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ABSTRACT

Corinne E. Wiesner-Friedman: Find, Inform, and Test (Fit): A Spatial Modeling Framework to
Estimate Contributions of Spatially Distributed Sources to Microbial Contaminants in the
Environment
(Under the direction of Marc Serre)

The dissemination of fecal contamination and antibiotic-resistant bacteria from
Concentrated Animal Feeding Operations (CAFOs) is a major public health concern. There is a
need for modeling the dissemination of microbial contamination from sources to be able to link
public health risks to sources such as CAFOs, especially in aquatic environments, such as rivers
and streams. Host-associated microbial source tracking markers are a major advancement to
quantifying risks associated with water use but fall short of relating microbial contamination
with source locations. Using host-associated markers in conjunction with water quality modeling
can help to establish strong linkages between spatial features and fecal contamination. However,
existing water quality models do not have desirable qualities. They are often developed to model
nutrient pollution, rely on a priori knowledge of delivery parameters, require information about
the contaminants at sources, and most often model at the watershed level (i.e., sub-watershed or
point-level resolution is preferred). Land-use regression (LUR) models address some of these
concerns and have been previously implemented to associate sources and land cover with
microbial contamination responses measured in the environment. Few of these microbial land-
use regression studies have modeled quantified genes corresponding to the influence of specific
hosts or genes encoding antibiotic resistance. Additionally, these land-use regression studies

have primarily focused on human sources of microbial contamination and microbial



contamination in surface water. This body of work advances previous microbial land-use
regression approaches by developing a microbial land-use regression model and new spatial
predictor models to characterize source contributions to river networks. This novel microbial
modeling framework is applied to host-associated fecal contamination responses and antibiotic
resistance responses in surface water and sediment in a Wisconsin spatial stream network for a
CAFO-dense region, with many other potential sources. From these applications, this work
contributes to the literature on offsite migration of microbial contamination from CAFOs,
advances knowledge about other sources of host-associated and antibiotic resistance gene
responses in riverbed sediment and surface water and contributes insights into how the
characteristics of molecular targets can influence the characterization of source impacts on the
environment and microbial risks. This research advances the field of microbial water quality
modeling and provides quantifiable associations between sources and microbial contamination
responses that can be considered for assessing current regulatory standards for different sources

and investing in future wastewater treatment infrastructure in livestock-dense areas.
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CHAPTER 1: INTRODUCTION AND RESEARCH OBJECTIVES

1.1 Introduction

In the mid to late 20" century, large-scale livestock production proliferated with
technological innovations, increased demand for meat and dairy products, and to accommodate
a growing population.? This trend in industrial-scale livestock production occurs at operations
that house thousands of animals, called animal feeding operations (AFOs). AFOs of a certain
size (depending on animal type) are now referred to as concentrated animal feeding operations
(CAFOs) by Clean Water Act regulation.® Historically and currently, these operations have been
linked to community and environmental health concerns.? Among the concerns, the co-
occurrence of human populations residing in rural areas and CAFOs can result in human
exposures to zoonotic diseases (i.e. diseases that can be passed from animals to humans),* with a
particular concern about exposures to and dissemination of antibiotic resistant pathogens.®

Antibiotic resistant pathogens can result from the misuse or overuse of antibiotics.® In
CAFOs, antibiotics are frequently administered to treat and prevent (i.e., the use of antibiotics at
sub-therapeutic doses) disease among concentrated animals.” In particular, the administration of
preventative antibiotics and disinfectants at subinhibitory concentrations can lead to mutations
and horizontal gene transfer that allow the proliferation of antibiotic resistance.®*' In previous
research, the operations, workers, and outdoor environments nearby (e.g. water, soil, air) have
been associated with elevated levels of antimicrobial resistance (AMR).'21¢ To effectively
mitigate the impacts that CAFOs have on antibiotic resistant bacteria in the environment, and

subsequently reduce public health risks, the following needs to be characterized. 1) The transport



of fecal contamination and AMR from all potential sources (e.g. wastewater treatment plants,
land applied sludge, septic systems), 2) how contributions can be fractionated or multiplied (i.e.
attenuation or amplification) to better understand the impact of sources, without these factors,’
and 3) for various microbial responses, identification of key contributors, attenuators and
amplifiers.

Most existing water quality models are designed with nutrient pollution in mind, though
have been applied to fecal indicators. Examples of these models useful to nutrient pollution are
the Soil and Water Assessment Tool (SWAT), Spatially Referenced Regression Model on
Watershed Attributes (SPARROW), AQUATOX, CE-QUA-W2, and the Water Quality Analysis
Simulation Program (WASP).!8 In general, there is no “one-size fits all” model and each of these
tools and others offer different advantages and disadvantages.*® Some limitations of these
existing models in their application to microbial responses are that they have primarily been
tested for nutrient pollution, they require a priori knowledge of delivery parameters and/or
concentrations of contaminant at sources, and estimate or predict water quality at watershed-
level resolutions (i.e., point-level resolution is preferred) .

For sources of microbial contamination, research has only begun to characterize
microbial communities associated with sources (i.e., microbial community “fingerprints”),?° the
variability of genes encoding specific functions across different sources,??? the persistence,
decay, and inhibition of different organisms and genes in different environmental matrices, 325
as well as the contaminants that may affect microbial communities onsite and as they migrate
offsite (e.g., antibiotics, antimicrobials, metals).?” Acquiring this knowledge is made more
difficult due to restrictions in sampling at some sources. In particular, in the United States, the

ability to sample at CAFOs is often restricted due to the legal history of CAFOs with nuisance



and other lawsuit types.? This limits the types of methods appropriate for estimating
contributions from all CAFOs and other sources.

The field of microbial source tracking (MST) has seen recent major advancements in the
ability to characterize microbial risks based on the detection of host-associated microbial targets.
These targets can help to identify and quantify the extent to which a particular host (e.g., human,
bovine, swine) has contributed to fecal contamination, which can in turn be used to better assess
microbial risks.?® From a regulatory standpoint, these methods alone are limited in their ability to
connect host-associated targets detected in samples back to spatially distributed microbial
contamination sources.

Land-use regression (LUR) approaches can be used to identify and characterize sources
of pollution with source terms (i.e., predictors constructed from source locations with spatial
predictor models). Recent work has used host-associated microbial sources tracking responses as
the measured environmental responses. LUR has been used to describe statistical associations
between sources and microbial contamination in rivers and groundwater,”-2-38 including
AMR. 173839 Few of these studies modeled responses that were molecular targets,2%30:37:38.40
Only two have modeled responses that are molecular targets and AMR responses.t”* Among
these studies, there has been a greater emphasis on microbial contamination from human sources
and environmental responses measured in surface water.

In this body of work, a microbial land-use regression model is developed to capture
microbial transport concepts previously laid out in study by Pruden et al.}” which conceptualized
a mass balance model for contributions, amplification, attenuation, and persistence of ARGs
(Figure 1.1). A modeling framework that implements this model will be developed by expanding

and developing on previous microbial LUR components such as database selection, spatial



predictor models, and predictor selection. This framework and microbial land-use regression
model will be applied to molecular responses in sediment and surface water to identify sources
of fecal contamination and elevated AMR and add to the knowledge of how sources differently

impact sediment versus surface water in a CAFO-dense region of Wisconsin.

Primary ARG Dissemination Mechanisms: Primary ARG Fate and Transport Processes
Expected Characteristics Amplification:
Selection: * Direct antibiotic selection
« Distinct source/river ARG molecular signatures « Selection by other antibiotic or pollutant
* ARG concentrations correlate with + Cell growth
concentrations of antibiotics or other Persistence:
"pollutants" * Horizontal gene transfer to native host
Transport: « Sub-inhibitory antibiotic effects
* River ARG molecular signatures are similar to * Partition into sediments
source (WWTPs or AFOs) ARG signatures Attenuation:
» Antibiotic/ARG correlation diminishes with « Dilution
distance due to distinct transport phenomena * Cost of resistance

« Cell death/DNA decay

Figure S. Conceptual mass balance model of ARGs reaching impacted South Platte River Basin sites. Fate and transport processes that may
contribute to amplification, attenuation, or persistence of ARGs upstream from sampling sites are indicated. Primary dissemination mechanisms
consistent with selection of ARGs by ambient antibiotics or other factors versus direct ARG transport are also noted. The average tet(W) and sull
magnitudes and their ratios in the animal feeding operation (AFO) cattle lagoons were determined from a concurrent study *' as described in
Supporting Information Table $10. Wastewater treatment plant (WWTP) magnitudes were determined in this study. Fish hatchery and rearing units
are not shown as they did not significantly contribute to the models.

Figure 1.1 From Pruden et al. %’
1.2 Specific Aims

1.2.1 Aim 1 Development of a physically meaningful microbial land-use regression
framework and demonstration on bovine-associated Bacteroides responses in riverbed
sediment

Estimate the distribution of bovine fecal contamination in riverbed sediment associated
with CAFOs, with AFOs more broadly, and manure application fields by expanding upon
previous microbial land-use regression approaches to develop a novel spatial modeling
framework that leverages a physically meaningful land-use regression model transport,
attenuation, and amplification as conceptualized by Pruden et al*’. See Figure 1.1. This
framework will also implement spatial predictor models that account for the density and
proximity of upstream sources, dilution due to flow, and potential ground transportation

processes (e.g., the hauling of manure). This framework is applied for demonstration on bovine-



associated fecal markers measured from sediment samples in Kewaunee County, Wisconsin.
This work

a) Determines which spatial databases most reliably capture the locations of AFOs and
cropland areas where manure can be applied.

b) Estimates the relative impacts that bovine sources have on bovine-associated fecal
contamination in riverbed sediment using three ways of modeling the contributions from
these sources (Euclidean distance decay, overland and river distance decay with flow, and
ground transport, overland and river distance decay with flow).

c) Using a novel spatial predictor model, determines if waste generated by AFOs is
transported to proximal areas of manure application.

d) Compares the drivers of relative abundance to absolute abundance of bovine markers by
expressing the effect of drivers in terms of an “abundance ratio” that parallels in
definition to a risk ratio.

e) Contributes to the literature on the advantages of using different approaches for
constructing spatial predictors (i.e., Euclidean, overland and river distance- flow, and
ground transportation, overland and river distance- flow) of contaminants in rivers

1.2.2 Aim 2 Application and expansion of novel microbial land-use regression framework

to human-associated and bovine-associated Bacteroides markers in sediment and surface
water

Identify and characterize the sources most associated with human-associated fecal
contamination and bovine-associated fecal contamination in sediment and surface water using
the framework. In this work, the potential sources of human-associated fecal contamination are
limited to septic systems, municipal wastewater treatment plants, land applied sludge from
municipal waste or septage, and high-intensity developed land cover. The potential sources of

bovine-associated fecal contamination are limited to AFOs, manure application fields, manure



from AFOs applied to manure application fields from hauling, low-intensity developed land
cover, industrial wastewater treatment plants, and land applied sludge from industrial waste and
food processing. This work
a) Determines which spatial databases most reliably capture the locations of all potential
sources.
b) Identifies key sources of human- and bovine-associated fecal contamination.
c) Characterizes differences in contributions to human- versus bovine-associated fecal
contamination.
d) Characterizes differences in source contributions to riverbed sediment versus surface
water.
e) Defines transport characteristics from hyperparameters that portray the ability of a source
to pollute sediment or surface water given its distance away from a river network.
f) Contribute to the knowledge around the differences in how sources contribute differently
to riverbed sediment and surface water and how bovine sources versus human sources
contribute to fecal contamination.

1.2.3 Aim 3 Application and expansion of novel framework microbial land-use regression
framework to a panel of antibiotic resistance genes in sediment and surface water

Identify and characterize the sources most associated with a panel of 5 ARGs measured
from sediment and surface water samples using the novel framework developed in aim 1. In this
work, the potential sources of elevated ARGs are septic systems, wastewater treatment plants,
land applied sludge from municipal waste or septage, high-intensity developed land cover,
AFOs, manure application fields, manure from AFOs applied to manure application fields from
hauling, low-intensity developed land cover, industrial wastewater treatment plants, and land

applied sludge from industrial waste and food processing. This work:



b)

d)

f)

9)

h)

Determines which spatial databases most reliably capture the locations of all sources of
ARGs

Identifies key sources of elevated ARGs that encode resistance to erythromycin,
tetracyclines, fluorogquinolones, and sulfonamides and one gene, intl1, which is a mobile
genetic element.

Defines transport characteristics from hyperparameters that portray the ability of a source
to pollute sediment or surface water given its distance away from a river network.
Compares the identified sources of ARG pollution to surface water and sediment
Compares the identified sources of pollution across ARG responses.

Conducts interviews with Wisconsin dairy cattle veterinarians to better understand how
antibiotic use at AFOs may affect levels of antimicrobial resistance.

Aggregates transport characteristics across ARGs to define conservative pollution
scenarios for a variety of sources.

Contributes to the knowledge of ARG transport from sources.



CHAPTER 2: BACKGROUND

2.1 Concentrated Animal Feeding Operations, Antimicrobial Resistance, Fecal
Contamination, and Public Health

2.1.1 Concentrated animal feeding operations and public health risks

Relationships have been found between CAFOs and various respiratory health outcomes,
gastrointestinal illness, carriage of opportunistic, antibiotic resistant pathogens, and antibiotic
resistant infections in different geographical regions.*** Respiratory health outcomes associated
with CAFOs are asthma,*> COPD, *® decreases in lung function measured by FEV1,%
pneumonia, atopic eczema, gastro-intestinal illnesses and unspecified infectious diseases,* upper
respiratory tract infections, such as bronchitis,*® and peaks in influenza-like-illnesses around the
time of the HIN1 outbreak,*” Additionally, CAFOs have been associated with antibiotic
resistance S. aureus carriage in community referent groups from nearby residences.'® In a review
across 25 studies, populations exposed to livestock were 7.03 times more associated with
methicillin resistant S. aureus carriage, which is an opportunistic pathogen (i.e., infection can
occur in immunocompromised individuals). This association was strongest for swine livestock
compared to poultry or cattle.*! Links existing between gastrointestinal illnesses and livestock-
associated pathogens have been established and manure application migrating offsite into waters
used for agriculture/irrigation has been identified as one possible source. However, pathways
have not been defined well enough to characterize risks.*®*° The combined knowledge of these

established and putative health risks associated with fecal contamination from CAFOs, as well as



the links to AMR, make it vital to better characterize environmental transport of AMR and fecal
contamination, especially in aquatic environments.5°->?

2.1.2 Defining antimicrobial resistance

To characterize the public health concerns around antimicrobial resistance, it is necessary
to understand what antimicrobial resistance is and how it occurs. Antimicrobial resistance
describes when bacteria, viruses, fungi, or parasites develop the ability to survive in the presence
of antimicrobials (e.g. antibiotics, metals, disinfectants) which are designed to destroy or inhibit
those microorganisms.® Antibiotic resistance is when microorganism’s express resistance to
clinical doses of antibiotics, where genes encoding this expression can be intrinsic to the
organism or acquired through horizontal gene transfer. Genes which are intrinsic to
microorganisms can mutate under stress, leading to genes that can encode for new types of
resistance.>® When one antibiotic resistant bacterium and many susceptible bacteria are exposed
to antibiotics, the antibiotic resistant bacterium can continue to grow, while susceptible bacteria
are inhibited, and the system can become dominated by the antibiotic resistant variety.
Additionally, due to antimicrobials utilizing similar mechanisms for destroying or inhibiting
microorganisms, one specific antimicrobial might select for bacteria resistant to a different
antimicrobial.® Due to these mechanisms of antimicrobial resistance, the availability of effective
antibiotics for treating infections in humans and animals has increasingly diminished since the
discovery of the first antibiotic, penicillin.>*

The relationship between the natural environment and the prevalence of antibiotic
resistance in humans and animals has been frequently highlighted.>*%°! For example, Figure 2.1
from Berendonk et al. described this connectivity graphically and identified approaches to fill
gaps of knowledge from 2015.%? Since then some work has been done to characterize resistance

for environmental strains. 2% Additionally, epidemiological studies have begun to understand



relationships between environmental exposures and human carriage of antibiotic resistance

strains of bacteria, 12134156

l Risk l
Control resistance Control antibiotic resistance
emergence in the environment dissemination (management and policy)
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Environment Clinic

Establish comprehensive
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ARG mining in metadata
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Standardize testing in
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Figure 2.1 Diagram which presents the connectivity between controlling the emergence of AMR
in the environment and the transmission to humans from Berendonk et al. >

2.1.3 Fecal contamination in the environment and public health

While the environmental transport of antimicrobial resistance has not been well-
characterized, research in the field of microbial source tracking has frequently studied fecal
contamination to identify sources, describe transport, and mitigate potential health risks.?® Fecal
contamination of the outdoor environment occurs when fecal matter disseminates from hosts
(e.g., humans, swine, dogs, seagulls) into the water, soil, or air. Fecal contamination in the
environment is often measured by culturing fecal organisms or using molecular approaches to
identify phenotypic properties or nucleic acids that have been previously associated with fecal
matter.?® There is a great deal of evidence indicating the correlation of fecal contamination,
waterborne illnesses (e.g., gastrointestinal illnesses, respiratory illnesses, and skin, eye and ear
infections), and pathogens (e.g., Enteroviruses, Campylobacter, S. aureus, Cryptosporidium)

present in surface water. See Figure 1.2 for some of the correlations (positive or negative) found

10



between MST markers and various types of waterborne illness from a review of these
relationships from 2014.5” Additional research has shown that riverbed sediment resuspension
can affect the types and quantities of pathogens present in surface water associated with health
risks, which could extend the association of health risks to fecal contamination in sediment.®®
Compared to surface water, fewer studies have sought to understand the microbial ecology of

sediments and related health risks.

Table 2. Correlations observed in studies between MST markers and risks for various types of waterborne illnesses

MST marker Gl illness Respiratory illness Skin infections Eye infections Ear infections
Adenovirus* n.d.! nd. n.d.! nd. nd.!
Bacteroidales () (=) =) - =)
Human CE (—)? )2 () n.d.? n.d.?
(qPCR) (-)? n.d.? n.d.? n.d.? n.d.*
n.d.? nd? nd.?
Enterococcus (+)? ! +* - )
CE (gPCR) ) (N ) (SN )
) () ) n.d.? n.d.?
(S n.d.? n.d.2
F+ coliphage* (GX ' ) (=) )
Norovirus* n.d.! nd. nd.! nd. n.d.!
Somatic coliphage * (=) (-)! (=) (=) )
Staphylococcus aureus =2 )2 (-3

A plus (+) sign indicates that a significant correlation was found; a () sign indicates that it was tested, but no significant correlation was found;
(n.d.) = no data, which indicates that data were collected, but the results were not published due to methodological difficulties or sampling
limitations. References are given for each case.

*Indicates presence/absence test.

!Colford et al. (2007).

“Wade et al. (2006).

3Sinigalliano et al. (2010).

“Wade et al. (2008).

Figure 1.2 Examples of MST markers and example of associations with waterborne illnesses. see
Harwood et al. >’

Given the established and putative relationships between fecal contamination and public
health risks, one element that has been suggested to greatly contribute to the field of quantitative
microbial assessment (i.e., field dedicated to estimating public health risks associated with
exposure to microorganisms in the environment) is understanding of the fate and transport of

fecal markers and elevated AMR in the environment.>®
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2.1.4 Sources of fecal contamination and antimicrobial resistance

Fecal contamination, antibiotic resistant bacteria, genes associated with antibiotic
resistance (ARGS), and agents (i.e. antibiotics, metals, biocides, microplastics) that co-select for
antimicrobial resistance (AMR) 1%%-62 can be disseminated from anthropogenic sources into soil,
waterbodies, sediments, the air, and onto food (i.e., from these environments or directly
connected to food production) where people can be exposed. Dissemination of pollution from
anthropogenic sources may exert selective pressures on microbial communities in the natural
environment, which can select for AMR.%2 Furthermore, these ARGs of natural or anthropogenic
origin can be acquired and forfeited by bacteria through horizontal gene transfer which can
further their spread leading to environmental, human, and animal health consequences.®* Most
primary sources of fecal contamination also contribute to antimicrobial resistance. Animal
feeding operations (AFOs), wastewater treatment plants (WWTPs), septic systems, and land
applied sludge, have all been suggested as potential sources of fecal contamination and AMR, as
will be described further below. Additional sources might exist for AMR due to aforementioned
co-selective properties of other kinds of pollutants.®

e Fecal contamination and AMR from livestock has been found to be emitted into
environmental systems, such as the air 8, from barns, other confined areas, and pits of
animal waste like manure storages, lagoons, anaerobic lagoons or poultry litter,1239.66-76

e Wastewater treatment plants (WWTPs) contribute to microbial contamination and AMR
in the water®”'” and air.>> Hospital and pharmaceutical WWTPs have been associated

with higher impacts on AMR compared to municipal plants. 557880

e Septic systems have been correlated with fecal contamination in surface and

groundwater.3"8182  AMR has been studied less frequently with respect to these systems
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compared to WWTPs, which are also a source of fecal contamination and AMR, but
septic systems have been associated with lesser reductions in ARGs compared to
municipal WWTPs &

e Other populations that are reported to use more antibiotics than average is the elderly, the
sick, and the dying. Retirement homes, which are closed environments, often with poor
ventilation, filtration, and removal of circulated air, can propagate the spread of
microorganisms to vulnerable populations. Populations older than 65 are more
susceptible to infections due to weakened immune systems from aging and treatments for
other late-in-life diseases such as cancer and are more likely to die from infections and
complications. Because of these reasons, prescription of antibiotics to geriatric patients is
highly prevalent.* In the case of one retirement home in France, the effluent
corresponded with more strains of antibiotic resistant E. coli compared to a hospital,
albeit the hospital could not accommodate as many people.”

e Inastudy done in South Africa, phenotypically resistant E. coli were isolated from
samples collected at two cemeteries. The authors noted that the corpses themselves might
contribute to this resistance, but heavy metals from degraded coffin materials could
induce co-selection of ARGs. 88 To our knowledge, this is the only study of the
potential impact of cemeteries on AMR but provides evidence that some anthropogenic
sources of AMR are not well-established or may remain unknown.

Challenges exist in finding databases representing these spatially distributed sources. For
example, septic system locations are not always available in the United States.®” However, they
might be approximated by centroids of residential parcels that are distant from municipal

wastewater treatment plants or sewer lines. In other cases, two or more databases might exist
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which describe the same spatial feature, especially for those visible through aerial imagery. For
instance, sometimes geocoders are used to process addresses of sources into spatial coordinates
representing a source node. Geocoders may produce geographic coordinates for a true location or
center point of a source with varying locational accuracy. Locational accuracy of these geocoders
can vary based on a number of factors. For example, the accuracy may depend on whether the
geography is rural or urban.8® A criterion is needed to help reporting on the selection between
databases. A criterion can be helpful not only to finding which databases are most reliable in
representing sources, but to help with reporting why a given database was selected, more

broadly.
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FIGURE 1 | Schematic of the hot-spots and drivers of antimicrobial resistance (AMR). The environmental compartments that are currently monitored or
regulated by the Environment Agency (EA; England) are denoted by an asterisk in red. WFD, Water Framework Directive.

Figure 2.3 Schematic from Singer et al. !

2.2 ldentifying Gaps in Current Approaches for Modeling Contributions to and Modifying
Factors of Microbial Contamination and Antimicrobial Resistance

2.2.1 Contributions from sources

Current approaches to identifying sources of microbial contamination fall under two

general approaches: microbial source tracking methods that quantify host-associated (e.g., swine,
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bovine, human) fecal markers, and spatial-statistical methods that rely on databases of spatially
distributed sources to construct spatial predictors. More recently, researchers have combined
these approaches to understand the extent to which the fecal responses relate to spatially
distributed sources.308287899 Host-associated fecal markers have typically been utilized to
identify host origins of microbial contamination in MST. These host-specific and host-associated
approaches are desirable over the use of fecal indicator bacteria, such as E. coli, which are not
particular to any host, in turn they provide more information about the source.?® Spatial
modeling approaches using predictors derived from spatially distributed sources can be used in
conjunction with host-associated methods to establish linkages with source locations. In parallel
to the specificity of response, as the resolution of spatial predictors derived from spatially
distributed sources increases (e.g., point level has greater resolution than watershed level),
linkages are better established with source locations. To establish linkages with source locations,
spatial predictor models should ideally depict contributions from sources at the finest resolution
possible.

2.2.2 Literature review of spatial predictor models used in land-use regression for
microbial responses

Various models have been described in the literature to construct spatial predictors of
microbial responses. Let y; be the microbial response (for example a microbial concentration) for
some sample collected at location i. We list below three spatial models that have been used to
obtain a predictor value for yi. For the first two models, we denote the predictor value as xi, as is
the usual convention for generic predictors. For the last model we denote the predictor as
s;(a,..) to emphasize that the focus is on capturing the effect of sources of pollution (as opposed

to the effect of sources and modifiers) based on a set of model hyper-parameter values «, ...
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2.2.2.1 Lumped

In the lumped model, the predictor value xi for the i sampling location is equal to the

sum of the sources or sum of target land-cover areas, Wi, divided by the total area, A%

Wi
X = —
Aq

(Eqg. 2.1)
For example, Aican be an area surrounding the sampling location i, and Wi can be the

sum of animals in that area, or the sum of areas classified as having an “agricultural” land-cover.

2.2.2.2 Inverse-distance-weighted interpolation

Pruden et al. (2012)*" used a predictor calculated as the inverse distance weighted (IDW)

interpolation of pollution capacities C,; upstream of the sampling location

N
X = Yj=1Coj/Dijxbg;
i —"SYN 1/p..ws_
Yj=11/Dijx6g

(Eq. 2.2)
where N is the number of pollution sources surrounding sampling location i, D;; is the distance
between sampling location i and source location j, and &3; is a hydrologic connectivity indicator
equal to 1 if sampling location i is upstream of source location j, and O otherwise. For example,
the source locations could be animal farms, and C,; could be the number of animals in the j-th
farm.

This spatial predictor is an interpolation of pollution capacities upstream of the sampling
point. Therefore, it does not guarantee that pollution decreases away from sources, as would be
expected from dilution and degradation processes. A good example of this is shown in Figure
2.4. There are three large farms, with 500 animals each, located on the upstream end of a river
reach, followed by a small farm with only 2 animals located further downstream, as depicted by
crosses and their corresponding Cy; values in Figure 2.4. The IWD interpolated predictor value Xi

at two sampling points downstream of the small farm are shown to have values of 111 and 208,
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respectively. This means that the predictor increases as we move downstream the river and away
from the pollution sources. This increase in pollution goes counter to the physical principals of
dilution and degradation, and therefore lacks physical meaningfulness.

a xp =111 a5 = 208 b

'[ X X X HK— } >

Co = 500 Cp = 500 Cyz = 500 Cyy =2

dra b 1

Figure 2.4 River reach flowing from a (left) to b (right) showing the location of four pollution
sources (X) and two sampling points (+). The pollution sources consist of three large farms with
500 animals each on the upstream end, and a small farm with 2 animals on the downstream end.
The IDW interpolation predictor calculated at two sampling points downstream of the small farm
have values of x;=111 and x2=208. These values increase moving downstream and away from
the sources, which lacks physical meaningfulness.

2.2.2.3 Sum of decaying contributions

In recent works (one paper and one dissertation), the predictor of microbial
contamination at a sampling point has been modeled as the sum of decaying contributions from
upstream sources.®8” Amos et al. modeled antibiotic resistance gene prevalence using a gravity

model applied to upstream sources. In that approach the predictor is given by

Coj

— N
Si(af dO) — 4j=1 (Dij+d0)a

X 857, (Eq. 2.3)
where N, Djj and &;; are the same as in Eq. 2.2, and « and d,, are hyperparameters that change
the predictor behavior. Without d,,, the predictor at the source is infinity, and therefore Amos et
al. (2015) use d,=1. This model is different from the IDW interpolation in that it accounts for the

density of sources, and it is such that the predictor value decreases away from sources, which is

physically meaningful.
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An improvement on this approach is that used by Christenson®’ in her dissertation, which
consists in calculating the predictor as the sum of exponentially decaying contributions from

upstream sources using the following equation

©) N ~3p;;®

(20, @) = T Coy exp (L ) X 6 (Eq. 2.4

where N, Djj and & are the same as in Eq. 2.2 and Eq. 2.3 except that sources can now be located
on land, Di(f) is the overland distance from source j to where the contaminant enters the river,

Dl.(f) is the distance traveled along river from where contamination enters the river to the

sampling point, the hyperparameters «, represents the overland distance over which microbial
contamination decays by 95%, and ay represents the river distance over which microbial
contamination decays by 95%. This model has the advantage that it explicitly quantifies the rate
at which contamination decays across land and along rivers.

2.2.3 Review of performance evaluation for existing models of microbial contamination

Table 2.1 summarizes information about 17 total models from 11 articles”?-* and 1
dissertation®’ that were used to predict microbial contamination from spatial features. The first
column describes the types of sources that were interesting to the researchers, which have been
primarily sources of human or animal waste. The second column describes the microbial
responses that were observed and the unit of measurement (e.g., Log E. coli colony forming
units/100mL of surface water). Some have two responses per source type and are distinguished
in other columns by the table as headers in italics. The column called, “Resolution of Source
Terms”, describes whether the spatial variables are lumped, interpolative, or depict gradients. In
this column a general description is included of how they are lumped, or the spatial predictor
model used for gradient-depicting terms. The description of the source terms is defined in the

next column along with greater detail about the spatial predictor model for gradient-depicting
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source terms. If there are multiple variables of the same source type, they are distinguished by
letterings, (a), (b).... This system continues across the other columns of the table. The next
column indicates the spatial scale defined by hyperparameters. These could be a selected radius
that defines a path upstream or a circle around the sampling or could be specific values
describing a distance decay range overland or downstream. The following column indicates
whether the source terms were standardized, which would allow for effect comparisons across
studies. The regression coefficient(s) are provided in the seventh column. Occasionally, only the
direction of correlation was provided, but not the magnitude. The following column gives the
sample size, n, the number of total predictors used in the regression model, k, the degrees of
freedom (i.e., n-k-1), df, and the number of the k predictors that have a positive slope, j. The
number of unique locations sampled in the studies and used in the modeling, s, are provided in
the following column. Among the k predictors, some utilize laboratory or sampling
measurements (e.g., human or swine fecal markers, water temperature, or nutrients). The third to
last column indicates the number of in-sample predictors, p, that are derived from these types of
laboratory or sampling measurements. In order to estimate gradients of pollution using models
with p>0, then these in-sample predictors would need to be estimated themselves and would
require nested modeling approaches. The second to last column indicates the model fit expressed
as adjusted R-squared, or R-squared if the adjusted value is not available. Some papers did not
report their model fit as R-squared, adjusted R-squared, AIC, or using any other model fit
measure. In these instances, the column indicates “No Measure of Model Fit Provided”. The last
column indicates the author and year of publication corresponding to the model(s) for that row.
The model fit information was provided in their main paper or supplementary

information for only twelve of the models from ten different authors, 17:2%31-3335-3887 Among
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those, the microbial response was a concentration of fecal indicators for six models. 3133353687 5
concentration of host-specific fecal markers for 4 models,?*3” and a relative abundance of
antibiotic resistance genes for 2 models.1”* The resolution of the source terms was lumped for 8
models, 231333537 could depict gradients of pollution for 3 models, 63887 and used a downstream
interpolative approach for 1 model.}” Across the models explaining fecal indicators and host-
associated fecal contamination (i.e. excluding studies of antimicrobial resistance), the average
adjusted R-squared was 0.483.2%3 This average was calculated by using adjusted R-squared
when available and otherwise using R-squared, when available. Among these 10 models, one
study included 3 predictors (p=3) that used in-sample information as predictors.8” Additionally,
there were some models that did not distinguish sources from modifiers.?°323337 This means that
there were source terms with negative regression coefficients corresponding to reductions. Other
models benefitted from in-sample measurement predictors and predictors with negative
coefficients, k-j, would also contribute to the model fit.

Across models, the average model fit is approximately the same for different numbers of
unique sampling locations. The adjusted R-squared in the two models with the greatest number
of unique sampling locations (s=395 and s=327) are 0.504 and 0.435.%2% In the two models
where there are the least number of unique sampling locations (s=7 and s=12) the adjusted R-
squared was 0.552 and 0.510.%%%" Across the 12 models of microbial contamination reporting
model fit, the four studies®”3>3638 with the lowest degrees of freedom (df=38, 18, 10, and 10)
were the only studies to explain greater than 60% of the variability (Adj. R?=0.62, 0.816, 0.90,
0.829) using their full models. The degrees of freedom across the other regression models were

greater than 68.
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Table 2.1 A review of spatial predictors representative of source terms used in regression models to explain microbial responses

adjacent.

Source Type  Microbial Resolution Source Hyperparameters Were Regression Sample Size Number Number Model Fit  Citation
Response of Source Terms Defining Spatial Independent Coefficient (n) of Unique  Additional
Terms Scale Variables (Effect, Predictors Spatially Measuremen
Standardized p®) (k) Distribute  ts from
? Degrees of d Samples
Freedom Sampling Used as
(df) Locations Predictors
Predictors Modeled (p)
with Positive  (s)
Slope
()
Animal Ruminant Lumped at (a) Forest Radius of 1 km Unknown (@) 148 n=114 s=14 p=0 0.330 (R)  McKeeetal.
Agriculture,  Microbial radius-level 2020 %
Animal Source k=3
Feeding Tracking
Operations, Marker df=110
Animal (Rum2Bac
Manure copies/ mL j=2
surface water)
Fecal Indicator Gradient (a)SEDC (a)750m overland and  Yes (@)1.52 n=177 s=24 p=3 0411 Christenson-
Bacteria depiction from swine 3.05 km downstream (Expressed as (Water (Adj. R?) Diver 2019
(Log E. coli with the Sum  lagoons Interquartile k=7 temperature, 87
CFUs/100mL of  of Range Ratio Human Fecal *Dissertatio
surface water) Exponentiall without df=169 Marker, n, not yet
y Decaying interquartile Swine Fecal published
Contribution range =7 Marker)
s (SEDC) provided)
Absolute Lumped at Cattle Depends on spatial Yes 0.08 n=219 s=8 p=0 No Dilaetal.
Abundance of watershed- Density scale of watershed Measure 2018 %
Ruminant level k=5 of Model
Bacteroides Fit
(Log10 Copies df=213 Provided
of BacR /100mL
surface water) J=
Fecal Indicator Lumped with  Categorical Depends on spatial Unknown 0.039 n=171 s=7 p=0 0.552 Saeidi et al.
Bacteria land-use at variables scale of parcels (R?) 2018 31
(E. coli and around describing k=2
MPN/100mL in sampling the dominant
tropical surface sites agricultural df=167
waters) land-use at
the sampling j=1
site and
“around” the
sampling
site,
potentially




¢c

Fecal Coliforms ~ Lumped at Swine Depends on spatial Unknown, but  0.614 n=327 §=327 p=0 0.435 Vitro et al.
(Log Colilert county-level  lagoon scale of watershed mean and or (Adj. R?) 2017 %2
MPN/100mL of density standard 3.07 if k=18
surface water) deviation of dividing by
predictorsare  standard df=308
provided deviation to
standardize j=7
Fecal Indicator Lumped at (a)Feedlot Depends on spatial No (2)21,289.78  n=395 =395 p=0 0.504 Brendel and
Bacteria watershed- Density scale of watershed 6 (Adj. R?) Soupir 2017
(E. coli in level (b)# AFO (0)41.70523 k=10 3
CFU/100 mL Confinement 6
surface water) S (c)- df=384
(c)# AFO 224.3185
Feedlots j=4
Fecal Indicator Lumped at Dairy lagoon  Radius of 2.4 km Binary 19 n=24 s=24 p=1 No Lietal.
Bacteria in radius-level or corral (does not (Potassium) Measure 2015 %
Domestic Wells located provide how k=5 of Model
(Enterococcus in within radius many Fit
log CFU/100 mL to well locations df=18 Provided
groundwater) within 2.4
km) j=3
Fecal Indicator Lumped at (a) Manure Radius of 2.4 km Binary E. coli n=214 s=190 p=0 No Lietal
Bacteria in radius-level field located (does not (a)-2.824 Measure 2015 %
Groundwater within radius provide how (b)-2.008 k=7 of Model
(E. coli in log to well many Fit
CFU/100 mL locations df=206 Provided
groundwater (b)Manure within 2.4 km  Enterococcu
lagoon for both) S j=3
AND located (a)-1.239 (E. coli)
within radius (b)1.836
Enterococcus in to well j=2
log CFU/100 mL (Enterococcu
groundwater) s)
Relative Interpolative  Inverse- Undefined spatial No Strong n=40 s=10 p=0 0.62 Pruden et al.
Abundance of along distance scale Positive (Adj. R?) 2012 V7
Antibiotic downstream weighted k=1
Resistance river distance  interpolation *Total of
Genes of upstream df=38 40 models
(sull copies per AFOs were
gram =1 attempted
sediment/copies to explain
16S rRNA) sull, no
Bonferroni
correction
applied
and adj. R?
between
0.08 and
0.62
(average

of 0.466)
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Fecal Indicator Lumped at Percent Within band of 2 km Unknown Positive n=20 s=20 p=0 0.816 Crowther et
Bacteria radius-level Land Cover  during base-flow (Adj. R?) al. 2003 ¥
(Presumptive E. that is conditions and within k=2*
coli CFU/100 Improved band of 5 km during Stratified
mL surface Pasture high-flow conditions Dependent
water) (Pasture Variables
heavily used
for animal df=18
grazing)
j=2
Fecal Coliforms  Gradient Loading rate  Depends on grid-cell Unknown 0.25 n=12 s=12 p=0 0.51 Fraser et al.
(Colonies per Depiction of pollutant size (R?) 1998 3
100 mLs of using the from k=1
surface water) Spatially livestock
Explicit using df=10 Full model
Delivery locational including
Model information =1 turbidity
(SEDMOD) from and
interviews; temperatur
modeling e variables
transport is 0.90
based on (Adj. R
land cover,
soil
moisture,
and
elevation
Human Human Lumped at HF183 HF183 Unknown HF183 n=114 s=14 p=0 HF183 McKee et al.
Contributio Microbial radius-level (a) WWTP (a)catchment (a)8.86 0.549 (R  20202°
ns Source or (b) Septic (b)Radius of 1km (b)-0.007 k=
(e.g., Tracking watershed- DogBact
Wastewater ~ Marker level df=109 0.256 (R?)
treatment (HF183 copies/ DogBact DogBact DogBact
plants, septic ~ mL surface water (a)Develope  (a)Radius of 2km (a)1.14 j=1
systems) ) d
Dog Microbial n=114
Source
Tracking k=3
Marker
(DogBact copies/ df=110
mL surface
water) j=1
Fecal Indicator Fine-spatial Sum of 500 m overland and Yes 1.52 n=177 s=24 p=3 0.411 Christenson-
Bacteria scale exponentiall ~ 2.40 km downstream (Expressed as (Water (Adj. R») Diver 2019
(Log E. coli (Contributio y decaying Interquartile k=7 temperature, 87
CFUs/100mL of ns from contribution Range Ratio Human Fecal *Dissertatio
surface water) swine s from without df=169 Marker, n, not yet
lagoons) human interquartile Swine Fecal published
septic range J=7 Marker)

provided)
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Absolute Lumped at Population Depends on spatial Yes Lachno2 n=219 s=8 p=0 No Dilaet al.
Abundance of watershed- Density scale of watershed 0.22 Measure 2018 %
Human level k=5 of Model
Lachnospiracae HB Fit
ae 0.20 df=213 Provided
(log 10 copies of
Lachno2 per 100 j=5
mL surface (Lachno2)
water)
=5
Absolute (HB)
Abundance of
Human
Bacteroides
(log 10 copies
HB per 100 mL
surface water)
Fecal Coliforms  lumped at (a)Populatio  Depends on spatial Unknown, but  (a)0.0078 n=327 §=327 p=0 0.435 Vitro et al.
(Log Colilert county-level n density scale of county mean and or (Adj. R?) 2017
MPN/100mL of standard 0.91e-5if k=18
surface water) deviation of dividing by
predictorsare  standard df=308
provided deviation to
standardize j=7
(b)Housing
unit density
(b)-0.0243
or
-6.88e-4 if
dividing by
standard
(c)Road deviation to
network standardize
density
(c)0.139
or
0.0496 if
dividing by
standard
deviation to
standardize
Absolute lumped at (a)Septic Depends on spatial No (2)0.002 n=72 s=24 p=0 0.47 Sowah et al.
Abundance of watershed- Density scale of watershed (b)-0.003 (Adj. R?) 2017 %7
Human level (b)Average (c)-0.025 k=3
Bacteroides distance of
(log 10 copies of septic to df=68
HF183 per stream
100mL surface (c)Impervio j=1
water) us Cover
(%)
Prevalence of Sum of Total Impact ~ The equation used in No 0.321 n=37 s=13 p=0 0.829 Amos et al.
Antibiotic Decaying of WWTPs this paper was an (Adj. R?) 2015 38
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Resistance
Genes

(log intl1
prevalence in
surface water)

Contribution
S
Downstream

using the
exponentiall
y decaying
contribution
s from
wastewater
treatment
plants from
experimental
data

inverse distance k=26

weighted gravity

approach (idwG) df=10
(W)idwG _

S (a,dp) = j=14+

sID1wE (0.3875,1) interaction

To obtain the spatial terms were

scale, we used

estimate, a:, which
is the distance at
which a 95%
reduction in
contributions would
occur away from the
source, using Eq. S3
and find

the spatial scale
defined at 2.28 km.




2.2.4 Gaps in modeling non-human sources of microbial contamination

To our knowledge, ten studies focused on modeling non-human sources of microbial
contamination (see Table 2.2 for summary and citations). Eight of these studies examined
responses in surface water, one looked at groundwater, and another at riverbed sediments. Due to
our interest in non-human sources, studies which focus on host-specific responses are more
helpful in establishing a connection between non-human sources and microbial contamination.
Only eight of the ten studies utilized host-specific or host-associated responses.

For strengthening the relationship between sources and microbial contamination, a clear
definition of a source term that contributes to pollution is distinct from factors that might amplify
or attenuate pollution by using databases of well-studied sources and that contribute to microbial
pollution when modeled as a source term in a regression (i.e., positive slope from regression
coefficient). Seven of the ten studies fulfilled this criterion, indicating that this is a minor gap
that exists in the modeling approaches. Many of these studies have also incorporated the density
of sources at various spatial extents (i.e., watershed, county, parcel, within a radius around,
within a radius upstream). However, to strengthen causative relationships between sources and
microbial contamination, it is important that source terms not only account for the density of
sources, but the gradual effect of proximity to sources, or that the source term should decrease
away sources, without the effect of other sources. Only eight out of ten studies accounted for this
criterion. There is some room to build upon how six of the ten studies accounted for connectivity
of the river by constructing source terms that only draw from upstream source locations. Only
two studies constructed source terms with a spatial predictor model that uses flow in order to

account for dilution of contaminants coming from the sources in question.
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Table 2.2 Summary of gaps in modeling animal sources of microbial contamination in sediment.
Boxes with grey indicate a “No” answer to the column’s question.

Citation Microbial Host- In Source Account Account Account for | Account | Degree
Response specific? Sediment? term for gradual | for density | upstream- for s of
delineated | effect of of sources? | ness of dilution Freedo
from proximity sources? due to m (df)
modifier to sources? flow?
through
definition
of source
and
positive
slope of
regression
?
McKee et Ruminant | Ruminant Surface Forest Only Yes- No No 110
al. 2020 ® Microbial water land cover | within 1 lumped
Source term has km of within 1
Tracking positive sampling km radius
Marker slope, but | sites of
forest Is sampling
not sites
specific
Christenson | Fecal E. coli Surface Swine Using Using Yes No 169
-Diver 2019 | Indicator water lagoon SEDC SEDC
87 Bacteria centroids,
*Dissertatio positive
n, not yet slope
published from
regression
Dila et al. Absolute Ruminant Surface Cattle, Only Yes- Only tothe | No 213
2018 % Abundanc water positive within a lumped at extent that
e of slope given the a whole
Ruminant from watershed watershed watershed
Bacteroide regression level making
S contributio
ns
Saeidietal. | Fecal E. coli Surface Dominant | No No No No 171
2018 % Indicator water agricultur
Bacteria al land-
use,
positive
slope
from
regression
Vitro et al. Fecal Coliforms Surface Swine No Yes, but No No 308
2017 % Indicator water lagoons, depending
Bacteria positive on the size
slope of the
from county
regression
Brendel and | Fecal E. coli Surface AFOs and | No Yes, but No No 384
Soupir 2017 | Indicator water Feedlots, depends on
3 Bacteria some the
have watershed
positive area
slope
from
regression
, other
have
negative
Lietal. Fecal Enterococc | Groundwat | Manure Only No No No 206
2015 3 Indicator us and E. er fieldsand | within 2.4
Bacteria coli manure km radius
lagoons, of
negative
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Citation Microbial Host- In Source Account Account Account for | Account | Degree
Response specific? Sediment? term for gradual | for density | upstream- for s of
delineated | effect of of sources? | ness of dilution Freedo
from proximity sources? due to m (df)
modifier to sources? flow?
through
definition
of source
and
positive
slope of
regression
?
slopes sampling
from sites
regression
Prudenetal. | Relative sull Yes AFOsand | No. See No. See Yes No 38
2012V Abundanc positive sectionon | section on
e of regression | inverse- inverse-
Antibiotic coefficien | distance- distance-
Resistance t weighted weighted
Genes interpolatio | interpolatio
n for n for
explana- explana-
tion. tion.
Crowtheret | Fecal E. coli Surface Percent Only Yes Yes, but Yes, but 18
al. 2003 % Indicator water land cover | within a only within | only
Bacteria that is given band a given high-
improved | upstream band flow
pasture upstream. Versus
(heavily low-flow
used for condition
animal s
grazing),
positive
regression
coefficien
t
Fraseretal. | Fecal Coliforms Surface Loading Yes Yes Yes Yes 10
1998 % Indicator water rate of
Bacteria pollutant
from
livestock,
positive
slope
from
regression

In summary, current methods used to construct source terms in order to estimate

microbial responses vary in complexity. Lumped predictors (i.e. count of animals or CAFOs

within a watershed or county) have been most frequently used.3%82°2 More novel approaches

include search radius around a sampling location defining a circle, where within this circle’s

area, the spatially distributed source (land cover, land-use) values are summed,’® the sum of

upstream capacities or average upstream capacities weighted by distance using an interpolation
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method,'” the sum of exponentially decaying downstream contributions along an river distance
can be used to construct source terms using parameters/hyperparameters that characterizes
downstream decay, which is key in describing the transport of microbial contaminants.38#’

Amos et al. took a more experimental approach to characterizing downstream decay of
intl1 based off of the analysis of wastewater, effluent, and samples taken along a downstream
gradient from the facilities. Applying this approach to construct spatial predictors for multiple
sources would require a great number of financial resources and long-term dedication to
sampling a particular study area. Christenson, in her dissertation, provides an example of a
different approach where several different decay parameter values for each of the studied sources
are assumed, which produces several options for a given source term to select from. The source
term that is selected is one which corresponds to the best model fit for the linear regression. This
approach originated from methods used in land-use regression framework applied to nitrate.% In
these methods, a higher R-squared or a lower p-value was used to determine the fit of the model
or predictive ability of the source term. The consequence of such a method is that the decay
parameter value that corresponding with the best fit might produce a negative coefficient.
Messier and Christenson’s approaches are described in fuller detail in the methods section of aim
1.

In general, a shift away from using p-values has occurred because p-values cannot
indicate the actual truth. They are only able to summarize the data based on assumptions that
define a null hypothesis. It has been suggested that statistical approaches should move in the
direction of emphasizing the size of effects over the p-value.®*

Another consideration particular to whether it is appropriate to choose a model based on

the best fit is the natural occurrence of AMR in the environment. Diverse ARGs have been
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discovered in 30,000-year-old permafrost which provides firm evidence of widespread
indigenous occurrence.®® Theories suggest that bacteria producing antibiotics to fight against
competitors would likely have corresponding antibiotic resistance genes. Naturally occurring
metals could provide an additional co-selective mechanism.® Models should therefore either
include natural occurrence of AMR, as presence does not necessarily imply contamination.
Amos et al. accounted for natural occurrence in modeling the prevalence of class 1 integrons
(i.e., molecular target was intl1) by defining the observed concentration, Yj, as the sum of
indigenous concentrations, C, plus the sum of exponentially decaying contributions (using
inverse stream distance) from WWTPs, R;, multiplied by a term, S, representing the rate at which
class 1 integrons would increase from impacts of WWTPs, 38

Amos’ final regression model, where R; was used as a predictor, was able to explain
82.9% of the variability in intl1. However, 26 predictors were used total to explain variability of
intl1 for only 52 samples, which could indicate an overfit model where the predictors are fitting
to the noise of the data. Rather than defining the success of a model of AMR in the environment
on the ability to explain 100% of the variability, approaches should attempt to identify influential
factors and estimate the effect of those factors, reliably.

2.2.5 Modifying effects (attenuation and amplification)

Antibiotics, bacteria, and genetic material, such as ARGs or host-associated fecal markers
may be attenuated (i.e., diluted, degraded, adsorbed, absorbed, etc.) by other factors, like land
cover or climatic, chemical, and arguably onsite practices such as organic farming. Grassland
buffers have been identified as attenuators of E. coli associated with livestock production
inputs.®® Additionally, there is some evidence that natural and constructed wetlands may

attenuate fecal contamination.®®°” Moisture, salinity, geochemical processes, temperature, and
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sunlight have been named as attenuation factors for AMR.%8-1% Not all ARGs persist equally,
which could be because of attenuation processes specific to particular antibiotics, microbial
communities, and genetic elements. Firm evidence points to ermB and ermF having shorter half-
lives compared to sull, sul2, and intl1, which may be related to the gene half-life or attenuation
factors.%0191 Geochemical processes such as the sorption of tetracyclines by sediments and soils
explains some attenuation of tetracycline resistance genes in surface water. 1% To our
knowledge, little is known about the amplification of microbial responses other than those
described by Pruden et al. for antibiotic resistance genes: factors which promote cell growth,
direct antibiotic selection, or the selection by another antibiotic or pollutant (i.e. co-
selection).1”6961 Generally, studies have not purposefully investigated attenuation/amplification
or happened upon consistent enough results to support definitive claims around what features are
possible attenuators or modifiers of microbial contamination. However, the modifying effects of
geological features (e.g., water table depth, bedrock depth, soil permeability) in relation to fecal
contamination from sources has been suggested by some studies of groundwater.3"10

A non-linear regression model has been previously used to characterize modifying effects
on contributions and have been primarily applied to air and groundwater for a wide array of non-
microbial agents.*®* A more in-detail background of this model approaches can be found in aim 1.
This will be the basis of the microbial land-use regression model developed in this work.

2.2.6 Worthwhile note on quantifying antimicrobial resistance

Due to complex microbial relationships, antimicrobial resistance might be difficult to
quantify, especially in natural environments. Currently the most widely used approaches to
quantify antimicrobial resistance are methods which target particular ARGs using quantitative
polymerase reaction chain (QPCR).6%1%4107 Generally, studies have found that gene copies of

mobile genetic elements, such as intl1, may be good estimators of general antimicrobial
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resistance and antimicrobial contamination.381%-11° However, any one ARG might be
insufficient to understand antimicrobial resistance in a large environmental system like water or

air.
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CHAPTER 3 AIM 1: THE MICROBIAL FIND, INFORM, AND TEST (FIT) MODEL
FOR IDENTIFYING SPATIALLY DISTRIBUTED CONTAMINATION SOURCES:
FRAMEWORK FOUNDATION, AND DEMONSTRATION FOR RUMINANT
BACTEROIDES ABUNDANCE IN RIVER SEDIMENT?

3.1 Overview

Microbial pollution in rivers poses known ecological and health risks, yet it remains
difficult to establish causal and mechanistic linkages to sources. Land-use regression (LUR)
models have been used to screen sources using spatial predictors but could be improved by better
accounting for the gradual effect of proximity and density of upstream sources. We introduce a
novel expansion of LUR, the microbial Find, Inform, and Test (FIT) modeling framework. FIT
models the spatial relationships between rivers and sources by characterizing average transport
(i.e., ground transportation, decay overland and decay downstream). We applied FIT to
characterize sources of a BoBac, a ruminant Bacteroides fecal marker, quantified in riverbed
sediment samples from Kewaunee County, Wisconsin. A one-standard-deviation-increase in
manure application from animal feeding operations (AFOs) was associated with a 77% (p-
value<0.05) increase in the relative abundance of ruminant Bacteroides (BoBac-copies-per-16S-
rRNA-copies). To our knowledge, this is the first LUR to quantify the association between
upstream sources and bovine-associated fecal markers in sediment. These findings have broad

implications for sediment as a reservoir for microbial pollution associated with AFOs, such as

! This chapter was reproduced with permission from Environmental Science & Technology, submitted for
publication. Unpublished work copyright 2021 American Chemical Society.
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pathogens and antimicrobial-resistant bacteria. This application demonstrates the potential for

applying FIT to broader microbial water quality measurements.
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Figure 3.1 Graphical abstract depicting the general stages of the microbial Find, Inform, and Test
(FIT) framework

3.2 Introduction

Microbial pollution of rivers and streams is a major public health concern. Mitigation of
health risks demands microbial pollution models that depict the influence of key pollution
sources. Mechanistic approaches are the gold-standard when sources are identified and well-
characterized. However, there is often high uncertainty concerning the sources of emerging
microbial pollutants'**? and delivery parameters to characterize microbial fate and transport.*®
Screening potential sources and identifying those likely associated with microbial pollution can
be accomplished with regression-based approaches that leverage land-use/land-cover databases

with transport-oriented models to construct source terms. Furthermore, regression approaches are
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needed that distinguish between source terms and modifying effects (i.e., amplification and
attenuation) to address microbial fate and transport from sources, as described by Pruden et al.'’
in a conceptual mass-balance model for antimicrobial resistance responses. While this type of
regression is frequently used for nutrient and chemical pollants,***'" no such land-use
regression (LUR) model has been developed or implemented for microbial pollution or
antimicrobial resistance more widely.

To our knowledge, few studies have aimed to relate land-use and land-cover with
microbial pollution using LUR models.}”*-388" Many of these studies do not distinguish
between statistical exploration and physically meaningful models.3343738 physically meaningful
statistical models distinguish between sources and modifiers (i.e., attenuating or amplifying
effects).!” This distinction is made in two ways: 1) by citing evidence that a set of spatial
locations either produce microbial contamination or are modifiers of that contamination and 2)
by ensuring that source terms can only contribute to pollution or not, whereas modifying effects
would just scale those contributions. In regression, this implies a positive coefficient for sources.
When negative coefficients are estimated for source terms,32-343" depictions of concentrations of
contaminants would increase moving away from sources (e.g., AFOs reduce microbial
contamination). A model serves an exploratory purpose when no preliminary evidence exists for
a land-cover/land-use to act as a source or modifier of microbial contamination. Exploratory
spatial-statistical models often cannot provide the evidence required for recommendations to
environmental and public health agencies.

LUR models distinguishing between sources and modifiers have been developed and

implemented for chemical pollutants in groundwater, such as nitrate, where observed
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concentrations, y;, for sample i was expressed as the following non-linear multivariate regression

equation: %3

l
Yi=Po+ {Zg=1 ﬁusi(u)(“(u)) }eXp{Z]f=1 ﬁzm§ )(“(1)) } + &, (Eg.3.1)
where f3, is the intercept, the S, ‘s are positive linear regression coefficients for the source terms,

si(”)(a(”))(e.g., manure application fields) that increase microbial contaminations, and the 5;‘s

are non-linear regression coefficient for the modifier terms ml@ (a®)(e.g., wetlands, forested
areas, and buffers) that amplify or attenuate pollution. Modifier terms are exponential so that
when the 8;‘s are positive or negative, the sum of contributions from sources is multiplied or
fractionated, respectively, corresponding to amplification or attenuation. The a®’s and a®®’s
are hyperparameters that express the spatial scales at which a source or modifier affects
microbial contamination. Based on previous approaches, the first step to applying this type of
model to microbial contamination in river networks is to select databases of spatially distributed
sources and then construct source terms with those databases.

There are opportunities for researchers to optimize selecting candidate databases of
spatially distributed sources and standardize reporting of choice. For example, studies examining
manure application fields' relationship to E. coli have utilized databases derived from remote
sensing,®’ national land-cover databases,®? and a database derived from interviews with local
agricultural farmers and managers.® Each of these databases differently characterizes the
locations of manure application fields. A tool that scores databases of spatially distributed
sources by measuring the reliability in producing physically valid source terms (i.e., consistent
estimation of positive regression coefficients) could be used as a qualitative technique to select

from comparable databases.
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After databases have been chosen, spatial predictor models are used to construct source
terms. Microbial LUR models have captured source density with studies that use lumped-source
terms (e.g., percent cropland-cover-per-watershed and cattle density-per-county).20-333537.91
Upstream capacities of sources were first captured with an inverse-distance-weighted
interpolation method,*” which constructs source terms at a higher resolution on the river network,
but contributions from sources can increase without a source’s influence (see section 2.2.2.2 for
a detailed explanation of this issue). The sum of exponentially decaying contributions (SEDC)
from upstream sources addresses this issue.38” This class of spatial predictor model utilizes
interpretable hyperparameters,®*11":118 which results in depictions in the gradual effect of
proximity and density of sources.!*®

Additionally, SEDC models do not require a priori knowledge of contamination sources
and delivery parameters. Such is the case for current tools®:8%113119-121 that predict bacterial and
nutrient pollution in rivers, such as the Soil and Water Assessment Tool (SWAT).89120.121
However, tools such as these have shown that dilution and climatic processes play critical roles
in the variability of microbial contamination in rivers,1736:38.87.8991,118,122-127 b1t have not been
incorporated into physically meaningful statistical frameworks (Eq. 3.1).

Another critical component in the fate and transport of microbial pollution is the ground
transportation from points of generation to release points into the environment (e.g., manure is
produced where cattle are grown but applied to the land for nutrient management or fertilizer via
trucking or irrigation).*?®1%° To our knowledge, no existing spatial predictor model, such as
SEDC, accounts for ground transport for estimating microbial responses. Additionally, no
published work has compared the predictive power of different SEDC spatial predictor models

for microbial contamination responses. See Table 2.1 for a literature summary.
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We introduce the novel Find, Inform, and Test (FIT) framework, which advances
previous microbial LUR approaches by distinguishing sources and modifiers. This is done by
tailoring the non-linear multivariate regression (Eq. 3.1) for microbial responses in river
networks. We develop a new spatial predictor model for source terms that do not require a priori
knowledge of physical processes by using hyperparameters to define the spatial scale associated
with ground transportation, overland and river distance decay, and microbial pollution flow. We
also formalize approaches that test the predictive ability of source terms. The framework
includes the following steps:

(1) Find databases of spatially distributed sources using a reportable criterion

(2) Inform spatial predictors by identifying hyperparameters that maximize physical
meaningfulness

(3) Test the statistical significance of various potential sources

With the novel FIT framework, we will quantify the effect that bovine manure
application has on sediment fecal contamination for the first time. Previously, Pruden et al.!” has
used regression models to quantify the strength of the association between livestock source terms
and the relative abundance of antibiotic resistance genes in river sediment. To our knowledge,
no work has used regression models to quantify the association of source terms and the relative
abundance of a ruminant-specific fecal marker in river sediment. Given sediments’ capacity to
store chemical pollutants**® and bacterial genes'®**! long-term, the magnitude of this association
has implications to environmental and human health.>"%81%2 Here, we applied FIT to learn about
bovine sources of fecal contamination in river sediment from Kewaunee County, Wisconsin. A
novel spatial predictor model that accounts for the gradual effect of proximity to sources, source

density, upstream-ness of sources, and dilution due to flow was developed to identify sources
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and characterize contributions. This is the first modeling approach incorporating all of these
elements into a spatial predictor (see section 2.2.2.3 for details) of ruminant Bacteroides
abundance in river sediment.

3.3 Materials and Methods

3.3.1 Study area and Sampling Data

Kewaunee County, Wisconsin, was selected as a study area due to local water quality
concerns®®® and the high density of animal feeding operations (AFOs) compared to nearby
counties in Wisconsin. Sediment samples (n=90) were taken at 20 river locations on five dates
between July 2016 and May 2017. The River sampling methods and sites are further described in
Beattie et al. 134

3.3.2 River network and climatic data

The river network was extracted in ArcMap 10.5 from a Digital Elevation Model (10 m)
raster file obtained from the Wisconsin Department of Natural Resources (WIDNR). Spatial data
were projected into a “Wisconsin Central” State Plane coordinate system.

Daily, site-specific precipitation in centimeters and average monthly temperature were
obtained by inverse-distance-weighted interpolation from weather station data from the National
Oceanic and Atmospheric Administration’s (NOAA) climate data from April 1, 2016 to August
1, 2017 from 6 weather stations surrounding the study area (Brussels, Denmark WWTP,
Forestville, Green Bay, Kewaunee, and New Franken). See Al.1 for detailed information on
processing river network and climatic data.

3.3.3 Spatial databases of potential microbial contamination sources

There were two types of potential microbial contamination sources for which spatial
databases were obtained. Animal feeding operations (AFOs) were the first type with three

database options: 1) a county database of manure storages weighted by log-total-gallons of
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manure provided by the Kewaunee County Department of Land and Water Conservation 2) the
same county database of manure storages but unweighted 3) a Wisconsin Pollution Discharge
Elimination System (WPDES) database of CAFOs provided by the WIDNR and 4) the same
WPDES database but weighted by animal units. Manure application fields (ManureApp) were
the second type of source with two database options: 1) land cover database of crop rotation and
2) land cover database of dairy rotation. Both were obtained from the Wiscland-2 land-cover
database.!® See A1.2 and Table A.1 for details.

3.3.4 Microbial analysis of samples: sample processing, DNA extraction, and quantitative
PCR

Sediment grab samples were collected (n=90) as described in Beattie et al., immediately
placed on ice following collection and stored at -20°C until DNA extraction. Sediment samples
were homogenized and subsampled for two replicate DNA extractions per sample. DNA was
extracted from 0.5g of sediment as described in Beattie et al.***

FAM TagMan® probe chemistry was used for quantitative polymerase chain reaction
(qPCR) assays of bovine specific Bacteroides 16S rRNA genes,**¢ and SYBR Green chemistry
was used for gPCR assays of the V3 region of the 16S rRNA gene as a proxy for total bacteria.
Genes were quantified in duplicate on a Real-Time PCR System (Bio Rad CFX Connect) from
two separate DNA extractions per sample and averaged for total gene abundance (four reactions
total per sample). Primers and annealing temperatures used in this study are listed in A1.3.
TagMan gPCR reaction mixtures contained 10 uL of TagMan Gene Expression Master Mix
(Applied Biosystems, Foster City, CA) 1 uL each of 10nM F/R primers, 0.4uL of 5nM probe,
2.6 uL of H20 and 5uL of 4 ng/ uL gDNA. Plasmid DNA containing the cloned gene of interest
was used to generate seven-point standard curves for each gene, and standard curves were run on

every plate for BoBac and 16S rRNA genes. PCR amplification protocols consisted of 50°C for 2
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min, followed by 95°C for 10 min and 40 cycles of 95°C for 30 s and Annealing Temp 57°C for
45 s. SYBR PCR reaction mixtures and cycling parameters are as previously described.*3*
Below detect values were set to one-half of the detection limit.*%®

The absolute abundance of BoBac (gene copies/g) for sample i was normalized to 16S
rRNA (gene copies/g) to obtain the relative abundance z; of BoBac (copies-per-16S-rRNA-

copies), and basel0 log-transformed to obtain y;:

__ theabsolute abundance of BoBac (gene copies)

16S rRNA abundance (gene copies)

yi = logi0( z;)

: (Eq. 3.2)

See Al.4 for details on absolute versus relative abundance.
3.3.5 Physically Meaningful Model for Contamination of Spatially Distributed Sources.

We introduce a microbial spatial model that formalizes previous microbial LUR models
and expands the non-linear land-use regression from Eg. 3.1 to include climatic terms previously
developed for a range of microbiological responses:30:40.92.116.137
Yi = Bo + P1;(By + B2P2;) + PsFreezing; +
{291 Bus™ (@) }exp{Sh, P (a®) } + &, (Eq.3.3)

The observed response value y; (Eq. 3.1) for sample i is now a function of source terms
and modifier terms and ;, [, and B are linear regression coefficients for the climatic variables
P1; (recent precipitation), P2; (antecedent precipitation), and Freezingi. In this work, we focus
exclusively on the case where there are just a few independently distributed source terms and no
modifiers, so Eq. 3.3 becomes linear. In subsequent papers, we will add more sources and
modifiers.

The source terms, si(”) (a™), are standardized to a mean of 0 and standard deviation of

1, so that a one-standard-deviation increase in the u" source term, leads to a 8, increase in the
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response, y; = log,o( z;). Conceptually similar to a Risk Ratio, we define the Relative
Abundance Ratio, RAR™, as the ratio of relative abundances for a one-standard-deviation
increase in source u, which is given by RAR® = z(s® + 1) /z(s™) = 10Pu. (See A1.5 for
derivation). It follows that a one-standard-deviation increase in the source term s corresponds
to a (105 — 1) * 100 percent increase in BoBac relative abundance z.

In Eqg. 3, fB; represents the effect of recent precipitation on the microbial response and 3,
represents the diminished effect of antecedent precipitation, P2, on P1.*° P1 and P2 at time t are
calculated as sums of exponentially decaying contributions from the precipitations P;;, at times

t’<t and location i as:

-3 [¢e-t’

P1i = Surce Py exp (Z155), (Eq. 3.4
-3 [¢e-t’

P2; = Ytr<¢ Py exp (%), (Eg. 3.5)

where ap; < ap,. The exponential time decay parameters are constrained such that ap, is less
than ap, and are optimized so that the diminishing effect of P2 on P1 is maximized to
characterize a washout effect (see A1.6 for details).
3.3.6 Spatial predictor models describing spatially distributed contamination sources

We construct the source predictors si(”)(a(”)) using three spatial predictor models of
increasing sophistication: (1) a Euclidean model, (2) an Overland and River Distance-Flow
(ORF) model and (3) a Ground Transport, Overland and River Distance Flow (GORF) model.
The first approach uses Euclidean distance.®® The value of s (a«®) at location i is calculated
as the standardized sum of exponentially decaying contributions (SEDC)®? from surrounding

sources j :
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—3Dij(E)
s (a®) = si(u)(aéu)) = z — score (Z?Lo Coje E ), (Eq. 3.6)

where Di(f) is the Euclidean distance between observation point i and source j, Cy; is the initial

relative abundance at source j, and a,(;“) is the Euclidean hyperparameter corresponding to the
distance away from a source where an initial source abundance of Cy; is reduced by 95%. An

(w)

example of the source term, for u=manure application fields, s; (ag‘)) is shown in Figure

3.1(a) using this Euclidean approach when the range of influence, af;”, is 2.0 km.
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Figure 3.2 Diagrams that demonstrate a) Euclidean b) Overland and River Distance—Flow
(ORF) c) Ground Transportation, Overland and River—Flow (GORF) sum of exponentially
decaying contributions in a downstream combining river network with examples of
hyperparameter values.

The sources in Figure 3.1(a) are manure application field centroids representing areas of
equal size. In this Euclidean approach, contributions from sources to abundance appear high
when manure application fields are dense and close to the river network. However, a source
located next to the river network appears to contribute to nearby river segments both downstream
and upstream, which opposes first-order principles and studies indicating a higher prevalence of
microbial contamination downstream of sources than upstream.’%106.138-144

Accordingly, in a second approach, we use the Overland and River Distance—Flow

(ORF) model. The mass M,; of microbial contaminants applied at a source location j is
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(0)

transported to the river over an overland distance D, I and then down the river over a river

distance Di(f) until it reaches the sampling location i where, as described in Jat and Serre,'* it is

diluted within the flow Q;. The Strahler stream order is used as a proxy for flow in sediment.'4

The standardized ORF spatial predictor model is:

—30;,0 _3p,

() = 5(af?, o) ( e o %) (Fa.37)

where &5 is a hydrologic connectivity indicator equal to 1 if sampling location i receives flow
coming from application location j, 0 otherwise, and the two hyperparameters, a, and ay,
describe the overland and river exponential decay ranges, respectively.87145147-150 An example of
ORF modeled contributions is shown in Figure 3.1(b) using a(()”):l.o km, af;”: 50 m, and My;’s

proportional to the size of manure application fields. The ORF model captures hydrologic
processes involved in transporting microbial contaminants from where they are applied to a

downstream sampling location. However, it does not capture how the mass M, ; applied at
location j is influenced by the proximity of AFOs from where manure originates.

To address this latter point, we introduce the Ground Transportation, Overland and River
Distance—Flow (GORF) model, where the mass applied at application field j is calculated based
on amounts that are ground transported (e.g., hauled by trucks and irrigated) from nearby AFOs.
Here My; = YK . wy My, where M, is the mass produced at AFO k (proportional to size of that
AFO) and wy; is the proportion of M, ground transported to application field j. We assume that
wy; is proportional to an exponential decrease with the distance Dy ; between AFO k and

application field j (since it is more costly and time consuming to drive waste far), i.e., wy; «

exp (%l:’”') where the distance hyperparameter y,; is a transportation range reflecting how far is
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manure being hauled. The ground transport distances, Dy ;, are expressed with a Euclidean
distance metric as transit and irrigation records are not publicly available. However, our model,
which exponentially weights the application of manure onto fields at a Euclidean distance closer
to AFOs, is not an unreasonable proxy based on the exponentially decreasing hauling capacity
over transport distances estimated by Hadrich et al.*?® We also assume that there is no loss of

manure during hauling, so that mass is conserved, i.e., Zle wy; = 1. Hence the full equation of

the standardized GORF spatial predictor model is

i

“apy @ _ap,®
s (a®) = si(”)( v, alv, a}gu)) = z — score (Ql Yo Xke1 WM e @ T ag 5U)'

—3Dy, i —3Dy i
where wy; = exp (— )/ Zj_; exp (— -9 (Eq. 3.8)

An example of GORF model is shown in Figure 3.1(c) using y*/=12 km, a5”=9.0 m, a{’= 50
m, and M,,’s proportional to the size of AFOs. This approach yields a map with greater
concentration downstream of manure application fields that are near AFOs.
3.3.7 Selection of source hyperparameters in the FIT framework

An approach is needed to select hyperparameters, a®, of the source terms s (a®) in
the microbial regression equation 3. In the Find and Inform steps of the FIT framework, we
consider each source term individually, and for that source term we select the hyperparameter
that maximizes the RAR (10Px) for some training set of observed outcomes i (see A1.7 for
details). In the Test step of the FIT framework, we test whether the source term with its selected
hyperparameter is statistically significant.

Previous works have selected hyperparameters that maximize the R-squared.®® However,
this can lead to physically invalid results (e.g., a source term may reduce microbial pollution).

Our FIT framework addresses this issue by emphasizing physical meaningfulness over statistical
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prediction. The Find, Inform, and Test steps of the FIT framework are detailed in the next three

sections.

3.3.8 Find reliable databases of spatially distributed sources

We develop a reliability score as a criterion for finding databases d of a given source u,

that is selected based on which most reliably produces a positive ,,>0 for the source term
si(”)(a(”)) defined in Eq. 3.3. We start with model a corresponding to the microbial regression

(Eq. 3.3) reduced to an intercept and the source term s (a®). We create k-folds (k=5) of

training and test sets from the data. We use model a with each training set to obtain

)

training_k

&)

training_k’ for

hyperparameter & which maximizes g, (see AL1.7 for details). We adopt @

the test set regressions to obtain ,[S‘ffe“-k). We define the Sign Stability Score SSS as a number

between 1 and k+1 (k+1=6) which quantifies how many of the B¢™) values are positive. We

(test-k) across the folds to

assess component of reliability through taking the sum of the
represent an average magnitude, M. Lastly, we define o ,est.x) as the standard deviation of the
u

(testk) vzalues. We reward high SSS, high M, and low o _esty Values by setting the reliability

score RS equal approximately to the ratio of SSS multiplied by M over g (see A1.8 for details).
Finally, we select for each source term the corresponding database d with the highest reliability
score.
3.3.9 Inform Spatial Predictors with Hyperparameters

We inform each source term individually by selecting the hyperparameter @ which
maximizes the S, using 100% of the observations y; in model a. This insures that for each spatial
predictor model (Euclidean, ORF, and GORF) we inform the source term with all the data at

hand. The maximization procedure is the same as in the “Find” stage and described in detail in
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Al.9. For the “Inform” stage, a penalty was added to the objective function such that a
combination of y.; and «, yielding poor regression or mapping qualities (i.e., non-normal
residuals or y; > 0) would not be selected.
3.3.10 Test the Statistical Significance of potential sources

After we individually inform each source term with hyperparameters that maximize
physical meaningfulness, we test their statistical significance by considering standardized
climatic and source terms in the microbial regression (Eq. 3.3). An Akaike Information Criterion
(AIC) exploits a stepwise algorithm to select the informed source terms — a standard practice in
microbial LUR studies.3!33:35363887 A possible outcome is that none of the source terms are
selected. To compare various modeling options (i.e., Euclidean, ORF, GORF), a 6-fold cross
validation of the “Test” step of the FIT framework was performed. See A1.9 for details.

3.4 Results and Discussion
3.4.1 Finding reliable databases

A criterion was successfully developed at the Find stage of the FIT framework where a
higher score corresponds to greater reliability of database locations representing source locations.
The criterion is based on the SSS, M, and ap_, respectively, capturing the consistency,
magnitude, and variability of contributing effects across test sets. Across candidate databases,
we report that the WPDES database of CAFOs representing AFOs was more reliable than the
county database of manure storages (weighted or unweighted) obtained through imagery,
indicating that using imagery insufficiently captured sources and could not replace permitting
information. Lastly, compared to the crop rotation land-cover database, the dairy rotation

subclass more often appeared to represent a source of bovine fecal contamination reliably.
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We also report here on the reliability of spatial predictor modeling approaches. GORF-
modeled predictors more consistently represented sources (SSS ranging from 3 to 5) than ORF
(SSS ranging from 1 to 5) or Euclidean (SSS ranging from 2 to 5). The higher SSS of GORF-
modeled predictors suggest that modeling ground transport of manure was essential to
consistently capturing the contributing effects of AFOs to sediment bovine markers. See A1.10
for details.

3.4.2 Informing of spatial predictor variables

At the Inform stage of the FIT framework using the GORF spatial predictor model we
find that hauling of manure from large AFOs occurs over distances of kilometers (i.e., y; >
1 km). We found that fecal contamination also reduced from manure fields over distances of
kilometers overland ( @, > 1 km). There are several possible explanations including possible
long-range overland contamination due to subsurface tile drainage®! and karst geography.t°2153
Finally, downstream contamination of riverbed sediment from overland discharge points occurs
over sub-kilometer distances (i.e., @z < 1 km), suggesting localized sediment contamination.
See Al.11 for details.

3.4.3 Testing the predictive ability of source terms

Results of the Test stage of the FIT framework are shown in Table 3.1. The first column
defines the spatial predictor model used to construct source terms and summarizes model
performance with R-squared. The results of the inform stage of FIT are shown in the column
labeled hyperparameters. All climatic terms were selected (see A1.12 for details). Each source
term has hyperparameters even if they were not selected. The Test Stage results are shown in the
last two columns, which show the standardized regression coefficient value and the

corresponding RAR value.
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Among the models resulting from different spatial predictors, only the GORF source term
indicated that fecal contamination in sediment was associated with AFOs via manure application

at a statistically significant level. The selection of this GORF predictor, AFO ground transport to

ManureApp, suggests that flow and ground transport from AFO to manure fields are transport

mechanisms for bovine fecal contamination in sediment. The GORF approach also performed

slightly better in a 6-fold cross validation (see A1.13 for details). Some microbial LUR and

geostatistical studies have found that river distance measures are more predictive and

generalizable than Euclidean approaches for modeling contamination in a river

network. 87150154155 However, this is the first modeling approach to suggest hauling as a key

transport process.

Table 3.1 Regression model results of bovine fecal contamination in sediment (log10 BoBac-
copies-per-16S-rRNA-copies) shown for each spatial predictor model (SPM) used for source
terms (i.e., Euclidean, ORF, and GORF) and the stepwise-selected model performance expressed
as R-squared and adjusted R-squared. For each SPM, standardized explanatory variables, their
physically meaningful hyperparameters, e, their regression coefficients, #s, and resulting

relative abundance ratio, 108, are provided in row-wise.

SPM for Source . -
Terms Séi”?:;ggfd Hyperparameters gig;?iscsifnq Relative Abundance Ratio
Stepwise-selected Vgriablesy a 8 10P (95% CI)
Model Performance
_ P1 0p;_0.177 days 0.995** 9.90 (4.19, 23.4)
Euclidean P1xP2 ap,=2.04 days -0.221 0.602 (0.311, 1.16)
R?=0.415 Freezing nfa -3.31%* 4.94e-4 (7.06e-5, 0.00347)
Adjusted R?=0.395 AFO ap = 32.4km NOT SELECTED NOT SELECTED
ManureApp ap = 1.51 km NOT SELECTED NOT SELECTED
; P1 apy =0.177 days 1.00%* 10.1 (4.28, 23.6)
D%{Z;'g:ﬁgﬂ (%‘S;) P1xP2 ap, =2.04 days -0.222 0.600 (0.312, 1.16)
- - Freezing n/a -3.29** 5.04e-4 (7.27e-5, 0.00349)
Ay AFO a,=2.58 km, az=308 m NOT SELECTED NOT SELECTED
R*=0.428
Adjusted R?=0.401 ManureApp @p=935 M, az=54.0m 0.168 1.47 (0.858, 2.53)
P1 ap, =0.177 days 0.988%** 9.90 (4.18, 22.6)
Ground Transport,
Overland and River P1xP2 ap, =2.04 days -0.220 0.602 (0.360, 1.01)
Distance -Flow
(GORF)
Freezing n/a -3.25** 5.62e-4 (8.30e-5,0.00380)
. - ground _ _
Adjusted R?=0.417 transport to eall k”j’5‘6‘% n$_94 4L 0.248%* 1.77 (104, 3.02)
ManureApp AR= 20
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We focus on the test stage results resulting from the GORF spatial predictor model due to
its statistical significance. The finding is that a one-standard-deviation increase in manure
application from AFOs was associated with a 77% (p-value<0.05) increase in the relative
abundance of bovine fecal contamination (BoBac-copies-per-16S-rRNA-copies) in riverbed
sediment. No study of sediment exists with which to compare this value. However, in a study of
absolute abundance of fecal contamination (log10 gene copies not normalized by 16S rRNA) in
surface water, Dila et al. found that a one-standard-deviation increase in cattle density per
watershed was associated with 20% (p-value<0.05) increase in the absolute abundance of bovine
gene (BacR) copies.*® For comparison, we also applied FIT to the absolute abundance of bovine
fecal contamination (log10 gene copies-BoBac per gram sediment). A one-standard-deviation
increase in manure application from AFOs was associated with a 79% (p-value<0.05) increase in
bovine gene (BoBac) copies (see Al.14 for details), suggesting a stronger signal from sources in
sediment than in water, though for different markers.

Our work is the first to use a regression model to quantify the strength of the association
between a bovine source predictor and the relative abundance of a bovine-specific fecal marker
in downstream river sediment. Though a positive association has been observed between bovine
sources and fecal contamination in water by Dila,® researchers should be careful in comparing
the strength of these associations. First, the two bovine markers (i.e., BoBac in our study, BacR
in Dila’s study)® may degrade at different rates.'5>” Additionally, inhibition or other factors
may affect true-positive rates in sediment. While the BacR marker has been reported to have a
higher source-specificity, BoBac has offered a higher source-sensitivity'*—one rationale for a
higher effect in our study. Overall, there is still a need for medium-scale experiments to compare

sensitivity, specificity, and inhibition of these genetic markers from complex environmental
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samples using PCR assays. Alternatively, if both markers are comparable, transport processes
may also contribute to differences in effect. There is a need for experiments that measure
degradation, deposition, and resuspension of host-associated markers into and between surface
water and sediment.

Other factors contributing to variability in the estimate of the association of sources on
ruminant Bacteroides in sediment include sediment depth, size, composition, and proximity to
geological and other anthropogenic factors.®*-183 For example, fine-course, silty sediments have
been correlated with higher microbial concentrations and bacterial growth.*6°-162 In one study,
while host-associated fecal markers observed in sediment along a river gradient corresponded
with respective upstream animal and human hosts, notable differences in the concentrations and
upstream correlations existed between the first centimeter of sediment and below.*%® These
factors indicate the need for well-maintained spatial databases of sediment types and precise
sampling approaches.

3.4.4 Implications, limitations, and future work

To our knowledge, this is the first LUR modeling of the abundance of a bovine-
associated fecal marker in river sediment. Our primary finding is that ground transport of bovine
manure from AFOs to application fields contributes to riverbed sediment fecal microbial
abundance. This study's fecal abundance response, specific to ruminants and highly-associated
with bovine hosts,**® provides strong evidence of offsite migration from AFOs into the
environment. This effect may have long-term consequences as microorganisms can remain in
sediment for long periods or be resuspended into the surface water.® Sediment as a reservoir of
AFO-associated fecal contamination is particularly concerning because AFO operations
frequently use antibiotics to treat and prevent disease, increasing the risk of elevated

antimicrobial resistance in these contaminated sediments.* The finding in previous work of a
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positive association between sediment ARGs and upstream capacities of AFOs'’ created a need
to understand how ARGs may be present in sediment downstream of AFOs. Our findings
provide the strongest support to date that a mechanism at play may be ARG transport (i.e.,
ground transport, overland and downstream) through the dissemination of fecal matter from
manure application. An additional mechanism for elevated ARGs in sediment near AFOs could
be the selection pressure on low levels of naturally occurring antibiotic resistance!%4%® from
antimicrobials that disseminate into river sediments. A wider application of LUR approaches to
antimicrobials, ARGs, and microbial contamination (fecal bacteria and pathogens), may help
untangle the impacts of microbial contamination versus antimicrobials from AFOs on antibiotic

resistance in the riverbed sediments and the environment more generally.
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Figure 3.3 Modeled relative abundance (log10 BoBac-copies-per-16S-rRNA-copies) plotted on
the river network for Kewaunee County given average recent and antecedent precipitation and
freezing temperature. The Find stage results for AFO and manure application fields are depicted
by the red diamonds (WPDES CAFOs that are unweighted) and the grey squares (land cover
database of dairy rotation).
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Our novel LUR framework successfully found reliable databases of spatially distributed
sources, informed source terms, and tested those source terms' predictive ability, resulting in the
first-ever depiction of bovine fecal markers in sediment in a river network (Figure 3.2). Figure
3.2 was created by applying the model resulting from the Test stage for all river network points,
given the databases found to reliably represent spatially distributed sources from the Find stage.
Overall, this depiction can help water quality by suggesting key locations for monitoring
sediment contamination in Kewaunee County rivers.

Figure 3.2 depicts results from the Inform stage, which combined and expanded previous

spatial predictor models, such that it was the first to account for the gradual effect of proximity to
sources, the density and upstream-ness of sources, dilution due to flow, and ground
transportation of microbial contamination before its dissemination into the environment. Each of
the GORF processes can be seen in Figure 3.2. The proximity of the AFOs (viz. red diamonds) to
manure field centroids (viz. grey squares) increases the amount applied on manure fields.
Similarly, the proximity and density of highly applied manure fields to the river network,
increases the fecal contamination levels in sediment (viz. redder in color). The dilution effect can
be seen as sharp drops in fecal contamination downstream of confluences of pristine, higher-
order streams (viz. depicted as greater thickness) and highly contaminated, lower-order streams.
Overall, the model resulting from the FIT framework performed similarly to other LUR
models of microbial contamination. This model explained 44.2% of the variability (adjusted to
number of predictors: 41.7%), which is within the range of previous LUR models of fecal
contamination.t”30-333537.38 ynstudied source types may cause some unexplained variability. We
observed that measured values at the river sampling site abbreviated BPKR** were higher than

our predicted values. The site is named BPKR due to its proximity to Bruemmer Park Zoo, home
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to other ruminants, such as goats and a giraffe. Zoos and other neglected potential sources should
be studied as sources of bovine markers to determine their inclusion in future LUR studies of
fecal pollution.

Further variability may be explained by amplifying or attenuating factors. For example,
the BPKR site was located 500 m downstream of a dam. Dams and levees cause upstream
accumulation of fine-grained sediments, and the nutrients required for bacterial survival adsorb
to these fine-grained sediments.®*° Sediment reservoirs around dams, therefore, have the
potential to act as amplifiers of microbial contamination in sediment. Values at some other
sampling sites were lower than expected by the model, possibly due to the influence of wetlands
or forested areas. There is some evidence that wetlands or forests can attenuate nutrient
loads,®1% and constructed wetlands can attenuate microbial pollution.®®” Future work will
develop approaches for finding reliable databases and informing modifying effects in a
physically meaningful way.

The results of this work emphasize the need for more fine-scale modeling approaches,
increased sampling size to inform and validate the models, and well-maintained spatial databases
that characterize geological, land-use and management, and land-cover information. In the
future, the FIT framework application could identify key sources of emerging microbial

pollutants and be instructive to assessing the microbial risk associated with river water use.
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CHAPTER 4 AIM 2: CHARACTERIZING SOURCES OF BOVINE AND HUMAN-
ASSOCIATED FECAL CONTAMINATION IN WISCONSIN SPATIAL STREAM
NETWORK WITH THE MICROBIAL FIND, INFORM, AND TEST FRAMEWORK

4.1 Overview

Fecal pollution in surface water and sediment increases public health risks to water users.
Microbial source tracking methods that utilize host-associated genetic markers of fecal
contamination can be useful to estimating public health risks. However, to mitigate these risks,
the primary sources of these host-associated fecal markers need to be identified and average
transport processes need to be characterized. This can be accomplished with the microbial Find,
Inform, and Test framework. FIT was implemented for bovine and human-associated fecal
markers, BoBac and HuBac, respectively, quantified from riverbed sediment and surface water
samples in a dairy livestock-dense region with many potential sources of bovine or human-
associated fecal pollution. For the relative abundance of BoBac (gene-copies-per-16S-rRNA-
copies) in sediment and surface water, one-standard-deviation increases in contributions from
dairy animal feeding operations (AFOs) were associated with 99% (p-value<0.05) and 79% (p-
value<0.05) increases, respectively, and contributions from low-intensity developed landcover
were associated with a 108% (p-value<0.05) and 39% (inclusion reduces model AIC) increases,
respectively. For the relative abundance of HuBac (gene-copies-per-16S-rRNA-copies) in
sediment and surface water, a one-standard deviation increase in septic system contributions was
associated with 79% (inclusion reduces model AIC) and 56% (inclusion reduces model AIC)
increases, respectively. A one-standard-deviation increase in high-intensity developed land cover

was associated with a 47% (inclusion reduces model AIC) increase in the relative abundance of
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HuBac (log10 gene-copies-per-16S-rRNA-copies) in sediment. Sediment was found to better
capture the contributions to fecal contamination from distant sources, which has broad
implications to microbial risk assessment and mitigation. Patterns of bovine-associated fecal
pollution flowing away from rural areas and toward developed residential areas and human-
associated pollution flowing away from developed residential areas and toward rural areas was
revealed. This was the first comprehensive land-use regression modeling done for two host-
associated markers across surface water and sediment. The region is overall impacted by fecal
contamination from bovine and human sources and investments in wastewater infrastructure are
needed. Careful attention to the proximity of sources to rivers and streams and sources to
impervious land cover may help agriculture and tourism stakeholders make decisions about rural
and urban planning and land-use.

4.2 Introduction

Fecal pollution in water is a public health hazard, especially in regions that economically
depend on clean water for agriculture and tourism. Public health risks can be estimated by
identifying the types of hosts contributing to fecal pollution.?® For example, human exposure to
human fecal contamination is traditionally considered risker for humans compared to non-human
fecal contamination due to its association with human pathogens.>” However, livestock-
associated fecal contamination carries additional risks compared to other non-human fecal
contamination due to the frequent use of antimicrobials and antibiotics for treatment and disease
prevention in livestock.!* One method for identifying particular hosts associated with samples is
the quantification of host-specific or host-associated genetic markers of fecal contamination.
However, quantified host-associated markers cannot be attributed to source locations without
spatially relating contributions from sources to the measured host-associated responses. Because

of this missing connection to source locations, researchers have recently begun to use host-
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associated markers as responses in land-use regression (LUR) models that find associations
between spatial predictors describing sources and responses.?®° In particular, LUR models that
use the sum of exponentially decaying contributions (SEDC) as a model for spatial predictors to
construct source terms utilize interpretable hyperparameters that characterize distance decay
ranges around sources.®® This can help to determine adequate buffer areas around sources. Only
one study has used SEDC spatial predictors to characterize distance decay from sources through
overland and downstream distance decay and accounted for dilution due to flow. (Wiesner-
Friedman 2021%*)

Across many regions, elevated levels of fecal contamination have been measured around
the following sources or have been associated with increases or proximity of these sources in
surface water and/or groundwater: AFOs,3%:333475 septic systems, 3" 82103167169 and sewer lines to
wastewater treatment plants and combined sewer overflow events.?®163170171 Fewer studies have
examined the capacity for fate and transport of fecal contaminants from land applied biosolids
and wastewater from non-human waste.’? A number of studies have also found significant
correlations between fecal contamination and impervious surfaces and developed land
cover,29:3590173-175 No modeling approach has comprehensively compared the effects of these
sources to identify key contributing sources among them. To the best of our knowledge,
associations have not been made between the locations of these particular sources and fecal
contamination in riverbed sediment using LUR or other approaches. However, recent studies
suggest that long-term storage of pollutants in sediments also contribute to microbial risks.81%°
Ultimately, to reduce risks from fecal contamination in freshwater, key source locations
contributing to fecal contamination need to be identified and characterized for surface water and

riverbed sediments.28
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Kewaunee County, Wisconsin is an area with Karst geography*>217® that is known for
dairy livestock agriculture, dairy product industry, and a tourism industry that thrives around
water recreation. This area is home to 17 dairy concentrated animal feeding operations (CAFO)

that house approximately 100,000 animals,*”’

which would be estimated to produce almost 6
million kilograms (i.e., 6 Olympic-sized swimming pools) of feces and urine per day that would
eventually be applied to land.”® The area also has smaller AFOs and family farms. In
comparison, there are approximately 20,000 permanent residents and at least tens of thousands of
tourists that visit annually.*’

Fecal contamination has been reported to infiltrate into drinking well water at unsafe
levels.!33 Due to the ratio of bovine to humans, fecal contamination is suspected to primarily
come from bovine hosts.*8° However, there are other discharge locations that may represent a
large mass of fecal bacteria that may disseminate into rivers and streams. In Kewaunee County,
the application of municipal and industrial biosolids and wastewater (e.g., industrial wastes,
municipal waste/sludge, and septage waste),'8! septic systems, and wastewater treatment plants
may represent such areas. Due to the number and availability of databases describing potential
sources of fecal contamination by location in this region, a comprehensive land-use regression
study is possible.

In addition to spatial factors such as sources, precipitation and snowmelt, in particular,
have been related to increases in fecal contamination.2%308290.182.183 owever, studies of climatic,
meteorological, or hydrological variability have primarily focused on human-associated markers
and microbial responses in water,2%-30.82.103.174,182.183 Thare gre opportunities to learn about the

impacts of climatic factors on non-human-associated markers and microbial responses in

sediment.
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The aim of this study was to implement the first comprehensive land-use regression study
for two host-associated fecal markers measured from riverbed sediment and surface water. This
study will identify key sources, characterize overland and downstream decay from those sources,
and account for important climatic factors associated with fecal pollution in sediment. Multiple
spatial databases are available for this region that characterize approximately the same source
category. For source terms, spatial predictor models are needed that characterize overland and
downstream flow from many different source locations. A method is also needed to screen these
potential sources to identify those that primarily contribute to the fecal pollution. The microbial
FIT land-use regression framework fulfills these needs by 1) finding reliable databases
representing spatially distributed sources across comparable candidate databases representing an
overarching source category, 2) informing source terms by identifying hyperparameters that
maximize physical meaningfulness for contributions to a river network, and 3) testing the
predictive ability of informed source using a physically meaningful LUR model so that key
sources can be identified. By identifying primary contributors to bovine and human- associated
fecal contamination, this work will help to mitigate public health risks and improve river
ecology. The knowledge of ecological differences between sediment and surface water can also
help to better model microbial risks to public health.

4.3 Methods

4.3.1 Microbial contamination responses: sample collection, processing, DNA extraction,
and quantitative PCR

Sediment and Sediment (n=90) and river samples (n=98) were taken at 20 river locations
in Kewaunee County, Wisconsin on five dates between July 2016 and May 2017. For surface
water, 1 L grab samples were taken using a sterile bucket. Some samples were not collected due

to access. More surface water samples because flooding conditions made it difficult to collect
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sediment samples, while surface water could still be collected from bridges. The riverbed
sediment sampling methods and sites are further described in Beattie et al. *** Across the 20
sampling sites, the minimum Euclidean distance between sampling sites was approximately 1 km
and the maximum was approximately 47 km.

Sediment grab samples were filtered as described in Beattie et al. ** For surface water
samples, 100 mL was filtered onto 0.22 um mixed cellulose esters membrane filters (47 mm,
type GSWP, Millipore). FAM TagMan® probe chemistry was used to quantitate bovine and
human specific Bacteroides 16S rRNA gene gPCR assays, and SYBR Green chemistry was used
to quantitate the V3 region of the 16S rRNA gene as a proxy for total bacteria. Genes were
quantified in duplicate on a Real-Time PCR System (Bio Rad CFX Connect) from two separate
DNA extractions per sample and averaged for total gene abundance (four reactions total per
sample). Primers and annealing temperatures used in this study are listed in Table 4.1. TagMan
gPCR reaction mixtures contained 10 uL of TagMan Gene Expression Master Mix (Applied
Biosystems, Foster City, CA) 1 uL each of 10nM F/R primers, 0.4uL of 5nM probe, 2.6 uL of
H20 and 5uL of 4 ng/uL gDNA. Plasmid DNA containing the cloned gene of interest was used
to generate seven-point standard curves for each gene. PCR amplification protocols consisted of
50°C for 2 min, followed by 95°C for 10 min and 40 cycles of 95°C for 30 s and Annealing
Temp for 45 s with a fluorescence plate read. SYBR gPCR reaction mixtures and cycling
parameters are as previously described.'®* Prior to statistical analysis, absolute abundance of the
bovine and human Bacteroides genes per gram of sediment or 100 mL of water were normalized
to 16S rRNA gene abundance per gram of sediment or 100 mL of water, respectively. See
Wiesner-Friedman et al. (2021: under review) for details. Below detect values were removed

prior to spatial-statistical modeling.
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Table 4.1 Primers and annealing temperatures from Layton et al. 1%

Names Primers Size of Product | Annealing
Temp
HuBacF-5-GGGTTTAAAGGGAGCGTAGG-3'
HuBacR- 5-CTACACCACGAATTCCGCCT-3'
HuBac HuBacProbe- (FAM)TAAGTCAGTTGTGAAAGTTTGCGGCTC(BHQ-1)- | 116bp 60C
3!
BoBacF 5'-GAAG(G/A)CTGAACCAGCCAAGTA-3'
BoBacR- 5'-GCTTATTCATACGGTACATACAAG-3'
BoBac BoBacProbe- 100bp
(FAM)TGAAGGATGAAGGTTCTATGGATTGTAAACTT(BHQ-1)-3' 57C
Universal
Universal V3 region primers
V3 region
314F- 5-CCTACGGGAGGCAGCAG-3'
primers 204bp 58C
518R- 5-ATTACCGCGGCTGCTGG-3'
(16S)

4.3.2 River network and climatic data

River network and climatic data were processed identically to what is described in

Wiesner-Friedman et al. (2021: revision requested to ES&T).

4.3.3 Study area description and databases representing sources of microbial
contamination

The study area in Kewaunee County, Wisconsin has been described in Wiesner-Friedman

et al. (2021: under review) and Beattie et al.?>*** Overall, the study area has many potential

sources of bovine and human fecal contamination and is made further vulnerable by its Karst

geology.*®2176 The study area is ideal for a land-use regression study due to the availability of

spatial databases representing potential microbial contamination sources. There was a total of 7
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types of bovine sources with different database options: AFOs (4 options), manure application
fields (2 options), land applied sludge (2 options), land applied sludge with industrial waste (3
options), wastewater treatment plants treating industrial wastes (1 option), low-intensity
developed land cover (2 options), and ground transport of manure from AFO to application fields
(8 options). There was a total of 6 types of bovine sources with different database options: septic
systems (1 option), wastewater treatment plants (2 options), land applied sludge (2 options), land
applied sludge from municipal wastewater and/or septage (3 options), high-intensity developed
land cover (2 options), and the ground transport of treated wastewater or septage from septic
systems locations to land applied sludge sites (3 options). These databases were obtained from
personal communication with the Kewaunee County Land and Water Conservation Department,
open records requests with the Wisconsin Department of Natural Resources (WIDNR), and from
the WIDNR open data portal. The source types, candidate databases, database descriptions, and
rationale for the source type being a concern for bovine versus human fecal pollution are
described in detail in Table A.7.

To summarize the databases in relation to the river network, within a 500 m buffer to the
river network are 12 dairy CAFOs, 169 manure storages associated with bovine AFOs, 193,000
km? of dairy rotation land-cover, 194 septic systems, 324 land-applied sludge sites, 17,400 km?
of low-intensity developed land cover, and 3,250 km? of high-intensity developed land cover.
Additionally, in Kewaunee County there are 3 wastewater treatment plants that treat primarily
industrial wastes. The second major industry in Kewaunee County after producing milk is
processing milk into dairy products. Additionally, 3 wastewater treatment plants treat waste from
municipal systems. The potential sources of bovine-associated fecal contamination in question

were AFOs, manure application, low-intensity developed land cover, and land applied sludge
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and the potential sources of human-associated markers in question were septic systems,
wastewater treatment plants, high-intensity developed land cover, and land applied sludge.

4.3.4 Physically meaningful model for contamination from spatially distributed sources

To identify and characterize sources of microbial contamination and effects that modify
their contributions, a microbial spatial land-use regression model that can associate contributions
from precipitation and source terms and account for modifying effects on those contributions
was utilized. Wiesner-Friedman et al. (2021: revision requested to ES&T).

Vi = Bo + P1;(By + B2P2;) + B3Freezing; +
{291 Bus(a®) }exp{Thy fimP (a®) |+, (Eq.4.1)

The observed response value y; for sample i is a function of climatic terms, source terms
and modifier terms. fS;, B, and B5 are linear regression coefficients for the climatic variables
P1; (recent precipitation), P2; (antecedent precipitation), and Freezingi. 8, represents the effect
of recent precipitation on the microbial response and S, represents the diminished effect of
antecedent precipitation, P2, on P1.%° The source terms, s\ (a®), are standardized to a mean of
0 and standard deviation of 1, so that a one-standard-deviation increase in the u™ source term,
leads to a 3, increase in the relative abundance response, y;. Each source term was constructed
using the Overland and River Distance—Flow (ORF) spatial predictor model described further in

Wiesner-Friedman et al. (2021%*).

—30,©) _3p,

59(a) = 5 (o, o) ( o o e aﬁ) (Fq. 42)

An ORF source term for each i observation is the z-scored value that is sum of the mass of
contaminants from each j™ source, M, j» after decaying overland distances, D; j(o), and river

distances, D; j(R), and accounting for flow, Q;. Overland and downstream decay are characterized
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by hyperparameters, a,, and ag, respectively. &;; indicates the flow connectivity between each
j" source location and each i*" observation location, so that it is a matrix that denoting the
adjacency of nodes representing locations on a directed network.

Another type of spatial predictor model used to construct source terms was the Ground

Transportation, Overland and River Distance—Flow (GORF) spatial predictor model.

“apy© _apy,®
1 +—L—
s (a®) = si(u)( v, alY, a,g”)) =z — score (Q_i Yo XRoy wjMy e @0 aR 517),

—3Dy, i —3Dy, i
where wj,; = exp (T’”) /%, exp (T’”) (Eq. 4.3)

A GORF source term each i observation is the z-scored value that is a result of using an ORF
term, where the mass of contaminants from each k™ source location, My, is distributed across
each j™ land application location. This depends on the spatial relationships between each k™
source location and each j™ land application location described by w), j» The hyperparameter, y;,
acts as a toggle that determines how near to the source the contaminant is applied. If y; is
infinite, then the distribution of the contaminant becomes homogenous across application
locations.

ORF spatial predictor models were used to construct source terms (see Table A.7 for
detailed descriptions of source types (u) and representative databases) for bovine-associated
responses representing AFOs (u=1), manure application (u=2), low-intensity developed land
cover (u=9), land applied sludge (u=5), and land applied sludge with industrial waste (u=7).
Additionally, the GORF spatial predictor model was used to construct source terms
characterizing the contributions that AFOs make to the river network via the ground transport
and application of manure onto fields. For human-associated responses ORF source terms were

used to represent septic systems (u=3), wastewater treatment plants (u=4), high-intensity
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developed land cover (u=8), land applied sludge (u=7), and land applied sludge with non-
industrial waste (u=6). Additionally, the GORF spatial predictor model was used to construct
source terms characterizing the contributions that septic systems make to the river network via
the ground transport and application of treated septage at land applied sludge sites.

4.3.5 Implementation of the microbial Find, Inform, and Test (FIT) framework

The FIT framework was implemented using the physically meaningful model for
contamination from spatially distributed sources (Eq. 4.1) to identify and characterize sources of
microbial contamination for each of the 4 microbial contamination responses—1) the relative
abundance of bovine-associated markers in sediment 2) the relative abundance of bovine-
associated markers in surface water 3) the relative abundance of human-associated markers in
sediment, and 4) the relative abundance of human-associated markers in surface water.
Described below are details of the implementation of FIT that were applied to each of the 4
microbial contamination responses. The microbial Find Inform and Test framework is described
in further detail in Wiesner-Friedman et al. (2021).

For the Find stage, reliability scores for each d database for a given source type u were
obtained. Reliability scores help to represent databases that reliably represent a source (i.e.,
association with response is positive) for the contaminant represented by unseen (i.e., a test set)
of unseen response data. This is accomplished by selecting decay hyperparameters by
maximizing the coefficient for a source term constructed with ORF or GORF spatial predictor
models from the regression model defined in Eq. 4.1 using a training set of data. The reliability
score has three components. The sign stability score (SSS), which indicates the number of models
of test set data where the source term constructed from training data assumptions is positively
associated. The average magnitude, M, indicates the sum of the quantified associations between

test set data and source term constructed from training data assumptions. Lastly, the standard
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deviation on the regression coefficient (i.e., of the source term constructed from training data
assumptions), og, was obtained. Across each u' source type, the d" database with the highest
reliability score was selected.

After reliable databases of spatially distributed contamination sources were selected for
each response, each source term was informed individually by using an objective function that
selects the hyperparameter @™ that maximizes the B, using 100% (i.e., all of the data) of the
observations y;, using a penalty on a combination hyperparameters that yield poor regression or
mapping qualities (i.e., non-normal residuals or §; > 0). To maximize the objective function, the
MATLAB function, patternsearch, was used as it is more computationally efficient for selecting
hyperparameters with the objective function compared to fmincon, which was used in Wiesner-
Friedman et al. (2021*). The objective function was also visualized in the hyperparameter space
to determine upper and lower bound values for a,, ag, and y, that would better capture a more
global maximum (see A2.5). Collinearity between source terms was assessed with a Pearson
correlation coefficient. If source terms were correlated (p >0.7), then a source term was chosen
from among those correlated that had a higher univariate R-squared and a positive coefficient
(i.e., a positive coefficient defines a source). 184

After source terms were constructed, the predictive ability of climatic terms and the non-
collinear, informed source terms were tested with a stepwise regression approach using the
Akaike Information Criterion. A 6-fold cross validation of the stepwise selection procedure was

used to evaluate the inclusion of source terms in case of influential observations.
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4.4 Results and Discussion

4.4.1 Detection of host-associated markers in sediment and surface water varies
significantly across sampling events likely due to precipitation or freezing temperature

Figure 4.1 is a comparison of the relative abundance of human and bovine-associated
markers across different times sampled from sediment and surface water. High variability was
observed within each sampling time during non-freezing sampling times that will allow for
capturing spatial variability. There is also between-day variability for February and May
sampling for which there are significant differences in median relative abundances across sample
types and host-associated markers. There is also smaller within day variability observed for the
February sampling time. The values displayed in Figure 4.1 for the relative abundance of human-
markers in February are constructed by setting the below detect values to be equal to 0.5 gene

copies prior to normalizing by 16S rRNA and log10 transforming.
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Figure 4.1 Distribution of relative abundance values across sampling time for each response,
BoBac and HuBac, and for each sample type (i.e., sediment and surface water). The boxes show
the upper and lower quartiles for each response and sample type. The middle line of the box
represents the median. The tapered and shaded area around the middle line shows the 95%
confidence interval around the median.
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Climatic factors that vary across sampling times are significantly associated with the
relative abundance of host-associated markers. The results of the Test stage of FIT for the
relative abundance of bovine and human associated markers can be found in Tables 4.2 and 4.3,
respectively. These tables show the results from the stepwise-selected climatic and source terms.
When the average monthly temperature was freezing, the relative abundances of bovine-
associated markers (log10 copies-BoBac-per-16S-rRNA-copies) in sediment and surface water
were reduced by 3.26 (p-value<0.05) and 1.02 (p-value<0.05), respectively. For human-
associated markers (log10 copies-HuBac-per-16S-rRNA-copies) in sediment, freezing
temperature was associated with 0.835 reduction (inclusion in model reduced the AIC).

A one-standard-deviation increase in recent precipitation, P1, was associated with a 0.996
(p-value<0.05) increase the relative abundance of bovine-associated markers (log10 copies
BoBac-per-16S-rRNA-copies) in sediment. For a one-standard-deviation increase in antecedent
precipitation, P2, the effect of recent precipitation was diminished by 0.259 (p-value<0.10). This
pattern of contributions from precipitation was also found for both human-associated responses
(Table 4.3). A one-standard-deviation increase in recent precipitation was associated with
increases of 0.580 (p-value<0.05) and 1.26 (p-value<0.05) in the relative abundance of human-
associated markers (log10 copies HuBac-per-16S-rRNA-copies) in sediment and surface water,
respectively. For a one-standard-deviation increase in antecedent precipitation the effect of
recent precipitation on the relative abundance of human associated markers in sediment and
surface water was diminished by 0.539 (p-value<0.05) and 0.273 (p-value<0.05).

Our findings add to existing evidence that precipitation is strongly associated with
increases of host-associated markers in rivers and streams?®30:82.103.174.182.183 Qe stydy of HuBac

markers in inland waters did not find an association with precipitation.*”* However, one
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difference in our study is that the diminishing effect of antecedent precipitation on recent
precipitation was modeled. The effect of this modeling is that fecal pollution contributions from
recent precipitation can be diminished by either short periods of intense rainfall preceding the
recent precipitation event or long periods of moderately wet weather. This process has been
previously designated as a flush effect.*%85-188 Tq the best of our knowledge this is the first work
to report a flush effect across human- and animal-associated fecal responses, as well as across

sediment and surface water.
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Table 4.2 Regression results for predicting the relative abundance of bovine Bacteroides in
sediment (log10 BoBac-copies-per-16S-rRNA-copies) and the relative abundance of bovine
Bacteroides in surface water (log10 BoBac-copies-per-16S-rRNA-copies). For each of the
responses there are columns representing the Inform and Test stages of the FIT framework.
Hyperparameters, o, standardized regression coefficients, 3, and the relative abundance ratio
(RAR). Rows correspond to climatic and source terms. The last two rows provide the model fit
as expressed by R?and adjusted R?. The table only displays consistencies for hyperparameter
values, a.

Response Bovine Bacteroides in Sediment (n=90) Bovine Bacteroides in Water (n=98)

Hyperparameters | Coefficients RAR Hyperparameters Coefficients RAR

Variables a B a B
Climatic
P1 0.996** 9.90 NS NS
apy < Ap ap; < Apy
P1x P2 -0.259* 0.551 NS NS
Freezing NA -3.26** 5.50e-4 NA -1.02** 0.0955
Source

Low Intensity
ap > 1km 0.318** 2.08 ap < 1km 0.142 1.39
Developed

AFO NS NS NS ap < 1km 0.253** 1.79

AFO (via

ground

Y=13 km,
transport to 0.298** 1.99 NS NS NS
ap > 1km

Manure

Fields)

Adjusted R? 0.455 0.204

R? 0.485 0.228

Also not selected: Manure fields (no ground transport from AFO), Land-applied sludge (all types
or industrial types), industrial wastewater treatment plants
**p-value<0.05, *p-value<0.10
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4.4.2 AFOs are a source of bovine fecal contamination.

Table 4.2 provides results from FIT for bovine-associated responses. The FIT model
selected the GORF AFO spatial predictor representing the dissemination of manure generated at
AFOs and transported to application fields into riverbed sediment. Results indicate that a one-
standard-deviation increase in contributions from AFOs via the ground transport and application
of manure on fields was associated with a 99% (p-value<0.05) increase in the relative abundance
of bovine-associated markers (copies-BoBac-per-16S-rRNA-copies) in sediment. For surface
water, the FIT model selected the ORF AFO spatial predictor representing the contributions of
AFO site directly to the river (i.e., not transported to distant manure fields). A one-standard-
deviation increase in AFO contributions was associated with a 79% (p-value<0.05) increase in
the relative abundance of bovine-associated markers (copies-BoBac-per-16S-rRNA-copies) in
surface water.

We find that this is a higher value than previously estimated in Wiesner-Friedman et al.
(2021: under review by ES&T). The greater magnitude of this association in sediment here
compared to Wiesner-Friedman et al. is due to the inclusion of low-intensity developed land
cover in the model. The only land-use regression study to associate bovine sources to bovine-
associated markers in rivers is Dila et al., who found a one-standard-deviation increase in cattle
density at the watershed level was associated with a 20.2% (p-value<0.05) increase in the
absolute abundance of bovine associated markers (BacR-copies) in surface water.>° Factors to
consider in comparing our estimates to Dila et al. are outlined in Wiesner-Friedman et al. (2021
under review).

Differences in the selection of the AFO spatial predictor may reflect where and how
manure is applied depending on the scale of the AFO. Manure application practices may be

affected by the scale of an AFO based on different costs.'?® Additionally, manure application
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practices, which may vary based on the size of the AFO, may contribute to differences in the
detection and persistence of host-associated markers and fecal indicators in soil versus sediments
189-191

versus surface waters.

4.4.3 Low-intensity developed land-cover is another source of bovine fecal contamination

The FIT model selected the ORF low-intensity developed land cover predictor which
represents contributions from land classified as low density of impervious/manmade features. A
one-standard-deviation increase in this land cover was associated with a 108% (p-value<0.05)
increase in the relative abundance of bovine-associated markers (copies-BoBac-per-16S-rRNA-
copies) in sediment. To our knowledge, this is the first study find a positive association between
low-intensity land-cover and bovine-associated markers in sediment. A few studies have
explored and revealed relationships between low-intensity land-cover and fecal indicator
bacteria in freshwater.2%35173.175.192 5ome have found differences in associations between low-
intensity land-cover and comparable land cover such as built-up areas like parking lots or farm
yards and fecal indicator bacteria.®>"3 In an area strongly impacted by industrial livestock
operations, Alford et al. found that a percentage point increase in low-intensity developed land
cover increased fecal coliforms by 5% in rivers.!”

Other studies have also explored relationships between bovine fecal markers and low-
intensity land-cover or impervious surfaces, but not found any statistically significant
associations.?>1">192 However, these study areas were not located in livestock dense regions. An
important consideration for modeling using this land cover is that the land cover may not capture
the same phenomena for different regions. In Kewaunee County, low-intensity developed land
cover captures an intermediate rate of manure application that are due to two phenomena unique
to dense livestock farming in populated areas (see Figure 4.2), which are 1) the application from

small farms located in low-intensity developed land and 2) the application on nearby large farms
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that migrate off site due to small imperviousness when these large farms are near low-intensity
developed land. Bovine-associated markers have been shown to persist in cow pats past a month,
disseminate from cattle grazing areas, and more recently, be released from manure into aquatic
settings over days.%1% From these findings, it is possible that the sum of the contributions from
small farms may lead to substantial increases in fecal contamination in riverbed sediment.
Additionally, impervious surfaces would reasonably increase conveyance to the river network
and reduce the capacity for soil filtration for contaminants from nearby manure application from
small or large farms.

For surface water, we similarly find that low-intensity developed land cover is a source
of bovine fecal contamination based on AIC (i.e., low-intensity developed land cover was
selected based on the fact that its inclusion reduced the AIC). A one-standard-deviation increase
in this land cover was associated with a 39% increase in the relative abundance of bovine-
associated markers (copies-BoBac-per-16S-rRNA-copies). However, this association was not

statistically significant and indicates that the sample size is not sufficient for this response.

Figure 4.2 Example of low-intensity developed landcover highlighted in yellow overlaid on a
small farm with some impervious surfaces located next to an AFO manure storage (not
highlighted).
4.4.4 Septic systems are a likely source of human-associated fecal contamination.

Surface water contamination associated with septic systems was expected due to the large

body of research that indicates that septic systems commonly pollute groundwater and streams,
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using a variety of methods and in similar and different regions.3782:103.168.169,175.192 | thjs study
the ORF septic system predictor representing drainfield polygon centroids was selected to model
human-associated fecal pollution in surface water. A one-standard-deviation increase in
contributions from septic systems was associated with a 79% (p-value<0.10) increase in the
relative abundance of human fecal markers (HuBac-copies-per-16S-rRNA-copies). For fecal
contamination in riverbed sediment, the FIT model also selected the ORF septic system
predictor. A one-standard-deviation increase was associated with a 56% (inclusion lowered AIC)
increase in the relative abundance of human-associated markers (HuBac-copies-per-16S-rRNA-
copies).

Two studies of other human-associated markers have found that an increase in 1 septic
system per kilometer was significantly (p-value<0.05) associated with a 1% or 18.6% increase in
the absolute abundance of human fecal markers (e.g., HF183 or HumM2 copies-per-100mL-
water).3"# Proximity to the nearest septic system has also been found to be an important factor
for human fecal pollution in surface water.3"168 A distance increase of 1 kilometer for a septic
system to a stream sampling site was associated with a decrease of 0.003 (p-value<0.05) in the
absolute abundance of human-associated markers (log10 HF183-copies-per-100mL-water).*’
This may imply that a distance decrease of 1 kilometer corresponded to a 1% increase,
approximately.

To the best of our knowledge, ours is the first study to model the associations between
septic system contributions and human fecal pollution in sediment. Furthermore, this is also the
first study to characterize contributions from septic systems with an ORF spatial predictor model,
which shows how overland and downstream flow transport are involved in how septic systems

contaminate the environment. This work adds to the large body of work that has found
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associations between septic systems and human-associated markers in surface water and points
to widespread septic system failure,®’82:103169.175.192 agnecially in regions (e.g., Kewaunee
County) with fractured rock and Karst geology.1°2153175.176.196-198 The gpjlity for septic tanks to
pollute is based on a variety of factors ranging from geological features of the region to the age
and type of system.*®” This calls for innovation in small-scale or decentralized wastewater
treatment for rural areas, especially those with Karst geology.

Table 4.3 Regression results for predicting the relative abundance of human Bacteroides in
sediment (log10 HuBac-copies-per-16S-rRNA-copies) and the relative abundance of human
Bacteroides in surface water (log10 HuBac-copies-per-16S-rRNA-copies). For each of the
responses there are columns representing the Inform and Test stages of the FIT framework.
Hyperparameters, a, standardized regression coefficients, 8, and the relative abundance ratio

(RAR). Rows correspond to climatic and source terms. The last two rows provide the model fit
as expressed by R?and adjusted R?.

Response Human Bacteroides in Sediment (n=90) Human Bacteroides in Water (n=79)
Hyperparameters Coefficients RAR Hyperparameters Coefficients RAR
Variables o B a B
Climatic
P1 0.580** 3.80 1.26%* 18.2
apy < apy ap; < Apy
P1x P2 -0.539** 0.290 -0.273** 0.533
Freezing NA -0.835 0.146 NA NA NA
Source
Septic
ap > 1km 0.170 1.56 ap <1km 0.178* 151
Systems
High Intensity
ap > 1km 0.193 1.47 NS NS NS
Developed
Adjusted R? 0.358 0.500
R? 0.394 0.519

**p-value<0.05, *p-value<0.10
Also not selected: Wastewater treatment plants, Land-applied sludge (all types or wastewater/septage)
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4.4.5 High-intensity developed land-cover as a source of human fecal pollution in sediment.

For the model of human-associated pollution in sediment, FIT selected the ORF high-
intensity developed land cover spatial predictor which characterizes a high density of impervious
surfaces. A one-standard-deviation increase in high-intensity developed land-cover was
associated with a 47% (inclusion lowered AIC) increase in the relative abundance of human fecal
markers (HuBac-copies-per-16S-rRNA-copies). High-intensity developed land-cover has been
previously associated with human fecal pollution in groundwater or surface water,%9.17417

Two studies have found associations between high-intensity developed/high density of
impervious land cover and human-associated fecal contamination in surface water. One study
also associated developed land-cover with HuBac markers and found that percent impervious
and percent developed land-cover were positively and significantly associated with raw copies
numbers of HuBac in inland waters using a nonparametric Spearman rank test.1”* In addition to
this, an increase of 1% in developed land-cover within radii of 1 to 2km, but not 0.5km, was
associated with approximately a 770% (credible interval suggests significance) increase in the
detection rate of human-associated markers (mean presence of HF183 and HumM2) in surface
water from the Rio Grande.®® To our knowledge, this is the first study to report this association
in riverbed sediment.

Because our first finding for human-associated markers implies the failures of septic
systems, the association with high-intensity developed land cover suggests that highly
impervious surfaces in proximity to polluting septic systems may convey fecal pollution to the
river network without the benefit of microbial reductions through soil infiltration. This warrants
careful attention to the maintenance of septic systems and the placement of impervious surfaces

and septic systems relative to each other.
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4.4.6 Higher host-associated marker specificity leads to better signals from sources

From results of the find stage of FIT, available databases for bovine sources more
sufficiently represented reliable databases of spatially distributed sources compared to available
databases of human sources. Figure 4.3 summarizes the success rate of a candidate database
representing a source of contamination for unseen response data (i.e., database-as-source success
rate) across all databases options. This was calculated by averaging the sign stability scores
calculated in the Find stage and dividing them by the number folds that were used. The database-
as-source success rate was greater for the bovine-associated responses (57.3%) compared to
human-associated responses (50.8% and 33.8%). Several factors may contribute to this
difference. Databases representing potential sources of human fecal contamination were usually
of a smaller scale and more numerous compared to the databases representing potential sources
of bovine fecal contamination (e.g., septic system versus AFO). More sampling sites may be
needed to characterize contributions from smaller and more abundant sources. On the response-
side of the matter, the higher specificity of the BoBac compared to HuBac**® may lead to better
signals from sources. Alternatively, the pathways of fecal contamination from sources may
create scenarios where detection of bovine feces is greater than detection of human feces,

especially in areas where there are more bovine than humans.1%
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Figure 4.3 The average normalized sign stability score (SSS) across candidate databases for each
of the four responses. The average normalized SSS represents a database-as-source success rate.
The database-as-source success rate captures one element of the reliability score for Finding
reliable databases of spatially distributed sources. The goal of the reliability score is determine
how well the spatial predictor model hyperparameters work to construct spatial predictors that
are positively associated (i.e., source terms) with unseen data. This is done for k=5 folds (i.e.,
sets of already modeled/unseen data). The SSS is equal to the number of times that the spatial
predictor corresponded to a source term. The average normalized SSS is the SSS normalized by
the number of folds. This process can be described as a k-fold cross-validation on the regression
coefficient positivity.
4.4.7 Sediment responses better capture signals from distant sources than surface water
As a result of the Inform stage of FIT, hyperparameter values were selected to reveal
some information about pathways of contamination from sources. The hyperparameter values
selected to inform the source terms are available in Table 4.2 (bovine-associated responses) and
Table 4.3 (human-associated responses). One consistency observed in the hyperparameter values
was that the overland flow hyperparameter, a,, was longer for responses measured in sediment
compared to surface water. From the process of the inform stage, which selects based on
maximum RAR, we find that the RAR is greatest for pollution responses in sediment when

overland distance decay ranges, a,, are greater than 1 km. Compared to pollution responses in

surface water, the greatest RAR occurs when where o, are all less than 1 km. The spatial
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depiction of this process would show sediment contamination reaching the river network from
sources that are far away versus surface water contamination reaching the river network from
sources that are close to the river.

However, the hyperparameter, o, represents average overland transport processes. There
are many transport mechanisms that could explain why what ends up in the water travels over
much shorter distances overland than what ends up in the sediment. Possible explanations are
that how manure is applied on land differs (e.g., broadcasting, incorporation, or injection), and/or
that the transport occurs over different pathways (e.g., sheet flow or runoff,1%0:200.201 gp
alternatively sub surface flow through various geological features including karst,?°22% or tile
drainage, 82202295 or even wind?%). Tyrrel and Quinton et al.?%’ also hypothesized that different
attachment or non-attachment to soil or waste particles might influence transport. Information
about manure application trends at sources, precise sampling methods, and larger samples sizes
are needed to differentiate transport pathways overland.

Additionally, the hyperparameter, a,, acts as a toggle for the number of upstream sources
included in the estimation of source contributions to the river network. In this sense, a, not only
characterizes average transport overland but represents the extent to which a signal is received
from distant sources when using responses that are host-specific and highly associated with
sources. In this sense, the relationship to the source depends on the response data and the extent
to which source-signals are received can be influenced by differential degradation of the
response in environmental media (i.e., water, soil, or sediment). Differences in gene degradation
have also been observed for host-associated markers for different sunlight, nutrient, and
vegetation conditions.?3193298-211 |n general, host-associated markers are known to persist longer

in sediments compared to surface water.232% This is supported by our study by the average
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database-as-source success rate for the human-associated response in sediment versus water,
which were 50.8% and 33.8%, respectively. Lastly, as mentioned in the last section, the
specificity of the response to the type of source may also lead to better signals from sources.

The longer a, for responses from sediment versus surface water found in this study may
therefore indicate a better ability to capture a signal from sources in sediment, rather than water
samples. Possible explanations may have to do with the settling of microbes into sediments or
the characteristics of the molecular target.?!?> Host-associated markers often represent obligate
anaerobes (e.g., BoBac and HuBac represent Bacteroides) and would not be expected to survive
long in higher oxygen levels, like water. This implies that a, captures much more than average
overland transport distances. This transport hyperparameter represents both an exponential
influence range around sources that portrays both average overland transport of pollution from
sources and how specific characteristics of the molecular target may be affected during this
transport.

Consequently, quantitative microbial risk assessments based on the measurement of
genes representing obligate anaerobes or quantifying responses from only surface water may not
fully capture the extent to which microbial communities and function are associated with
sources. This work indicates that molecular targets used to quantify risks in surface water should
be carefully selected or sediment sampling should be considered alongside water samples to
better estimate and mitigate public health risks. Additionally, settled sediments can be
resuspended into surface water and microbial risks have been estimated to increase under
conditions that disturb the sediment.58213214 Therefore a better understanding of factors
contributing to variability in sediment microbial communities can help to better estimate risks

from sediment resuspension.
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4.4.8 Implications, limitations, and future work

This study is the first to find that AFOs contribute to fecal contamination in both
sediments and surface waters by characterizing dilution processes from flow, the density of
upstream AFOs, and the proximity of upstream AFOs. The observed differences in the portrayal
of sources from FIT (i.e., WPDES CAFO ground transport to manure fields versus manure
storages representing AFOs of any size) suggests that differences in manure application practices

may be key to understanding how sediment and surface water are differently impacted by AFOs.
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This study also indicates that when low-intensity land cover is accounted for, AFOs appear to
have a greater effect on fecal contamination.

Low intensity developed land cover was considerably associated with fecal pollution.
This highlights that small farms and/or low impervious surfaces may represent moderate bovine
fecal applications and/or accumulations. Alford et al. has previously suggested that land cover
gradients between primarily human residences and livestock-dense areas are associated with
increased fecal indicators in surface water.*”® This work which used GORF/ORF spatial
predictor models to describe contributions from low-intensity developed areas indicates that flow
processes may be key to this relationship.

In Figure 4.4, the modeled associations between source terms and responses were applied
to the whole river network under average precipitation and temperature scenarios to depict an
estimate of contributions to the relative abundance of bovine fecal pollution (log10 BoBac-
copies-per-16S-rRNA-copies) in riverbed sediment and surface water from AFOs (Figure 4.4a,e)
and low-intensity developed land cover (Figure 4.4b,f). The depictions of bovine fecal
contamination in sediment and surface water associated with AFOs show contributions to bovine
fecal contamination away from semi-urban and urban areas (roughly depicted by higher densities
of low-intensity and high-intensity land cover centroids). In contrast, the depictions of bovine
fecal contamination in sediment and surface water associated with low-intensity developed land
cover show contributions to bovine fecal contamination that tend to flow from rural areas toward
more semi-urban and urban areas. Overall, the combination of contributions from AFOs and
low-intensity developed land cover describes a flow pattern of fecal contamination in sediments

and surface water from rural areas in the direction of more residentially developed areas.
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In Figure 4.4, the modeled associations between source terms and responses were applied
on the whole river network under average precipitation and temperature scenarios to depict an
estimate of contributions to the relative abundance of human fecal pollution (log10 HuBac-
copies-per-16S-rRNA-copies) in riverbed sediment and surface water from septic systems
(Figure 4.4c,g) and in surface water from high-intensity developed land cover (Figure 4.4d). The
depictions of contributions from high-intensity developed areas are localized to areas around
towns and cities (i.e., Casco, Luxemburg, Kewaunee, and Algoma) as well as residential
developments and shopping centers. In surface water, contributions from septic systems are also
highly localized around dense clusters of rural residences. However, contributions from septic
systems to sediment flows away from residential developments towards primarily rural areas.
Largely, this constitutes a flow pattern of human-associated fecal contamination from semi-urban
and urban areas towards rural areas.

Since antibiotic resistance can be passed from livestock-associated bacteria to human
pathogens through a variety of cellular mechanisms,?'® the prevalence of antibiotic resistant
human pathogens may increase around livestock associated fecal contamination. Given the
associations between fecal contamination and pathogens, the confluence of fecal contamination
from bovine and human sources in locations of agricultural and recreational water use is a major
public health concern and a One Health issue.®> One Health research frameworks (i.e., research
frameworks that focus on human, animal, and environmental health) are needed to better
understand the risks associated with surface water and sediment for buffers between dense
industrial livestock agriculture and semi-urban/urban areas.

Flow patterns (i.e., river connectivity) should be considered along with microbial risk and

river ecology under the scenarios of population growth and the expansion of residential
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developments to rural areas.?*® This warrants thoughtful design and planning in both urban and
rural settings, especially as it relates to the placement of impervious surfaces and on-site rural
wastewater management systems such as septic systems, manure storages, and manure
application fields. As a whole, this study has demonstrated that this region is impacted by fecal
contamination. This necessitates improvements in current rural wastewater infrastructure as well
as futuristic designs for land-use and wastewater infrastructure in rural areas, especially those

with livestock agriculture and Karst geography.
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CHAPTER 5 AIM 3: BOVINE SOURCE AND LAND APPLIED SLUDGE FROM
SEPTAGE AND MUNICIPAL AND INDUSTRIAL WASTE ARE SOURCES OF
ELEVATED ANTIBIOTIC RESISTANCE GENES IN RIVERBED SEDIMENTS AND
SURFACE WATER

5.1 Overview

Antimicrobial resistance (AMR) is a major public health concern. A large body of work
has identified potential sources of elevated AMR in the environment due to the dissemination of
antibiotic resistant bacteria, antibiotic resistance genes, antibiotics, and other antimicrobials.
Culture-independent quantitation such as the quantifying of antibiotic resistance genes has been
increasingly used to detect elevated AMR and evaluate microbial risks. Few studies exist that
have use ARG levels in the environment to identify key sources contributing to elevated AMR.
The Find, Inform, and Test (FIT) framework which leverages a physically meaningful land-use
regression model was applied to the relative abundance of 5 antibiotic resistance genes (gene-
copies-per-16S-rRNA) from sediment and surface samples to Find reliable databases
representing spatially distributed sources of ARGs, Inform source terms with hyperparameters
that characterize average transport processes and exponential ranges of influence around sources,
and Test the informed source terms through a stepwise selection of regression terms. A one-
standard-deviation-increase in contributions from bovine sources was associated with 58% (p-
value<0.10), 80% (inclusion lowers AIC), and 34% (inclusion lowers AIC) increases in the
relative abundances of erm(B), tet(W), and sull in riverbed sediment, respectively. A one-
standard-deviation-increase in contributions from bovine sources was associated with 33% (p-

value<0.10), 77% (p-value<0.05), 49% (p-value<0.05), 41% (p-value<0.10), and 36% (inclusion
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lowers AIC) increases erm(B), tet(W), gnrA, sull, and intl1 in surface water, respectively. A one-
standard-deviation increase in contributions from land applied wastes (e.g., septage, and
municipal and industrial waste) was associated with 47% (p-value<0.10), 34% (inclusion lowers
AIC), 36% (p-value<0.10), and 41% (p-value<0.10) increases in the relative abundance of sull
and intl 1 in sediment and tet(W) and intl1 in surface water, respectively. This is the first study to
identify and characterize source contributions for a panel of more than 2 ARGs. The work is the
first to find an impact from land applied wastes on elevated ARGs measured from the
environment. For the first time, influence ranges around sources were characterized. These
produced the first-ever depictions of scenarios of AFO and land applied waste contributions to
elevated AMR. Overall, sources of elevated ARGs are characterized by the application of treated
or untreated biosolids and semi-solids from bovine, human, and industrial wastewater. This work
demonstrates the ability for FIT to derive potential exposure variables in studies associating
antibiotic resistant infections and colonization to agriculture or recreational water use.
Ecologically, this work suggests that ARG levels vary in proximity to dense upstream sources
and are affect by flow in both riverbed sediment and surface water. The results of this study
reinforce the need for investments in both human and animal wastewater infrastructure in rural
areas.

5.2 Introduction

The widespread use of both natural and artificial antibiotics has contributed to the
substantial reduction in human disease over the past centuries. The overuse and uncontrolled
release of antibiotics has led to the proliferation of antimicrobial resistance (AMR), microbes
unaffected by antibiotics.?!’ These microorganisms and associated antibiotic resistance genes
(ARGs) can be dispersed via runoff into rivers and streams, ultimately exposing humans to the

threat of antibiotic resistant bacteria.?*® Furthermore, ARGs can be acquired and forfeited by
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bacteria through horizontal gene transfer, which introduces the potential for non-resistant
pathogens to acquire resistance. A large body of work has outlined potential sources where
antibiotic resistant bacteria and genes have been detected in elevated levels compared to

16,17,34,64,70,72,77,81,109.141,219-222 owever, little work has been done to quantify the

controls.
association of AMR levels in the environment and those potential sources. Land-use regression
has been used to identify sources of contaminants in the environment. The application of land-
use regression studies can increase ecological understanding of how sources influence levels of
antimicrobial resistance and can be informative to assessing microbial risk associated with using
water with elevated levels of antimicrobial resistant bacteria and genes.

AFOs have been found to a particularly important source of antimicrobial resistance, due
to practices of using antibiotics for disease treatment and prevention, often at sub-therapeutic
doses.8:17:3470.72109 Other potential sources of antibiotic resistant bacteria (ARB) or sources of
antibiotics, antimicrobials, and other contaminants that exert a resistance-oriented selective
pressure on microbial communities include wastewater treatment plants,®""14! and treated and
untreated biosolids from agricultural, industrial, or municipal wastes.?**??2 Additionally elevated
levels of ARB have been detected in groundwater near to septic systems.! Apart from point
sources, other factors determined to be important to AMR in surface waters and sediments are
season, rainfall, and land cover.1®®

AMR responses can be quantified with phenotypic testing from recovered isolates grown
in media (i.e., culture-dependent methods) but can be seasonally biased when cold temperatures
and stress lead bacteria into viable but non-culturable states (VNCS). Alternatively, culture-

independent, molecular methods, such as gPCR, offer a quantification of AMR relative to

antibiotic resistance genes (ARG) copies which will be less influenced by VNCS. 223 These
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culture-independent methods for gathering microbial responses data are also considered faster
alternatives to culture-based methods.?!?

Few studies have aimed to associate sources with antibiotic resistance responses derived
from culture-independent methods. As far as is known, only two studies have previously
modeled the association between antibiotic resistance genes and potential sources of
antimicrobial resistance. Pruden et al.!” found that averaged upstream capacities of AFOs and
contributions from upstream capacities of wastewater treatment plants were associated with the
relative abundance of sull (log10 gene-copies-per-16S-rRNA). Amos et al.®® associated the
locations and types of wastewater treatment plants, land cover, and season to the relative
abundance of intl1 genes associated with antibiotic resistance and gene mobility known as class
1 integrons in sediment.

For the association found by Pruden et al., the terms describing sources were constructed
spatial predictor models that do not capture the gradual effect of density and proximity to
sources. Wastewater treatment plant source terms were constructed by taking the sum of
upstream capacities of a source and constructed AFO source terms with interpolated upstream
capacities.!’ This type of spatial predictor characterizes average upstream capacities and
proximity to large upstream sources but fails to capture the influence of proximity to small
upstream sources, unless there is only one source. Later work by Amos et al.*® models the
decaying contributions from upstream sources which fully characterizes the gradual effect of
density and proximity of upstream sources but does not account for dilution due to flow.

This work expands on Pruden and Amos’ spatial predictor models by using novel models
that represent the sum of exponentially decaying contributions from spatially distributed sources

overland and downstream, and that are diluted due to flow. Additionally, ground transport
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processes are modeled to characterize the hauling of manure from AFOs to manure application
fields or the land application of septage in proximity to denser residential areas. Additionally,
this work will adopt the recently developed microbial Find, Inform, and Test (FIT) framework to
identify sources, quantify associations between sources and ARG responses, and characterize
average transport processes. The microbial FIT framework 1) finds reliable databases
representing spatially distributed sources of antibiotic resistances genes from a selection of
candidate databases, 2) informs source terms constructed from selected databases with
interpretable hyperparameters that help to characterize exponential influence ranges around
sources 3) tests the predictive ability of informed source terms to identify key sources of elevated
ARGs in rivers. We expect that the FIT model will select sources that have been previously
found to contribute to fecal contamination in this region—bovine sources (e.g., AFOs, manure
application fields), low-intensity developed land cover (i.e., land cover representing moderate
application of manure from small farms and nearby large farms that migrate off site due to
imperviousness when large farms are close to this land cover), and septic systems. (Wiesner-
Friedman et al. 2021: under coauthor review) Additionally, we expect to find an association with
wastewater treatment plants which were associated with the relative abundance of sull in
sediment by Pruden et al. and the relative abundance of intl1 in sediment by Amos et al.*"3®

5.3 Methods

5.3.1 Sampling, sample analysis of antibiotic resistance genes, data for spatially distributed
sources, application of the fit approach to arg responses

Please see Beattie et al. for sampling methods, ARG selection, DNA extraction, and
gPCR protocols.3* See Wiesner-Friedman et al. (2021: under co-author review) for details on
databases representing spatially distributed sources of fecal contamination. The same databases

were utilized in this study of antimicrobial resistance.
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The FIT framework was applied as it was in Wiesner-Friedman et al. (2021: under co-
author review) for each of the 10 ARG responses (i.e., the relative abundance of erm(B), tet(W),
gnrA, sull, and intl1 from sediment samples and surface water). The FIT framework utilizes a
physically meaningful land-use regression model for identifying sources of microbial
contamination from spatially distributed sources:

yi = Po + P1;(B1 + B.P2;) + P3Freezing; +

{291 Bus™ (@) Jexp{St, mP(a®) }+ &, (Eq.5.1)
Here the first three variables, P1;, P2;, and Freezing represent recent precipitation, antecedent
precipitation, and a monthly average freezing temperature for each i sample. B, represents the
association with the response, y;, and recent precipitation. 3, represents the effect of antecedent
precipitation on recent precipitation. 85 represents a change of mean in the response given

freezing temperature. There is a sum of contributions from spatially distributed sources,

YU, ,Busi(u)(a(“)) , that are either fractionated or multiplied by the modifying factors in the
exponent, YF_, ﬁlmgl)(a(l)) , Which defines a non-linear regression. Future work will address

modifying factors, so in this work this equation remains linear. Each source term, si(“)(oz(”)), is
defined as a function of the spatial locations of sources of type u, exponential decay
hyperparameters that characterize overland and downstream transport and potentially ground
transport, and the sampling locations for each i sample.

The three stages of the FIT framework, Find, Inform, and Test were applied to the 10
ARG responses (i.e., sediment and water measurements of 5 ARGS) in the same manner
described in Wiesner-Friedman et al. (2021: under co-author review) with one difference. No
assumptions were made about which of the potential sources would be associated with elevated

ARGS, so all potential sources were considered for each of the 10 ARG responses. In summary,
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these potential sources were AFOs, manure application, AFOs via the ground transport or
hauling of manure, septic systems, land applied waste from industrial origins, land applied waste
from municipal wastewater or septage, land applied waste from municipal wastewater or septage
that is applied more greatly in proximity to denser residential areas, municipal wastewater
treatment plants, industrial wastewater treatment plants, low-intensity developed land cover, and
high-intensity developed land cover. Source terms were constructed using the Overland and
River Distance—Flow (ORF) spatial predictor model described in detail in Wiesner-Friedman et
al. (2021: under review). The Ground Transportation, Overland and River Distance—Flow
(GORF) spatial predictor model was used to characterize AFOs via the hauling of manure and
land applied waste from municipal wastewater or septage that is applied more greatly in
proximity to denser residential areas. If the correlation of source terms were large (p =0.7), then
the term yielding the highest univariate R-squared was picked.*8* Climatic and source terms were
stepwise-selected with AIC and a 6-fold cross validation was performed on the stepwise
selection procedure.

5.3.2 Conducting interviews/surveys with wisconsin dairy cattle veterinarians

Rogers et al. were able to leverage local knowledge from dairy operators in order to
inform their findings on ARGs shed by wild deer.”® A 2007 study exists that outlined and
quantified antibiotic usage on Wisconsin dairies,??* but attitudes and policies around antibiotic
usage may have changed. To gain knowledge of how practices may have changed and help to
contextualize our results, we reached out to Wisconsin dairy cattle veterinarians. Google maps
was used to search for veterinarians, veterinary services, and “large animal” services. Through
this search 12 veterinary offices were identified as serving dairy cattle, representing over 30
veterinarians. An IRB was written for conducting interviews, and an exempt status was obtained

for conducting interviews due to the study area encompassing a whole state and interviews being

92



anonymous. Emails were sent to veterinarian email addresses with the survey. Two phone

interviews were conducted due to preference and 2 surveys were completed online through
Qualtrics. The survey is outlined in Table A.11 and interviews were conducted in the same
format as the survey.

5.4 Results and Discussion

5.4.1 Patterns of associations with recent and antecedent precipitation and freezing
temperature

Table 5.1 shows the results from the FIT framework applied to the log10 antibiotic
resistance gene relative abundance (log10 gene-copies-per-16S-rRNA-copies) for each of the 5
responses erm(B), tet(W), gnrA, sull, and intl1. The associations with precipitation terms are
shown in blue. The associations with freezing temperature are shown in white. Association with
source terms are discussed later. Here, we find that there are three patterns of association
between recent precipitation and the effect of antecedent precipitation on recent precipitation.

The first pattern resembles increases in the log10 gene relative abundance given an
increase in recent precipitation and a diminishing effect of antecedent precipitation on recent
precipitation (i.e., wet antecedent conditions protect against contributions from a recent
precipitation event). This was characterized for log10 relative abundance of erm(B), tet(W), and
gnrA in surface water. A one-standard-deviation increase in recent precipitation was associated
with a 0.417 (p-value<0.05) increase in the log10 relative abundance of erm(B) in surface water.
A one-standard-deviation increase in antecedent precipitation diminished the effect of recent
precipitation by 0.383 (p-value<0.05). Similarly, a one-standard-deviation-increase in recent
precipitation was associated with increases of 0.635 (p-value<0.05) and 0.213 (p-value<0.05) in
the log10 relative abundances of tet(W) and gnrA in surface water. For a one-standard-deviation

increase in antecedent precipitation, these effects were diminished by 0.300 (p-value<0.05) and
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1.10 (p-value<0.05), respectively. Additionally, a one-standard-deviation increase in recent
precipitation was associated with an increase of 0.637 (p-value<0.05) in the 1og10 relative
abundance of sullin surface water without any diminishing effect from antecedent precipitation.

The second pattern represents increases from recent precipitation with further increases
due to antecedent precipitation (i.e., wet antecedent conditions exacerbate the contributing
effects of a recent precipitation event). A one-standard-deviation increase in recent precipitation
was associated with an increase of 0.654 (p-value<0.05) and 0.277 (p-value<0.05) in the log10
relative abundance of tet(W) in sediment and intl1 in surface water, respectively. A one-
standard-deviation increase in antecedent precipitation increased the effect of recent precipitation
by 0.259 and 0.637, respective to tet(W) in sediment and intl1 in surface water.

The last pattern represents a decrease in baseline levels of the log10 gene relative
abundance from recent precipitation where this decreasing effect is diminished by antecedent
precipitation (i.e., wet antecedent conditions followed by a recent precipitation event increases
the levels of ARG responses). A one-standard-deviation increase in recent precipitation was
associated with a decrease of 0.723 (p-value<0.05) and 0.337 (p-value<0.05) in the log10
relative abundance of erm(B) and intl1 in sediment, respectively. The effect of this decrease was
diminished by 0.561 (p-value<0.05) and 0.259 (p-value<0.05) for erm(B) and intl1 in sediment,
respectively.

The first pattern describing the effect of antecedent precipitation on recent precipitation
contributions was only occurred for ARG responses in surface water. This is consistent with
findings around the flush effect for fecal indicators and host-associated responses in surface
water.#0137.185-188 Eqr syrface water, a second pattern was found for the relative abundance of

intl1. This second pattern was also found for the tet(W) response in sediment. The third pattern
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only occurred for sediment responses and has not been reported before. Previously, wet events
have been associated with elevated ARGs and ARG levels have been found to increase during
and after precipitation events.?2>-2%/

Lastly, freezing temperature was not frequently selected by FIT across the 5 ARG
responses in surface water and sediment (i.e., 10 responses). When selected for sediment,
freezing temperature characterized decreases to the ARG responses. Freezing temperature was
associated with decreases of 0.621 (p-value<0.10) and 0.812 (inclusion lowers AIC) in the log10
relative abundance of erm(B) and intl1 in sediment. Freezing temperature was only selected once
for surface water and characterized increases to the log10 relative abundance of erm(B). Freezing
temperature was associated with a 1.93 (p-value<0.05) increase in the relative abundance of
erm(B) in surface water. Overall, precipitation and freezing temperature were primarily helpful
to explaining between-sampling event variability, but studies are needed with a finer temporal
resolution to untangle the associations between recent and antecedent precipitation on ARGs and

ambient temperatures.
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Table 5.1 Regression results for predicting the relative abundance of erm(B), tet(W), gnrA, sull,
and inl1 (log10 gene-copies-per-16S-rRNA-copies) in sediment (columns toward the right) and
surface water (left-most 5 columns). The sample size is indicated for each of the responses in
each column. For each of the climatic and source terms the standardized regression coefficient,
B, is provided resulting from the Test stage of FIT. For each source term, there are two additional
rows resulting from Find and Inform stages of the FIT framework. For each source term category
(i.e., bovine or land applied waste), the source description, the relative abundance ration

(RAR = 10#) and hyperparameters indicating the influence range around sources, a, are
summarized.

Log10 relative abundance (log10 gene-copies-per-16S-rRNA-copies)
Environmental Media Sediment Surface water
ARG erm(B) tet(W) sull intll erm(B) tet(W) gnrA sull intll
(n=sample size) (n=91) (n=91) (n=91) (n=91) (n=98) (n=98) (n=98) (n=98) (n=98)
Climatic Terms
Std.
Recent RegreSSIOn - dk *k - *k £ ok Kk *k *k
Precip. Coefficient 0.723 0.654 NS 0.337 0.417 0.635 0.213 0.637 0.277
(Be1)
RGBT Re Srtte(iéion
Antecedent Cogfﬁcient 0.561** 0.923** NS 0.259** -0.383** -0.300*%* | -1.10** NS 0.637**
Precip.
(BPleZ)
Regression
Freezing Coefficient -0.621* NS NS -0.812 1.93** NS NS NS NS
(Bfreew)
Source Terms
GORF GORF GORF
AFO AFO
AFO . . ORF
(via ground (via (via AFO ORF ORF
transgort of ground ground (via ground ORF ORF Manure Manure
Bovine manzre @ transport transport NS transg gl AFO AFO App. App.
Source application of manure | of manure manEre o Fields Fields
B bten fields) to fo application
. application | application fields)
Bovine fields) fields)
Sources Std.
Regression o 0.123* 0.247** 0.173** | 0.148* 0.134
Coefficient 0.199 0.255 0.128 NS
(Bsaurce)
RAR
(108w 1.58 1.80 1.34 NS 1.33 177 1.49 141 1.36
Influence
Range <13 km <10 km
(et0)
Septage
Laqd Land ClouE Land Land
dnliee applied | ansport applied applied
waste NS NS Pp to land NS pp NS NS pp
waste- waste- waste-
Source residential app. industrial industrial
Description sludge-
Land App. residential
Waste Regsrgi.s'on 0.134* 0.148*
Sources - & b :
Coefficient NS NS 0.166 0.126 NS NS NS
(BSOMTCE)
RAR
(10source) NS NS 147 134 NS 1.36 NS NS 141
Influence
Range < 8km <10 km
(ap)

**indicates p-value<0.05, * indicates p-value<0.10

NS indicates that no terms were selected for the source category.

Other source categories not selected: Wastewater treatment plants, septic systems, and developed land cover
No terms were selected by AIC for the log10 relative abundance of gnrA in sediment
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5.4.2 Bovine sources consistently contribute to elevated ARGs

After implementing the FIT framework across 5 ARGs in sediment and surface water, we
find that all 5 of the ARG responses (see Table 5.1) are positively associated with bovine sources
in at least surface water or sediment. For ARG responses in sediment, FIT selected the GORF
AFO source term which represents the contributions from the application of manure on fields
from AFOs. For these sediment responses, the contributions from AFOs were characterized
specifically by contributions from CAFOs. For erm(B) and tet(W), CAFOs were weighted by
animal units, but for sull, CAFOs were equally weighted. For erm(B) and sull, manure
application fields were characterized by crop rotation, but for tet(W) they were characterized by
dairy rotation. A one-standard-deviation increase in GORF AFO contributions was associated
with a 58% (p-value<0.10) increase in the relative abundance of erm(B) in sediment, an 80%
(inclusion lowers AIC) increase in the relative abundance of tet(W) in sediment, and a 34%
(inclusion lowers AIC) increase in the relative abundance of sull in sediment. No sources were
associated with gnrA in sediment.

Across ARG responses in surface water, AFOs were characterized specifically by
locations of manure storages. Manure application was characterized by crop rotation land cover.
For erm(B), FIT selected the GORF AFO source term representing the contributions from the
application of manure on fields from AFOs. A one-standard-deviation increase in AFO
contributions was associated with a 33% (p-value<0.10) in the relative abundance of erm(B) in
surface water. Then, for tet(W) and gnrA responses, FIT selected the ORF AFO source term
representing the contributions from manure storage locations weighted by the log-total-gallons of
manure. A one-standard-deviation increase in AFO contributions was associated with 77% (p-
value<0.05) and 49% (p-value<0.05) increases in the relative abundance of tet(W) and gnrA,

respectively. For sull and intl1, FIT selected the ORF manure application field source term
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representing the contributions from manure applied to crop rotation land cover. A one-standard-
deviation increase in manure application field contributions was associated with 41% (p-
value<0.10) and 36% (inclusion lowers AIC) increases in the relative abundance of sull and
intl1, respectively.

Bovine sources related to microbial responses in sediment were characterized by the
GOREF source term representing the hauling and application of manure from AFOs onto fields,
and AFOs were characterized by WPDES CAFOs, whereas for surface water, GORF or ORF
AFO source terms were characterized by AFO manure storages. Previously, a similar pattern was
revealed for bovine-associated fecal contamination from these samples. (Wiesner-Friedman et al.
2021: under coauthor review) This may reflect different overland pathways of contamination to
sediment or surface water, different detection attributes in sediment versus surface water, or this
may reflect the higher impact of AFO manure storages on microbial contamination in rivers
during flooding conditions, when surface water was able to be sampled, but not sediment.

Across all the responses, the magnitude of the association between tet(W) and AFOs was
greatest across sediment and surface water responses. A greater association may indicate that
there is more tet(W) genes located at AFOs, that tet(W) is more specific to AFOs compared to the
environment in general, or that the ability to detect tet(W) in sediment and surface water is
greater, compared to the other ARGs. Dairy manure-amended soils compared to soils amended
with other manure have been reported to have a greater prevalence of tetracycline resistance
genes and tetracycline resistant bacteria.??® In particular, feces from dairy calves and heifers
have been reported to have greater relative abundances of tet(W) compared to tet(M) or tet(Q).%?°
This supports the specificity of tetracycline resistance and tet(W) to dairy feces and reflects a

relationship to the hauling of manure from AFOs.
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This is the first time that GORF or ORF spatial predictor models have been used to
characterize contributions to elevated ARG responses from AFOs. This implies that hauling of
manure, overland and downstream, and dilution from flow are key processes in the dissemination
of antimicrobial resistance from AFOs. Our novel spatial predictors and modeling approach is in
agreement with the association found by Pruden et al. using a different spatial predictor model
and for study area in a different region.!’ Pruden et al found that the relative abundance of sull
in sediment was positively correlated (R?= 0.35, p < 0.001) with average upstream capacities of
AFOs (i.e., source term was represented by the inverse-distance-weighted interpolated upstream
AFO capacities). However, Pruden found no significant relationship with the relative abundance
of tet(W) in sediment.!” In our study, 7 novel associations were quantified between bovine
sources and ARG responses. This is the first study to quantify the association between bovine
sources and sull in surface water as well as erm(B), tet(W), gnrA, and intl1 in surface water (i.e.,
5 novel associations). This is the first study to quantify the association between bovine sources
and erm(B) and tet(W) in sediment (i.e., 2 novel associations).

5.4.3 Land applied septage, municipal and industrial waste are another source of elevated
ARGs

After implementing the FIT framework across 5 ARGs in sediment and surface water, we
find that 3 of the ARG responses (see Table 5.1) are positively associated with bovine sources in
at least surface water or sediment. For ARG responses in sediment, the land application of
municipal waste or septage characterized land applied waste sources. For sull, FIT selected the
ORF land applied waste from residential use source term representing the land application of
municipal waste or septage consisting of solid or semi-solid residue generated during the
treatment of domestic sewage via primary, secondary, or advanced wastewater treatment and the

wastewater contents of septic or holding tanks, dosing chambers, grease interceptors, seepage
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beds/pits/trenches, privies, or portable restrooms.** A one-standard-deviation increase in
contributions from land applied waste from residential use was associated with a 47% (p-
value<0.10) increase in the relative abundance of sull. For intl1, FIT selected the GORF land
applied waste from residential use source term representing increased land applied septage in
proximity to residences using septic systems. A one-standard-deviation increase in land applied
waste from residential use was associated with a 34% (inclusion lowers AIC) increase in the
relative abundance of intl1.

For ARG responses in surface water, the land application of industrial waste
characterized these secondary sources. For tet(W), FIT selected the ORF land applied waste from
industrial use source term representing by-product solids from the animal product or food
processing industry (i.e., remains of butchered animals, paunch manure, and vegetable waste
materials). A one-standard-deviation increase in land applied waste from industrial use was
associated with a 36% (p-value<0.10) increase in the relative abundance of tet(W). Then for
intl1, FIT selected the ORF land applied waste from industrial use representing both the by-
product solids from animal product or food processing and liquid waste such as silage, leachate,
whey, whey permeate, whey filtrate, contact cooling water, cooling or boiler water containing
water treatment additives, and wash water generated in industrial, commercial, and agricultural
operations.'8! A one-standard-deviation increase in land applied waste from industrial use was
associated with a 41% (p-value<0.10) increase in the relative abundance of intl1.

Our finding that the land application of municipal waste and septage is associated with
ARGs in sediment is consistent with current knowledge that ARGs are enriched in biosolids
from treatment processes (i.e., primary, secondary, or advanced wastewater treatment),83108.219

This is the first study to report an association between contributions from land applied waste and
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ARGs recovered from the environment. This work is also the first to show that the disposal of
municipal wastes and septage on land does pollute and corresponds with a quantifiable
environmental impact to antibiotic resistance levels. Our study is also the first to show that land
application of industrial waste is associated with elevated ARGs. The WPDES database lists the
permit holders for these land application sites. The majority of permittees applying industrial
waste are companies that produce dairy products. Our work therefore indicates that the disposal
of wastes from the processing of dairy is an additional way that the livestock industry can impact
the environment.

5.4.4 Fecal contamination may disseminate from small farms, but not contribute to
elevated ARGS

Other sources that were tested in the FIT model but were not selected were municipal and
industrial wastewater treatment plants, low-intensity developed land cover, high-intensity
developed land cover, and septic systems. The non-selection of low-intensity is interesting
because low-intensity developed land cover was found to be key source of fecal contamination in
previous work but did not represent a source of elevated ARGs in our work. In this region, low-
intensity developed land cover captures a moderate rate of manure application from small farms.
Our work suggests that the frequency and quantity of antibiotics used at large farms represented
by AFO manure storages or permitted CAFOs are much greater compared to small farms that are
represented by low-intensity developed land cover.

Additionally, wastewater treatment plants were expected to show associations with sull
and intl1,'78 but neither municipal or industrial wastewater treatment plants were selected by
the FIT model to show associations with any of the 5 relative abundance responses across
surface water or sediment. Both sull and intl1 were associated with land applied municipal

waste and septage. This indicates that some ARGs may originate from wastewater treatment
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plants, but that the persistent application of treated biosolids on land may represent a more
significant source. The land applied municipal waste and septage does represent the aggregation
of treated septage and wastewater. The greater density of wastewater treatment plants in the
South Platte River Basin in Colorado, USA and the Thames Watershed in Oxfordshire, UK
compared to this study, as well as the larger bovine to human ratio in this study may also
contribute to the ability to detect the impacts of wastewater treatment plants. AMR quantitation
methods with low limits of detection may be needed to detect subtler impacts.

5.4.5 The exponential influence range around sources extends up to 13 km

Bovine source terms associated with elevated ARGs in sediment had influence ranges of
<13 km to the river network indicating that exponentially decaying contributions would still
be detected when manure fields were up to 13 km away from the river network. For all bovine
source terms associated with ARG responses in surface water, exponentially decaying
contributions would still be detected when sources were up to 10 km from the river network. For
all land applied waste source terms associated with ARGs, the influence range was up to 8 km
for sediment responses and up to 10 km for surface water responses.

These exponential influence ranges, a,, were determined as a result of the Inform stage
of FIT. Wiesner-Friedman et al. (2021: under coauthor review) remarked that this
hyperparameter captures much more than average overland transport. This hyperparameter
characterizes the extent to which a microbial response can capture a signal from sources. Two
explanations for larger exponential influence ranges in sediment were proposed by Wiesner-
Friedman et al. The first was that the detection of obligate anaerobes may be decreased under
aerobic conditions such as in surface water, which is also an explanation for increased
probability of detecting host associated Bacteroides markers in sediments compared to surface

water.?32%8.212 This first case pertains to characteristics of the molecular target. Second, the
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settling of microbes from surface water to sediments may increase the probability of detecting
molecular targets in sediments from surface water. This second case pertains to a plausible
physical phenomenon. However, the longer exponential influence ranges (i.e., up to 10 km)
around bovine sources for ARG responses in surface water compared to the short exponential
influence ranges (i.e., less than 1 km) around bovine sources host associated Bacteroides genes
in surface water in previous work reinforces the first case (i.e., the characteristics of the
molecular target or the bacteria carrying the genes such as oxygen levels). ARGs can be carried
by either aerobic or anaerobic bacteria and have found to be more greatly enriched under aerobic
versus anaerobic conditions.?® This may increase the ability to detect ARGs in surface waters
compared to Bacteroides, which affects the extent to which a signal may be detected from any
source (i.e., longer exponential influence range for surface water responses would be expected).
One implication of longer influence ranges around bovine sources for ARGs compared to host-
associated Bacteroides genes are that the risks associated fecal contamination from bovine
sources in surface water may be underrepresented by host-associated markers that decay quickly
in surface water. Work to quantify the risks associated with sources should carefully consider the

characteristics of molecular targets to model particular risks.
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Figure 5.1 Conservative source contribution scenarios for ARG responses. The depicted source
term is the standardized (z-scored according to sampling scheme) contributions selected by the
FIT model due to associations with the responses (Table 5.1). An increase of 1 on the color-scale
corresponds to a one-standard-deviation increase. This standard deviation increase is
approximately associated with the percent increases in the relative abundance responses from
which the depiction was characterized. These are considered very conservative scenarios because
they characterize contributions with 1) upper bound values for hyperparameters that characterize
both transport ranges and detection probabilities and 2) contributions from databases
representing an overarching class (e.g., rather than dairy rotation, crop rotation is represented)
Circles represent the sampling locations associated with this study. (a) AFO contributions via
manure application to riverbed sediment scenario that was characterized from three relative
abundance responses (erm(B), tet(W), and sull) in sediment. (b) Land applied waste
contributions to surface water scenario characterized from two relative abundance responses
(tet(W) and intl1) in surface water.

5.4.6 ARG levels are influenced by the proximity and density of upstream sources and
dilution from flow

For different ARG responses, various pollution scenarios are possible. Figure 5.1 depicts
two source contribution scenarios where the depiction is standardized based on the sampling
scheme used in this study. The depictions are conservative because they are determined by the
upper-bounds of the hyperparameters that describe transport or the probability of detection for

the ARGs in question, and the databases used to represent release points are from larger classes
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of data (i.e., crop rotation is used instead of dairy rotation, land applied industrial wastewater and
sludge is used instead of sites only associated with food processing). For example, Figure 5.1a
depicts AFO contributions to riverbed sediments via the application of manure on fields. The
orange color depicts a one-standard-deviation increase away from 0 contributions (depicted in
white). The locations on the river network where the standardized AFO contributions are equal
to 1 therefore conservatively represent 58%, 80%, and 34% associated increases in the relative
abundances of erm(B), tet(W), and sull in sediment, respectively. Figure 5.1b depicts
contributions from the land application of industrial wastes. The locations on the river network
where the standardized contributions from land applied industrial wastes are equal to 1
conservatively represent 36% and 41% associated increases in the relative abundances of tet(W)
and intll in surface water.

When sources are located directly next to the river network, notches in color appear along
reaches of the river network, demonstrating the effect of proximity of sources. Additionally,
where there are many sources, greater contributions contributions have been characterized. When
there are no sources upstream of river reaches, the reaches remain white indicating there are no
contributions. Lastly, when a river reach that has many contributions (i.e., dark in color)
converges with a river reach that has little contributions from sources (i.e., white in color), a
sudden drop in the contributions to the reach downstream of the two occurs. This characterizes
the effect of dilution due to flow. Ecologically, this work is the first to model associated source
contributions to ARGs that depend on the proximity and density of upstream sources, as well as
dilution from increased flow. Previously, seasonal variation in flow has been related to changes
in ARG levels.’% Here, we observe that the flow related to upstream watershed area dilutes the

levels of ARGs.
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5.4.7 Patterns of antibiotic use at bovine sources described by Wisconsin dairy
veterinarians

Two of the veterinarians interviewed had greater than 20 years of experience in the field
and indicated that antibiotic use has decreased over the years, especially for treatments of
mastitis, of which they mentioned newer treatments, but did not identify them specifically. A
common use of antibiotics is for treatment of infection from calving. One veterinarian discussed
the use of antibiotics to prevent illness. “Tetracycline flushes” were described as when
tetracyclines are administered to the calving mother for three days after calving to avoid
infection. Currently guidelines have sought to decrease this practice, but veterinarians have noted
that if operations are not monitoring cows well, the cow can “become febrile”. Due to ethical
reasons, some veterinarians do not like the “modern way” because cows may be poorly
monitored and can suffer. In the past, antibiotics were primarily used for the treatment of
mastitis, but veterinarians indicated that newer treatments now exist. Our interviews suggest that
veterinarians may be resistant to reducing antibiotic use if it leads to more animal suffering.
Policies aimed at reducing the impacts of AFOs on antimicrobial resistance should work closely
with veterinarians to identify other ways to reduce animal suffering.

According to these veterinarians, Ceftiofur was the frequently prescribed antibiotic,
which is a Beta-lactam.®! Other antibiotics that were identified as were enrofloxacin, florfenicol,
tulathromycin, and oxytetracycline which belong to the broader classes of fluoroquinolones,
sulfonamides, macrolides, and tetracyclines. These interviews reflected information that was
consistent with the findings of a 2007 study on antibiotics usage at conventional dairies in
Wisconsin.?®* The ARGs measured by Beattie et al.’3* and used for this study, gnrA, sull,
erm(B), and tet(W) encode resistance to each of these broader classes (i.e., fluoroquinolones,

sulfonamides, macrolides, and tetracyclines) of antibiotics, respectively. Additionally, sull and
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intl1 have been found to co-occur genomicaly and on plasmids.?®2. The common use of these
classes of antibiotics for dairy cattle infection treatment or prevention supports that the
conditions of antimicrobial use at AFOs lead to elevated levels the panel of ARGs found in this
study. This is important information due to barriers to sampling at dairy operations.

No study of commonly prescribed antibiotics in clinical settings exists for Wisconsin.
However, in the United States, fluoroquinolones are among one of the most commonly clinically
prescribed classes of antibiotics.?3® The dissemination of fluoroquinolone-associated resistance
encoded by both chromosomal and plasmid derived gnrA may increase the risks of quinolone-
resistant human pathogens in surface water from plasmid-mediated horizontal gene transfer.2*
Our findings that connect AFOs to levels of gnrA in surface water is concerning and efforts
should be made to prevent the use of antibiotics that are clinically relevant to humans in
livestock settings.

5.4.8 Implications, limitations, and future work

This is the first comprehensive land-use regression study of sources of elevated ARGs
and is the first study of more than 2 antibiotic resistance gene responses in surface water or
sediment samples. The primary finding of this study is that bovine sources were consistent
sources of elevated antibiotic resistance genes. This finding was expected due to known practices
at AFOs where antibiotics are used for prevention and treatment of disease.?®23® Additionally, a
large body of work has detected ARGs in livestock manure and slurry, on soil where the manure
or slurry is applied, and downstream of livestock operations,16:101:201,237-241

In a similar capacity, previous work has revealed the land application of treated biosolids
from septage, and municipal and industrial wastes as a potential source of elevated ARGs.?1%24?

However, no work has found associations with measured levels of ARGs in the environment and

the sum of decaying contributions from all land applied waste sites. A large body of work
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suggests potential offsite migration of other microbial contaminants from land applied sludge
into soils, groundwater, surface water, and the air.243-2%! This work adds to this body of work but
is the first to suggest offsite migration from land applied sludge sites associated with antibiotic
resistance.

Under current guidelines provided by The U.S. Environmental Protection Agency’s
(EPA’s) Part 503 rule, there are treatment standards for two classes of biosolids. Class A
biosolids are treated so that pathogens are reduced to levels that make the biosolids safe to apply
to crops, lawns, and home gardens. Class B biosolids must meet a requirement of 2 million
colony forming units (CFU) or MPN for fecal coliforms. Because of the high pathogen levels in
class B biosolids, there are restrictions on the application of Class B biosolids to crops and public
access to the land to protect public health.?®? However, this work and previous work suggest that
microbial contamination does disseminate from these sites to places where people may be
exposed to contaminants that are detrimental to public health. The offsite migration of microbial
contaminants from land applied sludge should be considered by regulators in determining
treatment standards, land application restrictions, and environmental monitoring of potential
offsite migration.

Few regulations exist around treatment of animal manures and its application on land,
despite similarities with class B biosolids. Regulations of livestock wastewater, which only apply
to permitted CAFOs, have focused on the management of nutrients from animal manures to
fertilize soil for agriculture, while minimizing runoff. However, the presence antibiotic resistant
bacteria, endotoxins, prions, pathogenic bacteria and protozoa have been reported in both class B
biosolids and livestock waste.?*® An explanation for the increased consistency of association

between elevated ARGs and bovine sources compared to land applied waste sources is that these
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land applied wastes are more regulated than land applied manure, and that this regulation has
been beneficial.

However, communities neighboring land applied sludge sites and manure application
fields have reported negative changes to the environment and their health following the
application of sludge.?®® Negative health outcomes have been measured for residents living in
regions of with dense industrial livestock agriculture.*>?>* To protect the health of the
communities living near to these sites, overall health impacts need to be evaluated with
epidemiological studies related to health outcomes and the contaminants present in biosolids
from human, animal, and industrial wastes (e.g., pathogens, antimicrobial resistant bacteria and
genes, heavy metals, disinfectants, fire retardants, prescription and non-prescription
pharmaceuticals, and polycyclic aromatic hydrocarbons).?%242255.25% An important note is that
many co-occurring contaminants in biosolids have been reported to exert selective pressures on
microbial communities inducing higher levels of antimicrobial resistance.8%?3? Monitoring
elevated antimicrobial resistance may therefore be complementary to quantifying the impacts of
other contaminants from the land application of biosolids on the environment. Furthermore, the
conservative source pollution scenarios derived from the FIT framework’s application to ARGs
may be useful in defining source-associated exposure variables for future epidemiological
studies.

Though only two of the associations found in this work were significant at the 95%
confidence level, out of all the types of source terms (e.g., septic systems, developed land-cover,
wastewater treatment plants, bovine sources, land applied waste sources), bovine or land applied
waste source terms were selected to be in the model for each ARG response. The extent of this

reproducibility across 5 different ARG responses in sediment and surface water strengthens the
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evidence that elevated ARGs in the environment are linked to land-application of biosolids and
sludges. The dissemination of ARGs from the land application of biosolids and semi-solids from
human, animal, and industrial waste calls for more waste treatment strategies that remove or
reduce ARGs, policies to reduce antimicrobial use in livestock and humans, and investments in
alternative treatments for infections (e.g., phage-therapy).

In the intermediary, recent work suggests that the careful placement of constructed
wetlands around sources may result in some attenuation of ARG levels and other
contaminants.®®?°" Little work has been done to distinguish natural wetlands, other land cover,
and geological features as attenuators or amplifiers of antibiotic resistance genes. Since the FIT
framework leverages a physically meaningful land-use regression model, one strength or
limitation is that prior evidence is needed about whether a source will contribute, or whether a
feature will attenuate or amplify contributions. (Wiesner-Friedman et al. 2021:ES&T invited to
resubmit) While potential sources have been well characterized, more work is needed to
distinguish land cover and geological features as potential attenuators or amplifiers of ARGs in
the environment. These measures would not resolve workplace and airborne exposures to
antimicrobial resistant pathogens.

This is the first time that influence ranges around these sources have been defined for
elevated ARG responses in rivers and streams. These exponential influence ranges indicate that
sources that are very close to the river will have a great impact, but that distant sources up to 13
km away from the river network can also impact ARG levels. For the land application of manure
and slurry, a setback distance of 34-67 m from surface water has previously been recommended
from rainfall simulation tests under experimental conditions.?” We expect that when there is

more chaos in the environment, that differences in the influence ranges around sources for ARGs
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in rivers would exist. Chaos resulting from different precipitation patterns, application methods,
and different environmental pathways (e.g., subsurface flow and tile drainage), may affect flow
velocities that would not be represented under experimental conditions. For example, a factor
that may lead to long influence ranges in this region is the Karst geology, where fractures,
sinkholes, caves, disappearing streams, and springs may provide direct pathways for antibiotics
and ARGs and other contaminants to reach ground and surface waters.?®2*° This would provide
rapid decay of ARGs levels via sheet-flow and in soil, but levels could remain high within
groundwater that flows to rivers. Our findings on the influence ranges around sources are
consistent with influence range from a study in a Karst region in Germany, where elevated ARGs
and human-specific fecal markers were detected in a spring 9 km away from the suspected
source.?*

This work identified and characterized sources contributing to elevated antibiotic
resistance genes in surface water and sediment characterized by a panel of 5 ARGs. Overall, this
works suggests that the land application of biosolids represents the most import sources of
elevated antimicrobial resistance in this region. Sources were found to have influence ranges of
up to 13 km, which indicates that some increases in ARG levels can be detected due to the land
application of biosolids anywhere in Kewaunee County. This work calls for innovation in
wastewater treatment to consider reductions in ARGs from wastewater destined for land
application, especially for livestock wastewater. Epidemiological studies are needed to evaluate
the impacts of higher ARG levels in surface water on health outcomes to quantify public health

risks.

111



CHAPTER 6: CONCLUSIONS

6.1 Summary of Findings

A novel microbial land-use regression framework was developed to identify and
characterize sources of fecal contamination and elevated antibiotic resistance. Spatial predictor
models were developed that characterize contributions from a limited set of sources in different
ways (Euclidean, ORF, GORF). Additionally, a criterion was developed to help with database
selection. Three stages were developed to accommodate these developments. The Find stage
consisted of using a criterion to choose reliable databases representing spatially distributed
sources. The Inform stage consisted of selecting hyperparameters that maximize physical
meaningfulness and characterize overland and downstream transport, as well as ground
transportation. The Test stage consisted of testing the statistical significance of various potential
source.

This microbial Find, Inform, and Test (FIT) framework was first applied for
demonstration to the relative abundance of bovine-associated fecal contamination in sediment for
a limited number of potential sources linked with bovine hosts. From the results of the Find stage
of FIT, permitting data was found to be crucial to capturing an association between bovine-
associated fecal contamination and AFOs. From the results of the Inform stage, hyperparameters
were selected that would help with creating depictions of source contributions and constructing
source terms. From the results of the Test stage, a statistically significant and positive association
was found between the GORF manure application source term representing the ground transport

of manure from AFOs to application fields where average transport overland and downstream
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would occur. This was the first study to suggest the hauling of manure as a key transport process.
It was also among the first studies to suggest dilution from flow as a key transport process for
microbial contamination in sediment. Overall, this work provides strong evidence of offsite
migration from AFOs into the environment.

In the next applications to the relative abundance of human and bovine-associated fecal
contamination in surface water and sediment, there were more potential sources considered.
Potential sources of human fecal contamination were considered to be septic systems, municipal
wastewater treatment plants, high-intensity developed land cover, and land applied sludge from
municipal wastewater or septage. Potential sources of bovine fecal contamination were
considered to be AFOs, manure application fields, low-intensity developed land cover, industrial
wastewater treatment plants, low-intensity developed land cover, and land applied sludge from
industrial wastewater or food processing. AFOs were found to be a source of bovine fecal
contamination. Low-intensity developed land cover was also found to be a source bovine fecal
contamination, likely because it captures moderate rate of manure application from small farms
or a moderate rate of manure application from large farms in proximity to impervious surfaces
that may convey pollution to rivers or reduce the capacity of the land to filter pollutants. Septic
systems are a likely source of human-associated fecal contamination. From this work it was
suggested that sediment responses may better capture signals from distant sources when using
molecular targets derived from obligate anaerobes. This work suggests that the selected
molecular target may result in different characterization of source impacts and different estimates
of microbial risks. Additionally, this work suggests that surface water measurements alone may
not be enough to fully characterize some microbial risks. The patterns of microbial contaminant

flow from sources to the river depicted in this research can help to shape creative solutions
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around rural wastewater management in consideration of river connectivity. This work suggests
that this area is impacted by fecal contamination and calls for innovation in rural wastewater
treatment and infrastructure.

In the last application, the FIT framework was applied to a panel of 5 ARGs quantified
from riverbed sediment and surface water samples. All potential sources of human and bovine
fecal contamination were considered as potential sources of elevated AMR. Among these
potential sources, municipal or industrial wastewater treatment plants, septic systems, low-
intensity developed land cover, and high-intensity developed land cover were never selected by
FIT. Bovine sources were found to consistently contribute (i.e., 5 out of 5 of the ARGs from
either surface water or sediment were associated with bovine sources) to levels of antimicrobial
resistance as characterized by this panel of ARGs. This work found particularly high associations
with tet(W) which encodes tetracycline resistance, consistent with knowledge of tetracycline use
at dairy operations and sampling of dairy manure amended soils. Land application of waste
sources were sometimes (i.e., 3 out of 5 ARGs from either surface water or sediment) found to
contribute. To the best of our knowledge, this work is the first to show that the disposal of
municipal wastes and septage on land corresponds with a quantifiable environmental impact to
antibiotic resistance levels.

In characterizing source contributions, longer influence ranges were characterized
sources of ARG responses compared to host-associated fecal responses. An explanation that
follows from previous work is the ranges of influence characterized by the Inform stage capture
much more than transport. They may also describe characteristics of the molecular target or the
bacteria carrying the genes, which disconnects associations between host-associated fecal

markers that represent anaerobic bacteria and molecular targets that can also represent aerobic
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bacteria (e.g., ARGs). This may complicate the estimation of risks using molecular targets that
only capture a subset of the microbial risk associated with sources. Overall, this work indicates
that elevated antimicrobial resistance is associated with the land application of biosolids of
human, animal, or industrial origin. Despite similarities between these biosolids in terms of their
makeup (e.g., types of pathogens and other contaminants), there are no treatment standards and
few restrictions imposed on the application of animal wastes.

6.2 Significance

This work has advanced microbial water quality modeling and land-use regression
approaches. These models have helped to identify key sources of fecal contamination and
elevated antimicrobial resistance to rivers in a CAFO-dense region. The characterization of the
contributions around sources of microbial contamination in riverbed sediments versus surface
water, contributed knowledge about the characteristics of molecular targets and how these
characteristics may influence the extent to which a signal can be detected from a source. This
work provides useful insights for quantitative microbial risk assessment for selecting molecular
targets to help estimate microbial risks. This work confirms that CAFOs, as well as AFOs, are
significantly contributing to microbial contamination in this region and calls for higher standards
for treating animal wastes, innovation in rural wastewater management and reduction of ARGs
from wastewater, and/or more restrictions on manure application and antimicrobial use. Lastly,
this framework allows for the depiction of contributions from sources which may be useful for
monitoring, to regulators, and as exposure-variables for epidemiological studies that are needed

to define the risks associated with these contributions.
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APPENDIX 1: SUPPLEMENTAL INFORMATION FOR AIM 1: THE MICROBIAL
FIND, INFORM, AND TEST (FIT) MODELING FRAMEWORK FOR IDENTIFYING
SPATIALLY DISTRIBUTED CONTAMINATION SOURCES

Al.1 Processing River Network and Climatic Data

The river network was extracted in ArcMap 10.5 from a Digital Elevation Model (10
meter) raster file obtained from the Wisconsin Department of Natural Resources (WIDNR) Open
Data website. Flow accumulation functions were used to convert to polyline shapefile. This data
was projected into the “Wisconsin Central” State Plane Projected Coordinate System. This newly
created river network was loaded into MATLAB 2018b as a shapefile. The Bayesian Maximum
Entropy River Library, BME-riverlib **° was used to process the polyline shapefile into
MATLAB. Using this library, the river segment distances, the river topology, flow ratios, and
flow connectivity were obtained for all points along the river network. Flow in sediment was
approximated by using the Strahler order for each reach as a proxy.

Daily precipitation in centimeters and average monthly temperature in Celsius was
obtained from the National Oceanic and Atmospheric Administration’s (NOAA) climate data
from April 1%, 2016 to August 1%, 2017 from across weather stations surrounding the study
Kewaunee County, Wisconsin area (Brussels, Denmark WWTP, Forestville, Green Bay,
Kewaunee, and New Franken). Inverse distance (D) weighted averages of daily precipitation (P)
and monthly average temperature (T) were applied to each i" study site to estimate values
between April 1%, 2016 to August 1%, 2017 for each available time period (t'= day or month) and
account for spatial variability. The precipitation P;,» and the temperature T, at location i and

time t’ are calculated as

26 PWt,
w=1lp.
w_ and (Eq. Al)

P = So—1, =
w=1 /Djy,
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26 TWt,
w=1p.
iw (Eq. A2)

Tit, = _stzll/DiW ]
respectively, where P,,.» and T,/ are the precipitation and temperature, respectively, at weather
station w and time t’, and D;,, is the distance between locations i and w.

Al.2 Processing Spatial Data to Create Candidate Databases of Microbial Contamination
Sources

Al1.2.1 Description of each spatial databases

Here we consider two potential sources of microbial contamination in rivers of the
Kewaunee watershed: AFOs, where manure is stored, and manure application fields, where
manure is land applied. For each of these two potential contamination sources we obtained
various candidate databases of the spatial locations of that source (Table Al).

For AFOs, these databases consisted of county databases of manure storages for
Kewaunee County that were remotely sensed from aerial imagery for Kewaunee County either
weighted by the log-total gallons of manure (AFO database option 1) or unweighted (AFO
database option 2). Alternatively, the Wisconsin Pollution Discharge Elimination System
(WPDEYS) database of CAFOs, which are AFOs with greater than 999 animals with unweighted
points were used (AFO database option 3). These candidate databases for AFOs differ in the year
the database was completed, information provided in the database, approach to obtaining
geographic location (i.e., remote sensing versus geocoding), and that CAFOs (AFOs with greater
than 999 animal units) can be considered a subclass of AFO.

For manure application fields, there was the option of a land cover database of crop
rotation (manure application fields option 1) and of a land cover database of dairy rotation
(manure application fields option 2) which both were represented as centroids of land cover

polygons weighted by the area of the polygon corresponding to crop rotation (option 1) and dairy
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rotation (option 2), where dairy rotation is a subclass of crop rotation from the Wiscland-2 land

cover database.

135

Table A.1 Description of the candidate databases associated with each potential contamination
source of bovine Bacteroides (BoBac) in the river sediment in Kewaunee County.

Potential Candidate
Contamin. Spatial Database description
Source Database
Animal Option 1: County Database providing centroids of each manure storage in Kewaunee County
Feeding Database of weighted by the storage capacity of the manure storages in log total gallons
Operations Manure Storages  of manure as determined by the estimated dimensions of the manure
(weighted) storages. When this information was unavailable, an average of the
(AFO) available data on log total gallons was applied. The database was made in
Figure A.1(a) 2014. Data was provided through personal communication with the
Kewaunee County Land and Water Conservation Department
Option 2: County Same provider as above but the centroids are equally weighted. In other
Database of words, they were not weighted by storage capacity in log total gallons.
Manure Storages
(unweighted)
Figure A.1(b)
Option 3: Database providing locations of Wisconsin WPDES Permitted
WPDES Concentrated Feeding Operations (CAFOs), which are AFOs with >999
Database of animals, in effect in Wisconsin as of January 2017 using geocoded
CAFOs addresses from WPDES permit data.
(unweighted) https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/ CAF
O_WIDNR_2017/FeatureServer
Figure A.1(c)
Option 4: Database providing locations of Wisconsin WPDES Permitted
WPDES Concentrated Feeding Operations (CAFQOs), which are AFOs with >999
Database of animals, in effect in Wisconsin as of January 2017 using geocoded
CAFOs addresses from WPDES permit data.
(weighted by https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/ CAF
animal units) O_WIDNR_2017/FeatureServer
Manure Option 1: Land Database of crop rotation land cover polygon centroids weighted by the
Application Cover Database  area of the land cover polygons. “The 30- meter raster layer combines land
Fields of Crop Rotation  cover information from the United States Department of Agriculture
(USDA) National Agricultural Statistics Service (NASS) with land
(ManureApp) Figure A.1(d) management information to map five-year crop rotations over Common

Land Units (CLUSs)... The crop rotation dataset was validated
independently from Wiscland 2 using data from Department of Agriculture,
Trade and Consumer Protection (DATCP) cattle inventory records and
dairy producer data, NASS crop acreage estimates and transect surveys.
The CDL datasets on which the crop rotation layer is primarily based also
provide accuracy information by state and by class. Reported accuracies for
the Principal Crops (e.g. Corn, Soybeans, Alfalfa, VVegetables, etc.) range
from 87-93% over the 2008-2012 period; the accuracy of the crop rotations
will differ due to the spatiotemporal aggregation of classes and the
integration of the crop classification with CLU boundaries” %, This data
was made available from the Wiscland-2 Land Cover Database released in
2016. https://p.widencdn.net/Ikfpeb/wiscland2 landcover
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https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/CAFO_WIDNR_2017/FeatureServer
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/CAFO_WIDNR_2017/FeatureServer
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/CAFO_WIDNR_2017/FeatureServer
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/CAFO_WIDNR_2017/FeatureServer
https://p.widencdn.net/lkfpeb/wiscland2_landcover

Option 2: Land Database is of dairy rotation land cover polygon centroids weighted by the
Cover Database  area of the land cover polygons. Dairy rotation land cover is a subclass of

of Dairy crop rotation land cover from the Wiscland-2 land cover database

Rotation mentioned above *. Dairy rotation land cover is described by “corn grain,
corn silage, and alfalfa in a 6-year rotation, with typically 2 years of corn, 4

Figure A.1(e) years of alfalfa, and a cover crop between corn and alfalfa years.

Occasionally, soybeans or a grain (e.g., wheat, barley, or oats) are planted
in place of corn” 13, Dairy rotation areas are typically associated with use
by dairy farms and operations for manure application and feed.

Al.2.2 Visual representation of each spatial databases

Figure A.1(a) shows AFO option 1, which are centroids of manure storages with weights
corresponding to the log total gallons of manure estimated based on the size of the manure
storage. These weights are depicted on a color scale. Figure A.1(b) shows AFO option 2, which
comes from the same database as above, but equally weights each manure storage. Figure A.1(c)
shows AFO option 3, which are points corresponding to geocoded locations from WPDES
permits, which is why the basemap displayed is that showing streets, rather than imagery. Figure
A.1(d) depicts manure application fields option 1, which are from the Wiscland-2 land cover
database showing crop rotation centroids that are proportional to the area of the land cover
polygons, from which the centroids were derived. Figure A.1(e) depicts dairy rotation centroids
from the same land cover database where the centroids are weighted proportionally to the size of

the dairy rotation land cover polygons.
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Figure A.1 (a) County database of manure storages weighted by log total gallons of manure (b)
County database of manure storages (unweighted) (c) WPDES database of CAFOs (AFOs with
>999 dairy cattle) (d) Land cover database of crop rotation (e) Land cover database of dairy
rotation

Al1.2.3 Details on augmenting the county database of manure storages outside of Kewaunee
county, WI

No manure storage locations were remotely sensed outside of Kewaunee County, though
one of the 20 sampling sites is located in Door County, rather than Kewaunee. Rather than
omitting Door County data, manure storage information was simulated in bordering counties.
Gridded points located approximately 483 m apart were applied outside of Kewaunee County.
Values were assigned to the gridded points to represent the average density of manure storage
points within Kewaunee County. To account for the non-homogenous point process, the manure
storage density at each grid-point inside Kewaunee County was regressed using percent land-

cover and road density. This model was applied to the density at grid-points outside of
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Kewaunee, where manure storage data was missing, but land cover and road data were available
(road shapefiles were obtained from county open data GIS sites for Kewaunee, Manitowoc,
Door, and Brown). An example of estimating the AFO option 1 data outside of Kewaunee
County is displayed in Figure A.2. Using this model, manure storage points were modelled as
centroids per 610 m x 610 m quadrant outside of Kewaunee county indicating a density of
manure storage points within the quadrants adjusted for high-density developed areas and dairy
rotation. The simulated density outside of Kewaunee county was set to the actual density inside

of Kewaunee county.
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Figure A.2 Observed manure storage density per each 610 m x 610 m quadrant in Kewaunee

County and simulated manure storage density per each 610 m x 610 m quadrant outside
Kewaunee County.

Al.3 Bovine Bacteroides Primer Sets

To provide estimates of fecal contamination from specific hosts, copies of genes can be
quantified. These are genes that have been verified to be specific or associated with certain
animal hosts. The observation of these in the environment can be used to understand which
animal hosts might be contributing to fecal contamination. The field which focuses on this is
called microbial source tracking 2.

In our study, our objective is to understand the impact AFOs and manure application

fields have downstream in riverbed sediment. We have chosen to utilize a ruminant-specific fecal
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marker, BoBac %%, that is highly associated with cattle, in particular. Because measured copies of
this gene can vary due to things like biomass or extraction rates, we normalize by a measure of
biomass done by measuring the copies of 16S rRNA, which is present in all bacterial species.

To measure these gene copies, we have used the methodology described in Layton et al.,
who use quantitative Polymerase Reaction Chain (QPCR). Essentially, this method relies on
primer sets binding to target genes and measuring a fluorescent light that is produced due to a
probe when this binding occurs. In order to make this method work the following information is
needed: the primer sets, product size, and annealing temperature. These are provided in Table
A.2 for BoBac and 16S rRNA. For more details see Layton et al. 3¢

Table A.2 Primer sets (forward, reverse, probe), product sizes, and annealing temperature for
BoBac and 16S rRNA

Size of
o ot Ameaing,
Pairs)

BoBacF 5'-GAAG(G/A)CTGAACCAGCCAAGTA-3’
BoBac BoBacR- 5-GCTTATTCATACGGTACATACAAG-3’ 100bp
BoBacProbe- (FAM)TGAAGGATGAAGGTTCTATGGATTGTAAACTT(BHQ-1)-3’
Universal V3 region primers
314F- 5-CCTACGGGAGGCAGCAG-3' 204bp 58 °C
518R- 5-ATTACCGCGGCTGCTGG-3'

57°C

16S
rRNA

Al.4 Relative versus Absolute Abundance

The absolute abundance of BoBac in a sample (gene copies/g) has variability that is
influenced by factors driving the variability of BoBac in the environment, as well as extraneous
factors explaining the variability of the overall microbial biomass in the sample (as quantified by
16S rRNA gene copies), including laboratory factors such as biomass extraction rates factors,
and climatic factors influencing the microbial community as a whole. By normalizing the
absolute abundance of BoBac with 16S rRNA, we obtain a relative abundance (BoBac copies per
16S copies) that captures the proportion of BoBac in the microbial biomass. This variable offers

two potential attractive features: It lessens the effect of laboratory variability on extraction rate of

123



biomass, and it has variability that is influenced by environmental factors that are more specific
to Bovine Bacteroides, a bovine marker, rather than the larger microbial community.

Temporal averages of the relative abundance are shown across sites in Figure A.3 with
relation to some of the available spatial databases such as Wiscland2 land cover and a county
database of AFO manure storages within the boundaries of Kewaunee County. One site is not

within this frame and is located in Door County just north of Kewaunee.
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Figure A.3 Spatial distribution of sampling sites with measure of the temporally averaged
relative abundance of ruminant Bacteroides from lowest values (yellow) to highest (maroon) in
relation to AFO manure storages from a county database, land cover categories, overlaid on
Digital Elevation Model. Blue shaded areas indicates wetlands land-cover, red is impervious
surfaces, green is forest, and yellow is cropland from the Wiscland2 land-cover database. Lake
Michigan is the light blue background.

Al.5 Relative Abundance Ratio
A1.5.1 Classical definition of risk ratio

Let’s consider the case where z; is the risk of an adverse health outcome for the i-th

observation of some study, and we use the natural base log to define the log risk y; = log (z;).
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Without loss of generality, let’s consider the case where y; is expressed in terms of a linear
regression with respect to two predictors

= Y= By + Bix® + Bx?P + ¢ Eq. A3
yi = log (z;) = Bo + Brx; Bax; &y (Eq. A3)

(1

i

()

where S, and B, are the linear regression coefficients for predictors x ) and X;

, respectively.
The risk ratio for predictor x(¥ is defined as the ratio of risks for a one unit increase in xV:

™ 41 ™41
=0 = enp g (L)) = expon(er® 1)) - toa(e(e9) )

= exp ((Bo + Fu(x® + 1) + B2 @) = (Bo + Bix® + pox@))

= exp ((Bo + Brx® + By + @) = (Bo + 1x™® + B,x?)) = exp(By)
— b

Hence, the RR for predictor 1 is obtained by raising e to the power of 3,

A1.5.2 Definition of relative abundance ratio for log10 transformed data

We now consider the case where z; is the relative abundance of BoBac (BoBac gene
copies per 16S rRNA gene copies) in the i—th sample, and the response variable in the regression
is the log-base-10 of the relative abundance, y; = log,, (z;). Using Equation 3.1 when there are

no modifier, and focusing on source u, we get

Vi = log () = Bo+ -+ Bus( + -+,

where S, is the intercept and £, is the linear regression coefficient for si(“). Similar to a RR, we
can define the Relative Abundance Ratio RAR™ as the ratio of relative abundance for a one

standard deviation increase in source u, i.e. RAR™ = z(s™ + 1) /z(s™). It follows that

z(s™ +1
log;0(RAR™) = logy (%) = logyo(z(s™ +1) ) —logio(z(s™) )

= (Bo+ -+ 3u(s(u) + 1) 4+ )= (Bo+ -+ Bys® + )
=By + -+ Bus@+B,+) =B+ + Bys™ + )t e) = By
which yields

RAR®W = 10Pu
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Hence, the RAR for source u is obtained by raising 10 to the power of £,,.
Similarly, where no normalization occurs on the response, but the response is still 1og10
transformed, an absolute abundance ratio (AAR) can be calculated as
AAR™ = 10Pu

AL.6 Selecting the Hyperparameters of the Precipitation Predictors P1 and P2

The more recent precipitation variable P1 is calculated, for a given time t, as the
weighted average of precipitations prior to t, with a weight that decreases over a time range ap;
(Eg. 3.4). The less recent precipitation variable P2 is calculated for a time range ap, (EQ. 3.5)
extending further back in time, i.e., ap,>ap;. Recent precipitations generally increase microbial
contamination because rain transport microbial contaminants that have deposited on land, while
less recent precipitations may wash off that deposit and therefore have a diminishing effect on
microbial contamination. Hence, the regression coefficient f; > 0 represents the main effect that
recent precipitation has on microbial response, while 8, < 0 represents the diminished effect due
to washout from less recent precipitation. We obtain the hyperparameters a; and a, by
minimizing an objective function f»(ap;, @p,) that maximizes the difference between £; and 3,
when f; is positive and statistically significant, or otherwise simply maximizes the main effect
B, 1.e.,:

—(B1(apy) — Ba(apy)) if By (apy) > 0 and p — value(B; (ap1)) < 0.05

- Eq. A4
1/10F1(ap1)) otherwise (Eq )

fr(apy, apz) = {

where B, (ap,) and B,(ap,) are the regression coefficients in the microbial regression equation
(Eq. 3.1) restricted to the climatic variables (P1, P2, and Freezing). The values for ap; and ap,
are selected by minimizing the objective function subject to the constraint ap,>ap;.

This objective function has two distinct regions in the (ap,, @p,) Space constrained to

ap,>apq, corresponding to line 1 and 2, respectively, of Eq. S4. The first region consists of the
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(apq, ap,) values such that ap,>ap,, and for which the conditions B, (ap;) > 0 and p —
value(B;(ap;)) < 0.05 are met. In that region, minimizing the objective function is done by
maximizing the difference between B, (ap;) and B, (ap,), which is our goal, and translates with
a negative objective function. The other region is where the condition is not met. In that region
the exponentiated form of the objective function guarantees that the objective function is
positive. Hence if both regions exist, then the minimum will be in the first region where f3; is
positive and statistically significant and the difference between f, and g, is maximized. If the
first region does not exist, then only the second region exist. Minimizing the objective function
in the second region is effectively the same as finding the value of a; that maximizes ;.

The minimization with constraint was implemented using the constrained minimization
function fmincon.m in MATLAB version 2018b.

Al.7 Selecting the Hyperparameters for the Contamination Source Terms Using
Constrained Optimization

Al.7.1 Tutorials and examples using simulated data

Al.7.1.1 The set up
In the FIT framework we select the hyperparameters a® of the source terms s (a®)

in the microbial regression equation (Eq. 3.1) by choosing those that maximize the RAR (10fx)
for some training set of observed outcomes yi, where y; = log,,( z;), and zi (copies of BoBac
RNA per copies of 16S RNA) is the relative abundance of BoBac.

In order to illustrate how the approach works without loss of generality, we present here a
tutorial using simulated data for the case where there is only one source term in the microbial
regression equation (Eq. 3.1), and when this source term follows the Euclidean model, i.e., it
corresponds to the sum of exponentially decaying contributions (SEDC) from source locations.

Hence, in this case, the observation y; at sampling location i is expressed as
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y; = Bo + ﬁusi(u)(aéu)) + & (Eg. Ab)
where 3, is the intercept, 3, is the linear regression coefficient, ¢; is a random measurement
error, and the standardized predictor si(“)(a(“)) is expressed as the z-score of the sum of

exponentially decayed contributions from surrounding sources j:

—3p,,®)

si(u)(aéu)) = z — score (Z?’:O Coje ) (Eq. A6)

where Di(f) is the Euclidean distance between sampling point i and source j, Cy; is the initial

value of y at source j, and a,g“) is the Euclidean hyperparameter corresponding to the distance

away from a source where an initial source concentration of Cy; is reduced by 95%.

The problem at hand consists in estimating the hyperparameter aé”) given some
observational data y;. In this tutorial we illustrate how the hyperparameter is estimated by
creating a simulated truth where the hyperparameter value a,g”) is known, from this simulated

truth we create a training dataset of observed values yi, using these observed values we apply our

method to obtain an estimate d,g”) of the hyperparameter value, and we compare the estimated

W)

hyperparameter value d,g“)with its simulated truth a .

Al.7.2 Simulating the truth

The simulated truth is shown in Figures A.4(a) to A.4(c). We set the simulated truth as
having the 100 source locations j shown in Figure A.4(a). Each source location j generates an
initial value Cy; that decreases exponentially away from the source. For this simulation, all Cy;

are set equal to a relative abundance of 1 (log10(BoBac copies/16S rRNA copies)). We set the

true exponential decay range to aéu):Z km. Using this hyperparameter value, we may determine
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1)

the standardized predictor, s; (ag)), across our study area as shown in Figure A.4(b).

Additionally, the true response, y, is modeled in Figure A.4(c) as
y =15+0.255" (") (Eq. A7)

where Eq. (A7) was modeled using the hyperparameter value, ag) as2km, Byissetto 1.5
log10(BoBac copies/16S rRNA copies), and S; is set to a 0.25 (log10(BoBac copies/16S rRNA
copies)) increase in the response per one standard deviation-increase in the SEDC. This
corresponds to an RAR or 1.778 (unitless).

Then we simulate an observed response, y, as modeled in Figure A.4(d) as

y=15+0255"(af”) + (Eq. A8)
where some measurement error, ¢, is added as 10% of a randomly generated, normally
distributed variable with a mean of 0 and a standard deviation of 1.

We randomly select 90 points from our study area in order to simulate 90 sampling sites

where there are observed responses determined by Eg. (A8) shown in Figure A.4(d).
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Figure A.4 From left to right: a) source locations in a study area which is outlined in red, b) true
contributions to polluting agent with the knowledge of the exponential decay range of pollution
emitted from sources, s («; = 2km), across the k points of the study area, which is not known, c)
true concentrations of the polluting agent across the study area, y, = g, + B.s™(«; = 2km) , Which is
unknown d) observed concentrations of the polluting agent at each i sampling site, y, = g, +
Busi(")(aE =2km) +¢;
Al.7.2.1 Performing the experiment

In order to model the true response (Figure A.4(c)) as best as possible, the true

exponential decay range af,”), needs to be estimated. The challenge is how to estimate this

hyperparameter. A numerical approach to this estimation is to select different hyperparameter

D

values to construct the standardized predictor, s; (ag)), compare the standardized predictor to

the observed response (Figure A.4(d)) using a regression, and then observe the estimated
coefficients and model fit from the regression. In Figure A.5(1a) the standardized predictor,

W)

s.(l)(ag)), has been modeled using an experimental exponential decay range, o *, equal to

i
0.815 km. From the regression shown in in Figure A.5(1b), we obtain an R-squared of 0.62 and a
standardized regression coefficient indicating an increase of 0.218 in the relative abundance
(log10 copies/16S rRNA) for a one standard deviation increase in the sum of exponentially
decaying contributions from sources. Alternatively stated, the RAR is 1.65. The resulting model
from this first example’s experimental decay range can be seen in the background of Figure
A.5(1c) and compared to the observed values shown in the points, which are the same as shown

in Figure A.4(d). We see that in Figure A.5(2a) looks nearly identical to Figure A.4(b). Figure
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A.5(2b) shows a regression where the residuals are relatively small compared to Figures A.5(1b)
and A.5(3b). This is reflected in its having the highest R-squared. Additionally, the standardized
regression coefficient in the second example is closest to that of the simulated model of 0.25.
These are only three examples of experimental exponential decay ranges. Among these three, the
second example would be the best selection as an estimate of the true exponential decay range

due to the model fit or the estimate of the true standardized regression coefficient from Eq. (A7).
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Figure A.5 Demonstration of estimating the hyperparameter value, az, numerically. A different predictor variable can be constructed
with different hyperparameter values to create a map predicting the response that is observed (here as relative abundance of a gene)
for sampling locations. In examples 1-3 (distinguished by rows), column (a) shows the standardized predictor or the z-score of the

SEDC, sl.(l)(ag)), for different values of the hyperparameter value, az. In examples 1-3, the hyperparameter values are 0.815 km,

1.95 km, and 3.85 km. Column (b) shows a regression of the standardized predictor (unitless) against the response, which in this
example is a relative abundance (log10 copies /16s). Column (c) compares the predicted values using a regression model with
experimental hyperparameter in the background and the observed values at the 90 sites as dots.



Experimental exponential decay ranges could be attempted for a range of values from 0 to 6
kilometers. The R-squared and standardized coefficient values could be obtained from each of
these regressions to plot what these values look like as a function of the experimental
exponential decay ranges. Figure A.6 shows what these plots look like and demonstrates that a
peak occurs for the model fit and RAR (function of the standardized regression coefficient) at
approximately az = 1.95 km. This value rounds to 2 kilometers, which was the true exponential

decay range.

= = Example 1, aE:0.815

L A - Example 2, ap=1.95 ]

===« Example 3, aE:3.85
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[ ] |
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Figure A.6 Normalized R-squared and RAR values as a function of experimental exponential
decay range hyperparameter values. The three examples from Figure A.5 are shown in black
lines from left to right. Example 2 happens to exist at the peak of both R-squared and RAR
curves.

An in-depth tutorial and interactive demonstration of the SEDC and selecting
hyperparameters can be found at the following link:

https://mserre.sph.unc.edu/BMElab_web/SEDCtutorial/. In this example there are 7 sources (or

source nodes of the same source type) and 20 sampling locations. Additionally, the truth has
been simulated twice. In the first example the true exponential decay range is also 2 km.

However, in the second example, the true exponential decay range has been set to 4 km.
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Al.7.2 Implementation details for BoBac in Kewaunee County

For both the “Find” and “Inform” stages, the RAR was derived from the coefficient
resulting from a weighted regression, where each spatial location was equally weighted to
account for samples missing at random. For the “Find” stage, to find the hyperparameter values
which maximize the RAR from a weighted regression, the function, fmincon.m, was used in
MATLAB 2018b for constrained minimization. The interior-point algorithm 2°, which is the
default option, was used and the objective function was set to 1/RAR in order to find which
hyperparameters correspond to the maximum RAR. For the “Inform” stage, a penalty, ¢ (y¢, 0p)
is added to the objective function. This penalty is based on the shape function, ¢ (ys, ap) (EQ.
A9, Figure A.7 which penalizes combinations of y; and «, yielding poor regression and
mapping qualities (i.e., non-normal residuals, estimated values of the log10 relative abundance

greater than 0).

(Ve,20)\ 100 10000-yg\®8 10000-ap\8
O(vs o) = (LX) where p(vg, a0) = (Fimte) + (Foet2)”  (Eq. A9)
4
x 10

2 1
1.5
o
o 1 0.5

0.5
0

02 04 06 08 1 12 14 16 18 2
Tg x10*

Figure A.7 Penalty added to RAR across different values of o, and y;.

Upper and lower bounds were used as constraints in the minimization search. The lower
bounds were all set to 50 m. Upper bounds for the Euclidean and ground transportation distance
parameters were set to be extremely long at 34.0 km. Due to tortuosity, the river distance
parameter upper bound was set to 340 km, a value greater than the Euclidean distance decay

hyperparameter upper bound. The overland distance upper bound parameter was set to 10 km,
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which is greater than the maximum distance from a watershed’s edge to any of the points along
the river network.

To be more likely to capture the global rather than local minimum, fifteen random

(W)

init’

restarts were used with seeding for reproducible results. When the initialization point, a

corresponds to a slope of 0 for the objective function, it was considered a locally flat minimum

(w)

and the associated optimal hyperparameter value was set equal to the initialization point, a;,,;,.
For each random restart, we got an optimal hyperparameter, @™, and objective function value
f(@™). The hyperparameter that was selected was that which corresponded to the most
minimum objective function value from all the restarts. If there were ties between the minimum

objective function values, f(@®™), resulting from different initialization points, then the

hyperparameters, @™, corresponding to those tied minimum objective function values were
averaged.

A1.8 Details of the Reliability Score Calculation

For each potential contamination source u, we have various candidate databases d that
provide the locations of that source. We want to calculate a reliability score for each of the
candidate database, so we can rank them and select the one that most reliably represents a source.
For instance, for u=AFO, we may have four candidate databases denoted by index d=1, 2, 3 and
4, and we may want to select only one of these three candidate databases that most reliably
captures the contamination effect that AFOs have on BoBac in sediment. Here we define
reliability as the degree to which the effect that is calculated remains the positive when we
change from the training set to the validation set. First, we consider the microbial regression
equation (Eg. 2) without climatic variables and the source term u, i.e., the following equation,

which we refer to as model a:
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Model a: y; = By + Bus ™ (a®) (Eq. A10)
where y; is the observed logio relative abundance of BoBac at sample i and £, is the regression
coefficient measuring the effect of the source u where the source predictor values sl.(”) (a®@) are

calculating with one of the source models (Egs. 3.6-3.8) with hyperparameter a™. We divide
the observations y; into k=5 test sets of approximately equal size (5-folds). A training set is
defined by all of the other sets. We select the hyperparameter a™ by finding that which

maximizes £, in model a for each training set, and we denote that selected hyperparameter as

~(u)

a ~u)
training_k*

Using @, 4inin, 1 We re-calculate the regression coefficient using model a with the

. A database that reliably represents a source u should yield

test set, and we denote it as B

similar positive values of ¢ for each k" fold.
An important component of the reliability of the database is if it produces similar signs
for the regression coefficients. We assess this through the Sign Stability Score SSS calculated as

5
SSS = ( Z 1( g > 0)) +1

test=1

(Eq. A1)

The higher the SSS, the more often that a hyperparameter, &E’T‘)

aining kv Selected using the
training data produced a source term for the test data that was positively associated with the
microbial response. If a database for source u yields an SSS of 1 it means that this database
indicates that source u does not increase contamination. The maximum value of the SSS is a
value of k+1, means that for unseen data, a hyperparameter can be selected that can be used to

construct a predictor such that the slope for that term from a regression consistently indicates that

source u increases contamination.
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Another important component of reliability of the database is if the magnitude of the k!

effect, fL79) s strong. We assess this through taking the sum of the B¢ across the folds
to represent an average magnitude, M.
k
M= Y3qeq B (Eq. A12)
Lastly, those databases that produce consistently positive coefficients, ﬁ&te“-k) >0,
have a small standard deviation of the coefficients, o pltestho-
1 k k
T giestio) = \/;2{.;1( pltesth) _ pltestklyz (Eq. A13)
where p%Fis the mean of the coefficients g5

Do to all of these components, our overall reliability score RS rewards high SSS, high M,
and low o sty Values. This is done using the following formula:

RS = SSS X M /(0 yestr) (Eg. Al4)

Al.9 Details on Performance Statistics and Cross-Validation
A1.9.1 Performance statistics

Stepwise selection of the predictors in the linear regression model (Eg. 3.1) was
performed using the Akaike Information Criterion (AIC) which rewards fit but includes a penalty
that increases with the number k of predictors. The AIC is given by
AIC=2k — 21 (Eq. A15)
where | is the log-likelihood function for the linear regression. For example, if, without loss of
generality, we let B be the regression coefficient value for the first predictor considered, a2 be the
variance of the error terms, y be the vector of the response values, and x be the vector of values for

the predictor considered, then the log-likelihood function | is expressed as

1(B,0%y,%) = In(L(B, 0%y, %)) = —gln(Zﬂ) - %ln(az) - ﬁﬂvﬂ(}’i —x;8)* (Eq. Al6)
Stepwise selection consists in adding predictors one at a time until the AIC fails to decrease.

Since the AIC includes a penalty for the number of predictors, then overfitting is discouraged,
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which is desirable because increasing the number of predictors in the model almost always
improves the goodness of the fit.

Similarly, we used the adjusted R-squared, R?, to assess the fit of the final models. R-
squared is a measure of fit and the adjusted R-squared, R?, penalizes when there are additional
variables. The inputs of these metrics include the observed response values, y;, the predicted
values, ¥;, the mean of the response, y, the degrees of freedom of the estimate (d f,= n-1) and the
degrees of freedom of the estimate of the underlying population error variance (d f,= n-k-1),
where n and k are the sample size and the number of predictors, respectively. Using these inputs,

R? and R? are expressed as

2 _ 4 X0i=9)*
R =1 S (Eq. AL17)

_ _5)\2
RZ =1 _Z(Yl Yi“/dfe

Li-y)?/dft (Ea. A8)

A1.9.2 Cross-validation for “Test” step of the FIT framework

In order to understand how our selections from the “Test” step would work for unseen
data, we used a 6-fold cross validation on the stepwise selection of predictors for our 90
observed response values. For this 6-fold cross validation, the 90 observed response values were
stratified randomly into 6 distinct sets of 15 observed values each. Each of these set (or fold) was
used one at a time as the validation set (of size 15) and held out. The remaining 5 sets were
combined as the corresponding training set (of size 75) to select the predictors using step wise
AIC selection, and the selected predictors were used to predict the response values for the
validation set that was held out. The result of this 6-fold cross validation is shown in Table A.5.
The selected predictors for each fold are shown in shaded cells, along with the average root mean
square error (rMSE) quantifying how the 15 predicted values for that fold match the

corresponding 15 validation values that were held out.

138



A1.10 Details of the Reliability Score Results

Detailed reliability scores are given in Table A.3. In comparing the reliability of the
databases to represent sources of bovine Bacteroides in the sediment, we find that reliability
scores are higher for GORF-modeled source predictors, followed by ORF, and then Euclidean.
The GORF, ORF, and Euclidean models utilize 3, 2, and 1 hyperparameters, respectively.
Because of this, there is a higher risk of overfitting for GORF-modeled predictors, which would
yield less consistently positive coefficients describing the effect of the source locations on the
response. Instead, we find that for this study the GORF-modeled predictors more consistently
represent sources (SSS ranging between 3 and 5) than the ORF (SSS ranging between 1 and 5) or
and Euclidean (SSS ranging between 2 and 5) predictors, and that this conclusion holds, for both
AFO and manure application field predictors. This indicates that, regardless of the spatial
database used, the GORF-modeled source predictors are more consistently being associated with
contributions versus reductions. Additionally, the weighted standard deviation on the coefficient
(Eq. A13) is higher for Euclidean versus ORF-modeled AFO and manure application field source
predictors. Overall, this indicates that source predictors are more reliable when the modeling
approach accounts for processes relevant to a river network, such as overland and river distance
and flow and ground transportation to manure fields.

Across all modeling approaches, the databases most reliably representing AFOs as
sources of bovine fecal contamination was the state database of geocoded CAFO locations from
WPDES permits. CAFOs are AFOs with >999 animals, representing somewhat of a subclass to
AFOs. It is possible that only AFOs of a certain scale are consistent sources of bovine fecal
contamination, but it is also possible that the data quality associated with WPDES permits leads
to a more reliable database compared to the county manure storage databases. The databases

most reliably representing manure application fields as sources of contamination was dairy
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rotation land cover, which is a subclass of the crop rotation land cover, which receive daily haul

manure.

Table A.3 Reliability score for the candidate database options associated with each potential
contamination source of bovine Bacteroides (BoBac) in river sediment. Also shown is the sign stability

scores (SSS, Eq. A1l) and the weighted standard deviation on the coefficient (o), which are used in the
calculation of the reliability score. The database with the highest reliability score for each potential source
is selected and shown in bold face. The databases were obtained from the following providers: County

Database (Kewaunee County Land and Water Conservation), DNR WPDES Database (Wisconsin DNR),
Wiscland-2 Land Cover Database (Wisconsin State Cartographer’s Office)

Modelling - Average -
Approach Potential SLgP Magnitud Reliabilit
Contaminatio Candidate Spatial Database Stability y Score
n Source (*) Score SSS SSSx M RS
(Eqg. Al1) (Eq. A12) (Eq. S14)
Euclidean AFO Option 1: County Database of Manure 2 -2.95 -7.18
Storages (weighted)
Option 2: County Database of Manure 2 -3.16 -7.92
Storages (unweighted)
Option 3: WPDES Database of CAFOs 4 3.11 5.92
(unweighted)
Option 4: WPDES Database of CAFOs 5 5.56 14.3
(weighted) *
Manure Option 1: Land Cover Database of Crop 4 1.03 2.63
Application Rotation
Fields Option 2: Land Cover Database of 4 1.99 5.28
(ManureApp) Dairy Rotation *
ORF AFO Option 1: County Database of Manure 1 -1.98 -6.17
Storages (weighted)
Option 2: County Database of Manure 2 -3.60 -9.54
Storages (unweighted)
Option 3: WPDES Database of CAFOs 1 -1.19 -4.29
(unweighted)
Option 4: WPDES Database of CAFOs 1 -1.10 -3.84
(weighted) *
Manure Option 1: Land Cover Database of 5 1.74 3.39
Application Crop Rotation *
Fields Option 2: Land Cover Database of Dairy 4 -1.36 -2.41
(ManureApp) Rotation
GORF AFO manure AFO Option 1 Ground Transported to g -2.04 -3.67
ground ManureApp Option 1
transported to AFO Option 1 Ground Transported to 3 -1.59 -3.04
Manure ManureApp Option 2
Application AFO Option 2 Ground Transported to 3 -1.90 -3.48
Fields ManureApp Option 1
AFO Option 2 Ground Transported to 3 -2.20 -3.82
ManureApp Option 2
AFO Option 3 Ground Transported to 5 2.33 4.36
ManureApp Option 1
AFO Option 3 Ground Transported to 4 2.25 5.28
ManureApp Option 2 *
AFO Option 4 Ground Transported to 4 0.0161 0.0305

ManureApp Option 1
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AFO Option 4 Ground Transported to 4 1.60 3.45
ManureApp Option 2

(*) AFOs are potential contamination sources because they are where manure is stored. Manure Application Fields
(ManureApp) are potential sources because they are where manure is land applied for nutrient management or
fertilizer

Al.11 Details of the hyperparameter Results and Statistics for Source Terms

Hyperparameters describing Euclidean, overland and river distance, and ground
transportation from the various spatial predictor models were successfully selected using the
objective function to inform the spatial predictors explaining the relative abundance of bovine
fecal contamination. See Figure A.8. Maximum values correspond to objective function
minimums. For source predictors constructed with more than one hyperparameter, the figures
represent transects of the inverse objective function or RAR surface at the maxima. Figure A.8(a)
shows a peaking curve with a defined maximum across the Euclidean exponential decay ranges.
Figure A.8(b) shows a clear peak before 50 m across the ORF river distance exponential decay
ranges, but the minimum value is constrained to 50 meters. Across the overland exponential
decay ranges in Figure A.8(c), there is a slight peak, but it appears relatively flat. For the GORF
approach, hyperparameter transects can be seen in Figure A.8(d-f). Here there is a strong peak
for the ground transportation hyperparameter y and river distance hyperparameter, ay.
However, a locally flat maximum exists for a,. The selected hyperparameter is an average of the
initialization points that corresponded to the maximum RAR. One possible reason for the flatter
curves associated with overland exponential decay ranges seen in Figure A.8 (c) and (e) may be
the presence of tile drainage in Wisconsin where clay and concrete pipes have been placed under
and around cropland areas in order to allow roots to grow deeper and be less likely submerged in
water during wetter seasons. These drain tiles might convey agriculture liquids out to streams
and rivers over longer distances than would occur without them. Unfortunately, no spatial

databases capture these drain tiles at finer spatial scales than the county level.
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Figure A.8 Maxima obtained from the “Informing the Source Predictors” step of the FIT
framework. (a) Euclidean approach for ManureApp (b) Transect across aj at overland
hyperparameter maximum (a, = ;) for the ORF approach for ManureApp (c) Transect across
@, at river distance hyperparameter maximum (ar = ay) for the ORF approach for ManureApp
(d) Transect across y; at overland hyperparameter maximum (a, = a) and river distance
hyperparameter maximum (ag = ay) for the GORF approach for AFO ground transport to
ManureApp (e) Transect across a,, at the ground transportation hyperparameter maximum

(ye¢ = y¢) and river distance hyperparameter maximum (ar = a) for the GORF approach for
AFO ground transport to ManureApp (f) Transect across ay at the ground transportation
hyperparameter maximum (y; = y.) and overland hyperparameter maximum (a, = «a;) for the
GORF approach for AFO ground transport to ManureApp
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Table A.4 Predictor means and variances after using the sum of exponentially decaying
contributions models with the selected hyperparameter values for spatial and temporal factors.

Predictor Mean Std. Dev.
Euclidean AFO
(AFO manure production units/g sediment) 8700 1730
Euclidean Manure Application Fields 4680 2180
(manure units/g sediment)
ORF AFO
(AFO manure production units/g sediment) 3.84e-19 1.59-18
ORF Manure Application Fields
(manure units/g sediment) 0.729 1.95
GORF AFO manure ground transport to manure application fields 0.00230 0.00500
(manure units/g sediment) ) '
More Recent Precipitation (P1) i i
(cm of precipitation over 0.177 days) 7.65¢-08 9.55¢-08
Less Recent Precipitation (P2)
(cm of precipitation over 2.04 days) 0.737 0.459

A1.12 Details on the Predictive Ability of Climatic Variables

We find that all three climatic variables were selected. Freezing temperature exhibited the
largest effect on the relative abundance of BoBac, likely due to laws restricting liquid manure
application in freezing temperatures.?®! The RAR for more recent precipitation, P1, was 9.90 (CI:
4.26, 23.0). However, for a one standard deviation increase in antecedent precipitation, P2, the
contributions from precipitation were reduced by a fraction, 0.602 (CI: 0.311, 1.16). These
precipitation effects support the diminishing effect of antecedent precipitation on recent
precipitation and washout effects.304087.137.262 Many mechanisms might contribute to the
variability explained by precipitation including runoff processes®®2¢3 and seasonal trends.?5*
Greater seasonal variability was observed in September and October, a time when manure is
heavily applied following harvest.*3*

A1.13 Details on Cross-Validation Results

The results show that the GORF model always selects the “AFO ground transport to
ManureApp” predictor, and that the resulting rMSE is lower than the corresponding ones for the
Euclidean and ORF models, which did not use the “AFO ground transport to ManureApp”

predictor.
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Table A.5 Results of the 6-fold cross-validation of test stage of the FIT framework. The shaded
cells show which predictor was selected for each of the fold. The column named rMSE shows
the root mean square error for the validation set that was held out.

Euclidean ORF GORF
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Al.14 Results of the FIT Analysis for the Absolute Abundance of Sediment Bobac
A.1.14.1 Results from the FIT framework

In the paper we present results of the microbial FIT framework for the relative abundance
of BoBac. Here, for comparison purposes, we use the same microbial FIT framework to model
the absolute abundance, using the same climatic variables and same microbial source models
(Euclidean, ORF and GORF). Overall, the results for spatial predictors were similar for absolute
abundance (Table A.6) compared to the relative abundance (Table 3.1). For example, the effect
for GORF modeled CAFO ground transport to manure application fields was greater than the
ORF manure application, and the confidence interval for the GORF approach was narrower than
for the ORF. However, the increase in the magnitude and significance of the climatic effects
shows that absolute abundance appears to be driven more by climatic factors. This supports the
hypothesis that using the absolute abundance, rather than normalizing by 16S, represents
variability of BoBac as part of a fuller microbial community that is reacting to climatic
variability and potentially other unaccounted for factors influencing the microbial community as

a whole.
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Table A.6 Standardized regression coefficients, (s, absolute abundance ratio, optimized
hyperparameters, os, adjusted R-squared, and cross validation statistics with climatic (shaded in
grey) and spatial (not shaded) explanatory variables for the Absolute Abundance of Bovine

Bacteroides per gram of sediment.

Standardized

H Regression Absolute Abundance
Model Explanatory yperparameters Coefficient Ratio
Variables « B 10P (95% ClI)
P1 ap; =0.0082 days 1.12(*) 13.2 (6.12, 28.3)
Euclidean P1xP2 ap,=2.77 days -0.483(*) 0.32196(5()).115(3,2 %.26061)
. .69e-4 (2.62¢-
Freezing -3.77(%)
Adjusted R?=0.472 5,0.0011)
AFO ag =50.0m NOT SELECTED NOT SELECTED
ManureApp ap =864 m NOT SELECTED NOT SELECTED
P1 ap, =0.0082 days 1.12(%) 13.1 (6.20, 27.8)
Overland and P1xP2 ap,=2.77 days -0.475(*) 0.335 (0.184, 0.610)
River Distance - : - 1.82e-4 (1.12e-4,2.96e-
Flow (ORF) Freezing -3.74(%) 2)
ap=51.7m,az=70.0
Adjusted R?=0.492 AFO m NOT SELECTED NOT SELECTED
ManureApp ~ %0=240 km yap=69.1 0.237(*) 1.72 (1.06, 2.81)
Ground P1 ap, =0.0082 days 1.11(%) 13.0 (6.16, 27.5)
Transport, P1xP2 ap,=2.77 days -0.482(*) 0.237 (0.182, 0.560)
Overland and : 1.32e-4 (1.20e-4,
- . Freezin -3.71(*
River Distance - . ) 3.17e-4)
Flow (GORF)
AFO ground g 74 km, @o=17.15
. transport to _ 0.252(*) 1.79 (1.10, 2.91)
Adjusted R?=0.496 ManureApp km, ag=50.6 m

*indicates a p-value <0.05
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APPENDIX 2: SUPPLEMENTAL INFORMATION FOR AIM 2

A2.1 Details on the Distributions of the Absolute Abundance and 16S-Rrna Values Between
and Within Sampling Events

Figure A.9 provides details on the distribution of the absolute abundance of BoBac and
HuBac per gram sediment or per 100 mL of surface water. The least within-sampling event
variability is observed for February. The greatest within-sampling event variability for sediment
is observed in October, while the greatest within-sampling event variability for surface water
may be for the July or September sampling events. There is substantial between-sampling event

variability observed for February and July for each of the respective responses.
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Figure A.9 Distribution of absolute abundance values across sampling time for each response,
BoBac and HuBac, and for each sample type (i.e., sediment and surface water). The boxes show
the upper and lower quartiles for each response and sample type. The middle line of the box
represents the median. The tapered shaded area around the middle line shows the 95%
confidence interval around the median. Sampling times are 13-Jul-2016, 14-Sep-2016, 25-Oct-
2016, 24-Feb-2017, and 22-May-2017.

Figure A.10 depicts the between and within event variability for 16S-rRNA copies per
gram sediment or per 100 mL. The lowest concentrations in sediment and highest concentrations

in surface water occur during the October sampling event. The lowest of the median
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concentrations between sampling events for surface water occurs for the May sampling event.
The highest of the median concentrations between sampling events for sediment occurs for the
July sampling event.

Figure A.11 summarizes precipitation and temperature changes occurring throughout the
sampling period. Precipitation appears to follow the temperature trend, which has implications
for collinearity in the model. This is one reason that freezing temperature was preferred in the

modeling approach to Temperature in degrees Celsius.
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Figure A.10 Distribution of the abundance of 16S rRNA copies in sediment and surface water
across different sampling times
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Figure A.11 Monthly average temperature and daily precipitation shown for dates between
January 1%, 2016 and August 1%, 2017. The dates of the 5 sampling events are shown in yellow.
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A2.2 Details on the Spatial Distributions of the Relative Abundance of Host-Associated
Responses Averaged Across Sampling Events
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Figure A.12 Spatial average of the relative abundance (log10 gene-copies-per-16S-rRNA) of
each host-associated marker measured in surface water and sediment a) BoBac in sediment b)
BoBac in surface water ¢) HuBac in sediment d) HuBac in surface water.
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A2.3 Details on the Types of Sources and Candidate Databases of Spatially Distributed Sources

Table A.7 Source types, candidate spatial databases, database descriptions, and description of pertinent host-associated pollution
associated with the source type and rationale

Source Potential Contamin. Candidate Spatial I Host-associated
Type, u Source Database description .
Database Pollution Concern
(Abbrev.)
1 Animal Feeding Option 1: County Database Database providing centroids of each manure storage in
Operations of Manure Storages Kewaunee County weighted by the storage capacity of
(weighted) the manure storages in log total gallons of manure as
(AFO) determined by the estimated dimensions of the manure
storages. When this information was unavailable, an Bovine: dairy cattle
average of the available data on log total gallons was manure
applied. The database was made in 2014. Data was
provided through personal communication with the
Kewaunee County Land and Water Conservation
Department
Option 2: County Database Same provider as above but the centroids are equally
of Manure Storages weighted. In other words, they were not weighted by Bovine: dairy cattle
(unweighted) storage capacity in log total gallons. manure
Option 3: WPDES Database  Database providing locations of Wisconsin WPDES
of CAFOs (unweighted) Permitted Concentrated Feeding Operations (CAFOSs),
which are AFOs with >999 animals, in effect in
Wisconsin as of January 2017 using geocoded addresses Bovine: dairy cattle
from WPDES permit data. CAFOs
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/
rest/servicessf CAFO_WIDNR_2017/FeatureServer
Option 4: WPDES Database  Database providing locations of Wisconsin WPDES
of CAFOs (weighted by Permitted Concentrated Feeding Operations (CAFOS),
animal units) which are AFOs with >999 animals, in effect in
Wisconsin as of January 2017 using geocoded addresses Bovine: dairy cattle
from WPDES permit data. CAFOs
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcqis/
rest/servicessf CAFO_WIDNR_2017/FeatureServer
2 Manure Application Fields Option 1: Land Cover Database of crop rotation land cover polygon centroids Bovine: cattle manure

Database of Crop Rotation

weighted by the area of the land cover polygons. “The

applied on land for



https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/CAFO_WIDNR_2017/FeatureServer
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/CAFO_WIDNR_2017/FeatureServer
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/CAFO_WIDNR_2017/FeatureServer
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/CAFO_WIDNR_2017/FeatureServer

¢St

(ManureApp)

30- meter raster layer combines land cover information
from the United States Department of Agriculture
(USDA) National Agricultural Statistics Service (NASS)
with land management information to map five-year crop
rotations over Common Land Units (CLUs)... The crop
rotation dataset was validated independently from
Wiscland 2 using data from Department of Agriculture,
Trade and Consumer Protection (DATCP) cattle
inventory records and dairy producer data, NASS crop
acreage estimates and transect surveys. The CDL datasets
on which the crop rotation layer is primarily based also
provide accuracy information by state and by class.
Reported accuracies for the Principal Crops (e.g. Corn,
Soybeans, Alfalfa, Vegetables, etc.) range from 87-93%
over the 2008-2012 period; the accuracy of the crop
rotations will differ due to the spatiotemporal aggregation
of classes and the integration of the crop classification
with CLU boundaries” *®. This data was made available
from the Wiscland-2 Land Cover Database released in
2016. https://p.widencdn.net/Ikfpeb/wiscland2 landcover

nutrient management
or as fertilizer

Option 2: Land Cover
Database of Dairy Rotation

Database is of dairy rotation land cover polygon
centroids weighted by the area of the land cover
polygons. Dairy rotation land cover is a subclass of crop
rotation land cover from the Wiscland-2 land cover
database mentioned above 1*, Dairy rotation land cover
is described by “corn grain, corn silage, and alfalfa in a
6-year rotation, with typically 2 years of corn, 4 years of
alfalfa, and a cover crop between corn and alfalfa years.
Occasionally, soybeans or a grain (e.g., wheat, barley, or
oats) are planted in place of corn” 1%, Dairy rotation
areas are typically associated with use by dairy farms and
operations for manure application and feed.

Bovine: dairy cattle
manure applied on
land for nutrient
management, as
fertilizer, and/or for
feed production

Septic Systems
(Sep)

Only option: County
Database of Drainfield
Locations (unweighted)

Database providing the centroids of drainfields in
Kewaunee County that are unweighted. When this
information was unavailable, an average of the available
data was applied. The database was made in 2014. Data
was provided through personal communication with the
Kewaunee County Land and Water Conservation
Department.

Human: septic
systems primarily
located on parcels

categorized as

“residential”.



https://p.widencdn.net/lkfpeb/wiscland2_landcover
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4 Wastewater Treatment Option 1: State Database of ~ Database providing the locations of wastewater treatment Human: wastewater
Plants all WPDES wastewater facilities under the Wisconsin Pollutant Discharge facilitieé are located
treatment facilities Elimination Program (WPDES) provided by the near to town/city
(WWTP) (unweighted) Wisconsin Department of Natural Resources (WIDNR) centers
through an open records request
Option 2: State Database of ~ Database providing the locations of wastewater treatment
WPDES Wastewater facilities under the Wisconsin Pollutant Discharge Human: wastewater
Treatment Facilities under Elimination Program (WPDES) that have municipal facilities are located
the municipal category, waste types provided by the Wisconsin Department of near to town/city
weighted by population. Natural Resources (WIDNR) through an open records centers
request
Option 3: State Database of ~ Database providing the locations of wastewater treatment Bovine: Second to
WPDES Wastewater facilities under the Wisconsin Pollutant Discharge Iivestock- agriculture
Treatment Facilities under Elimination Program (WPDES) that have municipal . ; '
. . . ’ : the primary industry
the industrial category waste types provided by the Wisconsin Department of Soon T
. in this region is dairy
(unweighted) Natural Resources (WIDNR) through an open records -
request production
5 All Land Applied Sludge Option 1: State Database of A state database of land applied sludge sites under the Human or Bovine:
Sites WPDES Land Applied Wisconsin Pollutant Discharge Elimination Program Land applied sludge
Sludge Sites weighted by (WPDES) obtained through an open records request from  that is produced and
(LAS) acreage WIDNR. The database includes information regarding applied by permittees

the types of waste produced and applied by the permittee.
The information is used to more precisely describe land
applied sludge sites by defining new source types. For
the source type, All Land Applied Sludge Sites, all sites
were considered. Acreage information was available in
this dataset. When the acreage information was missing
or listed as 0, the value was set to be the average acreage.
Here, the database is weighted by the log-transformed
acreage associated with the site.

come from municipal
wastewater or septage
(see Sep and WWTP
descriptions) or from
industrial sources.
After livestock
production, the
second largest
industry in Kewaunee
County is dairy
product production.

Option 2: State Database of
WPDES Land Applied
Sludge sites (unweighted)

Same as above, but the sites are unweighted.

Human or Bovine:
Land applied sludge
that is produced and
applied by permittees
come from municipal
wastewater or septage
(see Sep and WWTP
descriptions) or from
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industrial sources.
After livestock
production, the
second largest
industry in Kewaunee
County is dairy
product production.

Land Applied Sludge with
Non-Industrial Waste

(DomLAS)

Option 1: State Database of
WPDES Land Applied
Sludge Sites with
wastewater treatment or
septage

Same as LAS: option 1, but the type of waste produced
and applied by the permittee is classified either as
“wastewater treatment” or “septage”.

Human: See LAS
source type

Option 2: State Database of
WPDES Land Applied
Sludge Sites with septage

Same as LAS: option 1, but the type of waste produced
and applied by the permittee is classified as “septage”.

Human: See LAS
source type

Option 3: State Database of
WPDES Land Applied
Sludge Sites with
wastewater treatment

Same as LAS: option 1, but the type of waste produced
and applied by the permittee is classified as “wastewater
treatment”.

Human: See LAS
source type

Land Applied Sludge with
Industrial Waste

(IndLAS)

Option 1: State Database of
WPDES Land Applied
Sludge Sites with Industrial
Sludge

Same as LAS: option 1, but the type of waste produced
and applied by the permittee is classified either as
“industrial wastewater” or “food processing”.

Bovine: See LAS
source type

Option 2: State Database of
WPDES Land Applied
Sludge Sites with Industrial
Wastewater

Same as LAS: option 1, but the type of waste produced
and applied by the permittee is classified as “industrial
wastewater”.

Bovine: See LAS
source type

Option 3: State Database of
WPDES Land Applied
Sludge Sites from Food
Processing

Same as LAS: option 1, but the type of waste produced
and applied by the permittee is classified as “food
processing”.

Bovine: See LAS
source type

High Intensity Developed
Land Cover

(HID)

Option 1: Land cover
database of high-intensity
developed land cover as

polygon

Database of high-intensity developed land cover polygon
centroids weighted by the area of the land cover
polygons. High-intensity developed land cover is
described as “areas with 50% or greater solid impervious
cover of man-made materials. ” %, This data was made
available from the Wiscland-2 Land Cover Database
released in 2016.
https://p.widencdn.net/Ikfpeb/wiscland? landcover

Human: This type of
land cover is
primarily collocated
with downtown areas
and suburban
residences



https://p.widencdn.net/lkfpeb/wiscland2_landcover
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Option 2: Land cover
database of high-intensity
developed land cover as
gridded points

Database of high-intensity developed land cover with
source nodes that are 100 m x 100 m grid points
representing locations with that land cover type on a 100
m X 100 m and equally weighted. High-intensity
developed land cover is described as “areas with 50% or
greater solid impervious cover of man-made materials. ”
135 This data was made available from the Wiscland-2
Land Cover Database released in 2016.
https://p.widencdn.net/Ikfpeb/wiscland2_landcover

Human: This type of
land cover is
primarily collocated
with downtown areas
and suburban
residences

(AFO)

(weighted)

the manure storages in log total gallons of manure as
determined by the estimated dimensions of the manure
storages. When this information was unavailable, an
average of the available data on log total gallons was
applied. The database was made in 2014. Data was
provided through personal communication with the

9 Low Intensity Developed Option 1: Land cover Database of low-intensity developed land cover polygon Bovine: This type of
Land Cover database of low-intensity centroids weighted by the area of the land cover land cover is
developed land cover as polygons. Low-intensity developed land cover is primarily collocated
(LID) polygon described as “areas with 25% or greater solid impervious  with infrastructure in
cover of man-made materials, but less than 50%. May more rural areas such
have some interspersed vegetation. > 1®, This data was as roads, small farms,
made available from the Wiscland-2 Land Cover parking lots, and
Database released in 2016. residential areas at the
https://p.widencdn.net/Ikfpeb/wiscland2_landcover edge of semi-urban
and rural areas
Option 2: Land cover Database of low-intensity developed land cover with Bovine: This type of
database of low-intensity source nodes that are 100 m x 100 m grid points land cover is
developed land cover as representing locations with that land cover type and primarily collocated
gridded points equally weighted. Low-intensity developed land cover is with infrastructure in
described as “areas with 25% or greater solid impervious ~ more rural areas such
cover of man-made materials, but less than 50%. May as roads, small farms,
have some interspersed vegetation. ” *3° This data was parking lots, and
made available from the Wiscland-2 Land Cover residential areas at the
Database released in 2016. edge of semi-urban
https://p.widencdn.net/Ikfpeb/wiscland? landcover and rural areas
Source Potential Contamin. Source Candidate Spatial Database description Host-associated
Type, u (Abbrev.) Database Pollution Concern
1 Animal Feeding Option 1: County Database Database providing centroids of each manure storage in
Operations of Manure Storages Kewaunee County weighted by the storage capacity of

Bovine: dairy cattle
manure



https://p.widencdn.net/lkfpeb/wiscland2_landcover
https://p.widencdn.net/lkfpeb/wiscland2_landcover
https://p.widencdn.net/lkfpeb/wiscland2_landcover
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Kewaunee County Land and Water Conservation
Department

Option 2: County Database
of Manure Storages
(unweighted)

Same provider as above but the centroids are equally
weighted. In other words, they were not weighted by
storage capacity in log total gallons.

Bovine: dairy cattle
manure

Option 3: WPDES Database
of CAFOs (unweighted)

Database providing locations of Wisconsin WPDES
Permitted Concentrated Feeding Operations (CAFOSs),
which are AFOs with >999 animals, in effect in
Wisconsin as of January 2017 using geocoded addresses
from WPDES permit data.
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/
rest/servicessf CAFO_WIDNR_2017/FeatureServer

Bovine: dairy cattle
CAFOs

Option 4: WPDES Database
of CAFOs (weighted by
animal units)

Database providing locations of Wisconsin WPDES
Permitted Concentrated Feeding Operations (CAFOS),
which are AFOs with >999 animals, in effect in
Wisconsin as of January 2017 using geocoded addresses
from WPDES permit data.
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcqis/
rest/servicessf CAFO_WIDNR_2017/FeatureServer

Bovine: dairy cattle
CAFOs

Manure Application Fields

(ManureApp)

Option 1: Land Cover
Database of Crop Rotation

Database of crop rotation land cover polygon centroids
weighted by the area of the land cover polygons. “The
30- meter raster layer combines land cover information
from the United States Department of Agriculture
(USDA) National Agricultural Statistics Service (NASS)
with land management information to map five-year crop
rotations over Common Land Units (CLUs)... The crop
rotation dataset was validated independently from
Wiscland 2 using data from Department of Agriculture,
Trade and Consumer Protection (DATCP) cattle
inventory records and dairy producer data, NASS crop
acreage estimates and transect surveys. The CDL datasets
on which the crop rotation layer is primarily based also
provide accuracy information by state and by class.
Reported accuracies for the Principal Crops (e.g. Corn,
Soybeans, Alfalfa, Vegetables, etc.) range from 87-93%
over the 2008-2012 period; the accuracy of the crop
rotations will differ due to the spatiotemporal aggregation

Bovine: cattle manure
applied on land for
nutrient management
or as fertilizer



https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/CAFO_WIDNR_2017/FeatureServer
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/CAFO_WIDNR_2017/FeatureServer
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/CAFO_WIDNR_2017/FeatureServer
https://services.arcgis.com/SXbDpmb7xQkk44JV/arcgis/rest/services/CAFO_WIDNR_2017/FeatureServer
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of classes and the integration of the crop classification
with CLU boundaries” 1. This data was made available
from the Wiscland-2 Land Cover Database released in
2016. https://p.widencdn.net/Ikfpeb/wiscland? landcover

Option 2: Land Cover
Database of Dairy Rotation

Database is of dairy rotation land cover polygon
centroids weighted by the area of the land cover
polygons. Dairy rotation land cover is a subclass of crop
rotation land cover from the Wiscland-2 land cover
database mentioned above 3. Dairy rotation land cover
is described by “corn grain, corn silage, and alfalfa in a
6-year rotation, with typically 2 years of corn, 4 years of
alfalfa, and a cover crop between corn and alfalfa years.
Occasionally, soybeans or a grain (e.g., wheat, barley, or
oats) are planted in place of corn” %, Dairy rotation
areas are typically associated with use by dairy farms and
operations for manure application and feed.

Bovine: dairy cattle
manure applied on
land for nutrient
management, as
fertilizer, and/or for
feed production

Septic Systems
(Sep)

Only option: County
Database of Drainfield
Locations (unweighted)

Database providing the centroids of drainfields in
Kewaunee County that are unweighted. When this
information was unavailable, an average of the available
data was applied. The database was made in 2014. Data
was provided through personal communication with the
Kewaunee County Land and Water Conservation
Department.

Human: septic
systems primarily
located on parcels

categorized as

“residential”.

Wastewater Treatment
Plants

(WWTP)

Option 1: State Database of
all WPDES wastewater
treatment facilities

Database providing the locations of wastewater treatment
facilities under the Wisconsin Pollutant Discharge
Elimination Program (WPDES) provided by the
Wisconsin Department of Natural Resources (WIDNR)
through an open records request

Human: wastewater
facilities are located
near to town/city
centers

Option 2: State Database of
WPDES Wastewater
Treatment Facilities under
the municipal category,
weighted by population.

Database providing the locations of wastewater treatment
facilities under the Wisconsin Pollutant Discharge
Elimination Program (WPDES) that have municipal
waste types provided by the Wisconsin Department of
Natural Resources (WIDNR) through an open records
request

Human: wastewater
facilities are located
near to town/city
centers

All Land Applied Sludge
Sites

(LAS)

Option 1: State Database of
WPDES Land Applied
Sludge Sites weighted by
acreage

A state database of land applied sludge sites under the
Wisconsin Pollutant Discharge Elimination Program
(WPDES) obtained through an open records request from
WIDNR. The database includes information regarding
the types of waste produced and applied by the permittee.
The information is used to more precisely describe land

Human or Bovine:

Land applied sludge
that is produced and
applied by permittees
come from municipal
wastewater or septage



https://p.widencdn.net/lkfpeb/wiscland2_landcover
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applied sludge sites by defining new source types. For

the source type, All Land Applied Sludge Sites, all sites
were considered. Acreage information was available in
this dataset. When the acreage information was missing

or listed as 0, the value was set to be the average acreage.

Here, the database is weighted by the log-transformed
acreage associated with the site.

(see Sep and WWTP
descriptions) or from
industrial sources.
After livestock
production, the
second largest
industry in Kewaunee
County is dairy
product production.

Option 2: State Database of
WPDES Land Applied
Sludge sites (unweighted)

Same as above, but the sites are unweighted.

Human or Bovine:
Land applied sludge
that is produced and
applied by permittees
come from municipal
wastewater or septage
(see Sep and WWTP
descriptions) or from
industrial sources.
After livestock
production, the
second largest
industry in Kewaunee
County is dairy
product production.

Land Applied Sludge with

Non-Industrial Waste

(DomLAS)

Option 1: State Database of
WPDES Land Applied
Sludge Sites with municipal
or septage

See LAS: option 1, “Municipal waste or ‘Sewage
sludge’ or ‘sludge’ or “biosolids” means the solid,
semi—solid or liquid residue generated during the
treatment of domestic sewage in a treatment works.
Sewage sludge includes scum or solids removed in
primary, secondary or advanced wastewater treatment
processes and material derived from sewage sludge.
Sewage sludge does not include ash generated during the
firing of a sewage sludge incinerator or grit and
screenings generated during preliminary treatment of
domestic sewage in a treatment works. Note: All 3 terms
defined here are interchangeable and recognized by the
department, as they are all in common use... ‘Septage’
means the wastewater or contents of septic or holding
tanks, dosing chambers, grease interceptors, seepage

Human: See LAS
source type
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beds, seepage pits, seepage trenches, privies or portable
restrooms.”*8!

Option 2: State Database of
WPDES Land Applied
Sludge Sites with septage

DomLAS: option 1, but the type of waste produced and
applied by the permittee is classified as “septage”.

Human: See LAS
source type

Option 3: State Database of
WPDES Land Applied
Sludge Sites with
wastewater treatment

DomLAS: option 1, but the type of waste produced and
applied by the permittee is classified as “municipal
waste”.

Human: See LAS
source type

Land Applied Sludge with
Industrial Waste

(INdLAS)

Option 1: State Database of
WPDES Land Applied
Sludge Sites with Industrial
Sludge or Wastewater

See LAS: option 1, Industrial waste or sludge includes
“’by—product solids’ which means waste materials from
the animal product or food processing industry
including, but not limited to: remains of butchered
animals, paunch manure and vegetable waste materials
such as leaves, cuttings, peelings and actively fermenting
sweet corn silage. ‘Liquid waste’ means process
wastewater and waste liquid products, including silage
leachate, whey, whey permeate, whey filtrate, contact
cooling water, cooling or boiler water containing water
treatment additives, and wash water generated in
industrial, commercial and agricultural operations which
result in a point source discharge to a land treatment
system. ‘Sludge’ means the accumulated solids generated
during the biological, physical or chemical treatment,
coagulation or sedimentation of water or wastewater.”8

Bovine: See LAS
source type

Option 2: State Database of
WPDES Land Applied
Sludge Sites with Industrial
Wastewater

IndLAS: option 1, but the type of waste produced and
applied by the permittee is classified as “liquid waste”.

Bovine: See LAS
source type

Option 3: State Database of
WPDES Land Applied
Sludge Sites from Food
Processing

Ind LAS: option 1, but the type of waste produced and
applied by the permittee is classified as being from “food
processing”.

Bovine: See LAS
source type

High Intensity Developed
Land Cover

(HID)

Option 1: Land cover
database of high-intensity
developed land cover as

polygon

Database of high-intensity developed land cover polygon
centroids weighted by the area of the land cover
polygons. High-intensity developed land cover is
described as “areas with 50% or greater solid impervious
cover of man-made materials. » 1*. This data was made

Human: This type of
land cover is
primarily collocated
with downtown areas




097

available from the Wiscland-2 Land Cover Database
released in 2016.
https://p.widencdn.net/Ikfpeb/wiscland2 landcover

and suburban
residences

Option 2: Land cover
database of high-intensity
developed land cover as
gridded points

Database of high-intensity developed land cover with
source nodes that are 100 m x 100 m grid points
representing locations with that land cover type on a 100
m x 100 m and equally weighted. High-intensity
developed land cover is described as “areas with 50% or
greater solid impervious cover of man-made materials. ”
135 This data was made available from the Wiscland-2
Land Cover Database released in 2016.
https://p.widencdn.net/Ikfpeb/wiscland2 landcover

Human: This type of
land cover is
primarily collocated
with downtown areas
and suburban
residences

Low Intensity Developed
Land Cover

(LID)

Option 1: Land cover
database of low-intensity
developed land cover as

polygon

Database of low-intensity developed land cover polygon
centroids weighted by the area of the land cover
polygons. Low-intensity developed land cover is
described as “areas with 25% or greater solid impervious
cover of man-made materials, but less than 50%. May
have some interspersed vegetation. 1%, This data was
made available from the Wiscland-2 Land Cover
Database released in 2016.
https://p.widencdn.net/Ikfpeb/wiscland2 _landcover

Bovine: This type of
land cover is
primarily collocated
with infrastructure in
more rural areas such
as roads, small farms,
parking lots, and
residential areas at the
edge of semi-urban
and rural areas

Option 2: Land cover
database of low-intensity
developed land cover as
gridded points

Database of low-intensity developed land cover with
source nodes that are 100 m x 100 m grid points
representing locations with that land cover type and
equally weighted. Low-intensity developed land cover is
described as “areas with 25% or greater solid impervious
cover of man-made materials, but less than 50%. May
have some interspersed vegetation. ” 13 This data was
made available from the Wiscland-2 Land Cover
Database released in 2016.
https://p.widencdn.net/Ikfpeb/wiscland2 landcover

Bovine: This type of
land cover is
primarily collocated
with infrastructure in
more rural areas such
as roads, small farms,
parking lots, and
residential areas at the
edge of semi-urban
and rural areas



https://p.widencdn.net/lkfpeb/wiscland2_landcover
https://p.widencdn.net/lkfpeb/wiscland2_landcover
https://p.widencdn.net/lkfpeb/wiscland2_landcover
https://p.widencdn.net/lkfpeb/wiscland2_landcover
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Figure A.13 Visual description of difference between source type LID and HID and candidate
database options 1 and 2. The source nodes that are equally weighted on the grid (bottom left)
represent an example of how LID or HID option 2 are obtained. The source node that is weighted
by the polygon area (bottom center) represent an example of how LID or HID option 1 are
obtained. The polygon shapefiles for land cover in our study were derived in ArcGIS 10.5 from
the Wiscland-2 Land Cover Database Level 4 Raster File.
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A2.4 Details of the Reliability Score Results

Table A.8 Reliability score for the candidate database options associated with each potential contamination source for each of the
responses in river sediment or surface water. Also shown is the sign stability scores (SSS) and the weighted standard deviation on the
coefficient (og,) which are used in the calculation of the reliability score. The database with the highest reliability score for each

potential source is selected and shown in bold face.

Relative Abundance of BoBac in Sediment

Reliabili S SE)QF Maanitud Std. Dev. of
Variable Description of Option eliapility  Stability agnitude  coefficient
Score Score M G
SSS Bu
AFO Option 1: County Data}base of Manure Storages 159 2 0.0933 0.235
(weighted)
Option 2: County Database of Manure Storages
AFO (unweighted) 1.71 4 0.0993 0.232
AFO Option 3: WPDES I_Database of CAFOs 773 3 0.764 0.395
(unweighted)
AFO Option 4: _WPDES Da@abase o_f CAFOs 121 3 114 0375
(weighted by animal units)
Option 1: State Database of WPDES Land Applied i i
fElLss Sludge Sites with Industrial Sludge ik . iz e
Option 3: State Database of WPDES Land
el Applied Sludge Sites from Food Processing oil . 0259 iy
IndLAS Option 2: State Database of WPDES Land Applied 117 4 -0.128 0.435

Sludge Sites with Industrial Wastewater

Option 2: State Database of WPDES Land
LAY Applied Sludge sites (unweighted) el . D D
LAS Option 1: State Dgtabase_of WPDES Land Applied -0.297 3 -0.0288 0.388
Sludge Sites weighted by acreage
Option 1: Land cover database of low-intensity
developed land cover as polygon
Option 2: Land cover database of low-intensity

developed land cover as gridded points

LID 7.37 2 0.380 0.206

LID 8.75 1 0.590 0.270
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ManureApp
ManureApp

WWTP

AFO2ManureApp

AFO2ManureApp

AFO2ManureApp

AFO2ManureApp

AFO2ManureApp

AFO2ManureApp

AFO2ManureApp

AFO2ManureApp

Option 1: Land Cover Database of Crop
Rotation

Option 2: Land Cover Database of Dairy Rotation
Option 3: State Database of WPDES

Wastewater Treatment Facilities under the
industrial category (unweighted)
AFO Option 1 ground transport to
AFO Option 1 ground transport to
AFO Option 2 ground transport to
AFO Option 2 ground transport to
AFO Option 3 ground transport to

AFO Option 3 ground transport to

AFO Option 4 ground transport to

AFO Option 4 ground transport to

ManureApp Option 1

ManureApp Option 2

ManureApp Option 1

ManureApp Option 2

ManureApp Option 1

ManureApp Option 2

ManureApp Option 1

ManureApp Option 2

-0.501
-2.12

3.89

4.70

1.38

4.56

0.75

2.53

11.6

2.06

-0.51

2

-0.0662
-0.200

0.476

1.57

0.460

1.52

0.249

0.845

2.89

0.688

-0.170

0.397
0.378

0.488

0.587

0.617

0.587

0.631

0.595

0.413

0.576

0.651
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Variable

AFO

AFO

AFO

AFO

IndLAS

IndLAS

IndLAS

LAS

LAS

LID

LID

ManureApp

ManureApp

Relative Abundance of BoBac in Surface Water

Description of Option

Option 1: County Database of Manure
Storages (weighted)

Option 2: County Database of Manure
Storages (unweighted)

Option 3: WPDES Database of CAFOs
(unweighted)

Option 4: WPDES Database of CAFOs
(weighted by animal units)

Option 1: State Database of WPDES Land
Applied Sludge Sites with Industrial Sludge
Option 3: State Database of WPDES
Land Applied Sludge Sites from Food
Processing
Option 2: State Database of WPDES Land
Applied Sludge Sites with Industrial
Wastewater
Option 2: State Database of WPDES Land
Applied Sludge sites (unweighted)
Option 1: State Database of WPDES
Land Applied Sludge Sites weighted by
acreage
Option 1: Land cover database of low-
intensity developed land cover as polygon
Option 2: Land cover database of low-
intensity developed land cover as gridded
points
Option 1: Land Cover Database of Crop
Rotation
Option 2: Land Cover Database of Dairy
Rotation

Reliability
Score

10.8

10.2

-5.32

-6.11

2.65

38.1

2.66

-7.83

-6.81

-7.31

3.29

44.0

38.6

Sign
Stability
Score

4

Magnitude

0.621

0.593

-1.08

-1.45

0.231

0.658

0.232

-0.589

-0.674

-0.613

0.127

1.04

1.29

Std. Dev. of
Coefficient

0.235

0.232

0.395

0.375

0.438

0.544

0.435

0.379

0.388

0.206

0.270

0.397

0.378
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WWTP

AFO2ManureApp

AFO2ManureApp

AFO2ManureApp

AFO2ManureApp

AFO2ManureApp

AFO2ManureApp

AFO2ManureApp

AFO2ManureApp

Option 3: State Database of WPDES
Wastewater Treatment Facilities under the
industrial category (unweighted)
AFO Option 1 ground transport to
AFO Option 1 ground transport to
AFO Option 2 ground transport to
AFO Option 2 ground transport to
AFO Option 3 ground transport to
AFO Option 3 ground transport to

AFO Option 4 ground transport to

AFO Option 4 ground transport to

ManureApp Option 1

ManureApp Option 2

ManureApp Option 1

ManureApp Option 2

ManureApp Option 1

ManureApp Option 2

ManureApp Option 1

ManureApp Option 2

-8.21

6.53

6.91

6.50

6.92

13.9

12.5

1.28

-1.97

-0.775

0.422

0.451

0.420

0.453

0.568

0.698

0.0941

-0.264

0.488

0.258

0.261

0.258

0.262

0.163

0.224

0.221

0.268
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Variable

DomLAS

DomLAS

DomLAS

HID

HID

LAS

LAS

Sep

WWTP

WWTP

Description of Option

Option 2: State Database of
WPDES Land Applied
Sludge Sites with septage
Option 3: State Database of
WPDES Land Applied
Sludge Sites with wastewater
treatment
Option 1: State Database of
WPDES Land Applied
Sludge Sites with wastewater
treatment or septage
Option 1: Land cover
database of high-intensity
developed land cover as
polygon
Option 2: Land cover
database of high-intensity
developed land cover as
gridded points
Option 2: State Database of
WPDES Land Applied
Sludge sites (unweighted)
Option 1: State Database of
WPDES Land Applied
Sludge Sites weighted by
acreage
Only option: County
Database of Drainfield
Locations (unweighted)
Option 2: State Database of
WPDES Wastewater
Treatment Facilities under
the municipal category,
weighted by population.

Option 1: State Database of
all WPDES wastewater

Relative Abundance of HuBac in Sediment

Reliability Score

17.7

-8.77

5.70

-4.51

-3.17

1.89

2.07

-5.84

-2.17

-9.60

Sign Stability Score

2

Magnitude

1.408

-1.440

0.783

-0.500

-1.113

0.157

0.180

-0.459

-0.446

-0.829

Std. Dev. of Coefficient

0.239

0.492

0.412

0.443

0.703

0.416

0.433

0.393

0.616

0.345
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Sep2DomLAS

Sep2DomLAS

Sep2DomLAS

treatment facilities
(unweighted)

Only option:; County
Database of Drainfield
Locations (unweighted)

Only option: County
Database of Drainfield
Locations (unweighted)

Only option: County
Database of Drainfield
Locations (unweighted)

Option 2: State Database
of WPDES Land Applied
Sludge Sites with septage
Option 3: State
Database of WPDES
Land Applied Sludge
Sites with wastewater
treatment
Option 1: State Database
of WPDES Land Applied
Sludge Sites with
wastewater treatment or
septage

-7.37

-5.68

-5.89

-0.756

-1.034

-1.028

0.308

0.546

0.523
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Variable

DomLAS

DomLAS

DomLAS

HID

HID

LAS

LAS

Sep

WWTP

WWTP

Description of Option

Option 2: State Database of
WPDES Land Applied
Sludge Sites with septage
Option 3: State Database of
WPDES Land Applied Sludge
Sites with wastewater
treatment
Option 1: State Database of
WPDES Land Applied Sludge
Sites with wastewater
treatment or septage
Option 1: Land cover database
of high-intensity developed
land cover as polygon
Option 2: Land cover
database of high-intensity
developed land cover as
gridded points
Option 2: State Database of
WPDES Land Applied
Sludge sites (unweighted)
Option 1: State Database of
WPDES Land Applied Sludge
Sites weighted by acreage
Only option: County Database
of Drainfield Locations
(unweighted)

Option 2: State Database of
WPDES Wastewater
Treatment Facilities under the
municipal category, weighted
by population.

Option 1: State Database of
all WPDES wastewater
treatment facilities
(unweighted)

Relative Abundance of HuBac in Surface Water

Reliability Score

-4.70

-6.88

-6.81

-6.84

-4.10

-3.48

-5.48

-0.99

-10.41

-6.62

Sign Stability Score

2

Magnitude

-0.344

-1.487

-0.283

-0.639

-0.507

-0.605

-1.115

-0.107

-0.367

-0.600

Std. Dev. of Coefficient

0.220

0.216

0.125

0.187

0.247

0.348

0.407

0.433

0.106

0.272
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Option 2: State Database
of WPDES Land
Applied Sludge Sites

Only option: County Database
Sep2DomLAS of Drainfield Locations

(unweighted) with septage
Option 3: State Database
Only option: County Database of WPDES Land
Sep2DomLAS of Drainfield Locations Applied Sludge Sites
(unweighted) with wastewater
treatment
Option 1: State
Only option: County Database of WPDES
Sep2DomLAS Database of Drainfield Land Applied Sludge
Locations (unweighted) Sites with wastewater

treatment or septage

-7.41

-7.87

3.99

-0.738

-0.562

0.331

0.398

0.214

0.249



A2.5 Details on the Hyperparameter Results for Source Terms Selected by the FIT Model

Figure A.14 depicts the RAR in the hyperparameter space. These depictions were used to
verify that the hyperparameter values selected automatically in by the MATLAB patternsearch
function using an objective function equal to the RAR and a penalty, adequately captured the
hyperparameters that correspond with the maximum RAR. For Figure A.14(a), the maximum
RAR appears to occur between 5 km < oy, < 8 km when oy = 68 capturing an average
overland influence range and downstream influence range from manure hauled from AFOs and
applied on fields (b) capturing an average overland influence range from low-intensity developed
land cover that is greater than 10 km, and a downstream influence range between 1.5 and 2 km.
(c) capturing an average overland influence range from AFOs that is greater than 3 km, but less
than 4 km, and a downstream influence range between 1.5 and 2 km. (d) capturing an average
overland influence range from low-intensity land cover that is greater than 100 m, but less than
200 m, and a downstream influence range between 1 and 2 km. (e) capturing an average
overland influence range from septic systems that is greater than 3 km, but less than 9 km, and a
downstream influence range between 2.5 and 3 km (f) capturing an average overland influence
range from high-intensity land cover that is greater than 5 km, and a downstream influence range
between 4.5 and 4.5 km and (g) capturing an average overland influence range from septic
systems that is greater than 50 m, but less than 200 m, and a downstream influence range

between 50 and 200 m.
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Figure A.14 Relative Abundance Ratios (RARs) across different hyperparameter values (meters)
for source terms selected in the Test stage of the FIT framework for a) the GORF spatial
predictor model, AFO ground transport to ManureApp, where az=68.0 m and b) the ORF spatial
predictor model for low-intensity developed land cover to explain the relative abundance of
bovine fecal markers in sediment (log10 BoBac-copies-per-16S-rRNA-copies). Then c¢) The
ORF spatial predictor model for AFOs and d) the ORF spatial predictor model for low-intensity
developed land cover to explain the relative abundance of bovine fecal markers in surface water
(log10 BoBac-copies-per-16S-rRNA-copies). Then e) the ORF spatial predictor model for septic
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systems and f) the ORF spatial predictor model for high-intensity developed land-cover to
explain human fecal markers in sediment (log10 HuBac-copies-per-16S-rRNA-copies). Lastly, f)
the ORF spatial predictor model for septic systems to explain human fecal markers in surface
water (log10 HuBac-copies-per-16S-rRNA-copies).

A2.6 Details on Cross-Validation Results

Table A.9 shows the results of the 6-fold cross validation on the stepwise selection
procedure was performed. Overall, this demonstrated the selection was stable for 3 out of the 4
responses. The selection varied for climatic and source terms associated with the relative
abundance of human-associated fecal markers in sediment. However, septic systems and high-
intensity developed land cover source terms were still selected more frequently compared to
other terms. These results do suggest that the selection may be primarily determined by a few

influential measurements.
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Table A.9 Results of the 6-fold cross-validation of test stage of the FIT framework for bovine-associated responses. The shaded cells
show which predictor was selected for each of the fold. The column named rMSE shows the root mean square error for the validation
set that was held out.

Sediment Surface Water
o o o o
. o g | € % - g | $ %
<t} = (7)) = 7))
g | gz S5l | & =12 318 || 8 |5|e| €| 2|2 |2 |2 |3 |¢
5" g | < | 2| = £ |3 |2 |2 Slg|g|<| 2|27 |€E |2 |8 |z
> = 2|19 2 B = |9 2 B
LL =] el o
< = < =
0.439 1.12
1.24 1.68
1.24 0.450
1.27 0.886
1.17 0.532
1.94 0.659
0.889

Table A.10 Results of the 6-fold cross-validation of test stage of the FIT framework for human-associated responses. The shaded cells
show which predictor was selected for each of the fold. The column named rMSE shows the root mean square error for the validation
set that was held out.

Sediment Surface Water

Freezing

Freezing
Sep
LAS
DomLAS
Sep2DomLAS
WWTP
HID
rMSE
Sep
LAS
DomLAS
Sep2DomLAS
WWTP
HID
rMSE

0.384

1.49

0.927

0.882

0.479

0.627

0.797
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A3.1 Details on Wisconsin Dairy Veterinarian Interviews and Responses

Table A.11 Interview questions and responses from Wisconsin veterinarians

APPENDIX 3: SUPPLEMENTAL INFORMATION FOR AIM 3

use of antibiotics in livestock over
time? Describe to what these changes
are attributed to? If no change has
occurred, you can write "none" or
explain further.

being used in general.
More culturing to
assure appropriate
usage.

use of antibiotics over time as
dairy operations have
improved their housing and
management resulting in
decreased cases of pneumonia,
diarrhea and mastitis.

to be used. A lot less usage of
antibiotics for mastitis. Hardly sell
antibiotics for mastitis anymore.
There are better methods and
products for testing and treatment
now. "Flushing" with tetracyline
used to be common practice. This
vet does not like the "modern”
way. "Flushing™ would be used in

Question Veterinarian #1 Veterinarian #2 Veterinarian #3 Veterinarian #4
What antibiotic or antibiotics do you | Beta lactams & Ceftiofur would be the most Exenel (ceftiofur hydrochloride-- ceftiofur
think is or are most frequently used ceftiofur for metritis common antibiotic used in the | cephalasporin), Excede (ceftiofur
on commercial/conventional dairy & mastitis adult dairy herd. Itis used for | crystalline- cephalasporin),
cattle operations and for what most the treatment of pneumonia, Polyflex (ampicillin), beta-
common treatment or reason? mastitis, metritis and footrot. lactams. Used for metritis,
In the young stock, ceftiofur is | pneumonia, and foot problems.
also used, but other common
antibiotics are enrofloxacin,
florfenicol, tulathromycin, and
oxytetracycline used for the
treatment of pneumonia.
What antibiotic or antibiotics do you | None I have no experience with None None
think is or are most frequently used organic dairies.
on organic dairy cattle operations and
for what most common treatment or
reason?
What antibiotic or antibiotics do you | Beta lactams & See above. Small dairy farms are similar to
think is or are most frequently used ceftifur for metritis & conventional operation's use.
on small family dairy farms and for mastitis
what most common treatment or
reason?
Have you seen any changes in the Less antibiotics are There has been a decreased Over time, more antibiotics used None.




QLT

the past 3 days after the cow
passed the placenta to make sure
the cow was "clean”. Now the
operations are supposed to monitor
the cow's health after they have the
calf to check for potential

infection so that they would only
use antibiotics if the cow was sick.
However, this vet finds that the
operations are not monitoring the
cows well, so the placenta starts to
rot and the cow becomes febrile.

What do you think the prevalence of 500 | Not known. Not known. Not known.
mastitis is among dairy cattle per
10,0007 If you do not know, please
write "not known".

How long have you been working as | 1-5 years 20+ years 20+ years 1-5 years
a veterinarian with dairy cattle?

A3.2 Details of the Databases Representing Sources Terms Selected by FIT

Table A.12 provides the selected databases used to construct the source terms selected by the FIT model. Source types that are under
the category of bovine sources are AFOs (alone, or via the ground transport of manure to application fields) and manure application
fields. The source types that are under the category of land applied waste are the land applied sludge sites from municipal wastewater

or septage, land applied sludge sites from industrial wastewater and food processing.



Table A.13 Databases representing the selected source terms as a result of the Find stage of FIT.

Sediment Surface Water
ermB tetW I sull | intll ermB tetW I gnrA | sull | intl1
Source
Terms
AFO AFO AFO
Bovine (via ground (via ground AFO (via ground
Sources transport of transport of (via ground transport of AFO AFO N
manure to manure to transport of manure to Manure A
application application manure to application App. Fier)IFc)lls
fields) fields) application fields) Remotely Remotely Fields
fields) sensed sensed Cro
From: From: NS From: manure manure Crop rotatign
Database(s) WPDES WPDES From: Remotely storages storages rot. land
representing CAFO CAFO WPDES sensed weighted weighted land NG
spatially weighted weighted by CAFO manure by log- by log- cover
distributed by Animal Animal (unweighted) storages total- total-
sources Units Units (unweighted) | gallonsof | gallons of
To: Crop manure manure
To: Crop To: Dairy rotation To: Crop
rotation rotation rotation
Septage
ground
Land Applied transport to Lan_d Land
land Applied .
Waste- s Applied
Land . . application Waste-
s Residential 5 : Waste-
Application sites Industrial Industrial
of Waste
From:
WLF;?ES Septic WPDES WPDES
Database(s) NS NS . Systems NS Land NS NS
k applied ; Land
(EPIESEALIIE sludge from asllie applied
spatially treated To: sludge sludge
distributed WPDES from
septage or from
sources = Land treated
municipal : treated
applied food . :
wastewater . industrial
sludge processing i
from 9
treated
septage
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