a). 

In that case the Pb could prevent colonization by the susceptible bacteria but not the ARB. 

Alternatively, a person may be exposed to an ARB first, and then to Pb (Figure 1.1.b); the Pb 

would then reduce the number of susceptible bacteria, and select for the ARB’s proliferation. A 

third scenario is that the ARB is exposed to Pb in the environment, where it selects for 

resistance, and later the individual is exposed to both the Pb and ARB through the same source 

(Figure 1.1.c).92 

  

1.2.8 Water Quality and Treatment 

  For those using municipal water sources, some of which use groundwater as their source 

water, and some use surface water (lakes and rivers), the water treatment process typically 

removes Pb from these sources, however, outdated municipal water infrastructures often use Pb 

pipes and solder, which can contaminate the water after the decontamination process, particularly 

when the water is acidic or “soft.”6 In the case of Flint, Michigan, the overall change in acidic 

levels of the water led to higher levels of corrosiveness in the water and lead to chemical 

interactions within the distribution system that released increased iron and Pb into the water 
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supply post-treatment. Further, the chlorine used to initially treat for bacteria was no longer 

effective because it interacted with iron in the water making the water toxic from both chemical 

contamination and high levels of bacteria. 

While the introduction of Pb into the environment has been greatly reduced in the US 

since the regulations on its use in paint and gasoline, Pb in the environment persists. Due to the 

extensive use of Pb based paints in housing, roadways, and industrial sites, states like Wisconsin, 

in the Midwestern and Northern regions of the US, are at higher risk of Pb exposure than other 

regions.115 The recent Pb contamination of water in Flint, Michigan has drawn attention to the 

outdated municipal water infrastructure still used throughout the country, including in 

Milwaukee, Wisconsin.116 The municipal water delivery system in Milwaukee is made of three 

main components, the water main and the service line up to the curb stop, which are owned by 

the city, and the service line from the curb stop to the housing unit, which is owned by the 

property owner.117  The water main does not contain Pb, but pipes and solder used in the service 

lines may contain Pb. The map shown in Figure 1.2, displays each residence using municipally 

owned Pb service lines, however, there may be more residences not displayed here that are using 

Pb in the privately owned sections of service line.117  The use of Pb in the water infrastructure 

and its extensive use in housing in the Milwaukee and Racine areas resulted in recommendations 

from the Wisconsin Department of Health to screen all children for Pb poisoning in Milwaukee 

and Racine three times before the age of three.118 This screening and surveillance effort has 

shown a steady decrease in childhood Pb poisoning since 1996.118 
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Figure 1.2. Map of Pb service lines owned by the Milwaukee municipal water supply.117 
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 While residents using the water distribution infrastructure in Milwaukee are at greatest 

known risk of Pb contamination, private well owners in Wisconsin are not free of risk. Private 

wells also use plumbing lines to transport water from the well to the house, and older homes may 

still be using Pb pipes and solder. A large portion of the Wisconsin population depends on 

groundwater as its primary water source, particularly rural areas served mostly by private wells. 

Water monitoring is conducted regularly by municipal water supplies, however, similar 

monitoring does not occur in private wells. Because there are no federal regulations about private 

well monitoring, the responsibility of well stewardship falls to the owners. Samples of drinking 

water from Wisconsin have been found to be contaminated with nitrate, coliform bacteria (a 

marker of fecal contamination), and heavy metals, and of 4,000 private rural water samples, 11% 

had elevated levels of several metals including Pb.119 Furthermore, results from the Survey of the 

Health of Wisconsin (SHOW), indicate that most private well owners in Wisconsin report not 

testing their water, and most who treat their water use only a water softener,25 which may 

actually increase Pb contamination if Pb pipes or solder are used in the plumbing between the 

water softener and the taps.  

While it is hard to fully characterize water quality, use of a water filter can alter water 

quality and can eliminate both metals and bacteria depending on the type of filter.120 After the 

water system treatment failure in Flint, Michigan in 2015, residents turned to bottled water and 

household water filters as a temporary solution to reduce Pb exposure.116 Different types of water 

filters and treatment systems are effective for treating different contaminants, and the most 

effective treatment methods for removing Pb are distillation, reverse osmosis, and certified 

carbon filters.120 Household water filters and other treatment systems can either be placed at the 

point of entry into the household, or at the point of use, such as attaching a filter to the kitchen 
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tap.120 Because household water treatment can reduce levels of xenobiotics, including Pb, as well 

as microbes, their effects on the human microbiota are likely multi-faceted. 

Not only do household treatment options differ fundamentally in function, but, depending 

on source water (groundwater vs. surface water), including its unique chemical and biological 

composition, and water source (public vs. private well), including any treatment prior to 

distribution, and the plumbing used to bring the water into the home, water quality can vary even 

when using the same household treatment system. Moreover, based on these factors, water 

quality can differ greatly between individuals even when they live within a relatively small 

geographical area. Few studies, if any have examined differences in microbiome by water 

filtration, however, if microbiome is a surrogate or mediating biomarker of exposure to 

xenobiotics, then it is important to test for associations.66 

  

1.2.9. Theory and Conceptual Framework 

The purpose of this dissertation is to examine the relationships among Pb exposure, 

household water treatment, and the gut microbiota, including colonization by ARB. These 

relationships are hypothesized based upon the conceptual framework illustrated in Figure 3. 

When humans ingest Pb at levels that are toxic to microbes, some bacteria are killed and some 

survive. Those that are susceptible are killed, many of which are presumably beneficial 

commensal bacteria. Reduction of these beneficial bacteria causes dysbiosis, leading to reduced 

competitive inhibition of pathogens, increased inflammation, and reduced Th1 immune 

response.70–73 Those bacteria that survive otherwise toxic levels of Pb exposure are Pb resistant, 

and likely antibiotic resistant as well.20,109 This Pb exposure would decrease diversity within the 

gut microbiota by reducing the abundance, if not eliminating the presence, of some beneficial 
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microbes, and increase the prevalence (relative abundance) of Pb and antibiotic resistant bacteria. 

It would also select for metal and antibiotic resistance and proliferate these genes to previously 

susceptible bacteria, which also leads to increased prevalence of resistant bacteria. Pb’s ability to 

reduce Th1 immune response, independent of gut microbial dysbiosis, would also increase the 

likelihood of colonization and infection by ARB. A directed acyclic graph (DAG) has been 

constructed (Figure 1.3) to better illustrate the mechanisms and confounding associations of Pb, 

the gut microbiota, and ARB colonization. 
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Figure 1.3. Directed acyclic graph of the relationship between Pb, gut microbiota, and ARB colonization.  
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1.2.10. Research Gap 

While studies of the effects of environmental exposures on the gut microbiota are starting 

to emerge, most use animal models, and the few human epidemiologic studies so far are typically 

cross sectional and have small sample size. For instance, a study by Bisanz et al that examined 

the association between gut microbiota and Pb exposure, used a sample of 44 children, with two 

time points, but appeared to pool the time points for analysis as if they were independent.9 

Moreover, the main purpose of that study was a clinical trial of probiotics to ameliorate the 

effects of Pb exposure, so the gut microbiota were likely altered by the probiotic exposure. While 

there have been large scale human microbiome studies, like the HMP which used samples of 15 

body sites from 300 subjects,121  they have not been used to examine associations with 

environmental factors or specific exposures to chemical pollutants. Studies specifically 

examining the effects of environmental exposures have examined a wide range of xenobiotics, 

including pesticides, metals, air pollutants, and polychlorinated biphenols (PCBs), all of which 

showed compositional changes in gut microbiota, suggesting that this is an important area of 

further research to determine how the microbiota composition changes, whether the effects are 

lasting, and to explore downstream health effects in humans.57   

There is a need for more human studies with larger sample sizes examining a wide range 

of environmental exposures. Some studies have been published examining associations between 

geography and the gut microbiota, using samples of between 190 and 400 participants, however, 

the level of geography examined is typically at the country or continent level, and does not 

separately account for cultural and ethnic differences that also occur at that level of 

geography.37,122,123 While these studies have been helpful in beginning to uncover the role of 
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geography, there are many more granular aspects of geography that may be more modifiable and 

have impacts on gut microbiology that have yet to be explored.  Studies examining many aspects 

of the built and physical/chemical environment and the gut microbiota in varied populations and 

settings are critical to our understanding and preventing dysbiosis in the future.  

Reviews have highlighted the potential role of the gut microbiota in mediating the 

toxicity of environmental exposure to xenobiotics, and the recent development of culture-free 

microbial identification methods makes these more complex investigations possible. The bacteria 

within the human gut microbiota are capable of metabolizing a wide range of chemical 

components including xenobiotics. When xenobiotics enter the GI tract, the microbes there may 

biotransform them into other forms which alter their absorption and metabolism in the body.4  

Although some bacterial Pb resistance mechanisms are known to transform, bind and precipitate 

Pb, there has not been an examination of the effects of that on human Pb absorption and toxicity. 

Another review by Wang and Kasper examined the role of the gut microbiota and its effect on 

the central nervous system, via the gut-brain axis.124 The microbiota interact with the central 

nervous system in a number of different ways, and could potentially mediate the neurotoxicity of 

Pb. Both of these interactions between microbes, xenobiotics, and toxicity could be potential 

mechanisms of differences in absorption and resulting neurotoxicity between individuals, and are 

important avenues of future study. 

To date, only one epidemiologic study has been conducted (by this research team as 

preliminary analysis for this dissertation) examining the link between Pb exposure and ARB 

colonization, although there are several plausible biological mechanisms for this relationship. 

While studies have been done examining different pieces of these mechanisms, there has been no 

examination of the potential natural history of Pb and ARB colonization. Animal evidence has 
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found that this relationship is temporal, and chronic Pb exposure can change gut microbial 

composition over time.12 Additional epidemiological studies of the effects of Pb on the gut 

microbiota, Pb and selection for antibiotic resistance, and analysis of the mediating effect of the 

gut microbiota on Pb and antibiotic resistance to examine potential natural histories are needed. 

Further, reducing Pb exposure is difficult, water filtration may be a viable policy solution for 

reducing some low level lead exposures and improving overall water quality. It is beyond the 

scope of this dissertation to assess Pb in 

water directly, however, water source, water 

filtration and association with ARB can be 

studied with the novel SHOW resources 

paired with the Wisconsin Microbiome 

Study,125 one of the largest microbiome 

cohorts to be studied to date. 

 

1.2.11. Preliminary Data 

Given the paucity of data on the 

association between Pb and antibiotic 

resistance in human populations, we 

examined the relationship using data from 

NHANES 2001-2004.92 There is a dose 

response relationship between the level of 

blood Pb and the odds of MRSA nasal 

colonization (Table 1.1.A), which supports 

Table 1.1. Results of logistic regression examining 
the effects of lead (Pb) and cadmium (Cd) exposure 
with MRSA (A) and MSSA (B) colonization as the 
outcome. Data from NHANES 2001-2004.92 

*P for trend ≤0.05. **P for trend ≤0.005. ***P for trend 
≤0.0001. a) Unadjusted; b) Adjusted for age, gender, race, 
and income; c) Adjusted for age, gender, race, income, 
smoking, iron, calcium, and Vitamin C; d) Adjusted for age, 
gender, income, and smoking; e) Adjusted for age, gender, 
income, smoking, and dietary factors. Data from NHANES 
2001–2004, n = 18,626. Percentages are adjusted using 
survey weights to be representative of the United States 
population. Bold text indicates that the 95% CI does not 
cross 1.00, and the finding is considered significant. 

A 

B 
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the hypothesis of a positive association between Pb exposure and antibiotic resistance. 

Conversely we see that the highest quartile of Pb exposure is associated with lower odds of 

methicillin-susceptible Staphylococcus aureus (MSSA) nasal colonization (Table 1.1.B), which 

supports the hypothesis of Pb exposure reducing the prevalence of non-resistant bacteria. Both of 

these results also lend support to the association of Pb exposure to changes in microbial 

composition, however, more data on other bacteria present are needed to obtain a more accurate 

understanding of these relationships.  

 

1.3. SPECIFIC AIMS 

To further examine the relationships between Pb exposure and the gut microbiota, 

including colonization by ARB, I used novel survey data and biological samples collected from 

466 adults as part of an ongoing population based microbiome study. Using analysis 16S rRNA 

amplicon sequencing of bacterial DNA extracted from stool samples, the subsequent chapters 

address the following specific aims: 

Aim 1: Determine if individual differences in urine Pb levels are associated with differences 

in gut microbiota composition among a general population-based sample of adults. 

H1a. Increasing urine Pb levels are associated with decreasing microbial α-diversity and 

richness, because Pb exposure will reduce abundance of Pb-susceptible bacteria. 

H1b. Total community structure and composition (β-diversity) differs significantly 

between levels of urine Pb concentration. 

H1c. Increasing urine Pb concentration is associated with differential abundance of 

specific bacterial taxa. 
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Aim 2: Determine the association between adult urine Pb concentration and ARB 

colonization, and the potential mediating effect of gut microbial α-diversity.  

H2a. Urine Pb concentration is associated with increased odds of ARB colonization. 

H2b. Microbial α-diversity will be associated with decreased odds of ARB colonization. 

H2c. Higher levels of urine Pb concentration will be associated with lower levels of gut 

microbial α-diversity, which will be associated with higher ARB colonization. 

H2d. Isolated strains of ARB from the study population will also be resistant to Pb. 

Aim 3: Identify difference in gut microbial composition by household water filter use, as a 

potential intervention to reduce Pb exposure and other water contaminants.  

H3a. Differences in household use of water filtering systems are associated with 

differences in microbial α-diversity and richness, because water filter use will reduce 

exposure to chemical and biological water contaminants that would effect growth of 

different bacterial taxa. 

H3b. Total community structure and composition (β-diversity) differs significantly by 

water filter use. 

H3c. Differences in household use of water filtering systems are associated with 

differential abundance of specific bacterial taxa. 
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Chapter 2. Relationship of Urinary Lead Concentration with Composition of the Adult Gut 

Microbiota 

 

2.1. ABSTRACT 

Background: Lead (Pb) is a ubiquitous environmental contaminant with a wide array of 

detrimental health effects in children and adults, including neurological and immune 

dysfunction, and cardiovascular disease. Emerging evidence suggests that Pb exposure by 

ingestion may alter the composition of the gut microbiota. Imbalance of the gut microbiota has 

been similarly linked to adverse health outcomes including infection, obesity, allergic disease, 

and mental health conditions. The purpose of this study is 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 come from the Survey of the Health of Wisconsin (SHOW) and its ancillary 

microbiome study in 2016. SHOW is a household based 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 collected some additional survey data as well as several biological specimens, 

including stool, for microbiota analysis, from participants age 18 and over. Pb concentration was 

analyzed in urine samples using inductively couple plasma mass spectrometry. Gut microbiota 

composition was assessed using DNA sequencing of the 16S rRNA V4 region, extracted from 

stool samples. Statistical analysis, performed in mothur, R, and SAS, includes calculation of 

alpha and beta diversity metrics, frequency tables and χ2 calculations, multiple linear regressions, 
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permutational analysis of variance, and a quasi-conditional association test, adjusted for relevant 

confounders.  

Results: Of 466 participants, urinary Pb concentration was highest in those age 70+, females, 

non-Hispanic whites, and former smokers. Increasing urinary Pb concentration was associated 

with differences in α-diversity for females. Differences in β-diversity were significant with 

increasing levels of urinary Pb. Presence of bacterial genus Desulfovibrio was significantly 

associated with increased urinary Pb.  

Conclusion: These novel results suggest that Pb exposure is associated with differences in the 

composition of the adult gut microbiota in a community-based human population. Further 

investigation of this association is warranted. 

 

2.2. INTRODUCTION 

Xenobiotics, including lead (Pb) remain persistent public health problems across the 

globe. The bacteria that cover the body, known as the microbiota, and their collective genomes, 

the microbiome, may play a role in mediating the relationship between 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 our metabolism and health.1,73 Although many have 

postulated that the environment and geography may affect the composition of the gut microbiota, 

research into the mechanisms by which these factors assert their influence is in its infancy.37,126 

Xenobiotics are potentially toxic to the bacteria in our gut, and can cause dysbiosis by altering 

the composition of the gut microbiota.4 Likewise, the bacteria in the gut can change the 

metabolism of xenobiotics and potentially mediate the toxic effect of an internal dose on the 
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human body.4,65 Many factors affect the composition of the gut microbiota, of which traditional 

environmental pollutants are just beginning to be investigated. 

Like any ecosystem, the gut microbiota maintain an ecological balance. When that 

system is in a state of imbalance, or dysbiosis, host health can be affected through changes in 

metabolic functions and production of signaling molecules, as well as infection.2  Gut dysbiosis 

has been associated with a range of acute and chronic diseases including infection, digestive 

conditions, and mental health.2 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.127 Having a large number of species present, and a relatively even abundance of those 

species, can be beneficial because those microbes take on a variety of vital immune and 

metabolic functions and compete with each other for resources and mucosal binding sites within 

the gut.9 A diverse gut microbiota can help prevent colonization by invading pathogens by 

competitive inhibition, as well as reduce the possibility of opportunistic infections by normally 

beneficial gut microbes.128 Gut microbes also influence risk of chronic diseases as they impact 

our ability to harvest energy from the diet, metabolize the xenobiotics that enter our systems, and 

create signaling molecules that affect processes throughout the body.63,65,67 Having a diverse gut 

microbiota also helps prevent an imbalance of particular metabolites and signaling molecules 

that can lead to chronic disease. 

Pb is a pervasive environmental contaminant that plays no known necessary biological 

function for humans and most bacteria.5 Pb has been causally linked to myriad detrimental health 

effects in children and adults including neurological disorders, kidney malfunction, anemia, and 

reduced immune function, and no “safe” threshold of Pb exposure exists.6 Health effects are 

more prominent in children than adults, but immune effects are seen in adults even at low levels 
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of exposure.6,89,91  Pb’s toxicity comes from its ability to substitute for calcium and other 

essential metal ions. It uses this ability to enter human and bacterial cells.90 Pb also plays a toxic 

role for many microbes, which can cause significant shifts in the bacterial community within the 

gut. 7–9 In animal models, Pb exposure has been found to alter microbial communities and 

metabolic pathways including oxidative stress, energy and defense mechanisms that can alter Pb 

toxicity in humans.12  

Human immune altering effects of Pb can also affect the microbiome.  These effects 

include a shift from Type 2 helper (Th2) cells to Th1 cells, an increase in interleukin 4 secretion, 

and increased IgE secretion, all of which reduce the immune system’s ability to fight infection, 

and increase its autoimmune tendencies.91  These immune effects could alter the gut microbiome 

by reducing the body’s ability to keep it in balance, thus allowing greater potential for 

opportunistic species to become overly abundant.   

Several studies have been done in animal models that found that both chronic and acute 

Pb exposure lead to changes in microbial diversity, composition of bacterial taxa, and metabolic 

function within the gut.7,8,12–15 Not only do gut microbial composition and function shift with Pb 

exposure in mice, but the gut microbiota also alter absorption of Pb into the blood stream, both 

by acting as a barrier to absorption, and by altering host gene expression of proteins involved in 

metal metabolism.65 However, very little has been done to see if these relationships translate to 

human populations.  One randomized trial of probiotics, examined the association between Pb 

exposure and gut microbes in a small population of children exposed to toxic levels of Pb, and 

found a significant increase in Succinivibrionaceae and Gammaproteobacteria with increased 

blood Pb.9 Given the small sample size, the probiotic treatment, the high exposure level, and 

restricted age of the children, there is much to still be investigated in the relationship between Pb 
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and the human gut microbiota. 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 is to improve the understanding of the association between Pb 

exposure in adult humans and composition of the gut microbiome. The goals are for the first time 

to examine associations between urinary Pb levels and gut microbial diversity in a sample of 466 

adults recruited from a population based household examination survey. 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. 

 

2.3. METHODS 

2.3.1. Data Source 

Data and biological specimens used in this analysis came from the Survey of the Health 

of Wisconsin (SHOW) and its ancillary microbiome study, both described in previous 

publication.125,129  SHOW is a yearly statewide health 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, SHOW began in 2008, and uses a three tier clustered 

randomization scheme to select participants from around the state of Wisconsin. SHOW collects 

survey, 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 to investigate the relationship between dietary fiber 

consumption, the gut microbiome, and colonization by multidrug resistant organisms 



32 
 

 

(MDROs).125 Participants completed the standard SHOW components plus additional survey 

components querying further dietary recall and MDRO risk factor exposures, as well as 

submitting swabs of the skin, nose, and mouth, and samples of saliva and stool. The analysis for 

this study uses survey data, urine samples, and stool samples collected by SHOW and the 

microbiome study in 2016. 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. 

 

2.3.2. Variables 

The main predictor variable is creatinine adjusted urinary Pb concentration (original 

measurement in µg/L, after creatinine adjustment units are pg/L) as a measure of chronic Pb 

exposure.130    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. For regression analyses, to account for variation in Pb concentration by urinary output 

and kidney function, Pb exposure was adjusted for urinary creatinine by standardizing the units 

and dividing Pb by creatinine. For descriptive tables, creatinine adjusted urinary Pb was then 

categorized by quartiles. For regression analyses, creatinine adjusted Pb was log transformed for 

normality.  

The main outcome variables include α-diversity, measured using the Inverse-Simpson 

index,131 richness, measured using the abundance-based coverage estimator (ACE)132, and β-

diversity measured using the Bray-Curtis dissimilarity index,133 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 
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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 Bray-Curtis) of the OTU composition of each sample to each other. Samples that are 

more distant from each other are more different in composition than samples that are less distant. 

Sensitivity analysis included the use of alternate measures of α-diversity, richness, and β-

diversity, namely Shannon, Chao-1, and Jaccard, respectively.36,134,135 

Many demographic variables were identified as potential confounders based on a priori 

hypotheses. A direct acyclic graph (DAG) was used to identify both predictors for inclusion in 

statistical models. Demographic variables include age, gender, income, poverty status, and race-

ethnicity. Age was calculated based on self-reported date of birth and date of interview.  Gender 

was self-reported as either male or female.  Income was operationalized using self-reported total 

household income which was then calculated as a percentage of the Federal Poverty Level (FPL) 

based on the Health and Human Services guidelines for the number of people in the household. 

Regression models used %FPL as a continuous variable, but to examine distribution across Pb 

quartiles, %FPL was categorized into three groups: low income (<200%FPL), middle income 

(200-399%FPL), and high income (≥400%FPL). Education was self-reported as the highest level 

of primary and secondary education attained, and then categorized into similar sized groups of 

high school diploma/GED or less, some college, including attainment of an associate’s degree, 

and attainment of a bachelor’s degree or higher. Race and ethnicity were self-reported and then 

collapsed into two categories of non-Hispanic White, and all others due to lack of sample size to 

represent other race/ethnicity status.   
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 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.136  Dietary 

factors that are known to influence Pb metabolism (Iron, Vitamin C, Calcium, and Fiber) and 

likely also affect the gut microbiota were included in the analysis. Antibiotic use in the last year 

was self-reported as either yes or no. Although it was unlikely that antibiotic use was associated 

with Pb exposure, it is an important variable due to its strong effects on microbial composition. 

The study from which these data came did not exclude participants based on antibiotic use, and 

only asked about use in the past year. Because the gut microbiome can get back to a normal state 

in less than a year, and excluding all those who answered yes would have reduced our sample 

size by approximately 50%, those participants are included, and the variable is included in the 

model building process.  

 Lastly, 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. Indoor pet ownership was self-reported as keeping any pet inside the 

house. Pet ownership was originally included as it has been shown to affect gut microbial 

diversity,137 and could be associated with Pb as pets spend time in the dirt and dust in and around 

the house where Pb is most prevalent, and may transfer Pb to their owners. BMI was calculated 

based on measured height and weight, using the equation: weight(kg)/height(cm)^2. BMI was 

modeled as continuous, but displayed in Table 1 by category: underweight (<18.5), normal 

weight (18.5-24.9), overweight (25-29.5), and obese (≥30).  Urbanicity is defined using the 2010 

census definition of urban and rural areas.138 Length of residence in current home was self-

reported as 0-1 years, 1-3 years, 3-10 years, and >10 years.  
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2.3.3. Microbiota Analysis 

Genomic DNA was extracted from stool samples as described previously.125 Briefly, 

chemical 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 in by Kozich et al.139 The PCR reaction 

consisted of 5µL (25ng) sample DNA, 0.5 µL (10µM) of each primer, 12.5 µL of 2X KAPA 

Hotstart Ready Mix (Kapa Biosystems, Wilmington, MA, United States), and water to 25 µL 

total volume.  Amplification conditions were 95oC for 3 min, 25 cycles of 95oC for 30 sec, 55oC 

for 30 sec, and 72oC for 30 sec, followed by 72oC 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 

Illumina’s MiSeq using MiSeq v2 Reagent Kit (Illumina, Inc., San Diego, CA) per 

manufacturer’s instructions.  The samples for this analysis were sequenced in two runs of equal 

size. To avoid sequencing batch effects, samples were stratified by urinary Pb concentration, age, 

and gender and randomized in a 1:1 ratio to each plate. 

Raw sequencing data was processed using mothur (v. 1.37139 using the Standard 

Operating Procedure for MiSeq data140). Briefly, contigs (overlapping sequences) were aligned 
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using the SILVA 16S rRNA gene reference database,141 and low quality reads were removed. 

Sequences of the wrong length were removed, and chimeras were detected and removed using 

UCHIME.142 Sequences were assigned to operational taxonomic units (OTUs) at the species 

level (97% similarity) using the GreenGenes database.143 Coverage was assessed by Good’s 

coverage. OTU counts were normalized to 11,000 per sample.  Normalized OTU counts were 

used for α–diversity and richness calculations performed in mothur. Additional data processing 

was done using Python, SAS and R.  

 

2.3.4. 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. Linear regression of log creatinine adjusted urinary Pb was 

performed for inverse-Simpson and ACE to determine if increased Pb exposure was associated 

with α-diversity and richness. The β-diversity distances (Bray-Curtis) were calculated in R using 

the vegan package.144 PERMANOVA was then used to estimate associations between log 

creatinine adjusted urinary Pb and β-diversity, indicating significant differences in distance 

between samples at increasing levels of Pb exposure.  Linear regression and PERMANOVA 

analysis included four models adjusted for different confounders and interactions. Model 1 is 

unadjusted. Model 2 adjusts for demographics (age, gender, race, income, education), and 

behavioral variables (smoking, antibiotic use, diet: iron, vitamin C, calcium, and fiber). Model 3 

includes all measures in Model 2 and further adjusts for additional physiological and 

environmental covariates including BMI, urbanicity, and length of residence in current home. To 
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test for moderating effects of key demographic and dietary factors, Model 4 included all 

components of model 3, but added interaction terms between Pb and age, gender, income, and 

diet variables. 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, that includes a Benjamini-Hochberg correction for multiple 

comparisons (FDR).145 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 

significant covariates from the previously listed analyses, and outputs the names of taxa that are 

significantly different by continuous Pb exposure. 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.  

Several sensitivity analyses (included in Appendix A) were conducted to examine the 

robustness of the main results. Models 1-4 examining α-diversity, richness, and β-diversity, were 

also run with Shannon, Chao-1, and Jaccard as outcomes, respectively. Further sensitivity 

analysis of α-diversity, richness, and β-diversity were conducted with all missing values imputed 

using the missForest package in R, which imputes missing values using a Random Forest 

technique.146 

 

2.4. RESULTS 

Geometric mean urinary Pb for the total sample was 0.30 μg/L (95% CI 0.28-0.32).  

Creatinine adjusted urinary Pb concentration, increased with age, was higher in those who 

identify as women, non-Hispanic White, current or former smoker, and those who do not own an 
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indoor pet (Table 2.1).  Dietary calcium intake shows a marginally significant inverse association 

with Pb quartile (Table 2.1).  
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Table 2.1. Demographics and covariates by creatinine adjusted urinary Pb quartile. 
  1st Quartile 2nd Quartile 3rd Quartile 4th Quartile   
  GM 95% CI GM 95% CI GM 95% CI GM 95% CI   
Urinary Pb 0.16 0.14-0.19 0.25 0.22-0.29 0.38 0.33-0.44 0.52 0.45-0.60   
Demographics N % N % N % N % P-value 
Age         <0.001 

18-29 27 58.7 17 37.0 1 2.2 1 2.2   
30-49 53 49.1 34 31.5 8 7.4 13 12.0   
50-69 33 15.1 47 21.5 81 37.0 58 26.5   

≥ 70 4 4.4 18 19.8 25 27.5 44 48.4   
Gender         0.026 

Female 58 22.2 59 22.6 66 25.3 78 29.9   
Male 59 29.1 57 28.1 49 24.1 38 18.7   

Race/Ethnicity         0.026 
Non-Hispanic White 90 22.7 101 25.5 105 26.5 100 25.3   

Other 26 38.8 15 22.4 10 14.9 16 23.9   
Family Income         0.839 

Low Income 33 26.0 33 26.0 27 21.3 34 26.8   
Middle Income 36 25.5 36 25.5 33 23.4 36 25.5   

High Income 45 24.9 44 24.3 52 28.7 40 22.1   
Education         0.142 

≤ High School 23 18.0 31 24.2 38 29.7 36 28.1   
Some college 37 23.6 42 26.8 37 23.6 41 26.1   

≥ Bachelor's Degree 57 32.0 43 24.2 40 22.5 38 21.4   
Behaviors                   
Smoking         0.005 

Current 9 15.0 18 30.0 17 28.3 16 26.7   
Former 20 16.1 26 21.0 39 31.5 39 31.5   
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Never 84 30.7 72 26.3 57 20.8 61 22.3   

Antibiotic Use         0.530 
Yes 41 26.3 42 26.9 33 21.2 40 25.6   
No 69 24.4 71 25.1 78 27.6 65 23.0   

Diet Mean SD Mean SD Mean SD Mean SD P-value 
Iron 16.17 17.38 16.51 28.51 13.79 6.88 13.35 12.97 0.142 

Calcium 1410.39 1169.64 1449.74 1517.76 1319.32 867.35 1156.10 826.02 0.056 
Fiber 19.35 18.03 20.97 28.66 19.80 9.93 19.24 12.64 0.849 

Vitamin C 96.40 71.26 121.34 120.41 106.91 83.38 105.03 104.89 0.771 
Other Covariates N % N % N % N % P-value 
Indoor Pet          0.007 

Yes 78 29.8 71 27.1 58 22.1 55 21.0   
No 38 18.9 45 22.4 57 28.4 61 30.4   

BMI         0.116 
Underweight 0 0.0 0 0.0 2 50.0 2 50.0   

Normal Weight 25 22.1 31 27.4 24 21.2 33 29.2   
Overweight 36 24.7 29 19.9 38 26.0 43 29.5   

Obese 56 28.4 56 28.4 49 24.9 36 18.3   
Urbanicity         0.050 

Urban 78 27.9 77 27.5 60 21.4 65 23.2   
Rural 39 21.2 39 21.2 55 29.9 51 27.7   

Length of 
Residence         <0.001 

< 1 year 18 40.9 11 25.0 9 20.5 6 13.6   
1-3 years 27 37.0 18 24.7 14 19.2 14 19.2   

3-10 years 26 26.5 41 41.8 15 15.3 16 16.3   
> 10 years 44 18.0 46 18.8 75 30.6 80 32.7   
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Sequencing produced Goods coverage of 98.7% or higher for all samples, indicating that 

less than 2% of sequencing reads in each sample are from OTUs that only appear once. The 

number of sequences per sample ranged from 10,920-11,067.  Firmicutes were the most 

prevalent bacterial phylum across all four creatinine adjusted urinary Pb quartiles, with 

Bacteriodetes and Actinobacteria following (Figure 2.1). A heat map of a subsample of 20 

individuals from the 1st and 4th quartiles of Pb exposure demonstrates the wide range of 

composition, and inter-individual variability in OTUs even within the highest and lowest Pb 

exposure groups (Figure 2.2).  
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Figure 2.1. Bar graph of relative abundance of each bacterial phylum found in the study samples 

by creatinine adjusted urinary Pb quartiles (A=Q1, B=Q2, C=Q3, D=Q4). 
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Figure 2.2. A heat map illustrating abundance of the top 20 most abundant OTUs in a subsample 

of 20 individuals, 10 from each of the 1st and 4th quartiles of creatinine adjusted urinary Pb level. 

 

Inverse-Simpson values ranged from 1.5-45.0, with a mean of 14.3. In models of α-

diversity (inverse-Simpson) the main effect of log creatinine adjusted urinary Pb was a slight 

increase in diversity, although only significant (p=0.032) when adjusting for demographics 

(model 1) (Table 2.2). In model 4, the interaction between Pb and gender was statistically 

significant (p=0.043), indicating a decrease in diversity with increase Pb level for females. The 

interaction with dietary fiber was marginally significant (p=0.082), indicating increased diversity 

with increasing Pb level and fiber consumption. Other significant predictors of α-diversity were 

age, education, smoking, dietary iron, and dietary fiber. 

Pb Quartile 
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Table 2.2. Linear regression estimates of α-diversity (inverse-Simpson) 
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
(Intercept) 15.397 0.000 9.260 0.000 8.456 0.005 8.524 0.049 
Log Pb+ 1.010 0.032 0.965 0.076 0.818 0.139 1.562 0.535 
Demographics 
Age     0.026 0.245 0.056 0.038 0.109 0.016 
Gender (Female) 

  
-0.980 0.135 -0.828 0.207 -2.948 0.018 

Race (Non-White) 
  

0.929 0.345 0.946 0.347 0.828 0.417 
Income 

  
0.120 0.365 0.107 0.423 0.078 0.764 

Education - Some College 
  

2.509 0.002 2.616 0.002 2.397 0.004 
Education - ≥ Bachelor’s degree 

  
2.385 0.007 2.403 0.008 2.519 0.005 

Behaviors 
Smoking (Former) 

  
1.275 0.255 1.402 0.217 1.139 0.317 

Smoking (Never) 
  

2.144 0.042 2.246 0.036 2.074 0.055 
Antibiotic Use (Yes) 

  
-1.002 0.124 -1.055 0.106 -1.153 0.077 

Dietary Iron 
  

-0.108 0.049 -0.107 0.052 -0.225 0.023 
Dietary Vitamin C 

  
0.000 0.992 0.001 0.907 -0.002 0.840 

Dietary Fiber 
  

0.099 0.055 0.100 0.054 0.222 0.017 
Dietary Calcium     0.000 0.778 0.000 0.862 0.000 1.000 
Other Covariates 
Indoor Pet         -0.832 0.234 -0.959 0.176 
BMI 

    
-0.028 0.517 -0.021 0.637 

Urbanicity (Rural) 
    

0.717 0.281 0.626 0.348 
Length of Residence (1-3 years) 

    
1.654 0.207 1.608 0.221 

Length of Residence (3-10 years) 
    

-0.427 0.736 -0.141 0.912 
Length of Residence (>10 years)         -0.989 0.420 -0.909 0.461 
Interaction Terms         
Log Pb+*Age 

      
0.041 0.186 
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Log Pb+*Gender (Female) 
      

-2.012 0.043 
Log Pb+*Income 

      
-0.033 0.873 

Log Pb+*Dietary Iron 
      

-0.129 0.129 
Log Pb+*Dietary Vitamin C 

      
-0.003 0.674 

Log Pb+*Dietary Fiber 
      

0.140 0.082 
Log Pb+*Dietary Calcium             0.000 0.863 
+ Creatinine adjusted. Bold values are significant at the <0.05 level. 
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ACE richness estimates ranged from 67.9-810.4, with a mean of 286.2. Models of 

richness (ACE) showed a positive effect of increased Pb level of varying sizes, which was only 

significant (p=0.009) in model 1 (Table 2.3). There were no significant interactions with Pb level 

in model 4. Other variables significantly associated with richness were BMI (model 3) and 

dietary fiber (model 4).
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Table 2.3. Linear regression estimates of Richness (ACE). 
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
(Intercept) 309.7 0.000 201.5 0.000 208.2 0.000 191.6 0.021 
Log Pb+ 22.8 0.009 15.2 0.140 11.4 0.279 10.4 0.828 
Demographics 
Age     0.6 0.126 0.7 0.164 1.6 0.062 
Gender (Female) 

  
-0.8 0.947 1.6 0.895 -27.8 0.243 

Race (Non-White) 
  

23.3 0.214 28.6 0.134 26.6 0.173 
Income 

  
0.6 0.815 0.7 0.771 1.8 0.715 

Education - Some College 
  

17.1 0.273 17.5 0.263 14.6 0.357 
Education - ≥ Bachelor’s degree  

  
19.4 0.251 15.3 0.373 17.5 0.311 

Behaviors 
Smoking (Former) 

  
12.2 0.567 15.2 0.480 10.9 0.615 

Smoking (Never) 
  

15.9 0.428 13.8 0.497 9.5 0.643 
Antibiotic Use (Yes) 

  
-18.6 0.133 -17.3 0.163 -19.0 0.128 

Dietary Iron 
  

-1.3 0.208 -1.4 0.174 -2.7 0.149 
Dietary Vitamin C 

  
0.0 0.604 0.0 0.603 -0.1 0.487 

Dietary Fiber 
  

1.8 0.062 1.9 0.051 3.9 0.027 
Dietary Calcium     0.0 0.504 0.0 0.449 0.0 0.472 
Other Covariates 
Indoor Pet         4.1 0.757 2.5 0.854 
BMI 

    
-1.7 0.036 -1.6 0.053 

Urbanicity (Rural) 
    

18.6 0.142 17.9 0.161 
Length of Residence (1-3 years) 

    
23.5 0.345 23.9 0.340 

Length of Residence (3-10 years) 
    

4.8 0.842 11.0 0.650 
Length of Residence (>10 years)         1.6 0.945 4.4 0.851 
Interaction Terms 
Log Pb+*Age 

      
0.7 0.232 
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Log Pb+*Gender (Female) 
      

-28.7 0.131 
Log Pb+*Income 

      
0.9 0.823 

Log Pb+*Dietary Iron 
      

-1.5 0.348 
Log Pb+*Dietary Vitamin C 

      
-0.1 0.605 

Log Pb+*Dietary Fiber 
      

2.2 0.149 
Log Pb+*Dietary Calcium             0.0 0.636 
+ Creatinine adjusted. Bold values are significant at the <0.05 level. 
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The PERMANOVA analysis indicated highly significant differences in β-diversity by 

level of log creatinine adjusted urine Pb level (Table 2.4), and the effect was robust to 

confounders and interactions across all four models (model 1 p=0.007, model 2 p=0.002, model 

3 p=0.002, model 4 p=0.001). The interaction between Pb and gender in model 4 was marginally 

significant (p=0.052), indicating that the effect of Pb on β-diversity was amplified for females. 

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 Figure 2.3. 

 

Table 2.4. PERMANOVA p-values of Bray-Curtis dissimilarity distances (β-
diversity). 
  Model 1 Model 2 Model 3 Model 4 
Variable P-value P-value P-value P-value 
Log Pb+ 0.007 0.002 0.002 0.001 
Demographics 
Age   0.001 0.001 0.001 
Gender (Female) 

 
0.002 0.001 0.002 

Race (Non-White) 
 

0.013 0.009 0.007 
Income 

 
0.084 0.101 0.110 

Education - Some College 
 

0.192 0.206 0.195 
Education - ≥ Bachelor’s degree 

 
0.061 0.072 0.058 

Behavior     
Smoking (Former) 

 
0.077 0.069 0.067 

Smoking (Never) 
 

0.089 0.111 0.087 
Antibiotic Use (No) 

 
0.001 0.002 0.002 

Dietary Iron 
 

0.477 0.502 0.488 
Dietary Vitamin C 

 
0.465 0.489 0.477 

Dietary Fiber 
 

0.001 0.001 0.001 
Dietary Calcium   0.057 0.056 0.060 
Other Covariates     
Indoor Pet     0.188 0.163 
BMI 

  
0.016 0.011 

Urbanicity (Rural) 
  

0.348 0.352 
Length of Residence      0.024 0.022 
Interaction Terms     
Log Pb+*Age       0.217 
Log Pb+*Gender (Female) 

   
0.057 

Log Pb+*Income 
   

0.533 
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Log Pb+*Dietary Iron 
   

0.225 
Log Pb+*Dietary Vitamin C 

   
0.534 

Log Pb+*Dietary Fiber 
   

0.794 
Log Pb+*Dietary Calcium       0.214 
+ Creatinine adjusted. Bold values are significant at the <0.05 level. 

 

 
Figure 2.3. A 3 dimensional NMDS plot of Bray-Curtis dissimilarity distances, colored by 

quartile of creatinine adjusted urinary Pb level. Distance between dots represents the difference 

in OTU composition between samples. 

 

Several genera, families, orders, classes, and phyla that were significantly different by 

level of log creatinine adjusted urine Pb before correction for multiple comparisons using the 

QCAT_GEE Test (Table 2.5). After FDR correction, only genus Desulfovibrio remained 

significant at the <0.05 level. The presence of Desulfovibrio increased with increasing Pb 

4 
3 
2 
1 
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quartile, with 34% of the 4th quartile and 20% of the 1st quartile colonized. Odds of Desulfovibrio 

colonization with increasing log creatinine adjusted Pb were 1.47 (95% CI = 1.05-2.06). 

Table 2.5. Output from QCAT_GEE analysis displaying bacterial 
taxa that differ by log creatinine adjusted urinary Pb level. 
Results shown are p-values before correction for multiple 
comparisons. 
 Raw P-value 
Phylum Two-part Zero-Part Positive-Part 

Proteobacteria 0.0228 0.0455 0.0881 
Tenericutes 0.8911 0.0198 0.9604 

Class 
   Deltaproteobacteria 0.0228 0.0228 1.0000 

Betaproteobacteria 0.8317 0.0396 0.8317 
Mollicutes 0.4950 0.0198 0.5050 

Order 
   Burkholderiales 0.1089 0.0297 0.9802 

Desulfovibrionales 0.0842 0.0426 0.5545 
Family 

   Oxalobacteraceae 0.0347 0.0347 1.0000 
Barnesiellaceae 0.3960 0.0297 0.3960 

Enterobacteriaceae 0.1980 0.8119 0.0198 
Veillonellaceae 0.0960 0.3822 0.0436 

Genus 
   Coprococcus 0.0267 0.0218 0.2327 

Desulfovibrio 0.0003 0.0003 1.0000 
Streptococcus 0.1188 0.6733 0.0396 

Bold values were significant at the <0.05 level after FDR 
correction. Analysis was adjusted for age, gender,  education, 
education, race, smoking, antibiotic use, indoor pets, dietary 
fiber and calcium. 

 

Sensitivity analysis using the Shannon index as a measure of α-diversity showed effects 

in the same direction of the Inverse-Simpson models, however the interaction between gender 

and Pb in model 4 was not significant (Appendix A: ST1).  Analysis using Chao-1 instead of 

ACE for richness showed very similar estimates, with significance on the same variables in the 
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same models (ST2). Analysis with Jaccard distance instead of Bray-Curtis as a measure of β-

diversity also showed very similar p-values for all variables in all models (ST3.) Inverse-

Simpson models run with imputed data showed very similar effect sizes, and the only change in 

significance was on the interaction between Pb and dietary fiber, indicating increased diversity 

with increased Pb and increased fiber (ST4). ACE (ST5) and Bray-Curtis (ST6) models run with 

imputed data showed similar effects with no changes in significance. 

 

2.5. DISCUSSION 

 In this analysis of adult Pb exposure and the gut microbiome, urinary Pb, as a surrogate 

for chronic Pb exposure, was associated with significant differences in α-diversity for females 

but not richness. This suggests that the Pb exposure is associated with reduced evenness of 

abundance but not the number of species present within an individual’s gut. Dietary fiber had 

significant effects on α-diversity, and a marginally significant interaction with Pb, indicating that 

increasing dietary fiber intake may reduce the negative impacts of Pb on microbial diversity.  Pb 

exposure was also associated with significant differences in β-diversity, meaning that 

composition of the gut microbiota was increasingly different with increased Pb exposure.  Pb 

level was associated with significantly increased colonization by Desulfovibrio.  

While this is among the first human studies to look at Pb exposure and altered gut 

microbiota, the findings are consistent with recent studies of oral Pb exposure and gut microbiota 

in mice. A recent study by Gao, et. al, in mice found significant differences in abundance of 

several bacterial taxa upon Pb exposure, including genus Coprococcus, which we found to be 

significantly altered before correction for multiple comparisons.12 That study also found 

significant changes in trajectories of α and β-diversity, and metabolic function with Pb exposure 
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that became stronger over time. This finding underscores the importance of our examination of 

chronic Pb exposure, rather than acute, as changes in composition of the microbiota over time 

lead to changes in metabolic function that persist over time, and can have stronger effects on our 

health. 

Our findings are dissimilar to those of Bisanz, et al, the only other published human study 

of Pb and the gut microbiota, who found increased prevalence of Succinivibrionaceae and 

Gammaproteobacteria in children with highly elevated blood Pb levels who underwent probiotic 

or placebo treatment.9 The differing results found between these studies 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.7,12–15 

When our findings are added to the existing body of literature they suggest that Pb exposure 

affects gut microbial composition, even in adult human populations with relatively low levels of 

exposure. 

The finding that α-diversity was associated with higher urinary Pb for some subsets of the 

population was not consistent with our hypothesis that α-diversity would decrease upon Pb 

exposure. There are multiple possible explanations for the unanticipated direction of effect. Pb 

could be reducing the abundance of highly abundant taxa in a way that increases the evenness of 

abundance across all taxa. Alternatively, Pb exposure may be introducing different taxa or 

increasing the survival ability of taxa that would not otherwise thrive in that environment.  In 

either case, this finding does support the assertion that Pb exposure is associated with changes to 

the composition of the gut microbiome. 
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 The odds of presence of Desulfovibrio in this sample increased with Pb level. 

Desulfovibrio is a bacterial genus commonly found in the human gut. They are sulfur-reducing 

bacteria (SRB) that use sulfur as a terminal electron acceptor in cellular metabolism, producing 

hydrogen sulfide (H2S).147 SRB have been implicated in the pathogenesis of multiple adverse 

health outcomes including inflammation, colitis and autism.148–150 However, the presence of H2S 

within a microbial ecosystem helps maintain redox homeostasis, which is vital to cellular 

survival.151  Through this mechanism, the presence of H2S can also protect bacteria against the 

toxic effects of both heavy metals and antibiotics, by reducing oxidative stress, a primary 

mechanism of toxicity for heavy metals and antibiotics, thus increasing antibiotic resistance. 

These potential adverse health effects of Desulfovibrio may mediate the health risks of Pb 

exposure in adults.  

The sample used in this study may not be comparable to the general US population in a 

couple of key ways. Geometric mean urinary Pb concentration was much lower in this study 

population than in NHANES’s nationally representative sample (0.45 μg/L).152  While this is 

good news for these Wisconsin residents, it means that there is more work to be done in examine 

dose response relationships between Pb and gut microbial composition. The racial/ethnic 

composition of this study sample is also more predominantly non-Hispanic white than the 

country as a whole. Another point to note is that approximately 75% of this study population is 

overweight or obese based on objectively measured height and weight. This is consistent with 

previous estimates using a representative sample of the Wisconsin population.153  This skew 

towards a high body mass index is likely the reason that the Firmicute to Bacteriodetes ratio is so 

much higher in this study population than in previous studies of healthy adults.29 However, the 
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high level of variability in community structure between individuals is consistent with previous 

findings.29 

 While pet ownership was initially included because pets may be a mechanism of 

increased Pb exposure, in this study sample, urinary Pb level was actually higher in those who do 

not own pets. A likely explanation for this finding is that pet ownership is associated with both 

socioeconomic status (SES),154 and in this sample, the pet ownership variable may be capturing 

residual confounding that our measurements of SES are missing.  

 Eating a healthy diet has been previously suggested as an intervention to mitigate the 

toxicity of Pb exposure.155 Mechanisms include competition by essential metals, reduction of 

oxidative stress, a key mechanisms of heavy metal toxicity, and improved immune function, 

counteracting the negative effects of heavy metals.155 In our analysis, dietary components, 

particularly fiber, were significantly associated with gut microbial composition, and in some 

cases, adding dietary components to the models reduced the effects of Pb. Moreover the 

interaction between Pb and fiber moderately increased α-diversity. These findings suggest that 

dietary fiber consumption may mediate or modify the effects of Pb on gut microbial 

composition. This may be a previously unconsidered pathway by which healthy diets ameliorate 

the toxic effects of Pb. This area is ripe for further investigation including observational and 

clinical studies. 

Although this analysis contributes novel insights to what is known about Pb and the gut 

microbiome, it has 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 Wisconsin Microbiome study collects only one stool sample per 

participant, which gives a cross-sectional snapshot of the microbiota, but may not accurately 
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represent the usual composition. Moreover, the cross-sectional nature of this study lacks the 

temporal precedence required to assert causality, therefore these findings are limited to 

associations. A recently funded expansion of the Wisconsin Microbiome study starts in 2018 and 

will collect another fecal sample (as well as 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 may be able to gain more clear insights into the 

relationship between the two.  

Extracting DNA from fecal samples that have not been frozen is ideal for getting the 

most accurate sequencing results, as some bacterial DNA is damaged with each freeze-thaw 

cycle. Fecal samples from the Wisconsin Microbiome study go through at least one freeze-thaw 

cycle before sequencing, which could prevent some bacteria from being detected.  The gut 

microbiota analysis is further limited by the use of 16S rRNA amplicon sequencing as opposed 

to shotgun metagenomic sequencing. Sequencing entire genomes would allow for more in depth 

analysis of potential metabolic function within the gut microbiome. This type of analysis is 

useful given the interpersonal variable in taxonomic composition of the gut microbiota. 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 

chronic exposure, is also not ideal. Because this study is observational, determination of Pb 

exposure is limited to post-exposure measurement. This is problematic for this particular 

research question as the gut microbiota play a role in the metabolism of Pb within the gut, which 

affects the level of Pb that is then absorbed into the bloodstream and later exits the body through 

the urine.  



57 
 

 

 The most natural extensions of these findings would be to use metagenomic sequencing 

to further study this population, to examine the strength of these association in other study 

populations, and to determine the role that these gut microbial changes play in affecting 

downstream health outcomes. Further investigation using different measures of Pb exposures, 

and of important sources of Pb exposure on the gut microbiome would also be helpful in 

designing useful prevention and intervention strategies. 

 

2.6. CONCLUSION 

 This study found that community-based population levels of adult urinary Pb 

concentration are associated with significant differences in gut microbial composition, including 

changes in α and β-diversity, as well as significantly increased prevalence of Desulfovibrio. This 

study 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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Chapter 3. Urinary Lead Level and Gut Colonization by Antibiotic Resistant Bacteria: 

Evidence from a Population-Based Study. 

3.1. ABSTRACT 

Background: Infection by antibiotic resistant bacteria is a global health crisis, and asymptomatic 

colonization increases risk of infection. Non-human studies have linked heavy metal exposure to 

selection of antibiotic resistant bacteria (ARB), however, few epidemiologic studies have 

examined relationships. This study analyzes the association between urinary lead level and 

colonization by ARB in a non-clinical human population.  

Methods: Data came from the Survey of the Health of Wisconsin (SHOW) and its ancillary 

microbiome study. SHOW is a population-based health survey collecting data on many health 

determinants and outcomes, and biological specimens. Participants for this study are Wisconsin 

residents, age 18 and older, who participated in SHOW in 2016 and submitted urine and stool 

specimens. ARB included in this analysis were methicillin resistant Staphylococcus aureus 

(MRSA), vancomycin-resistant enterococci (VRE), and fluoroquinolone resistant Gram-negative 

bacilli (RGNB). Statistical analyses were performed in SAS version 9.4.  

Results: Among 466 participants, 152 (32%) tested positive for ARB. ARB colonization was 

highest in the 4th quartile of Pb exposure, those age 70 and over, females, non-Whites, those with 

the highest education, those in the middle income group, and never smokers. Geometric mean 

urinary Pb was 0.286 µg/L (95% CI 0.259-0.317) for negative participants and 0.326 µg/L (95% 

CI 0.282-0.378) for positive participants. Carefully adjusted models showed significantly 

elevated odds of positive colonization with increasing Pb level only for those in the highest 

income level. Resistant Gram-negative bacilli were most resistant to Pb.  
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Conclusion: These novel results suggest that Pb exposure is associated with colonization by 

ARB, particularly RGNB, for those with high income in a community-based human population. 

Reduction of Pb exposure may be a useful strategy for prevention of ARB colonization in those 

at high risk. 

 

3.2. INTRODUCTION 

Infection by antibiotic resistant bacteria (ARB) is a worldwide public health crisis. As bacterial 

resistance to antibiotics continues to evolve and spread, treatment options become increasingly 

sparse, therefore preventing colonization by ARB is increasingly important. Some pathogens of 

particular concern are methicillin resistant Staphylococcus aureus (MRSA), vancomycin 

resistant enterococci (VRE), and antibiotic resistant Gram-negative bacilli (RGNB).  Infection by 

these bacteria lead to increased medical care usage and can result in severe morbidity and 

mortality. In the United States infections by ARB cause more than 23,000 deaths annually.19 

Exposure to these bacteria is common in health care settings, often affecting outcomes of other 

medical treatment,94 but community acquisition is also on the rise.95–97   

 Over prescription and overuse of antibiotics as well as leaching of antibiotics into the 

environment through medical and agricultural waste and runoff are well known causes of 

selection for antibiotic resistance,156 however, environmental heavy metals can also select for 

antibiotic resistance.157 Lead (Pb) is one such heavy metal. A ubiquitous environmental 

pollutant, Pb plays no necessary biological function for humans, and causes serious detrimental 

health outcomes throughout the life-course including immune dysfunction, neurological defects, 

and cardiovascular disease.6,91 Likewise, many bacteria are also susceptible to the toxic effects of 

Pb, which enters cells through essential metal ion transports and alters nucleic acids and proteins, 
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hinders enzyme activity, inhibits membrane functions, and changes osmotic balance.5,108 

However, much like antibiotic resistance, many bacteria are also Pb resistant.5  

 Typical mechanisms for bacterial resistance to heavy metals, including Pb, are binding it 

to intra- or extra-cellular compounds or precipitating into salt so that it cannot interfere with 

cellular mechanisms, transforming it into non-volatile forms, or effluxing it from the cell.5,108 

The genes that code for heavy metal resistance are often physically or transcriptionally linked to 

antibiotic resistance genes, or the same set of genes can encode proteins that confer resistance to 

both heavy metals and antibiotics.20   Often these genes reside on mobile genetic units called 

plasmids that can be vertically transferred to offspring or horizontally transferred to other 

bacteria.158 Bacterial plasmids need selective pressure in order to be maintained; otherwise they 

are easy targets to cut in replication when energy and resources are limited.  When antibiotic and 

metal resistance genes are encoded on these plasmids and either xenobiotic enters the 

environment, the selective advantage of maintaining rather than eliminating the plasmid is 

greatly increased and proliferation of these genes is amplified.  

 Pb exposure may not only select for heavy metal and antibiotic resistance, but in altering 

essential cellular mechanisms within susceptible bacteria, also has the ability to cause major 

shifts in bacterial communities.7–9 Bacterial ecosystems, known as microbiota, and the genes that 

they encode, the microbiome, cover nearly every surface on earth, including humans. The human 

microbiome, particularly the gut microbiome has been shown to play a significant role in our 

health. Microbiome imbalance, or dysbiosis, has been linked to many health outcomes including 

obesity, diabetes, Alzheimer’s disease, and infection.3,159,160 Having a balanced gut microbiome 

can help defend against pathogenic bacteria in multiple ways. Commensal (healthy, beneficial) 

bacteria that colonize the gut often compete with pathogens for vital resources and mucosal 
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binding sites. The more prevalent and varied commensal bacteria in the gut, the more 

competitive inhibition of pathogenic bacteria, and the more difficult it is for them to colonize and 

cause infection. Moreover, the immune system and the microbiome develop concurrently, in 

interaction with each other, and must maintain a homeostasis throughout our lives.70,72 According 

to the hygiene hypothesis, higher levels of bacterial exposure early in life allow the immune 

system to become more adept at defending against bacterial pathogens, and less inclined to cause 

autoimmune disease and inflammation through the life-course.161 

 Pb accumulates in bones and as the body ages, can be excreted in to the blood stream, 

especially in women, causing adverse health effects throughout the lifecourse. An important and 

detrimental health effect of Pb in adults is changes to immune function.91 Pb has been shown to 

affect almost every aspect of immune function, even at low levels of Pb exposure.91  One of the 

most prominent immune effects of Pb is a shift toward Type 2 T helper Cell (Th2) response and 

increased Interleukin-4 (Il-4) secretion, reducing the Th1 response, an important mechanism for 

fighting bacteria and viruses.  This change in immune function reduces the body’s ability to fight 

infection, and an epidemiologic study using data from the National Health and Nutrition 

Examination Survey (NHANES) shows a significant association between Pb exposure and 

several chronic infections including Helicobacter pylori, Toxoplasma gondii, and Hepatitis B 

virus (HBV).93 

 Taken together, Pb’s potential to select for antibiotic resistance, reduce competitive 

inhibition by altering the gut microbiota, and impede immune function, make it highly plausible 

that human Pb exposure would be associated with colonization by ARB. Although this link has 

been established in environmental and animal studies,22,23 epidemiologic evidence is in its 

infancy, with the first study published by our group, examining the association between Pb and 
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MRSA in NHANES.92 The aim of this study is to identify the association between urinary Pb 

concentration and colonization by ARB in a non-clinical, population-based sample of 466 adults, 

and to assess the potential mediating effects of gut microbial diversity. As conformational 

analysis, we tested isolated ARB for resistance to Pb. 

 

3.3. METHODS 

3.3.1. Data Source 

Participants were identified as part of the Survey of the Health of Wisconsin (SHOW) 

and it’s ancillary microbiome study. Details on both have been previously described.125,129  In 

brief, SHOW is an ongoing, statewide, population health survey, modeled after NHANES. 

SHOW was initiated in 2008, and has been conducted annually using a representative cross-

sectional sample from different counties within Wisconsin. Data for this analysis come from the 

2016 cohort. SHOW collects data on health history, behaviors, diet, neighborhood and housing 

characteristics, current health status, and biological measurements and samples. A 2-stage cluster 

sampling method is used to sample households, and in 2016 all residents of selected households 

are invited to participate. The Wisconsin Microbiome Study, also known as the Winning the War 

Against Antibiotic Resistance (WARRIOR) project, is an ancillary study building off of 

SHOW’s established infrastructure during survey waves 2016-2017.125 The main purpose of the 

Wisconsin Microbiome Study is to assess the relationship between dietary fiber intake, gut 

microbial composition, and multi-drug resistant organism (MDRO) colonization. In addition to 

the full SHOW survey and examination, the Wisconsin Microbiome Study has added extensive 

dietary data collection methods, survey questions on factors known to influence the gut 

microbiota and risk of MDRO colonization, and collection of oral, nasal and skin swabs, and 
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saliva and fecal samples. Both SHOW and WARRIOR study protocols have been reviewed and 

approved by the University of Wisconsin Institutional Review Board, and all participants 

consented to study participation. 

The sample for this study includes adults age 18 years or older who provided urine and 

fecal samples and consented to long-term storage for additional analysis. Participants were 

randomly sampled from four counties (Waushara, Milwaukee, Eau Claire and Brown), and 

include both rural and urban residents. This sample comes from one year of a three-year 

representative sample, therefore, when used on its own, this sample is not representative of the 

state, however, for the purposes of this study, representativeness is not necessary to evaluate 

biological associations. The sample size is 466. A conceptual model illustrating the pathways 

between Pb exposure and ARB colonization is shown in Figure 3.1. 

 

Figure 3.1. Conceptual model of the pathways between Pb exposure and ARB colonization.  

 

3.3.2. Variables 
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The main predictor variable for this analysis is urinary Pb concentration, as an estimate of 

chronic Pb exposure, adjusted for urinary creatinine concentration to account for variable 

hydration and kidney function between participants. Urinary lead was measured using 

inductively coupled plasma mass spectrometry. One participant had a result below the limit of 

detection (LOD), which was replaced with the LOD/√2. Pb concentration was adjusted for 

creatinine concentration by converting both measurements to the same units and dividing Pb 

concentration by creatinine concentration. The resulting distribution was left skewed, thus log 

adjustment was performed to normalize the data for statistical analysis. 

The primary outcome was colonization by ARB. MRSA, VRE, and RGNB were isolated 

from stool and saliva samples, and nasal, oral, and skin swabs as previously described.125 MRSA 

and RGNB were tested for resistance to cefoxitin, and ciprofloxacin, respectively, using Kirby-

Bauer disc diffusion methods and cut points established by the Clinical Laboratory Standards 

Institute.162,163 Vancomycin resistance in VRE was determined using the E-test (Bio-Merieux, 

Marcy l’Etoile, France) of minimum inhibitory concentration (MIC). Results from each 

biological sample for MRSA, VRE, and RGNB were pooled into a single variable or at least one 

positive or intermediate resistance result (positive), or no positive or intermediate results 

(negative). In sub analyses, RGNB positive/negative was considered individually. 

Several additional variables were used to control for potential confounding. Demographic 

variables included age, gender, race/ethnicity, education, income, smoking status, and urbanicity. 

Age was calculated on the day of the interview based on self-reported date of birth. Gender was 

self-reported as either male or female.  Ethnicity was queried by asking participants if they 

identify as Hispanic or Latino, and race was determined by asking participants if they identify as 

White, Black/African American, Asian, Native Hawaiian or Pacific Islander, American Indian, 
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or other, with the option to select multiple categories. These data were collapsed into a 

dichotomous race/ethnicity variable or Non-Hispanic White and Other due to limited sample size 

in all other racial/ethnic categories. Income was operationalized as total self-reported household 

income, divided by the Federal Poverty Level (FPL) from Health and Human Services guidelines 

for the total number of people in the household. That ratio was then multiplied by 100 to 

calculate % FPL, and then categorized into low-income (<200% FPL), middle-income (200-

399% FPL), and high-income (≥400% FPL) categories. Participants reported highest level of 

education completed by year of primary education, high school diploma, GED, some college 

with no degree, and degree options from associates to doctoral. These data were categorized as 

high school diploma or lower, some college or associates degree, and bachelor’s degree or 

higher. Participants who reported having smoked 100 cigarettes in their lifetime and currently 

smoke cigarettes were considered current smokers. Former smokers have smoked 100 cigarettes 

in their lifetime but do not currently smoke cigarettes. Participants were considered never 

smokers if they had not smoked 100 cigarettes in their lifetime.  Urbanicity was defined using 

geo-coded participant addresses and cross referencing them with the 2010 US Census 

classifications of urban and rural areas.  

Additional potential confounding variables considered were antibiotic use in the last year, 

household history of antibiotic resistant bacterial infection, use of proton pump inhibitors, farm 

exposure, ownership of an indoor pet, and dietary nutrients. Antibiotic use in the last year was 

self-reported as yes or no. Household history of antibiotic resistant bacterial infection was self-

reported response to the question “Has anyone in your household had an infection with a drug-

resistant germ?” Use of proton pump inhibitors was self-reported use in the past 12 months. 

Farm exposure was self-reported as living on a farm or hobby farm, or working on a farm. 
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Indoor pet ownership was self-reported as yes or no to keeping any pets inside the house. Dietary 

nutrients included were Iron (mg), Vitamin C (mg), Calcium (mg), and Fiber (g). Values were 

calculated based on self-reported usual diet over the last year as queried by the National Cancer 

Institute’s DHQ-II.136  

 Measures of gut microbial composition were considered as potential mediators of the 

association between urinary Pb concentration and colonization by ARB, due to the association 

between Pb and the gut microbiota (Chapter 2), and gut microbiota and ARB infection,3 and the 

pathway illustrated in Figure 1. Richness is a measurement of the number of different species 

present within an ecosystem, and for this analysis the abundance-based coverage estimator 

(ACE) was used to measure gut microbial richness within each individual participant. Inverse-

Simpson is the measurement of α-diversity, the richness and evenness of abundance between 

species, used for each participant in this analysis. Both measures are interpreted as higher 

numbers representing a more rich or diverse gut microbiota. The diversity measures were 

calculated in mothur164 based on 16S rRNA amplicon sequencing, as described in previous 

publication,125 and Chapter 2.  

 

3.3.3. Lead Resistance  

 Confirmatory in vitro analysis was conducted on ARB isolates from stool samples, to 

determine lead resistance by MIC analysis, using Pb (II) Acetate solution in a microtiter plate. 

The testing method is based on the method by Kafilzadeh, et al,165 and the full protocol is 

included in Appendix B. Data are reported as MIC for MRSA, VRE, RGNB, by participant.  

 

3.3.4. Statistical Analysis 
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Frequency tables were used to evaluate distribution of demographics and confounding 

variables by increasing quartile of creatinine adjusted urinary Pb. P-values were calculated by χ2 

for categorical variables, and a p for trend was calculated for continuous variables to test for 

significant differences by estimated exposure. Primary analyses included use of carefully 

adjusted, multiple logistic regression models to estimate odds of ARB positive v. negative 

associated with log creatinine adjusted urinary Pb. Secondary analysis also examined RGNB 

positive v. negative (not pooled with VRE and MRSA). Four models were run with varying 

levels of confounding and interaction terms determined a priori with the use of a directed acyclic 

graph (DAG). Model 1 was unadjusted. Model 2 adjusted for demographics including age, 

gender, race, education, and income, and some behavioral variables including smoking, 

antibiotic use, and diet (Iron, Vitamin C, Fiber, and Calcium). Model 3 added to model 2 by 

additionally adjusting for moderate risk factors including indoor pets, urbanicity, and testing 

potential mediation effects by gut microbial α-diversity and richness. Model 4 built on model 3 

by adding additional ARB risk factors including farm exposure, history of ARB infection, and 

proton inhibitor use, as well as interaction terms between log Pb and demographic and diet 

variables. Analysis of Pb resistance was done using linear regression of MIC by isolate type, and 

of MIC by urinary Pb, stratified by isolate type. Statistical analysis was performed in SAS v. 9.4 

(Carry, North Carolina, USA). 

 

3.4. RESULTS 

Among 466 participants, 152 (32%) tested positive for ARB: 12 (2.6%) tested positive 

for MRSA, 91 (19.5%) tested positive for RGNB, and 68 (14.6%) tested positive for VRE. 

Geometric mean urinary lead was 0.286 µg/L (95% CI 0.259-0.317) for negative participants and 
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0.326 µg/L (95% CI 0.282-0.378) for positive participants. No variables were significantly 

associated with ARB colonization in univariate analysis (Table 3.1), however ARB colonization 

was most prevalent in the 4th quartile of Pb exposure, those age 70 and over, females, non-

Whites, those with the highest education, those in the middle income group, and never smokers. 

As previously reported, urinary Pb concentration (adjusted for creatinine) was highest in those 

age 70 and above, women, non-Hispanic whites, those in the low income group, former smokers, 

those who do not own an indoor pet, and those who live in rural areas (Chapter 2, Table 2.1). 

ARB risk factors not previously examined by Pb quartile are shown in Table 2. None were 

significantly associated with Pb quartile or ARB colonization (Table 3.1) in this sample. 

Table 3.1. Demographics and potential confounding variables by ARB 
colonization. 
  Positive Negative   
  N % N % P-value 
Total 152 32.8 311 67.2   

Demographics GM (µg/L) SD 
GM 

(µg/L) SD   
Pb 0. 286  2.49 0. 326  2.45   
Pb+ Quartiles N % N % 0.589 

1 34 29.1 83 70.9   
2 41 35.3 75 64.7   
3 35 30.7 79 69.3   
4 42 36.2 74 63.8   

Age         0.301 
18-29 13 27.7 34 72.3   
30-49 32 29.6 76 70.4   
50-69 70 32.1 148 67.9   

70+ 37 40.7 54 59.3   
Gender         0.765 

Male 65 32.0 138 68.0   
Female 87 33.3 174 66.7   

Race/Ethnicity         0.573 
Non- Hispanic White 128 32.3 268 67.7   

Other 24 35.8 43 64.2   
Education         0.479 

≤ High School 39 30.7 88 69.3   
Some college 48 30.4 110 69.6   
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≥ Bachelor's Degree 64 36.0 114 64.0   
Income         0.265 

Low 41 32.3 86 67.7   
Middle 52 37.1 88 62.9   

High 52 28.6 130 71.4   
Smoking         0.890 

Current 19 32.2 40 67.8   
Former 38 30.7 86 69.4   

Never 91 33.1 184 66.9   
Diet Mean SD Mean SD P-value 

Vitamin C 116.9 120.7 102.9 82.9 0.154 
Fiber 20.0 25.1 19.8 14.7 0.928 
Iron 15.6 25.2 14.7 13.8 0.640 

Calcium 
1367.6 1321.

7 
1329.2 1026.

8 0.732 
Covariates & Risk Factors N % N % P-value 
Antibiotics         0.391 

Yes 45 28.7 112 71.3   
No 92 32.6 190 67.4   

Indoor Pet         0.998 
Yes 86 32.8 176 67.2   
No 66 32.8 135 67.2   

Urbanicity         0.956 
Urban 92 32.9 188 67.1   
Rural 60 32.6 124 67.4   

History of ARB infection         0.869 
Yes 3 30.0 7 70.0   
No 138 32.5 287 67.5   

Proton Pump inhibitor 
use         0.867 

Yes 22 31.4 48 68.6   
No 122 32.5 254 67.6   

Live or work on a farm         0.574 
Yes 14 36.8 24 63.2   
No 135 32.4 282 67.6   

Gut microbiota Mean SD Mean SD P-value 
Diversity (Inverse-

Simpson) 
14.8 6.6 14.1 6.2 

0.274 
Richness (ACE) 292.6 124.2 281.6 113.9 0.342 

+ Adjusted for creatinine. 
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Table 3.2. ARB risk factors (not previously shown/published) by urinary Pb quartile, adjusted 
for creatinine. 
  Q1 Q2 Q3 Q4   

ARB Risk Factors N % N % N % N % 
P-

value 
History of ARB infection     

  
    

  
0.558 

Yes 1 10.0 2 20.0 4 40.0 3 30.0   
No 106 25.0 108 25.5 103 24.3 107 25.2   

Proton Pump inhibitor use     
  

    
  

0.950 
Yes 19 27.1 18 25.7 16 22.9 17 24.3   
No 92 24.5 93 24.8 95 25.3 95 25.3   

Live or work on a farm     
  

    
  

0.301 
Yes 8 21.1 9 23.7 14 36.8 7 18.4   
No 106 25.5 106 25.5 97 23.3 107 25.7   

 

Results of the logistic regression analysis (Table 3.3) showed a non-significant increase 

in odds of ARB colonization with increasing Pb level in both the unadjusted and interaction 

model (1 and 4), no association was found in models adjusting for demographics and potential 

mediation (2 and 3). In the interaction model (4), the interaction term between Pb exposure and 

the highest income level was associated with a significant increase in log odds of ARB 

colonization (p=0.026). Other variables that were significantly associated with ARB colonization 

were education level and dietary Vitamin C.  Potential mediation effects of gut microbial α-

diversity and richness were null. These findings did not justify the need for more formal 

mediation analysis with the measures used from this data.  
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Table 3.3. Logistic regression estimates and relevant odds ratios for ARB colonization. 

  
Variable 

Model 1 Model 2 Model 3 Model 4 
Estimate OR 95% CI Estimate OR 95% CI Estimate OR 95% CI Estimate P-value 

(Intercept) -0.67 
    

-2.17         -2.53         -0.82 0.747 

Log Pb+ 0.10 1.10 0.83 - 1.46 -0.02 0.98 0.68 - 1.41 -0.04 0.96 0.67 - 1.39 0.61 0.535 

Age           0.02 1.02 1.00 - 1.03 0.02 1.02 1.00 - 1.04 0.00 0.987 
Gender (Female) 

     
0.10 1.11 0.70 - 1.75 0.11 1.12 0.71 - 1.78 0.19 0.700 

Race (Non-White) 
     

0.13 1.30 0.68 - 2.50 0.14 1.32 0.68 - 2.56 -0.02 0.898 
Education (Some 
College) 

     

-0.01 1.39 0.77 - 2.49 -0.01 1.39 0.77 - 2.53 -0.06 0.844 

Education (≥Bachelor’s 
degree) 

     

0.34 1.96 1.05 - 3.65 0.36 2.02 1.07 - 3.80 0.15 0.674 

Income - Middle 
     

0.27 1.26 0.70 - 2.27 0.28 1.24 0.69 - 2.24 -0.20 0.541 

Income - High 
     

-0.31 0.70 0.38 - 1.31 -0.33 0.68 0.36 - 1.27 0.30 0.341 

Smoking (Former) 
     

-0.12 1.00 0.44 - 2.25 -0.11 1.03 0.45 - 2.34 -0.17 0.426 
Smoking (Never) 

     
0.23 1.40 0.65 - 3.01 0.24 1.46 0.67 - 3.17 0.30 0.122 

Antibiotic Use (Yes) 
     

-0.10 0.82 0.52 - 1.30 -0.10 0.82 0.52 - 1.30 -0.09 0.497 
Dietary Vitamin C 

     
0.00 1.00 1.00 - 1.01 0.00 1.00 1.00 - 1.01 0.01 0.011 

Dietary Fiber 
     

-0.03 0.98 0.94 - 1.01 -0.03 0.97 0.94 - 1.01 -0.03 0.415 
Dietary Iron 

     
0.01 1.01 0.98 - 1.05 0.02 1.02 0.98 - 1.06 -0.02 0.584 

Dietary Calcium           0.00 1.00 1.00 - 1.00 0.00 1.00 1.00 - 1.00 0.00 0.684 
Indoor Pet 

     
     0.14 1.31 0.81 - 2.12 0.09 0.513 

Urbanicity (Rural) 
          

-0.05 0.95 0.60 - 1.50 -0.17 0.511 

Inverse Simpson 
          

0.00 1.00 0.96 - 1.04 0.01 0.572 
ACE                     0.00 1.00 1.00 - 1.00 0.00 0.399 
Infection with drug-
resistant germ 

               

-0.08 0.927 

Proton pump inhibitor 
use 

               

0.11 0.757 

Live or work on a farm 
               

-0.55 0.186 

Log Pb+*Age 
               

-0.01 0.236 
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Log Pb+*Gender 
(Female) 

               

0.06 0.885 

Log Pb+*Education 
(some College) 

               

-0.01 0.967 

Log Pb+*Education 
(≥Bachelor’s degree) 

               

-0.20 0.501 

Log Pb+*Income - 
Middle 

               

-0.51 0.058 

Log Pb+*Income - High 
               

0.65 0.024 

Log Pb+*Dietary Fiber 
               

0.01 0.725 

Log Pb+*Dietary 
Calcium 

               

0.00 0.983 

Log Pb+*Dietary Iron 
               

-0.05 0.246 

Log Pb+*Dietary 
Vitamin C                               

0.00 0.145 
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Stratified analysis by income level (Table 3.4) showed that for those in the low-income 

group, increasing Pb exposure was associated with a non-significant decrease in odds of ARB 

positive colonization (AOR = 0.55, 95% CI = 0.24-1.26). Those in the middle-income group 

showed a similar effect of Pb exposure (AOR = 0.57, 95% CI = 0.28-1.14). However, for those 

in the high-income group there was an increase in odds of ARB positive colonization with 

increased Pb exposure (AOR = 1.69, 95% CI = 0.90-3.18).  



 
 

 

74 

 

Table 3.4. Stratified analysis of ARB colonization by income level. 
  Low Income Middle Income High Income 
Effect Estimate OR 95% CI Estimate OR 95% CI Estimate OR 95% CI 
(Intercept) -3.69         -2.31         -2.40         
Log Pb+ -0.60 0.55 0.24 - 1.26 -0.57 0.57 0.28 - 1.14 0.53 1.69 0.90 - 3.18 
Age 0.03 1.04 1.00 - 1.07 0.01 1.01 0.98 - 1.04 0.02 1.02 0.99 - 1.05 
Gender (Female) -0.22 0.80 0.32 - 2.00 0.31 1.37 0.56 - 3.31 0.25 1.28 0.57 - 2.86 

Race (Non-White) -0.34 0.51 0.16 - 1.62 0.38 2.14 0.64 - 7.20 0.34 1.97 0.39 - 10.0
1 

Some College -0.05 0.96 0.35 - 2.69 0.05 1.94 0.68 - 5.60 -0.03 1.30 0.37 - 4.66 
≥Bachelor’s degree 0.06 1.07 0.29 - 3.92 0.56 3.21 1.08 - 9.59 0.33 1.87 0.57 - 6.16 

Smoking (Former) -0.23 0.74 0.20 - 2.71 -0.37 0.64 0.12 - 3.30 0.58 5.33 0.51 - 55.5
3 

Smoking (Never) 0.15 1.08 0.33 - 3.61 0.30 1.25 0.27 - 5.80 0.51 4.94 0.52 - 47.4
0 

Antibiotic Use (Yes) -0.05 0.90 0.33 - 2.42 -0.03 0.95 0.42 - 2.15 -0.18 0.69 0.32 - 1.50 
Dietary Vitamin C 0.01 1.01 1.00 - 1.01 0.01 1.01 1.00 - 1.02 0.00 1.00 1.00 - 1.01 
Dietary Fiber -0.01 0.99 0.92 - 1.05 0.02 1.02 0.94 - 1.12 -0.06 0.94 0.89 - 1.00 
Dietary Iron 0.00 1.00 0.93 - 1.07 -0.06 0.95 0.85 - 1.05 0.06 1.06 0.96 - 1.17 
Dietary Calcium 0.00 1.00 1.00 - 1.00 0.00 1.00 1.00 - 1.00 0.00 1.00 1.00 - 1.00 
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Linear regression of Pb MIC by isolate type (MRSA, VRE, RGNB) showed that RGNB 

had significantly (p<0.0001) higher average value of MIC than the other two isolate types 

(Figure 3.2). However, regression of Pb MIC of the ARB, by Pb exposure in the study subject, 

stratified by isolate type, showed null effects for RGNB. Moreover, secondary analysis of RGNB 

colonization by participant Pb exposure showed no significant association (Appendix B, ST7). 

 

Figure 3.2. Box plot of Pb MIC by ARB isolate type. 

 

3.5. DISCUSSION 

This novel epidemiologic investigation provides new insights into the relationship 

between heavy metal exposure and its association with antibiotic resistant bacteria in a human 

population. We found that Pb exposure only significantly affects odds of ARB positive 

colonization among those in the highest income level, and α-diversity and richness within the gut 

microbiota do not seem to mediate this relationship. In vitro testing of Pb resistance in ARB 

positive isolates from stool, shows that on average RGNB positive isolates have higher tolerance 
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to the presence of Pb, but increasing Pb exposure in humans was not associated with increased 

Pb tolerance in their colonizing RGNB.  

 Some of the most medically important RGNB include Escherichia coli, Salmonella spp., 

Campylobacter spp., Helicobacter pylori, Pseudomonas aeruginosa, and Vibrio cholera. While 

infections by MRSA have decreased in recent years, there has been increased incidence of 

RGNB infections.166 The Center for Disease Control and Prevention (CDC) issued a report in 

2013, which classified several RGNB as urgent threats to public health.19 RGNB often have 

intrinsic antibiotic resistance due to their outer membrane, which serves as a permeability barrier 

that is not present in Gram-positive bacteria. However, RGNB can also acquire resistance 

through horizontal gene transfer that can occur between members of the same species as well as 

members from other species or genera.167 It is not clear from this analysis whether the RGNB 

resistance to Pb and/or ciprofloxacin in this population is plasmid derived or intrinsic. Resistance 

genes, in RGNB in particular, are carried on plasmids with large concentrated multi-resistance 

regions that confer resistance to multiple classes of antibiotics.168 Death attributable to bacterial 

infections is twice as likely for patients infected with ARB than antibiotic susceptible bacteria.94 

Although most deaths related to antibiotic resistance happen in healthcare settings, most 

antibiotic resistant infections occur in the general public.19 Natural reservoirs for RGNB include 

water, soil, sewage, dairy and meat products, plants, and the gut of animals, including humans.167 

Environmental heavy metal contamination may play a role in selection for antibiotic resistance 

within all of these reservoirs.   

The finding that increased Pb exposure in subjects is not associated with increased Pb 

tolerance in colonizing bacteria may be explained in several ways. This suggests that the 

relationship between Pb exposure and ARB colonization seen in subsets of this population is not 
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due to in vivo selection for antibiotic resistance, but rather due to the immune effects of Pb, or 

shifts in gut microbial composition not captured by α-diversity and richness measurements. The 

geometric mean urinary Pb in this population was lower than the national average,152 thus Pb 

exposure in this population may not have been high enough for antibiotic resistance selection, 

but would likely be high enough to affect immune function.91 The use of a pooled ARB indicator 

variable across multiple body sites also captures more systemic effects of circulating Pb than 

selection for resistance via direct exposure. It may also be that increased exposure to Pb is 

associated with increased abundance of Pb resistant (and likely antibiotic resistant) bacteria, 

which was not assessed in this study. Such were the findings of Nisanian et. al, who fed 

increasing levels of Pb to leghorn chickens, and saw a dose response effect between the amount 

of Pb consumed, and the number ARB present.23 If this were the case in our study population, 

the null relationship between Pb exposure and Pb MIC would not be inconsistent. 

In this population, ARB colonization is similar across income groups, when not adjusting 

for other factors. The significant effect of Pb only in the highest income group is somewhat 

surprising. There is evidence that suggests there is not only variability in exposure to 

environmental toxicants by level of SES,169 but that susceptibility to the negative impacts of 

those toxicants also varies by SES.170 It may be that those in lower levels of SES are more 

exposed to other risk factors for ARB colonization; therefore the effects of Pb are strongest in the 

high income group. In the case of Pb exposure and ARB colonization however, it is not clear 

whether this explanation applies. Using cross-sectional survey data such as these, it is impossible 

to determine the natural history of Pb exposure and colonization by ARB, and where along that 

timeline the antibiotic resistance develops.92 This finding might suggest that the antibiotic 

resistance selection is not happening in vivo in this study population. Rather, differences in 
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exposure to Pb and ARB by level of SES may be driving this result. Alternatively, if the 

mechanism for increased ARB colonization is via the immune effects of Pb, or through changes 

to specific components of the gut microbiome that were not captured by the diversity metrics 

used, this explanation is more plausible. The high income group in this population tended to be 

older, and with age often comes weakened immune function and increased health care exposure 

over time.  In this case, the immune effects of Pb may be even stronger in this group than other 

income groups, and exposure to ARB in health care settings may be higher. Moreover, in this 

generally healthy population, there may be other protective factors reducing associations seen in 

the other income groups. More investigation in to this high risk sub-population is warranted. 

The results of the potential mediation analysis by α-diversity was not consistent with our 

hypothesis, however, these measures of diversity are not always ideal for capturing important 

ecological relationships. These calculations, based on presence or absence and relative 

abundance of operational taxonomic units (OTUs), are a very general reflection of the 

microbiota, and do not have the granularity to examine specific bacterial species or metabolic 

pathways that may modify this relationship. Moreover, cross sectional analysis may not be able 

to reveal the effects that other bacteria (not ARB) within the microbiome could have on Pb and 

the selection of antibiotic resistance over time. Given the strong animal evidence emerging to 

suggest that chronic lead exposure can alter microbial composition over time,12 further research 

should aim to examine these associations in humans using metabolomics and metagenomic 

approaches to see if other related immune functions could be affected with lead exposures. 

Heavy metal exposure and toxicological relationships are complex; testing of other heavy metals 

and their mixtures are another important possible future direction.    
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The in vitro testing of Pb MIC indicates a low level of Pb resistance in MRSA isolates 

which is consistent with null associations found in this study. Previous findings by our group 

using NHANES data, found increased odds of MRSA nasal colonization and decreased odds of 

methicillin-susceptible Staphylococcus aureus (MSSA) with increased blood Pb level.92 While 

the findings between these two studies may seem inconsistent, there are several possible 

explanations for the differences, including the small sample size available for this analysis, as 

well as the difference in Pb exposure biomarker used (urine vs. blood). There are many strains of 

MRSA and many possible Pb resistance mechanisms. The few isolates tested in this analysis 

may not be representative of the isolates found in the NHANES population, which could be more 

Pb resistant. Alternatively, the effects of Pb on MRSA colonization seen in NHANES analysis 

may not have been through direct exposure of the bacteria to Pb, but through Pb’s immune 

effects on the study participants.  

This study offers important new epidemiologic insights, however, it is limited by certain 

factors. The cross-sectional nature of data collection limits the findings to associations, as 

causality cannot be established. The use of urine Pb level is perhaps not the best measure of Pb 

exposure to the gut microbes, because only 10% of ingested Pb is absorbed into the blood 

stream, with even less filtered into urine.130 Thus the level of Pb that gut microbes are exposed to 

is likely much higher. Moreover, some of the circulating Pb stored in bones and blood cells can 

end up in urine without interacting with gut bacteria. Because the gut microbiota likely play a 

role in metabolizing the Pb that enters the body, any association found between urine Pb level 

and presence of ARB may be due to reverse causality. For instance, if Pb resistant (and antibiotic 

resistant) bacteria efflux Pb out of their cells as a resistance mechanism, it is more likely to be 

absorbed into the blood stream and ultimately leave the body in urine. This would result in 
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higher Pb measurement in the urine because of the presence of Pb and antibiotic resistant 

bacteria. The use of multiple models allows for interpretation with all covariates determined a 

priori, however, fully adjusted models 3 and 4 should be interpreted with caution given the 

possible co-linearity of variables and sample size.  

The use of ARB colonization as an endpoint instead of infection is also somewhat 

problematic. Not all bacteria that are resistant to antibiotics are also pathogenic, meaning that not 

every colonizing organism will lead to an infection. Antibiotic resistant isolates identified in this 

study are not tested for the presence of pathogenicity genes. Colonization by an ARB is, 

however, a strong risk factor for subsequent infection, because antibiotic resistance genes and 

pathogenicity islands can be easily shared via horizontal gene transfer. Although ARB 

colonization is an imperfect surrogate measure of infection, it is useful in this population-based 

sample where prevalence of infection by ARB is likely to be low. Another limitation is the use of 

culture methods to identify antibiotic resistance, and 16S rRNA amplicon sequencing to 

determine gut microbial diversity. If shotgun metagenomic sequencing were used instead, many 

more antibiotic resistant bacteria and their pathogenicity genes could be identified, and 

functional capacity could have been considered in the mediating role of the gut microbiome. 

 This study establishes a foundation for many different studies in the future, including the 

metagenomic analysis mentioned. More studies in populations with different Pb exposure levels 

would help verify the associations found here, and establish a dose response relationship. Such 

findings may help determine risks of Pb exposure at levels currently thought to be less 

dangerous. Analysis of ARB colonization in urine samples may also allow for more insight using 

urinary Pb measurement, as the exposure to outcome pathway is more direct. Examining 

combined exposure levels to multiple heavy metals would also add to our understanding of the 
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link between heavy metals and ARB colonization in humans. If other findings are consistent, 

reducing exposure to Pb and other heavy metals may be a useful prevention strategy for ARB 

colonization, thus trials of prevention and intervention strategies would be a logical next step.  

Another avenue of future study is to examine the effects of Pb on ARB colonization 

across the life-course, starting with children. Because Pb exposure is absorbed differently and 

leads to different health effects in children than adults, the relationship seen in this study 

population may not be the same in children. Future analysis of the role of the microbiota on Pb 

absorption rates, and neurotoxicity in children would also add greatly to the literature. Starting in 

2018, a newly funded extension of the current Wisconsin Microbiome Study will collect 

household environmental samples of dust, soil, and water.  

 

3.6. CONCLUSION 

These novel results suggest that Pb exposure is associated with colonization by ARB, 

particularly RGNB, for those with high levels of SES in a community-based human population. 

Diversity of the gut microbiota did not modify this association. Reduction of Pb exposure may be 

a useful strategy for prevention of ARB colonization in those at high risk. Results show 

translation of animal to human findings is a challenge, but important in identifying at risk 

populations and reducing global burden of ARB. This study provides a good model to be 

replicated in other populations with potentially higher Pb exposure and in areas with endemic 

ARB presence. 
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Chapter 4. Household Water Treatment and its Association with Composition of the Adult 

Gut Microbiota 

 

4.1. ABSTRACT 

Background: The adult microbiome has been implicated in many health outcomes, but 

environmental predictors of gut microbiome composition, including drinking water, are poorly 

understood. The aim of this study is to examine the use of at home water treatments and their 

association with gut microbial composition in a randomly selected population-based sample of 

adults.  

Methods: Participants included adults over the age of 18 from the 2016 Survey of the Health of 

Wisconsin (SHOW) and its ancillary microbiome study. SHOW surveys residents of Wisconsin, 

collecting a wide range of health determinants including drinking water sources and filtration, as 

well as objective measurements of body habitus, and biological specimens. Data for this analysis 

came from participants who also submitted a stool sample and microbiome survey questions. 

Results: Of 466 participants, 138 reported using a household water treatment system or filter for 

their drinking water. Water filter use was associated with increased education level, residence in 

a rural area, and higher income level. Gut microbial α-diversity and richness were associated 

with water filter use for those sampled from Waushara County, and those with high income, and 

older age. Similarly, β-diversity was associated with water filter use for those with increasing 

income level. Phylum Tenericutes, class Clostridia, order Clostridiales, family Lachnospiraceae, 

Lactobacillaceae, Rikenellaceae, Ruminococcaceae, geneus Collinsella, Coprobacillus, 

Coprococcus, and Lactobacillus were all significantly different by water filter use. 
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Conclusion: These novel results suggest that use of multiple types of water filtration may alter 

gut microbial composition. Additional research is needed to fully understand the health impacts 

of these shifts.  

 

4.2. INTRODUCTION 

John Snow’s landmark epidemiologic investigation of the London cholera outbreak in 

1852 lead back to a specific source of drinking water, and since then drinking water has been a 

commonly examined predictor of health in epidemiologic studies. Regulatory agencies such as 

the Environmental Protection Agency (EPA) have set standards for drinking water quality for 

both chemical and biological agents.171 Drinking water plays a large role in human health due to 

its ability to introduce infectious agents, as well as many other contaminants that influence our 

chronic and infectious disease risk. Drinking water source and treatment type are well documents 

sources of water quality contributing to human variability in exposure to xenobiotics.172,173  

Water source and treatment often dictate exposure patterns to xenobiotics, including Pb, 

disinfectants such as chlorine, and other naturally occurring water elements like calcium and 

arsenic. These contaminants affect our health in myriad ways, along a variety of biological 

pathways, and the gut microbiota may be a key mediator in the relationships between drinking 

water quality and health.  

Humans are covered in trillions of microbes that play a crucial role in our health, 

particularly, the bacteria living in the intestinal tract, or the gut microbiota.1,73 Many studies have 

linked imbalance, or dysbiosis, of the gut microbiota with adverse health outcomes including 

autoimmune disease, obesity, infection, and mental health outcomes.128,174–176 The composition 

of the gut microbiota is influenced by many factors including age, diet, antibiotic use, and 
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environmental exposures,37,48,50,57 although investigations into the influence of classic 

environmental exposures, and mixtures of exposures on the gut microbiota are in their infancy. 

Moreover, the relationships between the built environment, the human microbiome, and human 

health is just beginning to be explored.58,177–179 Recognizing the importance of this line of 

investigation, the National Academies of Sciences, Engineering, and Medicine (NAS), published 

a report in 2017, calls for more work to be done characterizing the interrelationships between the 

built environment, microbes, and health.180 The places we live determine where our water comes 

from, how it is treated, and what infrastructure is used to deliver it from the source or treatment 

facility to our taps. In developed countries, drinking water sources are carefully regulated 

providing important public health protection for a vast majority of residents. However, much of 

the infrastructure in the United States is changing and, as in the case of Flint, Michigan, source 

water quality and maintenance can quickly alter levels of both naturally occurring and man-made 

contaminants found in household drinking water.  Even when the water that leaves the treatment 

facility meets water-quality safety standards, water quality can change in the distribution system 

based on characteristics of water source, treatment practices and infrastructure. For example, in 

the case of Flint, changes in source water from Lake Huron and the Detroit River to the Flint 

River altered source water quality such that the traditional chlorination and lack of anti-

corrosives lead to leaching of iron and Pb from pipes in the distribution systems and homes of 

residents.27  While the Flint water crisis is most well-known for the resulting Pb 

contamination,116 another major public health challenge was the reduced effectiveness of 

chlorine treatment against microbial pathogens due to the interactions with iron in the water.27 

Interactions between water treatments, chemical contaminants, and biological contaminants are 
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complex and pose a multifaceted threat to public health, when not properly controlled and 

maintained.  

The water quality of private wells is much less regulated than public water sources, with 

no federal laws to ensure safety monitoring. While local and state regulations regarding private 

well monitoring vary, private well owners bear the primary responsibility for stewardship, 

including quality monitoring, treatment, and maintenance. In Wisconsin, 47% of private wells 

tested between 2007-2010 exceeded safety standards for at least one health related water 

contaminant,119 yet only half of Wisconsin well-users report having their water tested in the last 

10 years.25 Maintaining high quality drinking water is, therefore, an important ongoing public 

health challenge, regardless of the source. 

One mechanism to avoid consumption of potentially harmful contaminants found in 

drinking water sources is by use of household water treatments and filters. There are many 

different water filter types and points of filtration. Each filters different types of contaminants, 

including chemicals and microbes. Filtering either of these may have drastic impacts on the 

composition of the gut microbiome, and its downstream health effects.  Many studies have 

shown that drinking water properties including chemical contaminants and pH can alter the gut 

microbiota in animal models.12,83,181 However, little has been done to examine drinking water 

and the gut microbiota in humans. 

The goal of this study is to examine the association between use of an in home water 

treatment or filtration system, and composition of the gut microbiota. To achieve this goal we 

used data collected from a population-based sample of 466 adult Wisconsin residents. Wisconsin 

is a unique state to study water quality because of the diversity of drinking water sources. 

Approximately 1/3 of the state receives drinking water from the service water sources, mainly 
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the Great Lakes, and the remaining 2/3 from deep groundwater sources.182 Among the 2/3 that 

receive drinking water from groundwater, approximately 1/3 of residents are served by private 

wells as their primary drinking water source.119 Municipal water supplies are monitored and have 

treatment at the source for microbial and other contamination, while, private well owners are 

dependent on their own testing and treatment. Using a randomly selected sample of households 

from four different counties, this study aims to determine if differences in water source and water 

filter use are associated with differences in gut microbiota, hypothesizing that use of a household 

water treatment system would be associated with significant differences in α-diversity, and 

significant shifts in β-diversity within the gut microbiome, driven by differences in specific 

bacterial taxa. 

 

4.3. METHODS 

4.3.1. Data Source 

 Data for this analysis come from the Survey of the Health of Wisconsin (SHOW) and its 

ancillary microbiome study, for which protocols have been previously published.125,129 The 

SHOW is a statewide representative health-examination survey of Wisconsin residents. 

Beginning in 2008 and conducting yearly survey waves since, the SHOW is modeled after the 

National Health and Nutrition Examination Survey (NHANES). It collects self-reported data on 

demographics, health history, health behaviors, health care access, diet, housing, neighborhoods 

and many other subjects. The SHOW also includes objective measurements of body habitus and 

collection of biological specimens including urine and plasma. More information about the 

SHOW, including questionnaires and data, is available at https://www.med.wisc.edu/show/.  

https://www.med.wisc.edu/show/
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The SHOW’s ancillary microbiome study, also known as the Winning the War on 

Antibiotic Resistance (WARRIOR) Project, built off of the SHOW’s pre-existing infrastructure 

in survey years 2016 and 2017. Participants underwent the full SHOW protocol, plus additional 

questions about diet and exposure to ARB risk factors. Participants also submitted additional 

specimens for microbiome analysis, including stool samples, which were used in this analysis. 

The microbiome study sample consists of 730 participants, age 18 and over. Data processing 

from the 2017 sample is ongoing. This analysis uses survey, health examination, and microbiome 

data from the SHOW and the ancillary microbiome study, collected in 2016, with a completed 

stool sample for gut microbial analysis. The University of Wisconsin Institutional Review Board 

has approved the protocols for this study and its data and specimen sources. All participants 

completed written informed consent.  

 

4.3.2. Variables 

 The main predictor variables for this study were water source, self-reported as either 

private well or community water supply, and water filter use, defined as self-reported use of a 

home water filter or treatment system for drinking water. The main outcome variables in this 

analysis are measures of gut microbiota composition including richness, the number of species, 

or operational taxanomic units (OTUs), within an individual’s gut, α-diversity, the richness and 

evenness of abundance between OTUs within one individual’s gut, and β-diversity, differences 

in the number and abundance of OTUs between groups of individuals. Gut microbial α-diversity 

was measured using the inverse of Simpson’s diversity index.131 Richness was measured using 

the abundance-based coverage estimator (ACE) index.132 Β-diversity distance was measured 

using the Bray-Curtis dissimilarity index.133 Alternative measurement indices were used as 
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outcomes in sensitivity analysis (Shannon,134 Chao-1,35 Jaccard135). Specific bacterial taxa were 

also used as outcomes for further analysis.  

 The primary covariates considered for analysis based on known associations with altered 

microbiota included demographics such as age, gender, education, income, race/ethnicity, and 

urbanicity, as well as antibiotic use. Age was determined based on self-reported date of birth, and 

calculated for the date of the interview. Gender was self-reported as either male or female. 

Education was defined as the self-reported highest level of education attained, which was then 

categorized as high school diploma/GED or below, some college or an associate’s degree, and 

bachelor’s degree and above. Income was defined as self-reported total household income, which 

was then divided by the Federal Poverty Limit (FPL), as set by the guidelines from the 

department of Health and Human Services, for the number of people supported by that income in 

the household. That ratio was used as a continuous variable in regression analysis, but was 

multiplied by 100 to calculate %FPL, and then categorized to examine distribution across the 

predictor variable. Income categories were defined as low income (<200%FPL), middle income 

(200-399%FPL), and high income (≥400%FPL). Race and ethnicity were self-reported and then, 

due to limited sample size of all non-white groups, collapsed into two categories, non-Hispanic 

white, and all others. Urbanicity was based on geocoded addresses, and defined using the 2010 

census classifications of urbanized areas, urban clusters and rural areas.138 Urbanized areas and 

urban cluster were combined to create a dichotomous urban versus rural variable. Antibiotic use 

over the last year was self-reported as yes or no. 

 Additional covariates included amount of household drinking water consumed on 

average, body mass index (BMI), age of housing, length of residence in current home, and 

county of residence. Household tap water consumption was self-reported as average servings of 
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tap water consumed at home in a day.  BMI was calculated as weight(kg)/height(cm)^2, based on 

measurements of height and weight. Continuous BMI was used in regression models, but was 

categorized to display distribution by water filter use in table 1: underweight (<18.5), normal 

weight (18.5-24.9), overweight (25-29.5), and obese (≥30). Length of residence at current 

address was self-reported as 0-1 years, 1-3 years, 3-10 years, and >10 years. Counties of 

residence included Brown, Eau Claire, Milwaukee, and Waushara. Figure 4.1 shows the spatial 

distribution of households within each county. Among these, Waushara is the most rural (100% 

of participants), then Eau Claire (31%), with the most Urban being Milwaukee (100%) and 

Brown (88%).  Source water for Waushara and Eau Claire is primarily groundwater and Brown 

and Milwaukee draw from Lake Michigan on the Eastern shore.  

 

Figure 4.1. A map of Wisconsin with the four sampled counties highlighted. Enlarged portions 

display the spatial distribution of study households within each county. 
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4.3.3. Microbiota Analysis 

 The methods for analysis of the microbiota in this population have been explained in 

previous publication,125 and in Chapter 2 of this dissertation. Briefly, DNA was extracted from 

stool samples, using chemical and mechanical lysis, and purified using phenol-chloroform-

isoamyl alcohol and the NucleoSpin Gel and PCR clean-up kit (Macherey-Nagel, Germany). 

Purified DNA was quantified and the 16S rRNA V4 region was amplified and barcoded using 

custom PCR primers.139 The PCR mixture included 5µL (25ng) template DNA, 0.5 µL (10µM) 

of each primer, 12.5 µL of 2X KAPA Hotstart Ready Mix (Kapa Biosystems, Wilmington, MA, 

United States), and 6.5 µL water.  The amplification protocol was 95oC for 3 min, 25 cycles of 

95oC for 30 sec, 55oC for 30 sec, and 72oC for 30 sec, followed by 72oC for 5 min. Amplicons 

were cleaned using 1.0% low melt agarose gel (National Diagnostics, Atlanta, GA) 

electrophoresis, extracted from the gel using Zymo Gel DNA Recovery Kit (Zymo Research, 

Irvine, CA, United States), quantified, and then pooled to 4 nM. A DNA sequencing control of 

10% PhiX was added to the aliquot and sequenced on Illumina’s MiSeq using the MiSeq v2 

Reagent Kit (Illumina, Inc., San Diego, CA) according to the manufacturer’s protocol.  

Sequences were processed using mother (v. 1.37139 using the Standard Operating 

Procedure for MiSeq data140).  Sequences were aligned using SILVA 16S rRNA gene reference 

database.141 Reads of the wrong length were and chimeras were removed using 

UCHIME.142OTUs were binned at the 97% similarity level and assigned using the GreenGenes 

database.143 OTU counts were normalized to 11,000 per sample, and Good’s coverage was 

calculated for each sample. The Simpson, Shannon, ACE, and Chao-1 indices were calculated 

based on normalized OTUs in mothur. 
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4.3.4. Statistical Analysis 

 Statistical analyses were performed in SAS and R. Frequency tables with p-values based 

on χ2 analysis were calculated to examine the distribution of potential confounder variables by 

water filter use. Multiple linear regression was performed with the inverse-Simpson α-diversity 

index, and the ACE richness index as outcomes, and water filter use as the main predictor. 

Multiple PERMANOVA was used to examine Bray-Curtis dissimilarity distance as a measure of 

β-diversity, by water filter use, using the vegan package in R.144,183 For linear regression and 

PERMANOVA analysis, four models with increasing levels of confounders and interactions 

were run. Model 1 was unadjusted. Model 2 adjusted for demographics including age, gender, 

education, race, poverty, and urbanicity, as well as antibiotic use. Model 3 builds off of model 2 

by adding adjustment for the additional environmental and physiological factors including age of 

housing, length of residence, home tap water consumption, county, and BMI. To test for effect 

modification, Model 4 adds interaction terms between water filter use and age, gender, income, 

and county. The QCAT_GEE test, using the miLineage package in R,145 was used to identify 

which bacterial taxa were significantly different by water filter use, adjusting for significant 

confounders in PERMANOVA analysis, and correcting P-values using the FDR method for 

multiple comparisons. The QCAT_GEE is a three part test, including the zero-part that assesses 

differences in presence and absence of each taxa, the positive-part, which assesses differences in 

abundance for those taxa that are present, and the two-part that combines the zero and positive-

part tests. This method is better suited to this analysis than similar tests, such similarity 

percentages (SIMPER) analysis, because it allows for the use of a continuous predictor variable, 
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it can be adjusted for covariates, and the modeling approach better accounts for the skewed 

distribution of the OTU data with many zeros.  

Sensitivity analysis was conducted using Shannon’s diversity index, Chao-1 richness 

index, and Jaccard similarity index as alternate measures of α-diversity, richness, and β-diversity, 

respectively. Additional sensitivity analysis was conducted with missing values imputed using 

the missForest package in R.146 

 

4.4. RESULTS 

 Of 466 participants, 138 reported using an in home water filter or treatment system. 170 

(40.4%) of participants reported that their household water comes from a private well.  Water 

filter use was associated with increased education level, residence in a rural area, and higher 

income level (Table 4.1), with 44% of private well owners and 23% of municipal water users 

reporting the use of household water treatment.  Aerator use was the most frequently used type 

of water treatment, followed by ceramic or charcoal filter, and water softener (Table 4.2).  

  

Table 4.1. Frequency of demographics and other covariates by water filter use.  

  
Water Filter: 

Yes 
Water Filter: 

No   
 N % N % P-value 
Age 

    
0.462 

18-29 15 34.1 29 65.9   
30-49 33 32.4 69 67.7   
50-69 69 32.4 144 67.6   

70+ 21 23.9 67 76.1   
Gender 

    
0.979 

Female 77 30.9 172 69.1   
Male 61 30.8 137 69.2   

Race/Ethnicity 
    

0.135 
Non- Hispanic White 123 32.0 261 68.0   

Other 14 22.6 48 77.4   
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Education 
    

0.006 
≤ High School 29 24.4 90 75.6   
Some college 40 26.1 113 73.9   

≥ Bachelor's Degree 69 39.7 105 60.3   
Income 

    
0.000 

Low 19 16.1 99 83.9   
Middle 45 33.1 91 66.9   

High 70 39.3 108 60.7   
Antibiotic Use 

    
0.899 

Yes 47 30.5 107 69.5   
No 84 31.1 186 68.9   

Urbanicity 
    

0.001 
Urban 67 25.0 201 75.0   
Rural 71 39.7 108 60.3   

Housing age 
    

0.212 
Built before 1979 72 29.5 172 70.5   

Bui8lt 1979 or later 56 35.4 102 64.6   
Length of Residence 

    
0.698 

< 1 year 9 23.1 30 76.9   
1-3 years 21 30.0 49 70.0   

3-10 years 30 30.9 67 69.1   
> 10 years 78 32.5 162 67.5   

Home Water Consumption (Servings) 
    

0.823 
0 31 29.8 73 70.2   

1-3 59 32.6 122 67.4   
≥ 4 48 29.8 113 70.2   

BMI 
    

0.391 
Underweight 0 0.0 4 100.0   

Normal Weight 39 35.5 71 64.6   
Overweight 41 29.3 99 70.7   

Obese 58 30.7 131 69.3   
County 

    
0.690 

Brown 27 30.3 62 69.7   
Eau Claire 37 30.8 83 69.2   

Milwaukee 29 27.1 78 72.9   
Waushara 45 34.4 86 65.7   
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Table 4.2. Frequency of types of water filter used. 
Responses are non-exclusive.  
Water Filter Type N % 

Brita or Pitcher With Filter 7 1.5 
Ceramic or Charcoal Filter 45 9.4 

Water Softener 35 7.3 
Aerator 61 12.8 

Reverse Osmosis 1 0.2 
None 10 2.1 

Don't Know 4 0.8 
Other 24 5.0 

 

General gut microbial sequencing results for this population were reported in Chapter 2.  

The stacked bar graph in Figure 4.2.A, which shows the normalized abundance of bacterial phyla 

across all study samples, illustrates the variability in gut microbial composition between 

participants. The bar graph in Figure 4.2.B shows percent abundance of the 5 most prevalent 

phyla by water filter type, with Firmicutes dominating both groups, but slightly higher in those 

that do not use water filters. The heat map in Figure 4.3 shows the percent abundance of the top 

20 bacterial genera, grouped by water filter use. 
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Figure 4.2. Bar charts displaying abundance of bacterial phyla within study samples. A) Stacked 

bar chart showing normalized abundance of all phyla across all participants. B) Bar chart 
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showing percent abundance of the top 5 phyla of bacteria found in the study samples, displayed 

by water filter use (WF = Water Filter/Treatment, N=None).  

 

 

Figure 4.3. Heat map displaying percent abundance of the top 20 OTUs by genus of bacteria 

found in the study samples, grouped by water filter use. 

 

In linear regression models of α-diversity (Table 4.3), a measure of the number and 

abundance of OTUs by individual, the main effect of using a water filter was slightly positive for 

all models except the interaction model (models 1-3), with the main effect of water filter in the 

interaction model being negative (model 4), although non-significant across all models. In model 

4, the interaction between age and water filter use was significant, indicating increased diversity 

Water Filter Use Yes No 



97 
 

 

with increased age and use of a water filter. The interaction between using a water filter and 

living in Waushara County was also significant. Taken together with the main effects of 

Waushara County and water filter use, this interaction indicates that those living in Waushara 

County who use a water filter have a much larger decrease in α-diversity than those who use 

water filters in other counties. Other factors that were significantly associated with α-diversity 

were age, and education level.  
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Table 4.3. Linear regression estimates of α-diversity (Inverse-Simpson) 
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
Intercept 14.3 0.000 10.1 0.000 10.2 0.000 11.3 0.000 
Water Filter (Yes) 0.7 0.344 0.3 0.662 0.4 0.625 -4.2 0.192 
Age     0.0 0.086 0.1 0.005 0.0 0.209 
Gender (Female) 

  
-0.1 0.899 -0.1 0.895 -0.9 0.255 

Race (Non-White) 
  

0.7 0.550 1.0 0.410 0.9 0.440 
Education - Some College 

  
2.4 0.007 2.5 0.004 2.4 0.005 

Education - Bachelor’s degree + 
  

2.6 0.004 2.4 0.006 2.2 0.013 
Income 

  
0.2 0.201 0.1 0.361 0.3 0.111 

Antibiotic Use (Yes) 
  

-1.2 0.081 -1.3 0.058 -1.2 0.074 
Urbanicity (Rural)     0.4 0.589 1.2 0.309 0.6 0.635 
Housing Age (Built 1979 or later)         0.6 0.443 0.7 0.339 
Length of Residence (1-3 years) 

    
3.1 0.048 2.6 0.082 

Length of Residence (3-10 years) 
    

0.8 0.590 0.4 0.754 
Length of Residence (>10 years) 

    
-0.2 0.872 -0.5 0.703 

Tap Water Consumption 
    

0.1 0.338 0.2 0.124 
BMI 

    
0.0 0.373 0.0 0.460 

County (Eau Claire) 
    

-1.8 0.059 -1.8 0.122 
County (Milwaukee) 

    
-1.9 0.077 -1.5 0.240 

County (Waushara)         -2.5 0.064 -0.4 0.781 
Water Filter (Yes)*Age             0.1 0.008 
Water Filter (Yes)*Gender (Female) 

      
2.6 0.065 

Water Filter (Yes)*Income 
      

-0.4 0.169 
Water Filter (Yes)*County (Eau Claire) 

      
-0.2 0.925 

Water Filter (Yes)*County (Milwaukee) 
      

-1.2 0.605 
Water Filter (Yes)*County (Waushara)             -5.2 0.010 
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Linear regression on richness (Table 4.4), the number of different OTUs present, also 

showed non-significant results across all 4 models that were positive in all models except the 

interaction model (models 1-3), with a negative main effect in the interaction model (4). 

Interactions between water filter use and income, as well as residence in Waushara County were 

significant. The effect of using a water filter results in decreasing richness as income increases. 

Residence in Waushara County is associated with a net decreased richness when using a water 

filter, and an increase when not using a water filter. 
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Table 4.4. Linear regression estimates of Richness (ACE). 
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
Intercept 287.3 0.000 220.9 0.000 247.7 0.000 238.3 0.000 
Water Filter (Yes) -4.5 0.736 -9.6 0.481 -9.1 0.509 23.7 0.699 
Age     0.8 0.035 1.0 0.030 0.8 0.145 
Gender (Female) 

  
6.3 0.616 9.5 0.448 9.1 0.543 

Race (Non-White) 
  

14.1 0.509 21.0 0.347 16.1 0.331 
Education (Some College) 

  
15.1 0.363 18.1 0.278 15.6 0.362 

Education (≥ Bachelor’s degree) 
  

24.3 0.149 25.2 0.142 19.0 0.391 
Income 

  
1.4 0.584 2.2 0.400 7.7 0.015 

Antibiotic Use (Yes) 
  

-28.3 0.029 -26.8 0.041 -25.4 0.050 
Urbanicity (Rural)     13.6 0.295 11.2 0.617 -3.9 0.864 
Housing Age (Built 1979 or later)         -23.7 0.092 -21.5 0.121 
Length of Residence (1-3 years) 

    
37.2 0.211 32.3 0.270 

Length of Residence (3-10 years) 
    

17.6 0.521 12.3 0.654 
Length of Residence (>10 years) 

    
6.1 0.821 0.0 1.000 

Tap Water Consumption 
    

-1.2 0.594 -0.3 0.892 
BMI 

    
-1.5 0.070 -1.4 0.085 

County (Eau Claire) 
    

7.4 0.691 0.1 0.995 
County (Milwaukee) 

    
-8.8 0.671 -8.7 0.714 

County (Waushara)         13.2 0.613 53.6 0.075 
Water Filter (Yes)*Age 

      
0.8 0.361 

Water Filter (Yes)*Gender (Female) 
      

7.0 0.794 
Water Filter (Yes)*Income 

      
-13.8 0.005 

Water Filter (Yes)*County (Eau Claire) 
      

33.1 0.392 
Water Filter (Yes)*County (Milwaukee) 

      
1.9 0.965 

Water Filter (Yes)*County (Waushara)             -82.8 0.033 
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 The Bray-Curtis β-diversity distance, representing the difference in OTU composition 

between individuals, is displayed by water filter use in the NMSD graph (Figure 4.4). 

PERMANOVA analysis showed no significant differences by water filter use across all 4 models 

(Table 4.5). However, the interaction term between filter use and income was significant, 

indicating increased differences in β-diversity by water filter use with increasing income level. 

Other factors significantly associated with differences in β-diversity were age, gender, education 

level, antibiotic use, and BMI. 

Figure 4.4. NMDS graph displaying Bray-Curtis distance graphically, by water filter use, with 

increasing distance between dots representing increasing differences between samples. 
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Table 4.5. PERMANOVA p-values of Bray-Curtis dissimilarity distances (β-diversity). 
  Model 1 Model 2 Model 3 Model 4 
Variable P-value P-value P-value P-value 
Water Filter (Yes) 0.2717 0.224 0.254 0.245 
Age   0.001 0.001 0.001 
Gender (Female) 

 
0.001 0.001 0.001 

Race (Non-White) 
 

0.552 0.511 0.463 
Education (Some College) 

 
0.451 0.444 0.006 

Education (≥ Bachelor’s degree) 
 

0.012 0.009 0.615 
Income 

 
0.600 0.581 0.587 

Antibiotic Use (Yes) 
 

0.002 0.001 0.002 
Urbanicity (Rural)   0.545 0.544 0.551 
Housing Age (Built 1979 or later)     0.908 0.885 
Length of Residence 

  
0.104 0.127 

Tap Water Consumption 
  

0.426 0.435 
BMI 

  
0.021 0.016 

County (Eau Claire) 
  

0.291 0.308 
County (Milwaukee) 

  
0.329 0.310 

County (Waushara)     0.117 0.111 
Water Filter (Yes)*Age       0.302 
Water Filter (Yes)*Gender (Female) 

   
0.889 

Water Filter (Yes)*Income 
   

0.003 
Water Filter (Yes)*County (Eau Claire) 

   
0.384 

Water Filter (Yes)*County (Milwaukee) 
   

0.428 
Water Filter (Yes)*County (Waushara)       0.486 

 
The QCAT_GEE test from the MiLineage package, adjusted for age, gender, income, 

education, antibiotic use, BMI and county, produced a list of several genera, families, orders, 

classes, and phyla that were significantly different by water filter use before correction for 

multiple comparisons (Table 4.6). After FDR correction, phylum Tenericutes, class Clostridia, 

order Clostridiales, family Lachnospiraceae, Lactobacillaceae, Rikenellaceae, Ruminococcaceae, 

geneus Collinsella, Coprobacillus, Coprococcus, Lactobacillus, Prevotela, and Ruminococcus 

all remained significant at the <0.05 level. The Zero-Part tests differences in presence of the taxa, 

and the Positive-Part tests differences in abundance of the taxa. The Two-Part tests combined 

presence and abundance of the taxa. Presence only was significantly different for orders 
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Eubacteriaceae and Rikenellaceae, and orders Lachnospiraceae and Ruminococcaceae were only 

significantly different when presence and abundance were combined. All other significant taxa 

were significantly different in presence only and when presence and abundance were combined. 

Tenericutes, Rikenellaceae, Ruminococcus, and Collinsella decreased with water filter use, and 

all other significant taxa increased with filter use, based on linear and logistic regression 

analysis. 

 
Table 4.6. Output from QCAT-GEE analysis displaying bacterial 
taxa that differ by water filter use. Results shown are p-values 
before correction for multiple comparisons.  

 
Uncorrected P-Value 

Phylum Two-Part Zero-Part Positive-Part 
Actinobacteria 0.0198 0.0842 0.0376 

Firmicutes 0.0198 0.4673 0.0099 
Tenericutes 0.0014 0.0014 0.9333 

Class 
   Actinobacteria 0.0396 0.2851 0.0149 

Clostridia 0.0056 0.0025 0.3585 
Order 

   Bacteroidales 0.0149 0.0436 0.1079 
Clostridiales 0.0010 0.0005 0.1236 

Family 
   Eubacteriaceae 0.0218 0.0059 0.7069 

Lachnospiraceae 0.0002 0.0656 0.0008 
Lactobacillaceae 0.0017 0.0012 0.5284 

Leuconostocaceae 0.0495 0.0485 0.9703 
Micrococcaceae 0.0257 0.3307 0.0257 
Peptococcaceae 0.0287 0.0693 0.0287 

Rikenellaceae 0.0129 0.0030 0.9871 
Ruminococcaceae 0.0046 0.0304 0.0236 
Streptococcaceae 0.0475 0.0713 0.2178 

Veillonellaceae 0.0309 0.0235 0.4119 
Genus 

   Blautia 0.0485 0.1386 0.0733 
Collinsella 0.0004 0.0007 0.3009 

Coprobacillus 0.0038 0.0057 0.1493 
Coprococcus 0.0001 0.0008 0.0446 
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Desulfovibrio 0.0158 0.0158 1.0000 
Dorea 0.0084 0.0090 0.1746 

Lactobacillus 0.0002 0.0001 0.8538 
Moryella 0.0121 0.0121 1.0000 

Prevotella 0.0046 0.0048 0.3610 
Roseburia 0.0188 0.0089 0.5812 

Ruminococcus 0.0002 0.0001 0.3958 
Veillonella 0.0376 0.0327 0.7782 

Bold values were significant at the <0.05 level after FDR 
correction. Analysis was adjusted for age, gender, education, 
income, antibiotic use, BMI, and county. 

 
 Sensitivity analysis with the Shannon index had similar results to the Invers-Simpson 

analysis with effects in the same direction and similar significance (Appendix C: ST8). Analysis 

with Chao-1 instead of ACE, also resulted in similar effect size and significance, although the 

interaction between water filter use and Waushara County was only marginally significant (ST9).  

PERMANOVA analysis using Jaccard distance as the outcome showed similar significance 

levels to Bray-Curtis PERMANOVA (ST10). Sensitivity analysis using imputed data for linear 

regressions with Inverse-Simpson as the outcome showed very similar main effects across all 

models for water filter use, with the only notable difference being an increase in significance for 

the interaction between water filter use and gender (ST11). Linear regressions of ACE with 

imputed data showed similar effects for water filter use and its interactions, with increased 

significance for the main effects of income and antibiotic use (ST12). PERMANOVA analysis of 

Bray-Curtis distance with imputed data found the same variables and interactions to be 

significantly different, with similar levels of significance (ST13). Interpretations of study 

findings are unchanged after examination of these sensitivity analyses. 

 
4.5. DISCUSSION 
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In this analysis of home water filter use and the gut microbiota, α-diversity and richness 

were associated with water filter most strongly for those sampled from Waushara County. 

Differences in β-diversity by filter use were significant with increasing income level. Differences 

in specific bacterial taxa by filter use were significant across phylum, class, order, family, and 

genus.  The minimal results of α-diversity, richness, and β-diversity may seem inconsistent with 

the number of individual taxa that were associated with water filter use. However, because these 

diversity measures aim to capture overall composition metrics, they may not be sensitive enough 

to detect the level of changes captured for individual taxa, especially if the changes in individual 

taxa counteract each other in such a way as to not alter the evenness of abundance between 

OTUs. Taken together, these findings suggest that household drinking water treatment is one 

environmental factor contributing to the composition of the gut microbiota. 

Waushara County differs from the other counties sampled in this study because it is 

entirely rural, with study participants distributed widely throughout the county. 92.3% percent of 

participants from Waushara County get their water from a private well, compared to 8.0%, 

33.9%, and 2.2%, in Brown, Eau Claire, and Milwaukee Counties, respectively. Wisconsin’s 

well water supplies vary based on different levels of chemical constituents and other properties, 

making some more or less vulnerable to contamination from natural mineral supplies and 

agricultural runoff.119 Further, water quality varies by source water type and treatment. Not all 

private wells are created equal; location, water source, land use, and practices used to create and 

maintain the well can have large impacts on the composition and safety of the drinking water.184 

Thus, private well testing is an important component of prevention in public health. Wisconsin 

well owners are responsible for testing and maintaining their own water quality, but in previous 

analysis of SHOW data, only about 10% reported having their water testing in the past year.25 
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Water treatment and filtering can be effective ways of removing many kinds of water 

contaminants including minerals, xenobiotics and microbes, and their effects are likely strongest 

for those who do not use publicly treated and distributed municipal water. This likely explains 

the strong effects seen on gut microbial composition for residents of Waushara County, a county 

largely served by private wells. 

In home water treatment systems come in many forms, and can be used either at the point 

of entry, treating all water that enters the home, or at the point of use, treating the water 

immediately prior to consumption.120 Filtration is a common point of use treatment method, 

including filters in pitchers, on the faucet, or in the refrigerator. These filters can be composed of 

ceramic, fabric or carbon, and physically remove contaminants including metals and some 

biological agents. Commonly used point of entry systems include aerators and water softeners.  

Aerators remove contaminants with high volatility, such as radon, by blowing air through the 

water using jets. Water softeners use salt to replace calcium and magnesium ions with sodium or 

potassium ions, but do not remove most contaminants of concern for health. Some point of entry 

units combine methods to remove multiple types of contaminants.120 Filters, aerators, and water 

softeners were the most commonly used water treatment systems in this study population, 

indicating that the contaminants treated in this population varied widely. Because these treatment 

systems have a limited life span and are available at a wide range of quality standards, our 

findings of differences in β-diversity by income and filter use are not surprising, as it would be 

expected that those with higher income would be able to access higher quality products, and 

maintain them more faithfully. Further analysis of specific types of treatments on water from 

different sources is needed to better understand the mechanisms by which the gut microbiota 

may be altered by water treatment.  
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While there is still uncertainty about how differences in gut microbial composition 

influence health, there is some indication that drinking water filtration does alter the distribution 

of some specific taxa. The bacterial taxa found at significantly different levels by water filter use 

in this population are all typical inhabitants of the human digestive tract. They perform a wide 

range of functions within our gut, but a few in particular may have notable effects on human 

health. For instance the Lachnospiraceae family are known producers of butyric acid, which 

helps maintain a healthy epithelial lining within the gut.185  Those using water filters may have 

increased Lachnospiraceae which could reduce the risk of gut disease and inflammation. 

Similarly, the family Lactobacillaceae are lactic acid producing bacteria commonly found in 

probiotic products, and are thought to confer a wide range of health benefits including preventing 

and ameliorating symptoms of infection.186–188  While these results suggest there may be added 

health benefits to water filter use, further investigation is needed to support causal associations, 

interventions to promote water filtration, human health impacts and future policy implications. 

This study is among the first to explore how a modifiable environmental factor, use of 

household water filtration may alter gut microbial composition. Other strengths of this study 

include the use of a well characterized sample with diversity in water source type. The use of 

16S rRNA V4 amplicon sequencing for characterization of the gut microbiota is also a strength, 

as it allows for more complete identification of bacterial taxa than other methods, with less risk 

of falsely inflating OTU reads due to sequencing error, compared to longer regions of the 16S 

gene. Statistical modeling approaches used allowed for the inclusion of many important 

covariates while still allowing for interpretation of results based on more parsimonious models.  

The various sensitivity analyses conducted also add strength to the findings of the main analysis.  

Use of the QCAT_GEE to explore differences in bacterial taxa is also a strength, as it allows for 
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the use of continuous predictors and adjustment for covariates, and it is more statistically valid 

for the data structure than alternative methods.  

Antibiotic use and body mass index (BMI) were included in some of the models, 

although not considered to be true confounders of the association under investigation. Because 

recent antibiotic use has strong effects on microbial composition, many microbiome studies 

exclude participants based on this criterion. The SHOW’s microbiome study queried antibiotic 

use in the past year, but because the gut microbiome can get back to a normal (or new normal) 

state within a few weeks, and approximately 50% of participants answered yes, exclusion would 

have drastically reduced our sample size. Therefore, the variable was included in the model 

building process, instead of as an exclusion criterion. BMI is not thought to be associated with 

water filter use; however, it is included in models because it is so closely correlated with gut 

microbial composition. The vast majority of human gut microbiome studies are adjusted for 

BMI, thus not including it in models would limit the comparability of our findings to those of 

other studies. 

Despite this study being the first of its kind to examine drinking water source and its 

relationship to human gut microbiome composition, this analysis includes some limitations to 

consider. The cross-sectional nature of the data limit findings to associations rather than causal 

relationships. This data set is also limited in racial and ethnic diversity, weakening its 

generalizability to other populations. There was a relatively large amount of missing data for 

some of the regression analyses. This could cause estimates to be biased if differentially 

associated with the predictor variables, however sensitivity analysis conducted with imputed data 

suggests that our findings are robust to the impacts of missing data. The use of self-reported 

exposure variables may also result in biased effect estimates due to misclassification of exposure.  
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Other limitations of the microbiota analysis specifically include the use 16s rRNA 

amplicon sequencing rather than metagenomic sequencing, and the limited information on 

antibiotic use. While 16s rRNA amplicon sequencing is a great place to begin examining the 

composition of the gut microbiota, it does not permit the functional analysis that metagenomics 

allow. Further analysis of metabolic functions within the microbiota give a better explanation of 

what is happening within the gut. A similarity in gene function may account for differences we 

see in colonization by differing taxa.  The use of self-reported exposure to antibiotics in the 

previous year is not the ideal measure of exposure for several reasons. The effects of antibiotics 

on the gut microbiota are strong, but within a short time of finishing treatment, the microbiota 

either return to their previous state, or come to a new normal state that is different from the pre- 

and during-antibiotics state. For the purposes of this study, it would be most useful to know 

about antibiotic use in the past 2-4 weeks, and exclude participants whose microbiota are not in 

their usual state due to antibiotic use. Because we do not have this information, we account for 

the self-reported past year variable in our models, but do not exclude those participants from our 

analyses. This variable is also problematic however, because it is subject to recall bias.  

 This analysis leads to many natural directions for future research. Much further analysis 

can be done to examine the effects of specific types of treatment systems and specific sources of 

drinking water. Further analysis of these samples could also be done using metagenomic analysis 

for a more in depth view of metabolic pathways that may be altered within the microbiome. 

Differences in these bacterial taxa and metabolic pathways could also be linked to downstream 

health effects. Composition of other human microbiomes could also be examined, as water 

treatment practices likely also effect microbes living on the skin and in the mouth. Examining 



110 
 

 

these effects in other populations with different age and other demographic distributions would 

also add greatly to our understanding of home water treatment and human microbiota. 

 

4.6. CONCLUSION 

This study found that household water treatment was associated with significant 

differences in gut microbial composition, in a population-based adult sample. Further 

examination of this association and its downstream health effects is warranted. 
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Chapter 5. Conclusion 

5.1. SUMMARY OF RESULTS AND CONCLUSIONS 

The gut microbiota plays an important role in both chronic and acute diseases, interacting 

with immune function, inflammation, and other important biological processes. This study is 

significant because understanding as much as possible about the gut microbiota, and how to 

prevent dysbiosis, is critical to the prevention of many adverse health effects, including infection. 

Colonization and subsequent infection by ARB is a major health crisis and effective treatment 

options are becoming increasingly rare. Therefore, effective strategies for prevention of ARB 

colonization are key to reducing antibiotic resistance in the future, and understanding the 

association between Pb exposure and ARB colonization is a first step in developing effective 

prevention strategies. Moreover, characterizing the role of household water treatment in altering 

microbial composition adds insight into possible mechanisms for prevention of dysbiosis. This 

dissertation provides evidence that Pb exposure may play an important role in this pathway, thus 

limiting exposure to Pb, even at levels previously considered safe, may be a significant step in 

limiting the various disease outcomes associated with dysbiosis of the gut microbiota.  

The purpose of this dissertation was to evaluate Pb exposure in a general population of 

adults, and its association with the composition of the human gut microbiota, including 

colonization by ARB.  This dissertation further examines the association between the use of 

household water treatment and gut microbial composition, as a potential prevention strategy to 

reduce Pb exposure, and exposure to other xenobiotics and bacterial contaminants of drinking 

water. This study is the first large scale human study to explore heavy metal exposures and its 

relationship with gut microbial composition, antibiotic resistance, and water filtration in a 

general adult population based study. Findings will add to a growing body of literature from 
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animal studies that support the role of xenobiotic chemicals in gut homeostasis and immune 

function. 

Chapter 2 showed a number of significant findings not previously reported in human 

populations.  This sample is unique in that Pb exposure is lower among the study sample of 

randomly selected adults from a household based survey of Wisconsin residents (GM= 0.30 

μg/L) than in the United States overall (GM=0.45 μg/L).152  Firmicutes were the dominant 

bacterial phylum within the gut microbiota across all levels of Pb exposure in the study 

population. This is different than what was found in other humans studies,29 and this is likely due 

to the high prevalence of BMI > 25 in this study population.  

Factors that appear to increase susceptibility to Pb exposure and alter or modify gut 

dysbiosis and associations with Pb include gender and diet. Even among this general population 

based sample, with relatively low exposure levels, increasing Pb exposure was associated with 

decreasing gut microbial α-diversity, but not richness, among females only. These findings 

indicate that on average Pb exposure was associated with reduced the evenness of abundance but 

not the number of species present in each individual’s gut microbiota. The finding that the effects 

of Pb on gut microbial composition differed by gender is consistent with previous findings that 

gender is an important covariate to consider in gut microbial analysis.189,190 This association 

likely plays a role in mediating downstream health effects that are associated with gender, such 

as irritable bowel syndrom.191  

Dietary fiber had significant effects on α-diversity, and a marginally significant 

interaction with Pb, indicating that increasing dietary fiber intake may reduce the negative 

impacts of Pb on microbial diversity.  Increasing Pb exposure was also associated with 

significant differences in β-diversity, meaning that composition of the gut microbiota was 
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increasingly different with increased Pb exposure. Marginally significant effects of the 

interaction between gender and Pb, indicate that this association may be stronger for women than 

men. Gut colonization by the genus Desulfovibrio, a common sulfur reducing bacteria, increased 

with Pb exposure. The finding of significant differences in colonization by Desulfovibrio, and its 

potential to increase tolerance to heavy metals and antibiotics within the gut microbiota adds an 

additional previously unconsidered pathway between Pb exposure and antibiotic resistance that 

is explored in Chapter 3. 

This study was the first to examine the association between Pb and gut microbial 

composition in a large sample of human adults. This analysis is the first attempt at understanding 

this complex relationship, and it establishes a baseline for all future studies to compare. While 

some findings confirmed associations seen in other studies, such as the association between 

dietary fiber and gut microbial composition,190 this study also contributed to the current state of 

the literature by translating some findings, including changes in α and β-diversity by Pb level, 

from animal models to a human population.12  This study was also unique in its use of a 

randomly sampled population with a wide range of ages and urbanicity. The use of this unique 

population allows for broader generalizability of results, as well as adding the ability to examine 

the interaction of effects between these variables.  

These findings provide important insights to the field of environmental health research 

because they reinforce and translate the findings from animal studies to humans, and illustrate 

that even at relatively low levels of exposure, Pb is associated with subtle changes in our 

microbiota. This knowledge is meaningful because even these small changes over an extended 

period of exposure can lead to tangible health impacts. Although the Pb is relatively well known 

for its detrimental health effects, our society is mostly concerned about its toxicity in children 
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and adults who are highly occupationally exposed. These findings illustrate that there is cause for 

concern about Pb exposure for adults who are exposed to Pb even at relatively low levels. Given 

the importance of maintaining a healthy and diverse gut, reducing environmental exposures such 

as Pb by maintaining policies and programs for Pb reduction should remain important public 

health goals.   

Chapter 3 examined the associations between Pb exposures and relationships with 

prevalence of ARB in the gut. Findings indicate a large number of individuals, 32% of 

participants, were colonized with ARB. This suggests that while not everyone is colonized by 

ARB, that these bacteria continue to be highly prevalent and detectable in a substantial number 

of human guts. It was also found that ARB colonization varied across demographic groups and 

by exposure to Pb.  Pb exposure was associated with increased odds of ARB colonization for 

those in the highest income level. Gut microbial diversity did not appear to mediate the 

relationship between Pb exposure and ARB colonization.  RGNB isolated from stool samples 

were much more resistant to Pb than MRSA or VRE, however, higher individual Pb exposure 

was not associated with increased level of Pb resistance. 

This study is the first epidemiologic study to examine the association between Pb 

exposure and multiple ARB colonization (Chapter 3). Taken together with our previous study in 

NHANES examining MRSA colonization,92 it is clear that an association between Pb exposure 

and ARB colonization exists, at least in some subsets of the population. Although the natural 

history of this association in humans is yet unknown, the findings of this study are important as 

they suggest that there may be opportunities for prevention and intervention to reduce Pb 

exposure and downstream ARB colonization and infection, especially for those at high risk. One 

possible mechanism of intervention to reduce the effects of Pb exposure is eating a healthy diet, 
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high in dietary fiber. Analyses in Chapters 2 and 3 included several dietary variables, including 

fiber, which had significant impacts on the effects of Pb. While the idea that a healthy diet can 

ameliorate the toxicity of Pb is not novel,155 this analysis adds new support to the argument, 

which may not have been previously considered.  

Chapter 4 examined associations between household water filtration use and gut 

microbial composition. 30% of participants reported using a household water filter or treatment 

system. Aerators, charcoal filters, and water softeners were the most frequently reported 

treatments types.  Aerators are most effective at reducing water contaminants with high volatility 

such as radon, while charcoal filters physically remove contaminant particulates, and can be 

certified for removal of many different types of contaminants. Water softeners make water “soft” 

by changing the acidity of water by exchanging sodium and potassium salts for magnesium and 

calcium ions.120 These various treatment methods are effective at reducing a variety of different 

contaminants, however, of the three varieties most commonly used in this population, only 

charcoal filter would likely remove either Pb or bacterial contaminants. Furthermore, because 

filter materials and certifications can vary widely, and effectiveness depends on upkeep and 

regular replacement of the filter, it is likely that relatively few study participants are using 

treatment methods that would effectively reduce Pb contamination. 

In general, gut microbial α-diversity decreased with water filter use, especially for those 

living in Waushara County. Gut microbial α-diversity increased with water filter use and 

increasing age. Similarly, gut microbial richness decreased overall with water filter use, and 

effects were strongest for those in Waushara County, and for those with the highest income.  

Participants from Waushara County, unlike the other counties samples, come entirely from rural 

communities, with 92% using private wells that draw from groundwater as their primary water 
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source.  These significant differences in diversity based on water treatment in Waushara County 

suggest that household water treatments have the most impact on gut microbial composition for 

people who are drinking otherwise untreated groundwater.  

Differences in β-diversity were also significant with water filter use as income increased. 

Differences by income might be explained in that those with higher income are likely better able 

to properly maintain their filter and treatment systems, so they can be most effective at removing 

contamination. Phylum Tenericutes, class Clostridia, order Clostridiales, family 

Lachnospiraceae, Lactobacillaceae, Rikenellaceae, Ruminococcaceae, geneus Collinsella, 

Coprobacillus, Coprococcus, and Lactobacillus were significantly different by water filter use. 

These bacteria are all normal gut colonizers that play a role in metabolizing different nutrients, 

however, some of these bacteria, such as Lachnospiraceae and Lactobacillaceae, are known to 

have beneficial health properties, including ameliorating symptoms of irritable bowel disease and 

infection, and are commonly found in probiotic products.46,185–187 Both of these families 

increased upon water treatment use, suggesting that the changes in gut microbial composition 

from water filter use likely lead to positive health outcomes. 

This dissertation adds to the literature by newly examining the association between gut 

microbial composition and household water treatment, which was previously unexplored 

(Chapter 4). Understanding this association is important, as it helps us better understand the 

potential role of household water treatment in prevention of exposures that can alter gut 

microbial composition and its downstream health effects. While household water treatment 

offers direct health benefits by reducing exposure to chemical and biological contaminants, the 

findings of this study suggest additional health benefits may be gained through changes to the 

gut microbiota.  Because different water treatment systems are effective against varying types of 



117 
 

 

contaminants, further examination is needed to understand mechanisms of action, and to 

determine which type is most effective for altering the gut microbiota in different ways. 

However, this study is a crucial first step in examining this association as it confirms that 

relatively simple interventions to environmental exposures can have significant impacts on our 

gut microbes that may have health benefits.  

Aim 3, examined in Chapter 4, was based on the hypothesis that water filtration would 

potentially alter Pb exposure and reduce any potentially adverse effects seen by Pb exposure, this 

hypothesis did not appear to hold true with these study findings.  When comparing the findings 

from Chapters 2 and 4, Pb exposure and water treatment have different effects on gut microbial 

composition, and the types of treatments most commonly used suggest little Pb was likely 

removed from the drinking water by these mechanisms. This suggests that the mechanism of 

action for the measure of water treatment used in this analysis is not primarily through altered Pb 

exposure. Although Pb may play a part, the altered gut microbial composition associated with 

water filter use is likely affected by difference in a variety of chemical and biological exposures. 

When findings from this dissertation are considered as a whole, it is clear that 

environmental exposures play a role in shaping the composition of the adult gut microbiota, 

including the presence of ARB. These shifts in microbial composition caused by Pb may lead to 

or amplify the adverse health outcomes caused by Pb. The relationships between environmental 

contamination, the gut microbiota, and human health are complex. Not only did this study 

address this by adding novel insight to the relationship between Pb and gut microbial 

composition in humans, but it used an innovative approach of additionally examining both an 

upstream predictor of exposure, and a downstream health outcome. Moreover, this study is 

unique in its multi-disciplinary approach to understanding these relationships. This study 
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incorporates techniques and expertise from the fields of environmental toxicology, 

epidemiology, microbiology and infectious disease. The integration of these fields is critical to 

examining and understanding this complex problem in a holistic manner. 

 

5.2. STRENGTHS AND LIMITATIONS 

This project has some important strengths to consider. A key strength is that the aims 

examined here have not yet been examined in a real-world, adult, human population. While 

animal and in vitro models are critical to the understanding of the underlying biological 

mechanisms at play, epidemiological studies are necessary to determine if these mechanisms 

translate to humans on a population scale. The large scale, and use of a population sample for 

this project is also a strength. Few microbiota studies in humans use a sample size this large, and 

none of those studies have examined a link to environmental factors. Having the use of a large 

population-based sample not only added statistical power to detect effects, but gave a better 

depiction of how these associations work in the general population, as opposed to a population of 

sick, highly exposed, or highly motivated individuals. An additional strength of using this study 

population is leveraging a pre-existing, ongoing survey infrastructure by adding novel sample 

analytics to undertake a study that would otherwise have been quite cost-prohibitive. 

Several study design elements also added to the strength of this project. The use of high 

throughput sequencing technology gives a much more accurate picture of the microbial content 

than culture methods. The use of the V4 hypervariable region of the 16S rRNA gene for 

sequencing allows for reliable identification of most bacterial taxa while reducing the possibility 

of falsely inflating the OTU reads due to sequencing error.192 The comprehensive approach to 

examining the relationship between Pb exposure and gut microbial composition, by looking at 
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the direct effects, a potential health outcome in ARB colonization, and a potential measure of 

exposure prevention in water filter use, is also a strength of this dissertation. 

The statistical modeling approach of utilizing multiple models with different levels of 

confounding variables allows for inference with and without the potential of over and under 

adjusting. Sensitivity analyses with alternate outcome measures as well as imputed data adds 

greatly to the robustness of the findings as well. The use of the QCAT_GEE test,145 a relatively 

novel procedure, also adds strength to the study by allowing for statistical analysis of differences 

in bacterial taxa with a continuous variable as the main predictor, which was not possible prior to 

the development of this test. The QCAT_GEE test also fits the OTU data structure of many zeros 

better than alternative testing methods.  

While this study adds to the current knowledge about Pb exposure, the microbiota, and 

ARB colonization, there are some limitations to the analysis. The use of ARB colonization as an 

endpoint in Chapter 3 instead of infection is somewhat problematic. Not all bacteria that are 

resistant to antibiotics are also pathogenic, meaning that not every colonizing organism will lead 

to an infection. Antibiotic-resistant isolates identified in this study are not tested for the presence 

of pathogenicity genes.  Colonization by ARB is, however, a strong risk factor for subsequent 

infection, because antibiotic-resistance genes and pathogenicity islands can be easily shared via 

horizontal gene transfer. 100,101,193,194 While ARB colonization is an imperfect surrogate measure 

of infection, it is useful in this population-based sample where prevalence of infection by ARB is 

likely to be low. 

A limitation of using this study population is that it includes adults only. Studies on the 

detrimental effects of Pb typically use child populations as they are more highly exposed to Pb, 

and Pb is more readily absorbed in the body. For the purposes of this study, however, we want to 
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know the level of Pb that enters the gut and to test the association between chronic lead exposure 

on gut microbiota, so differential absorption rate in children is not a concern. Urinary Pb level is 

perhaps not the best measure of exposure to the gut microbes because only 10% the Pb that 

enters the gut is absorbed into the blood stream, and less makes it into the urine.130 There may be 

additional variability in measurement for post-menopausal females as addition bone structure 

changes are occurring that may release additional Pb into the blood stream.195 Because the gut 

microbiota may play a role in metabolizing Pb, any association found between urine Pb level and 

gut microbial diversity may also be due to reverse causality. However, because urine also reflects 

chronic Pb that has been stored in bones and blood cells over the lifetime, and the differences in 

composition of the gut microbiota that we see are likely the result of long term exposure to Pb, 

urine may be a better matrix for measurement exposure than stool, for instance which measures 

only short-term exposure. 

Self-reported household water filter/treatment use, used in Chapter 4, is also an imperfect 

exposure measurement. Some participants do not accurately report the treatment system used, 

and some participants use more than one treatment type, which is not captured in the 

dichotomous classification. Furthermore, grouping different treatment approaches that treat 

different types of contaminants in different ways, may not be appropriate to determine effects on 

the gut microbiota because biological pathways are likely different for different treatment types. 

However, our analysis was limited to this exposure grouping due to limited sample size within 

each treatment type.  

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, SHOW’s ancillary microbiome study collects only one stool sample per participant, 
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which gives a cross-sectional snapshot of microbiota, but may not accurately represent the usual 

composition. Contents of the fecal microbiota may also be subject to seasonal changes, therefore 

it is most accurate when samples from the entire population are collected at the same time, or at 

least within the same season. Samples from this study were collected from May, 2016 to January, 

2017. The storage protocol for samples used for sequencing is important to consider, as different 

protocols can lead to differing results.196 Rapid freezing at -80OC is considered best practice, 

however, bacterial DNA can be damaged with each freeze-thaw cycle. Fecal samples from this 

study went through at least one freeze-thaw cycle before sequencing, which could potentially 

alter the bacterial DNA detected in sequencing.   

 

5.3. FUTURE DIRECTIONS 

This study establishes a foundation for many different studies in the future. More studies 

in populations with higher and lower Pb exposure levels would help establish a dose response 

relationship, and determine risks of Pb exposure at levels currently thought to be less dangerous. 

Including populations with different demographic distributions would also be useful in 

understanding the generalizability of these findings. 

Another avenue of future study is to examine the effects of Pb on the microbiota and 

ARB colonization in children. Because Pb exposure is absorbed differently and leads to different 

health effects in children than adults, the relationship seen in this study population may not be 

the same in children. Future analysis of the role of the microbiota on Pb absorption rates, and 

neurotoxicity in children would also add greatly to the literature. 

This study could also be replicated using many other environmental exposures, including 

other xenobiotics, mixtures of exposures, and macro-level variables, including other potential 
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prevention techniques, in adult and child populations. Two additional ancillary SHOW studies of 

the microbiome began collecting samples in 2018. One will collect stool and nasal samples from 

young children, which could be used to examine some environmental exposures in that 

population. The other will collect a follow-up stool sample from many of the participants in this 

study, as well as additional environmental samples from within and around their homes. Future 

analysis could be done using these samples to examine longitudinal changes in Pb exposure, or 

combinations of exposure to Pb and other metals, and microbiota composition, as well as using 

the environmental samples as novel sources for exposure measurement. 

 Additional analysis on the current study population could also be done using other 

“omics” analysis. The use of metagenomics and metabolomics could add a great amount of 

insight into the metabolic pathways that are altered by the noted changes in the gut microbiota. 

Analysis of the metabolic pathways would allow for better understanding of the downstream 

health consequences caused by these shifts.  

 Further studies could also examine many other health outcomes, including interactions 

between Pb, the gut microbiota, and immune function. Perhaps such studies would be most 

effective in children because their immune systems are still under development, and Pb exposure 

would likely have much stronger effects. Additional examination of antibiotic resistance is 

another potential avenue in child and adult populations. Studies done examining a range of 

antibiotic resistance genes, rather than culturing for a specific few ARB as done here, would also 

add greatly to the literature. Moreover, analysis of abundance of ARB and antibiotic resistance 

genes, rather than presence or absence would allow for further assessment of the relationship 

between Pb and ARB.  
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Appendix A 

ST1. Linear regression estimates of α-diversity (Shannon) 
 
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
(Intercept) 3.3 <2e-16 238.7 0.000 251.1 0.000 234.4 0.003 
Log Pb+ 0.1 0.012 15.2 0.140 11.4 0.279 10.4 0.828 
Age     0.6 0.126 0.7 0.164 1.6 0.062 
Gender (Female) 

  
-0.8 0.947 1.6 0.895 -27.8 0.243 

Race (Non-White) 
  

23.3 0.214 28.6 0.134 26.6 0.173 
Income 

  
0.6 0.815 0.7 0.771 1.8 0.715 

Education - Some college 
  

17.1 0.273 17.5 0.263 14.6 0.357 
Education - ≥ Bachelor's degree 

  
19.4 0.251 15.3 0.373 17.5 0.311 

Smoking (Former) 
  

12.2 0.567 15.2 0.480 10.9 0.615 
Smoking (Never) 

  
15.9 0.428 13.8 0.497 9.5 0.643 

Antibiotic Use (Yes) 
  

-18.6 0.133 -17.3 0.163 -19.0 0.128 
Dietary Iron 

  
-1.3 0.208 -1.4 0.174 -2.7 0.149 

Dietary Vitamin C 
  

0.0 0.604 0.0 0.603 -0.1 0.487 
Dietary Fiber 

  
1.8 0.062 1.9 0.051 3.9 0.027 

Dietary Calcium     0.0 0.504 0.0 0.449 0.0 0.472 
Indoor Pet         -4.1 0.757 -2.5 0.854 
BMI 

    
-1.7 0.036 -1.6 0.053 

Urbanicity (Rural) 
    

18.6 0.142 17.9 0.161 
Length of Residence (1-3 years) 

    
23.5 0.345 23.9 0.340 

Length of Residence (3-10 years) 
    

4.8 0.842 11.0 0.650 
Length of Residence (>10 years)         1.6 0.945 4.4 0.851 
Log Pb+*Age 

      
0.7 0.232 

Log Pb+*Gender (Female) 
      

-28.7 0.131 
Log Pb+*Income 

      
0.9 0.823 

Log Pb+*Dietary Iron 
      

-1.5 0.348 
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Log Pb+*Dietary Vitamin C 
      

-0.1 0.605 
Log Pb+*Dietary Fiber 

      
2.2 0.149 

Log Pb+*Dietary Calcium             0.0 0.636 
+ Creatinine adjusted. Bold values are significant at the <0.05 level. 
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ST2. Linear regression estimates of Richness (Chao) 
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
(Intercept) 279.0 < 2e-16 195.9 0.000 206.8 0.000 190.5 0.003 
Log Pb+ 21.9 0.002 13.6 0.103 10.1 0.233 7.1 0.855 
Age     0.8 0.025 0.9 0.037 1.7 0.016 
Gender (Female) 

  
-2.1 0.833 -0.4 0.967 -24.1 0.210 

Race (Non-White) 
  

3.2 0.832 5.2 0.734 4.6 0.770 
Income 

  
0.6 0.751 0.8 0.701 0.1 0.985 

Education - Some college 
  

21.6 0.087 21.3 0.092 19.0 0.137 
Education - ≥ Bachelor's degree 

  
13.4 0.325 9.9 0.471 11.6 0.403 

Smoking (Former) 
  

12.8 0.454 16.2 0.351 12.1 0.490 
Smoking (Never) 

  
23.8 0.140 23.4 0.153 20.5 0.216 

Antibiotic Use (Yes) 
  

-14.3 0.151 -13.0 0.196 -14.4 0.151 
Dietary Iron 

  
-1.0 0.214 -1.1 0.186 -2.7 0.080 

Dietary Vitamin C 
  

0.0 0.637 0.0 0.667 -0.1 0.611 
Dietary Fiber 

  
1.7 0.034 1.8 0.027 3.7 0.010 

Dietary Calcium     0.0 0.512 0.0 0.429 0.0 0.565 
Indoor Pet         -1.5 0.887 0.1 0.993 
BMI 

    
-1.2 0.077 -1.1 0.118 

Urbanicity (Rural) 
    

6.6 0.516 5.5 0.593 
Length of Residence (1-3 years) 

    
22.6 0.261 22.3 0.270 

Length of Residence (3-10 years) 
    

-2.8 0.884 1.5 0.937 
Length of Residence (>10 years)         3.2 0.864 4.5 0.812 
Log Pb+*Age 

      
0.6 0.181 

Log Pb+*Gender (Female) 
      

-22.7 0.139 
Log Pb+*Income 

      
-0.8 0.792 

Log Pb+*Dietary Iron 
      

-1.7 0.188 
Log Pb+*Dietary Vitamin C 

      
0.0 0.764 
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Log Pb+*Dietary Fiber 
      

2.1 0.090 
Log Pb+*Dietary Calcium             0.0 0.767 
+ Creatinine adjusted. Bold values are significant at the <0.05 level. 
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ST3. PERMANOVA p-values of Bray-Curtis dissimilarity distances (β-
diversity). 

  
Model 

1 
Model 
2 

Model 
3 

Model 
4 

Variable P-value P-value P-value P-value 
Log Pb+ 0.002 0.003 0.003 0.005 
Age   0.001 0.001 0.001 
Gender (Female)   0.002 0.002 0.002 
Race (Non-White)   0.008 0.010 0.006 
Income   0.098 0.119 0.105 
Education - Some College   0.189 0.180 0.188 
Education - ≥ Bachelor’s 
degree   0.057 0.057 0.052 
Smoking (Former)   0.083 0.068 0.083 
Smoking (Never)   0.088 0.087 0.086 
Antibiotic Use (Yes)   0.001 0.001 0.001 
Dietary Iron   0.503 0.479 0.451 
Dietary Vitamin C   0.518 0.469 0.506 
Dietary Fiber   0.001 0.001 0.001 
Dietary Calcium   0.059 0.051 0.065 
Indoor Pet     0.171 0.183 
BMI   

 
0.008 0.012 

Urbanicity (Rural)   
 

0.348 0.337 
Length of Residence      0.022 0.019 
Log Pb+*Age       0.207 
Log Pb+*Gender (Female)   

  
0.049 

Log Pb+*Income   
  

0.544 
Log Pb+*Dietary Iron   

  
0.217 

Log Pb+*Dietary Vitamin C   
  

0.530 
Log Pb+*Dietary Fiber   

  
0.765 

Log Pb+*Dietary Calcium       0.198 
+ Creatinine adjusted. Bold values are significant at the <0.05 level. 
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ST4. Linear regression estimates of α-diversity (inverse Simpson) on imputed data. 
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
(Intercept) 15.127 <2e-16 10.550 0.000 8.694 0.001 9.103 0.013 
Log Pb+ 0.832 0.043 0.715 0.137 0.601 0.219 1.474 0.497 
Age     0.024 0.231 0.050 0.031 0.081 0.025 
Gender (Female) 

  
-0.835 0.164 -0.708 0.236 -2.783 0.009 

Race (Non-White) 
  

1.010 0.261 1.082 0.236 0.932 0.311 
Income 

  
0.220 0.073 0.202 0.103 0.356 0.105 

Education - Some College 
  

2.017 0.007 2.194 0.003 2.085 0.005 
Education - ≥ Bachelor’s degree 

  
1.918 0.017 2.002 0.013 2.089 0.010 

Smoking (Former) 
  

1.954 0.059 2.047 0.049 1.759 0.091 
Smoking (Never) 

  
2.302 0.017 2.365 0.015 2.177 0.025 

Antibiotic Use (Yes) 
  

-0.998 0.100 -0.971 0.110 -1.093 0.070 
Dietary Iron 

  
-0.095 0.062 -0.095 0.061 -0.222 0.015 

Dietary Vitamin C 
  

-0.001 0.866 -0.001 0.860 -0.003 0.694 
Dietary Fiber 

  
0.097 0.043 0.101 0.035 0.257 0.002 

Dietary Calcium     0.000 0.933 0.000 0.968 0.000 0.787 
Indoor Pet         0.971 0.122 0.986 0.117 
BMI 

    
-0.040 0.315 -0.040 0.306 

Urbanicity (Rural) 
    

0.768 0.205 0.692 0.252 
Length of Residence (1-3 years) 

    
1.403 0.233 1.340 0.254 

Length of Residence (3-10 years) 
    

-0.724 0.533 -0.363 0.755 
Length of Residence (>10 years)         -0.940 0.400 -0.763 0.494 
Log Pb+*Age 

      
0.023 0.363 

Log Pb+*Gender (Female) 
      

-2.081 0.014 
Log Pb+*Income 

      
0.134 0.443 

Log Pb+*Dietary Iron 
      

-0.139 0.075 
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Log Pb+*Dietary Vitamin C 
      

-0.003 0.678 
Log Pb+*Dietary Fiber 

      
0.170 0.018 

Log Pb+*Dietary Calcium             0.000 0.714 
+ Creatinine adjusted. Bold values are significant at the <0.05 level. 
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ST5. Linear regression estimates of Richness (ACE) on imputed data.  
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
(Intercept) 306.1 < 2e-16 225.6 0.000 235.7 0.000 245.2 0.001 
Log Pb+ 20.1 0.009 12.8 0.163 9.0 0.332 23.5 0.572 
Age     0.5 0.155 0.6 0.170 0.9 0.183 
Gender (Female) 

  
4.5 0.693 6.7 0.558 -18.9 0.355 

Race (Non-White) 
  

23.2 0.177 29.2 0.094 26.4 0.135 
Income 

  
2.5 0.289 2.3 0.330 4.6 0.273 

Education - Some College 
  

13.5 0.339 14.7 0.295 13.4 0.343 
Education - ≥ Bachelor’s degree 

  
13.7 0.370 11.5 0.453 13.2 0.394 

Smoking (Former) 
  

16.0 0.417 17.4 0.380 13.2 0.509 
Smoking (Never) 

  
19.5 0.289 16.6 0.370 13.1 0.482 

Antibiotic Use (Yes) 
  

-22.7 0.050 -20.5 0.077 -22.3 0.054 
Dietary Iron 

  
-1.2 0.210 -1.2 0.199 -3.1 0.073 

Dietary Vitamin C 
  

0.0 0.794 0.0 0.700 -0.1 0.566 
Dietary Fiber 

  
1.8 0.045 1.9 0.040 4.5 0.005 

Dietary Calcium     0.0 0.333 0.0 0.287 0.0 0.283 
Indoor Pet         -0.7 0.951 -1.2 0.918 
BMI 

    
-1.8 0.016 -1.8 0.015 

Urbanicity (Rural) 
    

26.9 0.020 26.2 0.024 
Length of Residence (1-3 years) 

    
13.8 0.539 12.6 0.575 

Length of Residence (3-10 years) 
    

-2.3 0.916 3.0 0.893 
Length of Residence (>10 years)         -4.5 0.834 -1.8 0.933 
Log Pb+*Age 

      
0.2 0.648 

Log Pb+*Gender (Female) 
      

-26.2 0.107 
Log Pb+*Income 

      
2.1 0.532 

Log Pb+*Dietary Iron 
      

-2.1 0.156 
Log Pb+*Dietary Vitamin C 

      
-0.1 0.623 
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Log Pb+*Dietary Fiber 
      

2.9 0.037 
Log Pb+*Dietary Calcium             0.0 0.509 
+ Creatinine adjusted. Bold values are significant at the <0.05 level. 
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ST6. PERMANOVA p-values of Bray-Curtis dissimilarity distances (β-diversity) on 
imputed data. 
  Model 1 Model 2 Model 3 Model 4 
Variable P-value P-value P-value P-value 
Log Pb+ 0.001 0.001 0.001 0.001 
Age   0.001 0.001 0.001 
Gender (Female)   0.001 0.001 0.001 
Race (Non-White)   0.003 0.005 0.007 
Income   0.007 0.006 0.010 
Education - Some College   0.164 0.155 0.163 
Education - ≥ Bachelor’s degree   0.019 0.017 0.022 
Smoking (Never)   0.069 0.085 0.077 
Smoking (Former)   0.057 0.051 0.049 
Antibiotic Use (Yes)   0.001 0.001 0.001 
Dietary Iron   0.510 0.490 0.498 
Dietary Vitamin C   0.625 0.594 0.613 
Dietary Fiber   0.001 0.001 0.001 
Dietary Calcium   0.009 0.007 0.011 
Indoor Pet     0.161 0.160 
BMI   

 
0.003 0.002 

Urbanicity (Rural)   
 

0.224 0.229 
Length of Residence     0.040 0.034 
Log Pb+*Age       0.175 
Log Pb+*Gender (Female)   

  
0.047 

Log Pb+*Income   
  

0.215 
Log Pb+*Dietary Iron   

  
0.348 

Log Pb+*Dietary Vitamin C   
  

0.543 
Log Pb+*Dietary Fiber   

  
0.723 

Log Pb+*Dietary Calcium       0.149 
+ Creatinine adjusted. Bold values are significant at the <0.05 level. 
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Appendix B 

Lead MIC Testing SOP 

Broth Microdilution for aerobic organisms 

Adapted from CLSI document M07-A9; 2012 

 

Day 1: 

 Sub isolates to be tested from freezer onto a blood agar plate (BAP).  

Day 2: 

 Inoculate organism to be tested into 4 mL of Luria Broth (LB).  

Day 3: 

 

Solution Preparation: 

  

 Lead (II) Acetate: 38 mg/mL is equivalent to a 0.1M solution.  A 0.2M solution should be 

prepared for the first well of each plate.  600 microliters is used for each plate.  Prepare enough 

lead (II) acetate to inoculate the number of plates prepared for the day.  For example, 3 plates 

uses 1.8 mL consider preparing at least 2.0 mL for the day.  For 2.0 mL weigh out 152 mg into 

0.4M EDTA solution.  This yields a 0.2M solution of lead (II) acetate.   

 

 Cefoxitin Working Solution:  Make a 1:100 dilution of cefoxitin stock solution.  

Cefoxitin stock solution concentration is 6,400 micrograms/mL.  Thaw the stock vial before use; 

please note repeated freeze thaw cycles are detrimental to antibiotic.  If you notice a creep in 

MIC then discard stock solution and make new.  Pipet 100 microliters of cefoxitin stock solution 
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into 900 microliters of 1X PBS.  Prepare enough cefoxitin working solution for as many plates 

needed.  For example, 3 plates uses 600 microliters, consider preparing 1 mL of cefoxitin 

working solution.  To do this pipet 100 microliters of the 1:10 dilution made previously into 900 

microliters of Luria Broth.  This yields a 64 microgram/mL solution of cefoxitin.   

 

Plate Preparation: 

 

 100 µL of a 200 mmol/L solution of lead (II) acetate was pipetted into column 1 Rows A-

F.  G1 and H1 contained 100 µL of 64 µg/mL solution of cefoxitin each.  Columns 2-11 were 

filled with 50 µL of Luria Broth (LB) (Sigma Aldrich St. Louis, MO).  Column 12 was filled 

with 100 µL of LB and served as a negative control.  Serial dilutions were made by taking 50 µL 

from column 1 and dispensing into column 2.  The solution was gently mixed with the pipet.  

Tips were changed and the procedure was repeated until column 10.  Upon completion of 

column 10, 50 µL was dumped into a waste container.  Column 11 served as a growth control 

and no compound was placed into it.     

 

Inoculum Preparation and Addition: 

 

 A 1:50 dilution (0.1 mL OB into 4.9 mL of LB) of an overnight broth suspension that had 

been adjusted to a 0.5 McFarland was made for each organism to achieve a final concentration of 

~1 x 106 CFU/mL.  50 µL of the 1:50 suspension was pipetted into the appropriate wells. The 

microtiter plate was incubated at 36°C aerobically for 24 hours and read visually using a mirror 

apparatus.   
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An assessment of the inoculum concentration was done by diluting 10 microliters of 

solution from column 11 into 990 microliters of 1X PBS.  100 microlites was plated  onto Blood 

Agar (Remel, Lenexa, KS).  Plates were incubated overnight aerobically.  Growth of 30-300 

colonies was considered an acceptable inoculum.   

 

Plates (both BAP and microtiter) were read after an overnight incubation.  MIC end points were 

determined by following CLSI document M07-A9; Methods for Dilution Antimicrobial 

Susceptibility Tests for Bacteria That Grow Aerobically.  Briefly, the MIC is the lowest 

concentration of antimicrobial agent that completely inhibits growth of the organism in the 

microdilution wells as detected by the unaided eye.
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ST7. Logistic regression estimates and relevant odds ratios for RGNB colonization. 
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate OR 95% CI Estimate OR 95% CI Estimate OR 95% CI Estimate P-value 
(Intercept) -1.45 

    
-3.21         -3.00         -3.58 0.258 

Log Pb+ -0.02 0.98 0.70 - 1.37 -0.17 0.85 0.55 - 1.31 -0.16 0.85 0.55 - 1.32 -0.48 0.670 

Age           0.02 1.02 1.00 - 1.04 0.02 1.02 1.00 - 1.04 0.02 0.358 
Gender (Female) 

     
0.03 1.03 0.61 - 1.76 0.04 1.04 0.61 - 1.78 0.25 0.655 

Race (Non-White) 
     

-0.07 0.87 0.39 - 1.97 -0.06 0.89 0.39 - 2.04 -0.22 0.369 
Education - Some College 

     
0.10 1.50 0.75 - 2.99 0.10 1.52 0.76 - 3.07 -0.07 0.835 

Education - Bachelor’s 
degree + 

     

0.20 1.65 0.79 - 3.45 0.22 1.72 0.81 - 3.63 0.33 0.419 

Income - Middle 
     

0.28 1.18 0.59 - 2.33 0.28 1.16 0.58 - 2.31 0.01 0.980 

Income - High 
     

-0.40 0.60 0.29 - 1.25 -0.42 0.57 0.27 - 1.21 0.06 0.864 
Smoking (Former) 

     
-0.06 1.08 0.41 - 2.90 -0.04 1.17 0.43 - 3.17 -0.14 0.603 

Smoking (Never) 
     

0.20 1.40 0.55 - 3.52 0.23 1.53 0.59 - 3.96 0.18 0.447 
Antibiotic Use (Yes) 

     
-0.12 0.79 0.46 - 1.34 -0.14 0.76 0.44 - 1.30 -0.19 0.222 

Dietary Vitamin C 
     

0.00 1.00 1.00 - 1.01 0.00 1.00 1.00 - 1.01 0.00 0.228 
Dietary Fiber 

     
-0.01 0.99 0.95 - 1.03 -0.01 0.99 0.95 - 1.03 0.02 0.688 

Dietary Iron 
     

0.01 1.01 0.97 - 1.05 0.01 1.01 0.97 - 1.06 -0.01 0.890 
Dietary Calcium           0.00 1.00 1.00 - 1.00 0.00 1.00 1.00 - 1.00 0.00 0.351 
Indoor Pet 

     
     0.11 1.25 0.72 - 2.19 -0.01 0.974 

Urbanicity (Rural) 
          

-0.19 0.83 0.48 - 1.43 -0.09 0.777 

Inverse Simpson 
          

0.01 1.01 0.96 - 1.05 0.02 0.471 

ACE                     0.00 1.00 1.00 - 1.00 0.00 0.433 
Infection with drug-
resistant germ 

               

0.06 0.954 

Proton pump inhibitor 
use 

               

-0.29 0.456 

Live or work on a farm 
               

0.26 0.639 

Log Pb+*Age 
               

0.00 0.934 

Log Pb+*Gender (Female) 
               

0.26 0.551 
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Log Pb+*Education (some 
College) 

               

-0.14 0.617 

Log Pb+*Education 
(Bachelor's degree +) 

               

0.08 0.814 

Log Pb+*Income - Middle 
               

-0.30 0.329 
Log Pb+*Income - High 

               
0.40 0.234 

Log Pb+*Dietary Fiber 
               

0.04 0.300 

Log Pb+*Dietary Calcium 
               

0.00 0.343 

Log Pb+*Dietary Iron 
               

-0.03 0.522 

Log Pb+*Dietary Vitamin C                               0.00 0.739 

 

 



 
 

 

Appendix C 

ST8. Linear regression estimates of α-diversity (Shannon) 
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
(Intercept) 3.22 <2e-16 2.90 <2e-16 3.02 < 2e-16 3.11 < 2e-16 
Water Filter (Yes) 0.03 0.581 0.01 0.909 0.00 0.964 -0.32 0.168 
Age 

 
  0.00 0.027 0.01 0.002 0.00 0.148 

Gender (Female) 
 

  0.01 0.830 0.01 0.839 -0.03 0.658 
Race (Non-White) 

 
  -0.02 0.761 -0.01 0.942 -0.01 0.865 

Education - Some College 
 

  0.15 0.021 0.16 0.012 0.16 0.013 
Education - Bachelor’s degree + 

 
  0.16 0.014 0.15 0.021 0.13 0.043 

Income 
 

  0.01 0.136 0.01 0.241 0.02 0.043 
Antibiotic Use (Yes) 

 
  -0.12 0.012 -0.12 0.013 -0.12 0.020 

Urbanicity (Rural)     0.01 0.904 0.11 0.179 0.07 0.431 
Housing Age (Built 1979 or later) 

   
  -0.01 0.902 0.00 0.944 

Length of Residence (1-3 years) 
   

  0.16 0.164 0.13 0.243 
Length of Residence (3-10 years) 

   
  -0.03 0.744 -0.06 0.565 

Length of Residence (>10 years) 
   

  -0.06 0.556 -0.08 0.411 
Tap Water Consumption 

   
  0.00 0.708 0.01 0.320 

BMI 
   

  0.00 0.254 0.00 0.295 
County (Eau Claire) 

   
  -0.12 0.090 -0.15 0.073 

County (Milwaukee) 
   

  -0.15 0.062 -0.15 0.107 
County (Waushara)         -0.23 0.022 -0.09 0.414 
Water Filter (Yes)*Age 

     
  0.01 0.009 

Water Filter (Yes)*Gender (Female) 
     

  0.12 0.232 
Water Filter (Yes)*Income 

     
  -0.03 0.084 

Water Filter (Yes)*County (Eau Claire) 
     

  0.10 0.512 
Water Filter (Yes)*County (Milwaukee) 

     
  0.01 0.956 

Water Filter (Yes)*County (Waushara)             -0.32 0.030 
 

 



 
 

 

ST9. Linear regression estimates of Richness (Chao) 
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
(Intercept) 260.08 <2e-16 194.49 0.000 220.37 0.000 221.02 0.000 
Water Filter (Yes) -7.96 0.464 -10.55 0.342 -10.23 0.360 -8.51 0.864 
Age 

 
  0.92 0.005 1.03 0.006 0.79 0.062 

Gender (Female) 
 

  4.77 0.638 6.18 0.544 2.39 0.843 
Race (Non-White) 

 
  -5.79 0.737 0.28 0.988 -1.06 0.953 

Education - Some College 
 

  16.35 0.224 19.36 0.153 18.66 0.163 
Education - Bachelor’s degree + 

 
  16.04 0.240 17.02 0.220 9.48 0.494 

Income 
 

  1.91 0.347 2.30 0.268 6.58 0.010 
Antibiotic Use (Yes) 

 
  -23.23 0.027 -21.87 0.039 -21.09 0.045 

Urbanicity (Rural)     4.70 0.656 6.74 0.709 -6.03 0.741 
Housing Age (Built 1979 or later) 

   
  -18.07 0.112 -16.61 0.139 

Length of Residence (1-3 years) 
   

  39.01 0.105 34.70 0.144 
Length of Residence (3-10 years) 

   
  10.47 0.637 6.14 0.782 

Length of Residence (>10 years) 
   

  9.49 0.662 4.16 0.847 
Tap Water Consumption 

   
  -0.46 0.796 0.33 0.856 

BMI 
   

  -1.11 0.099 -1.05 0.115 
County (Eau Claire) 

   
  -6.92 0.646 -18.19 0.309 

County (Milwaukee) 
   

  -22.77 0.173 -23.92 0.216 
County (Waushara)         -5.68 0.788 23.97 0.324 
Water Filter (Yes)*Age 

     
  0.81 0.260 

Water Filter (Yes)*Gender (Female) 
     

  16.03 0.462 
Water Filter (Yes)*Income 

     
  -10.66 0.008 

Water Filter (Yes)*County (Eau Claire) 
     

  43.01 0.169 
Water Filter (Yes)*County (Milwaukee) 

     
  4.91 0.889 

Water Filter (Yes)*County (Waushara)             -56.56 0.071 
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ST10. PERMANOVA p-values of Jaccard dissimilarity distances (β-diversity). 
  Model 1 Model 2 Model 3 Model 4 
Variable P-value P-value P-value P-value 
Water Filter (No) 0.266 0.226 0.236 0.240 
Age   0.001 0.001 0.001 
Gender (Female)   0.002 0.002 0.001 
Race (Non-White)   0.533 0.518 0.434 
Education - Some College   0.427 0.427 0.006 
Education - Bachelor’s degree +   0.019 0.012 0.637 
Income   0.584 0.571 0.590 
Antibiotic Use (No)   0.001 0.001 0.002 
Urbanicity (Rural)   0.557 0.565 0.557 
Housing Age (Built 1979 or later)     0.913 0.880 
Length of Residence     0.093 0.095 
Tap Water Consumption     0.467 0.436 
BMI     0.019 0.026 
County (Eau Claire)     0.258 0.280 
County (Milwaukee)     0.327 0.310 
County (Waushara)     0.092 0.106 
Water Filter (No)*Age       0.304 
Water Filter (No)*Gender (Female)   

  
0.894 

Water Filter (No)*Income   
  

0.003 
Water Filter (No)*County (Eau Claire)   

  
0.396 

Water Filter (No)*County (Milwaukee)   
  

0.413 
Water Filter (No)*County (Waushara)       0.472 
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ST11. Linear regression estimates of α-diversity (inverse Simpson) with Imputed Data 
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
(Intercept) 14.07 <2e-16 9.72 0.000 10.98 0.000 11.89 0.000 
Water Filter (Yes) 0.80 0.215 0.33 0.611 0.31 0.634 -3.88 0.175 
Age     0.04 0.019 0.06 0.001 0.04 0.100 
Gender (Female) 

 
  -0.56 0.339 -0.55 0.345 -1.25 0.064 

Race (Non-White) 
 

  0.49 0.569 0.80 0.390 0.57 0.544 
Education - Some College 

 
  2.12 0.005 2.34 0.002 2.25 0.002 

Education - Bachelor’s degree + 
 

  2.52 0.001 2.61 0.001 2.47 0.002 
Income 

 
  0.21 0.079 0.16 0.196 0.26 0.078 

Antibiotic Use (Yes) 
 

  -0.97 0.109 -0.97 0.111 -0.93 0.119 
Urbanicity (Rural)     0.75 0.223 1.96 0.066 1.47 0.171 
Housing Age (Built 1979 or later)         0.43 0.516 0.46 0.487 
Length of Residence (1-3 years) 

   
  1.77 0.134 1.58 0.180 

Length of Residence (3-10 years) 
   

  -0.19 0.869 -0.34 0.766 
Length of Residence (>10 years) 

   
  -0.73 0.514 -0.90 0.417 

Tap Water Consumption 
   

  0.05 0.618 0.08 0.410 
BMI 

   
  -0.04 0.358 -0.03 0.421 

County (Eau Claire) 
   

  -2.25 0.010 -1.93 0.054 
County (Milwaukee) 

   
  -2.15 0.023 -1.36 0.205 

County (Waushara)         -3.16 0.012 -1.08 0.442 
Water Filter (Yes)*Age             0.12 0.002 
Water Filter (Yes)*Gender (Female) 

     
  2.58 0.041 

Water Filter (Yes)*Income 
     

  -0.29 0.230 
Water Filter (Yes)*County (Eau Claire) 

     
  -0.82 0.654 

Water Filter (Yes)*County (Milwaukee) 
     

  -2.15 0.275 
Water Filter (Yes)*County (Waushara)             -5.57 0.003 
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ST12. Linear regression estimates of Richness (ACE) with Imputed Data 
  Model 1 Model 2 Model 3 Model 4 
Variable Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
(Intercept) 288.70 <2e-16 215.35 <2e-16 266.78 0.000 259.00 0.000 
Water Filter (Yes) -8.45 0.482 -15.62 0.204 -15.48 0.210 31.01 0.569 
Age     0.72 0.031 0.82 0.030 0.63 0.131 
Gender (Female) 

 
  9.01 0.412 10.18 0.356 10.31 0.423 

Race (Non-White) 
 

  19.97 0.222 23.84 0.182 16.09 0.251 
Education - Some College 

 
  16.43 0.243 19.05 0.180 14.95 0.320 

Education - Bachelor’s degree + 
 

  26.41 0.074 24.43 0.105 23.88 0.180 
Income 

 
  2.79 0.220 3.29 0.161 8.64 0.002 

Antibiotic Use (Yes) 
 

  -24.70 0.031 -22.58 0.051 -22.72 0.047 
Urbanicity (Rural)     25.46 0.029 27.36 0.177 14.76 0.469 
Housing Age (Built 1979 or later)         -17.40 0.170 -16.00 0.202 
Length of Residence (1-3 years) 

   
  18.76 0.404 9.43 0.673 

Length of Residence (3-10 years) 
   

  2.89 0.895 -4.25 0.847 
Length of Residence (>10 years) 

   
  -1.01 0.962 -10.44 0.621 

Tap Water Consumption 
   

  -0.42 0.821 -0.13 0.944 
BMI 

   
  -1.86 0.011 -1.78 0.014 

County (Eau Claire) 
   

  -0.06 0.997 -1.18 0.951 
County (Milwaukee) 

   
  -8.31 0.645 -6.08 0.767 

County (Waushara)         3.17 0.895 44.32 0.100 
Water Filter (Yes)*Age             0.81 0.280 
Water Filter (Yes)*Gender (Female) 

     
  3.15 0.896 

Water Filter (Yes)*Income 
     

  -14.54 0.001 
Water Filter (Yes)*County (Eau Claire) 

     
  16.74 0.631 

Water Filter (Yes)*County (Milwaukee) 
     

  -9.25 0.805 
Water Filter (Yes)*County (Waushara)             -96.70 0.006 
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ST13. PERMANOVA p-values of Bray-Curtis dissimilarity distances (β-diversity) with 
Imputed data. 
  Model 1 Model 2 Model 3 Model 4 
Variable P-value P-value P-value P-value 
Water Filter (Yes) 0.264 0.244 0.239 0.237 
Age   0.001 0.001 0.001 
Gender (Female)   0.002 0.002 0.001 
Education - Some College   0.030 0.023 0.120 
Education - Bachelor’s degree +   0.147 0.140 0.002 
Race (Non-White)   0.004 0.002 0.061 
Income   0.292 0.280 0.304 
Antibiotic Use (Yes)   0.001 0.001 0.001 
Urbanicity (Rural)   0.553 0.582 0.578 
Housing Age (Built 1979 or later)     0.868 0.870 
Length of Residence   

 
0.089 0.094 

Tap Water Consumption   
 

0.447 0.423 
BMI   

 
0.006 0.007 

County (Eau Claire)   
 

0.064 0.080 
County (Milwaukee)   

 
0.128 0.134 

County (Waushara)     0.094 0.098 
Water Filter (Yes)*Age       0.449 
Water Filter (Yes)*Gender (Female)   

  
0.742 

Water Filter (Yes)*Income   
  

0.003 
Water Filter (Yes)*County (Eau Claire)   

  
0.311 

Water Filter (Yes)*County (Milwaukee)   
  

0.506 
Water Filter (Yes)*County (Waushara)       0.372 

 


