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Small- to medium-sized farm ponds are a popular source of irrigation water
and provide a substantial volume of water for crop growth in the United States. The
microbial quality of irrigation waters is assessed by measuring concentrations of the
fecal indicator bacteria Escherichia coli (E. coli). Minimal guidance currently exists
on the use of surface irrigation waters to minimize consumer health risks. The overall
objective of this work was to provide science-based guidance for microbial water
quality monitoring of irrigation ponds. Spatial and temporal patterns of E. coli were
evaluated in two Maryland irrigation ponds over three years of observations. Patterns
of E. coli were stable over the three years and found to be significantly correlated to
patterns of water parameters such as temperature, dissolved oxygen, turbidity, and
pH. The EPA Environmental Fluid Dynamics Code model was used to evaluate the

spatial 3D heterogeneity of E. coli concentrations within the ponds. Significant



differences in E. coli concentrations by sampling depth were found. Spatial
heterogeneity of E. coli within the pond also resulted in substantial temporal variation
at the irrigation pump, which was dependent on the intake location. Diurnal variation
of E. coli concentrations was assessed for three farm ponds. FE. coli concentrations
declined from 9:00 to 15:00 for each pond, but statistically significant declines were
only observed in two of the three ponds. Dissolved oxygen, pH, and electrical
conductance were found to be the most influential environmental variables affecting
E. coli concentrations. To better describe the relationships between E. coli and the
environmental variables, four machine learning algorithms were used to estimate E.
coli concentrations using water quality parameters as predictors. The random forest
algorithm provided the highest predictive accuracy with R? = 0.750 and R? = 0.745
for Ponds 1 and 2, respectively, in the multi-year dataset containing 12 predictors.
Temperature, electrical conductance, and organic matter content were identified as
the most influential predictors. It is anticipated that the recommendations contained in
this dissertation will be used to improve microbial monitoring strategies and protect

public health.
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Chapter 1: Introduction

1.1 Background

Ensuring that agricultural waters used for irrigation meet certain quality
standards is paramount to reducing the incidences of foodborne illness. A major
subsection of the overall health and financial burdens associated with foodborne
illnesses are the result of consuming produce which has been irrigated with waters
containing bacterial, viral, or parasitic pathogens. Pathogenic microorganisms which
are transferred to crops and later ingested by humans have been responsible for
countless illnesses, hospitalizations, and deaths as well as billions of dollars a year in
medical treatment expenses, loss of productivity, and produce recalls (Painter et al.,
2013; Hussain and Dawson, 2013; Hoffman et al., 2015; CDC 2021; WHO, 2020).

To reduce the incidences of foodborne outbreaks linked to microbial
pathogens, regulatory bodies in the U.S. and worldwide have required testing of
irrigation waters (FDA, 2015; Allende and Monaghan, 2015). The microbial quality
of these waters is commonly determined by measuring the concentrations of the fecal
indicator bacteria (FIB) Escherichia coli (E. coli) and comparing the results to
numeric criteria. Failure to meet the mandated criteria can result in the need to
perform corrective measures such as increasing the time between irrigation and
harvest, treating the water with disinfecting chemicals, or discontinuing the use of an
irrigation water for fresh produce (Banach and van der Fels-Klerx, 2020).

Concentrations of both E. coli and pathogenic microorganisms are extremely

variable in environmental waters. This variability is often broken down into the



spatial and temporal components. Many studies have been performed with the aim to
elucidate the spatiotemporal variability of FIB and pathogens in irrigation waters.
However, the temporal component is often evaluated in finer detail than the spatial
component. For example, many samples may be collected in a study which were
sampled weekly, biweekly, or monthly, but often only a single sample is taken from a
waterbody. These sampling disparities may at least partially be explained by the
sampling requirements in regulative documents such as the Food and Drug
Administration’s Food Safety Modernization Act’s (FSMA). In this act, irrigation
water sources must be sampled 20 times over a 2- to 4-year period, but no guidance is
given on sampling protocols other than “as close as practicable to harvest” (FSMA,
2015). If substantial spatial variability exists across a waterbody, then the choice of
sampling location may result in the over- or under-estimation of FIB concentrations
within the waterbody due to the propensity of sampling convenient locations (e.g.
nearshore and at the water surface). With a multitude of possibilities of where to
sample within irrigation sources, it appears evident that new guidance is needed to
determine sampling locations which best represent the pond-wide average.
Identification of such locations would also help reduce the need to sample extensively
across a waterbody.

Sampling at depth is not routinely performed in microbial water quality
studies of irrigation water sources. However, the largest volume of water within any
waterbody is that which is contained below the surface and is what is likely
withdrawn during irrigation events. If there exists substantial vertical gradients of E.

coli or pathogen densities in subsurface waters, then samples collected at the surface



(e.g. 0 to 30 cm) are not representative of the concentrations within the pond.
Research is needed to assess if concentration gradients can form in small irrigation
ponds which are sometimes assumed to be homogenously distributed and to what
effect these gradients have on concentrations of E. coli in the withdrawn water.
Estimating E. coli concentrations from water quality parameters appears to be
a beneficial way of increasing the efficiency of microbial water quality monitoring.
Although relationships between microbial concentrations and parameters which
describe the aquatic habit are expected to exist, quantifying these relationships has
been difficult due to their complexity. In recent years, the field of machine learning
(ML) has become attractive for processing complex datasets and discerning non-
linear or threshold based relationships between inputs (e.g. environmental or
economic variables) and the output which is being predicted (e.g. stock futures,
changes in home pricing, concentration of contaminants etc.). Machine learning is
gaining a lot of attention within the field of microbial water quality studies as aquatic
environments are typically highly heterogeneous and can be characterized with
countless measurable variables which may influence the observed concentrations of
FIB or pathogens in water (Quetglas et al., 2011). However, the use of ML in
microbial water quality studies of irrigation sources, and specifically in farm ponds, is
extremely scarce in the literature. ML shows promise for expediting microbial water
quality determinations using environmental variable data which can be rapidly or
instantaneously measured such as the levels of turbidity, pH, and dissolved oxygen.
Therefore evaluation of ML within microbial water quality studies is warranted. With

over several hundred ML algorithms in existence, comparisons between general types



of algorithms is needed to assess their applicability for predicting E. coli
concentrations and for determining the most influential variables for making
predictions.

In summation, there exist substantial inadequacies in the monitoring of
microbial water quality of irrigation sources and numerous knowledge gaps must be
addressed. This dissertation aims to enhance our understanding of the inherent spatial
and temporal variability of E. coli concentrations in agricultural irrigation ponds. To
accomplish these tasks, several methodologies will be evaluated which are new to this
field, but have successfully applied in other fields of research. These new methods
will be expected to 1) reduce sampling burdens, 2) improve the accuracy of microbial
assessments, and 3) expedite these assessments using rapidly sensed water quality
variables. Altogether these new methodologies hold the promise to facilitate and
improve our ability to monitor the microbial quality of irrigation sources and by
extension reduce the incidences of foodborne outbreaks in the United States and

abroad.



1.2 Objectives

The overarching objective of this work is to develop effective microbial water
quality monitoring strategies which will improve our understanding of the inherent
spatiotemporal variability of FIB in irrigation waters and by extension reduce the
incidences of foodborne outbreaks caused by microbial pathogens. To accomplish
this objective, a series of monitoring experiments were conducted to assess the
variability of E. coli in farm ponds which are commonly used in the U.S. and

elsewhere to supply water for irrigation.

The specific objectives of this work were:
Objective 1: Examine the spatiotemporal variability of E. coli concentrations in two
working irrigation ponds
Sub objective 1.1: Evaluate the applicability of the Mean Relative Difference
(MRD) analysis for assessing variability and identifying locations which best
represent the pond-wide relative average E. coli concentrations.
Sub objective 1.2: Evaluate the empirical orthogonal function (EOF) analysis
for separating the spatial and temporal components of the variability in E. coli
concentrations as well as for determining locations which deviate the least
from the pond-wide average.
Sub objective 1.3: Assess relationships between E. coli concentrations and

environmental covariates in the studied ponds.



Objective 2: Assess 3-dimensional variability of E. coli in a working irrigation pond
based on measurements taken at multiple depths.
Sub objective 2.1: Investigate the effects of 3-dimensional variability of E.
coli concentrations on water withdrawn for irrigation through use of the
Environmental Protection Agency’s Environmental Fluid Dynamic Code
(EFDC).
Sub objective 2.2: Evaluate the impacts of changing the location of the
irrigation intake pipe on the resultant concentrations of E. coli within the

water removed from the pond.

Objective 3: Determine if the relative time of day for sample collection significantly
impacts the results of microbial water quality surveys of irrigation ponds.
Sub objective 3.1: Calculate and summarize the microbial die-off rates for
E. coli samples collected at different times of the day.
Sub objective 3.2: Determine the most influential water quality variables

related to the changes in E. coli concentrations throughout the day.

Objective 4: Apply machine learning algorithms to predict E. coli concentrations
using physiochemical water quality variables as predictors.
Sub Objective 4.1: Evaluate and compare several popular machine learning
algorithms for the prediction of E. coli concentrations and compare the

predictions to results obtained using a conventional statistical approach.



Sub Objective 4.2: Evaluate different predictor sets ranging from simple to
complex and assess if model accuracy is improved with larger predictor sets.
Sub Objective 4.3: Document and rank the most important variables for the

prediction of E. coli concentrations across ponds and years of observations.

1.3 Layout of the Dissertation

The organization of this dissertation presents first a literature review (Chapter
2) which summarizes the previous work that has been performed in microbial water
quality surveys of lentic irrigation water sources. Public health and economic burdens
associated with foodborne outbreaks are discussed as well as irrigation water as a
vector for contamination in pre-harvest environments. Key legislation related to the
microbial quality of irrigation waters is discussed and the spatial and temporal
dynamics of E. coli concentrations reported in irrigation ponds, lakes, and reservoirs
from numerous studies is documented. Sampling methodologies from 20 irrigation
water quality studies conducted between 2005 to 2021 is summarized and the
potential inadequacies in sampling regimes are highlighted. Finally, a brief overview
of machine learning is introduced and the applicability of its use within microbial
water quality studies is discussed.

Chapter 3 addresses the first objective of this dissertation. The study focuses on
documenting spatial and temporal variability of E. coli concentrations in two working
irrigation ponds between 2016 and 2018. Mean relative difference (MRD) and
empirical orthogonal function (EOF) analyses for the detection of sampling locations

which are consistently representative of the average concentrations across the ponds.



The MRD portion of this work was accepted for publication in Water, Air, and Soil
Pollution in December 2021 and the portion utilizing EOFs has been accepted in the
Journal of Hydrology.

Chapter 4 addresses the second objective of this dissertation. This study
summarizes the results of 3-dimensional sampling of an irrigation pond. In this
chapter, E. coli concentrations measured at different depths are statistically compared.
Using the 3D concentration dataset along with fine-scale bathymetry data, the
Environmental Fluid Dynamic Code (EFDC) is used to simulate the withdrawal of
water from the irrigation pond and the temporal dynamics of the E. coli
concentrations are presented over the course of an irrigation event. The effects of
wind speed and direction on the E. coli concentrations withdrawn are evaluated.
Material from this chapter was published in Water in the summer of 2020.

Chapter 5 addresses the third objective in this dissertation. It investigates the
diurnal variations of E. coli concentrations in three irrigation ponds. Microbial die-off
rates are calculated between different sample collection times and concentrations are
statistically compared. A regression tree analysis is performed which revealed the
most influential predictors of the E. coli concentrations within each pond. The
contents from this chapter was submitted to The Journal of Environmental Quality in
December 2021 and was accepted for publication in March 2022.

Chapter 6 describes results that utilizes and compare machine learning
algorithms for the prediction of E. coli concentrations in waters of two ponds using
multi-year observations. Predictor set sizes are varied and the effects on the accuracy

of the models is assessed. The most influential predictors are compared between the



two ponds in this study. The material presented in this chapter was published in the
Food, Agriculture, and Water section of the journal Frontiers in Artificial
Intelligence in December 2021.

Chapter 7 summarizes the conclusions presented in the earlier chapters.
Sampling recommendations are made based on the work performed described in the
individual chapters and some future avenues of potential research are discussed.

Included in Appendix A is a short communication focusing on the dependence
of E. coli concentrations on the water sampling depth. The contents of Appendix A
contain and summarize the preliminary results of sampling three irrigation ponds at
multiple depths between 2019 and 2021. In addition to depth, time of day (i.e. 9:00,
12:00, and 15:00) was investigated as a factor which may influence the observed E.
coli concentrations. While these factors were investigated independently in Chapters
4 and 5 for depth and time of day, respectively, the goal of this short communication
was to evaluate the combined effects of water sampling depth and time of day.
Appendices B and C contain supplemental tables and figures, respectively, from each

of the four research chapters.



Chapter 2: Literature Review

2.1 Public Health and Economic Burden

Foodborne illness is a worldwide issue caused by the consumption of foods
contaminated with bacteria, viruses, parasites, or chemical substances. These illnesses
are associated with over 200 diseases ranging from abdominal cramps to the
development of cancers and it is estimated that 600 million people a year, roughly 1
in 10 people worldwide, fall ill after eating contaminated foods and of those 420,000
people will die (WHO, 2020). In the United States, there are roughly 48 million cases
of foodborne illnesses every year resulting in 128,000 hospitalizations and 3,000
deaths while in Canada approximately 4 million cases of foodborne illness occur
annually resulting in over 11,500 hospitalizations and 238 deaths (CDC, 2018;
Thomas et al., 2015).

A major portion of the overall burden of foodborne illness is caused by the
consumption of fresh produce which has been contaminated by pathogenic
microorganisms. An analysis of outbreaks performed by Painter et al. (2013)
estimated that between 1998 and 2008 foodborne pathogens in the United States were
responsible for over 9 million illnesses with consumption of contaminated fruits and
vegetables alone being responsible for the most illness (46%), the second most
hospitalizations (38.1 %), and the 5 most frequent cause of death (22.9%). Another
study which summarized outbreaks between 1999 and 2019 reported similar results as
the previous study and attributed fresh produce as being responsible for 47.4 % of

outbreaks in the U.S. and 34.1 % in the EU (Aiyedun et al., 2021). The consumption
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of raw or minimally processed produce including tomatoes, peppers, spinach, lettuce,
and similar products has been acknowledged as a major vehicle for foodborne
outbreaks (Goodburn and Wallace, 2013; Weller et al., 2015; Bennet et al., 2018;
Gutierrez-Rodriguez and Adhikari, 2018).

The estimated economic costs of foodborne outbreaks are substantial. Health-
related costs are calculated as the sum of medical costs (hospital and physician
services and drugs), quality-of-life losses (deaths, pain and suffering, and functional
disability) as well as costs to others in society, e.g. costs to insurance companies that
pay medical expenses and work productivity losses (Scharff, 2010). In a publication
which summarized these economic burdens using data available in 2013, it was
reported that foodborne illnesses impose over $15.5 billion in economic burden on
the U.S. public each year (Hoffman et a., 2015). In a subsequent report, the same
authors documented a $2 billion-dollar increase in the estimated annual economic
burden between 2013 and 2018 (Hoffman and Ahn, 2021). Another study estimated
the total annual economic loss from consumption of contaminated foods as being as
high as $152 billion with $39 billion being attributed to directly to produce (Scharff,
2010). It has been acknowledged that statistical reporting associated with foodborne
illness likely underestimates the true health and economic burdens due to poor or
inconsistent reporting and our developing understanding of chronic issues associated
with foodborne illness (Colombara et al., 2016; WHO, 2020).

The economic effects of foodborne outbreaks extend well beyond medical
costs. Recalls represent an extensive revenue loss for food processors and distributors

which can result in millions of pounds of recalled foods (Simpson et al., 2020).
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Individual recalls often result in estimated economic losses in the hundreds of
millions of dollars. It was estimated in 2013 that the total annual economic burden
associated with recalls was nearly $7 billion (Hussain and Dawson, 2013). There are
also costs associated with consumer hesitancy in buying previously recalled products
that affects future sales (Weller et al., 2018).

Fresh produce is an essential staple in the modern diet which is promoted
heavily in healthy eating campaigns. Global consumption has consistently increased
for several decades (Uyttendaele et al., 2015) as agriculture has been tasked to meet
the ever-growing needs of a steadily increasing worldwide population. The U.S.
Department of Agriculture recommends consumers double their daily intake of fresh
produce within a two thousand calorie diet (USDA, 2015). A greater interest in
healthy eating and the year-round availability of most produce due to extensive global
import and export increases the likelihood for outbreaks to occur (Suslow et al., 2003;
FDA, 2009; Carstens et al., 2019).

The number of foodborne outbreaks has steadily increased between 1998 and
2018 and is projected to continue to climb worldwide (Smith and Fazil, 2019; Franz
etal., 2018; CDC, 2021). Due to the overwhelming financial and public health
burdens associated with foodborne illnesses in the U.S. and abroad, it is paramount to
develop effective strategies which lead to the minimization of risks at all points of the
farm-to-fork continuum. With the increased global concern associated with climate
change, food scarcity, shrinking arable lands, and limited freshwater resources,
farmers and producers will be asked to increase production in the face of mounting

environmental challenges.
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2.2 Major Pathogens, Sources of Irrigation Water, and Routes of
Contamination

2.2.1 Pathogenic Microorganisms and Food Safety

Major pathogens associated with produce include pathogenic E. coli,
Salmonella spp., Campylobacter spp., L. monocytogenes, Shigella spp.,
Staphylococcus spp., Yersinia enterocolitica, Vibrio spp. and Norovirus, A 2015
study reported that these pathogens alone accounted for 95 % of cases where the
etiological agent was identified and revealed that nearly 80 % of cases go without
identification (Hoffman et al., 2015). The same report attributed five pathogens
(Salmonella, Toxoplasma gondii, Listeria monocytogenes, Campylobacter, and
Norovirus) to more than 90% of the $15 billion annual healthcare burden associated
with foodborne illness in the U.S.

Bacterial pathogens are the most common cause of foodborne outbreaks
(Bintsis, 2017; Olaimat and Holley, 2012; Warriner et al., 2009; Carsten et al., 2019;
Abebe et al., 2020). Three bacterial pathogens (S. enterica, E. coli O157:H7, and L.
monocytogenes) were responsible for 83 multi-state and produce-associated
foodborne outbreaks in the U.S. between 2010 and 2017 with affected produce
including lettuce, sprouts, cantaloupe, tomatoes, cucumbers, melons, and hot peppers
(Carstens et al., 2019). These outbreaks alone led to 4,658 illnesses, 1187
hospitalizations, and 55 deaths. Fresh vegetables were implicated in 67.3% of the

cases with the rest linked to fruits (Carstens et al., 2019).
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The majority of the foodborne pathogens are fecal in origin with optimal
environments for survival being the intestinal tracts of animals (FDA, 2008). The
spread of these pathogens is typically via the fecal to oral route through the
consumption of food or water that has interacted in some way with fecal material
(Warriner et al., 2009) . Additionally, while fecal sources are most common, certain
pathogens such as L. monocytogenes are ubiquitous in the soil environment and can
effectively contaminate produce grown near or under the ground surface (Warriner et

al., 2009; Vivant et al., 2013; Carstens et al., 2019).

2.2.2 Irrigation in the U.S. and Farm Ponds as an Irrigation Water Source

Irrigation accounts for a major proportion of the total freshwater withdrawals
in the United States. Approximately 118 Mgal of water are used for irrigation daily
which represents 42% of the total annual freshwater withdrawal (Dieter et al., 2018).
Surface-water sources account for 52% of the withdrawal with 48% attributed to
groundwater sources (USGS, 2019). Water withdrawal for irrigation is
disproportionally higher in the mid- and Western States than the East Coast with
California, Idaho, Arkansas, Montana, and Colorado accounting for 54% of the
nationwide withdrawal (Dieter et al., 2018). Increased temperatures, lack of
precipitation, and a greater proportion of the overall agricultural land used for
produce are responsible for the increased withdrawal in the West and mid-West as
compared with the Eastern U.S (Wang, 2019; Dieter et al., 2018).

Surface water sources can be categorized as either being lentic or lotic. Lotic
sources are characterized by rapidly flowing water and include rivers, creeks, streams,

brooks, and springs while lentic sources are characterized by still or standing waters
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with low water velocities and include ponds, lakes, and reservoirs (O’Keefe et al.,
2021). The use of ponds for irrigation is especially popular due to the relative ease of
construction within agricultural settings. There is no universal standard on the
difference in area between ponds and lakes, but the former has been estimated to be
between 1 m? and ~50,000 m? (Chopyk et al., 2018). Within the U.S. in 1980, there
were more than 2.1 million farm ponds constructed on private lands to provide water
for irrigation (NRCS, 1997). A 2005 report which analyzed satellite imagery data
estimated that there may be between 8 and 9 million ponds in the U.S. with the largest
density between the Great Plains and East Coast with notably less in the Western
States (Renwick et al., 2005). The same study concluded that most of the identified
ponds were man-made. With the relatively large number of agricultural irrigation
ponds in the U.S., it is evident that more work is needed to document the spatial and

temporal variability in the microbial water quality of these irrigation sources.

2.2.3 Irrigation as an important route for contamination

Contamination can occur in pre- or post-harvest environments. In the pre-
harvest environment, pathogens can be introduced onto fresh produce via contact with
irrigation water, splash from contaminated rainwater, or interactions with runoff, soil,
fertilizers, manure, insects, and dust, and the direct deposition from animals (Carstens
et al., 2019; Goodburn and Wallace, 2012; Bennet et al., 2018). In post-harvest
environments, contamination can occur through interaction with contaminated wash
waters, surfaces, cutting tools, personnel who are sick or have poor hygiene,

inadequate storage or transport conditions, and handling in the home (Olaimat and
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Holley, 2012). In the pre-harvest environment, irrigation appears to be a major vector
for contamination and the irrigation water quality can be used as an indicator of
produce safety (Suslow et al. 2003; FDA, 2008; Uyttendaele et al., 2015; Bennet et
al., 2018; Lee et al., 2018).

Irrigating with contaminated water has been shown to effectively transmit
pathogens to fresh produce (Guo et al., 2002; Hintz et al., 2010) and several
investigations have linked contamination events to the water that was used for
irrigation (Ackers et al., 1998; Kozak et al., 2013; Nygérd et al., 2008; Gelting et al.,
2015). Sources of contamination which may reach waters used for irrigation include
sewage sludge and livestock wastes applied to land, animal feces deposited on land or
directly into water by grazing or wild animals, and discharges from septic tanks or
combined sewer overflows (Tyrrel and Quinton, 2003; Gerba and Smith, 2005).
Agricultural practices can impair surface water quality by acting as both point and
non-point sources of fecal microorganisms (Markland et al., 2017; U.S EPA, 2015).
Precipitation or irrigation events which occur on manure- or biosolid amended lands
facilitate the release and transport of large numbers of fecal bacteria with overland
flow or tile drainage which can reach and contaminate surface water sources
(Blaustein et al., 2015; Stocker et al., 2017; Givens et al., 2016). Likewise, pastured
lands can also degrade the microbial water quality of adjacent and downstream waters
(Nagels et al., 2002; Muirhead and Monaghan, 2012). Inverse correlations between
distance to pastureland and higher fecal microbe levels in surface waters have been
commonly reported (Conboy and Goss, 2000; Shelton et al., 2011; Benjamin et al.,

2013; Poulsen et al., 2018). Similarly, microbial water quality of rivers and streams
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has been shown to improve with increasing distance from urban areas (Kovaci¢ et al.,
2011; Derlet et al., 2012). The U.S. EPA currently recognizes agriculture as the most
probable source for the most miles of impaired streams and rivers in the U.S and lists
microbial pathogens as the leading cause of impairment (US EPA, 2021). For Lakes,
reservoirs, and ponds, agriculture is 3™ most probable cause of impairment with
pathogens accounting for 503,200 acres of threatened or impaired waters of these
types. With so many miles or acres of threatened or impaired surface waters due to
microbial pathogens, it is evident that a better understanding of the fate and transport
processes associated with these pathogens is needed to reduce the incidences of
foodborne outbreaks.

2.2.4 Persistence of pathogens in irrigation waters and after transfer to
crops

Survival of microbial pathogens in waters intended for irrigation is controlled
by many factors. Temperature effects on microbial pathogens in surface waters are
well noted. A meta-analysis of 470 E. coli datasets which investigated the effects of
temperature in surface waters found that increased temperatures led to higher
inactivation rates in all water types evaluated which included rivers, wastewaters,
lakes, groundwater, pristine sources, and agricultural waters (Blaustein et al. 2013). In
a subsequent meta-analysis, the same authors found the dependencies to hold true for
both Salmonella and enterococcus (Pachepsky et al., 2014). The strength of the
temperature dependencies has been shown to differ between water types including
rivers/streams and lakes (Faust et al., 1975; Stocker et al., 2014). In addition to

temperature, other factors that affect the survival of pathogens in waters are nutrient
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availability, osmotic stress, UV radiation, unfavorable pH (e.g. < 6.5 or > 8.5),
predation, and competition, but the extent of these factors may be expected to differ
between microorganisms as some are better suited for survival in non-host
environments (Barcina et al., 1986; Winfield and Groisman, 2003; Warriner et al.,
2009; Maraccini et al., 2016).

Fecal microorganisms which have been transported to waterways will remain
in the water column and eventually become inactivated, will be used for irrigation or
drinking water supplies, and/or will settle into the bottom sediments. The sediments
of waterbodies have been shown to be large reservoirs of fecal bacteria in the
environment as they provide a substrate for growth which is oftentimes rich in
nutrients, offers protection from UV radiation and predation by other
microorganisms, and negates some of the effects of diurnal temperature oscillations
(Wilkinson et al., 1995; Jamieson et al., 2005; Muirhead et al., 2006; Stocker et al.,
2018). If sediments are disturbed through events such as bioturbations, such as when
cattle cross a stream, or when high-flow events occur, massive numbers of fecal
bacteria may be re-suspended into the water column (Cho et al., 2010; Stocker et al.,
2018; O’Callaghan et al., 2018). Transport of fecal microorganisms in the sediment
can also occur during baseflow conditions via in-channel active (e.g. chemotaxis)
and/or passive (e.g. hyporheic exchange) transport processes between the sediment
and water column (Ginn et al., 2002; Grant et al., 2011; Pachepsky et al., 2017; Park
et al., 2017). Positive correlations between E. coli concentrations in sediment and the

water column across sampling locations have been reported in several studies which
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may demonstrate an exchange between the two mediums (Wu et al., 2009;
Piorkowski et al., 2014; Stocker et al., 2018; 2019).

Once contact has been established, pathogenic microorganisms have been
reported to create biofilms on plant surfaces which reduce environmental stressors
and enhance survival (Olaimat and Holley, 2012). In one study, it was shown that E.
coli O157:H7 could survive for at least 25 days on leaf surfaces once introduced onto
the plant tissues (Zhang et al. 2009). In another study, E. coli O157:H7 and
Salmonella were observed to survive for 177 and 231 days, respectively, on parsley
leaves (Islam et al., 2004a,b). Microorganism survival on fresh produce is mediated
by nutrient availability, UV radiation, toxic compounds released by the plant,
competition with other microorganisms, and desiccation (Whipps et al., 2008;
Olaimat and Holley, 2012). Meteorological factors, particularly moisture and
temperature have been described to exert the most control over survival in the
environment (Suslow et al., 2003; Hoagland et al., 2018).

Microbial colonization of plants may also occur via infiltration into plant
tissues which promotes survival in pre- and post-harvest environments. The quickest
and most effective route for this to occur is via damage to the external plant tissue
which expose internal sections (Eblen et al., 2004; FDA, 2009). Another way is via
microorganism activity at the plant surfaces. For example. E. coli O157:H7 was
shown to produce specialized cells which caused stomatal openings in leafy greens
and allowed the bacteria into internal plant compartments via chemotaxis, motility,
and quorum sensing (Saldana et al., 2011). Salmonella internalization has been

widely documented as well in produce such as tomatoes, leafy greens, herbs, oranges,
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and sprouts (Zheng et al., 2013; Goldberg et al., 2011; Eblen et al., 2004; Solomon et
al., 2002). Once internalized, standard sanitation practices become less effective as
removal and inactivation of pathogens becomes more difficult (Wright et al., 2017,
Olimat and Holley, 2012).

Foodborne pathogens present in irrigation waters can also be infiltrated into
agricultural soils where they may persist for extended periods of time relative to
being exposed at the surface. For pathogens at the surface, elevated UV light
exposure, diurnal temperature cycles, and drying are the primary factors driving
inactivation (Rokitko et al., 2003; 2004; van Kessel et al., 2007; FDA, 2009; Stocker
et al., 2015). Other potentially pertinent factors include soil organic matter content,
soil moisture, the extent of eutrophication and availability of substrate, soil pH,
oxidation-reduction potential, and microbial interactions (Oliveira et al., 2012).
Microbial pathogens which enter the soil either through incorporation or with water
may exhibit extended persistence as these factors have a less effective reach within
the subsurface environment (Hutchison et al., 2004). Survival in the soil environment
has been shown to occur for a number of days, weeks, months, and even years (Avery
et al., 2004; Entry et al., 2005; Muirhead, 2009). The latter long-term persistence was
documented by Brennen et al. (2010) who measured E. coli concentrations in manure
amended soils for 9-years after application which led the authors to conclude
autochthonous populations had become naturalized in the soil.

Once in the soil, splash action of water caused by precipitation or irrigation
events has been shown to contaminate adjacent plants and those up to a half meter

away (Monaghan and Hutchison et al., 2012; Moyne et al., 2011; Oliveira et al.
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2012). If pathogens are able to survive in the soil for long periods of time, then it is
possible that each precipitation or irrigation event may result in the spread of the
microorganism to the crop (Allende et al., 2018). The possibility of contamination of
crops from splash action on soil surfaces may undermine current FSMA PSR
corrective measures such as allowing for microbial die-off to occur in the field.
Overall, irrigation has been shown to be conducive for the transfer of
microbial pathogens from water to crops and soils. Soil ecosystems can support FIB
and pathogens survival for extended periods of time. Pathogenic microorganisms
have been shown to develop biofilms on plant surfaces which also enhance survival.
Internalization of deposited pathogens into plant tissues is a serious concern as this
internalization may make post-harvest sanitation practices ineffective. Altogether, it
is clear that the microbial quality of waters used for irrigation is a significant factor

for food safety.

2.3 Food Safety Regulations and Fecal Indicator Bacteria

2.3.1 Key Legislation

Due to the severity in economic and public health effects of foodborne
illnesses, several regulatory guidelines have been passed within legislation that
focuses on reducing the contamination of produce. In 1998, the FDA released the
“Guidance for Industry: Guide to Minimize Microbial Food Safety Hazards for Fresh
Fruits and Vegetables” which detailed the “scientific agreement” that irrigation

practices that expose the edible portion of plants to contact with contaminated water
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may increase the risk of foodborne illnesses (FDA, 1998). This document provided
guidance on minimizing risks of contamination and advocated adhering to good
agricultural practices (GAPS) where practical such as avoiding irrigation close to
harvest and using low-volume sprays, drips, furrow, or underground application
methods as part of an irrigation program. The document also contained a section
regarding microbial testing of agricultural waters including measurement of fecal
coliforms and generic Escherichia coli (E. coli), but provided no numerical criteria to
define acceptable levels. In 2008, the FDA updated the guidance document to reflect
the FDA’s then current thinking on the topic of food safety in the U.S. The update
expanded the recommendations on safety controls and good agricultural practices
(“GAPS”) as well as provided new information regarding the number of outbreaks
since the publication of the original document. Of note, the updated document stated
that “prevention of microbial contamination of fresh produce is favored over reliance
on corrective actions once contamination has occurred”. This principle set the
foundation for adopting and expanding GAPS and assessing potential on-farm
contamination routes with the aim to preemptively minimize risks so that foodborne
illnesses and the associated economic costs would pose a lesser threat.

Concurrent with the updated guidance from the FDA, the California Leafy
Greens Marketing Agreement (LGMA), a collective who currently produce 90% of
the leafy greens grown in the U.S., established numerical criteria in 2008 for the
testing of irrigation waters in response to a 2007 E. coli O157:H7 outbreak (LGMA,
2015). The criteria were based on that proposed a few decades earlier by the U.S.

EPA for recreational waters which were based on the levels of generic E. coli present
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in a 100-mL sample. The specific numbers were 1) for overhead irrigation of foliar
surfaces, no water sample can contain > 235 most probable number (MPN) of E. coli
per 100-mL (ii) for drip irrigation of roots, no sample can contain >576 MPN E. coli
per 100-mL, and (iii) for either overhead or drip irrigation, E. coli concentrations
cannot exceed an average of 126 CFU or MPN per 100-mL among five samples taken
over 30-days (Shelton et al., 2011). In the same time period, the Arizona-LGMA
committee was formed which is considered a sister program to the California based
agreement containing very similar guidelines (LGMA, 2015)

Three years after the FDA released the 2008 guidance document, the 2011
Food Safety Modernization Act (FSMA) was signed into law by President Barack
Obama. FSMA was a comprehensive reform bill that authorized and mandated the
FDA to require science-based preventative controls across the food supply chain
including growing, harvesting, packing, and holding/transport (Ribera et al., 2016).
Initially FSMA did not contain numerical guidelines for the levels of fecal bacteria
that were acceptable without triggering re-testing or abatements. In 2016, FSMA was
amended and the Final Rule on Produce Safety (also known as the “produce safety
rule” (PSR) established standards for the “growing, harvesting, packing, and holding
of produce for human consumption” which was put into effect in January of 2016
(FDA, 2015). Under the PSR, growers are to periodically test surface waters used for
irrigation in order to develop a “microbial profile” to discern the average
concentrations present as well as the potential variability in those concentrations.
Specifically, an initial survey of 20 samples were to be taken over the course of 2- to

4-years as close as practicable to harvest. From these, a geometric mean (GM) and
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statistical threshold (STV) would be calculated. The geometric mean represents the
logarithmic average E. coli concentrations and the STV would be a value such that
90% of the samples would be below the STV value. The values for the GM and STV
were 126 CFU 100 mL™! (2.1 log CFU 100 mL") and 410 CFU 100 mL! (2.61 log
CFU 100 mL™"), respectively (FDA, 2016). After the initial survey, the microbial
profile of the irrigation water would be updated by taking 5 samples a year to create a
rolling average. In the case of non-compliance, corrective measures may be taken
including allowing die-off in the field to occur post-irrigation, allowing time for die-
off between harvest and end of storage which would include commercial activities
such as washing, and/or to treat the water with chemicals or antimicrobial substances
(FDA, 2017).

The FSMA PSR compliance dates accommodated changes needed for farmers
operating at different production scales. These dates were January 26, 2018 for farms
earning more than $500,000 in a 3-year period, January 281 2019 for farms earning
more than $250,000 but less than $500,000, and January 27, 2020 for farms earning
more than $25,000 but no more than $250,000. At the time of the creation of this
document, the FSMA PSR is still in effect as are the California and Arizona LGMAs
(LGMA, 2021; FSMA, 2021) and compliance dates for varying FSMA produce

safety regulations continue through 2024 (FSMA, 2021).

2.3.2 Escherichia coli as an indicator of fecal contamination

The 2008 California and Arizona LGMAs and the 2016 FDA PSR established

the measurement of generic E. coli for regulatory compliance and set criteria based on
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the concentrations measured in waters used for irrigation. The criteria were adopted
from the EPA’s 1986 recreational water quality criteria which used generic E. coli
and enterococci microbial water quality determinations. The datasets and resulting
criteria were collected as part of EPA’s epidemiological studies conducted during the
late 1970’s and early 1980°s when levels of E. coli and enterococci in surface waters
were compared with illness rates of waterborne pathogens (U.S. EPA, 2012). The
findings of these studies indicated that E. coli and enterococci had the highest
correlations to disease incidence in freshwater systems and marine beaches,
respectively, and therefore enumeration of these organisms would be used to assess
fecal loading and potential health impacts (Ishii and Sadowsky, 2008).

Studies into the applicability of E. coli as an indicator were based on
knowledge that E. coli is a relatively abundant microorganism present in animal feces
and therefore elevated levels of this microorganism may represent occurrences of
fecal contamination in water. In all, there are 7 criteria that a fecal indicator organism
(FIB) must exhibit which includes: 1) it should be a member of the intestinal
microflora of warm-blooded animals, i1) it should be present when pathogens are
present and absent in uncontaminated samples, iii) it should be present in greater
numbers than pathogenic microorganisms, iv) it should be at least equally resistant as
the pathogen to environmental stresses and to disinfection processes, v) it should not
multiply in the environment, vi) it should be detectable easily, rapidly, and
inexpensively, and vii) it should be non-pathogenic (Bitton, 2005).

E. coli are a proteo-bacteria of the family Enterobacteriaceae of genus

Escherichia (Odonkor and Ampofo, 2013). E. coli are a gram-negative rod-shaped
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bacterium which reside in the lower intestines of warm-blooded organisms. The
microorganism is a facultative anaerobe of which most strains are harmless and make
up less than 1% of the intestinal microbiota (Delmas et al., 2015). E. coli experience
optimal growth conditions at temperatures that mimic the host environment (37 °C or
98.6 °F) but are considered thermo-tolerant as they can survive in temperatures as
high as 50 °C (Odonkor and Ampofo, 2013). The bacterium has also been shown to
survive in freezing temperatures (< 0 °C) (Smith, 1995; Berry and Foegeding, 1997).

Several pathogenic strains of E. coli carry a combination of virulence genes
which can be utilized to cause intestinal and extra-intestinal infections (Delmas et al.,
2015). The virotypes of E. coli include enterotoxigenic (ETEC), enteropathogenic
(EPEC), enteroinvasive (EIEC), enterohemorrhagic (EHEC) and enteroaggregative
(EAEC) E. coli which are classified based on the infection mechanisms, biochemical
properties, and resulting pathologies in infected organisms (Odonkor and Ampofo,
2013). The most common symptoms of infection are profuse and often bloodied
diarrhea as well as high fever. Other more serious symptoms include hemolytic-
uremic syndrome, sudden kidney failure, and inflammatory responses (Bien et al.,
2012).

The efficacy of E. coli as an FIB has been shown to vary widely across
whereby in some cases E. coli concentrations correlate with those of pathogenic
microorganisms and in other cases there is no relationship. In a review article which
analyzed the co-measurement of indicator bacteria and pathogenic microorganisms in
surface waters between 1970 and 2009 it was reported that 29 of 40 studies found no

correlation of E. coli and pathogens while 11 of 40 did (Wu et al., 2011). The authors
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attributed the lack of correlation to insufficient sample sizes as well as higher levels
of other indicators such as total or fecal coliforms in the environment (and after fecal
deposition) than E. coli. The same report also described variability in correlations due
to geographic and methodological differences across studies as well as differences
attributed to water type (e.g. freshwater, saline or brackish, wastewater etc.).

Associations between E. coli and pathogens have also been observed to be
pathogen specific. For instance, Salmonella has been shown to have significant
correlation with E. coli concentrations in surface waters in more studies than not, but
the opposite is true for pathogens such as Campylobacter and Cryptosporidium
(Pachepsky et al., 2016; Wu et al., 2009; Ceuppens et al., 2015).

Additional reasons for poor relationships may be that E. coli is a bacterium
which is used to assess the contamination of bacterial but also non-bacterial
pathogens such as protozoa or viruses which have been shown to exhibit differences
in fate and transport within the environment (Brookes et al., 2004). The growth of E.
coli in non-host environments also contradicts the criteria listed in Bitton (2005) for
an ideal indicator organism (Stocker et al., 2015; Ishii and Sadowsky, 2011). In this
case, E. coli measured in soils or waters do not represent recent fecal contamination,
but rather are representative of persistent or naturalized populations. Finally, it is
likely that there may be threshold values of indicator organism concentrations which
correspond with elevated levels of pathogenic microorganisms. A couple of studies
have reported average prevalence (%) of pathogens and pathogenic markers in
Pennsylvania waters as having been 0 % with E. coli levels under 300 CFU 100 mL™!

however, above this threshold prevalence increased to between 20 and 50 % (Duris et
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al., 2013; Pachepsky et al., 2016). A similar 2015 study which analyzed 1037 water
samples from 45 farms in five countries determined that E. coli was an effective FIB
when concentrations were above 100 CFU 100 mL™ . The efficacy to Salmonella and
Shiga-toxin producing E. coli were present whereas weaker findings were reported
for Campylobacter (Ceuppens et al., 2015). A recent study in Spain which examined
irrigation waters found a specific threshold of 2.35 log CFU 100 mL™' (224 CFU)
below which there was a 90% probability that samples were not contaminated with
pathogens (Truchado et al. 2018). Numerous other researchers have also shown that
the probability of pathogen presence increases with the measured E. coli
concentration in surface waters (McEgan et al., 2013; Partyka, 2016; Partyka, 2018;
Truitt et al., 2018; Havelaar et al., 2017).

Several other indicator microorganisms have been evaluated including
coliform bacteria, fecal streptococci (enterococci), anaerobic bacteria including
Clostridum perfringens, Bacteroides spp., and bifidobacteria, and bacteriophages
such as somatic coliphages, F+ coliphages, and phages infecting Bacteroides fragilis
(Bitton, 2005). However, only E. coli and enterococci have been widely adopted for
the characterization of the microbial quality of water for recreation by the EPA and
for irrigation by the FDA, respectively. The LGMAs do not recommend the
measurement of enterococci which has been described a better indicator in marine
waters (Wade, 2003). In the 2012 Recreational Water Quality Criteria (RWQC) the
EPA removed measurement of total coliforms from assessing fecal contamination,
but recommended the measurement continue for drinking water standards (U.S. EPA,

2013).
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There is no obvious perfect indicator organism for the assessment of fecal
contamination of recreational and agricultural waters. Efficacy of any specific
indicator organism is dictated by season, region, and local fecal inputs as well as the
extent of differences between indicators and pathogens in terms of fate and transport,
sampling volumes and methodology, and responses to environmental conditions (Wu
et al., 2009; Pachepsky et al., 2014; Truchado et al., 2018). Efficacy is likely to
improve when more samples are taken and the author agrees with a conclusion in
Savill et al. (2001) which stated, “a low Spearman’s rs value does not allow ‘no
correlation’ to be inferred but merely denotes that there may not be sufficient
evidence to conclude that a relationship exists”. It is also plausible that sampling
designs are responsible for the lack observed relationships. As noted in Benjamin et
al. (2013), “grab sampling involves collecting a relatively small quantity of water at a
particular point in time and might lead to false negative results because E. coli
0157:H7 can be present at low levels in surface water or might not be homogenously

distributed in the water source”.

2.4 Monitoring the Microbial Quality of Irrigation Waters

2.4.1 Environmental Monitoring and Assessment

In addition to detecting when caution or corrective measures should be taken
when using an irrigation source due to microbial exceedances, the focus of many

research and monitoring programs is to better understand the variability and factors
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that control the populations of FIB or pathogens in the environment. High spatial and
temporal variability of microbial water quality metrics is common. Unfortunately, in
most studies either the spatial or temporal component of the variability is favored
while the other is not well elucidated. Commonly, the temporal component is given
greater focus and more measurements are taken over time than over space which has

revealed interesting inter-annual FIB dynamics.

2.4.2 Spatial variability of microbial water quality metrics

Dense spatial sampling of E. coli in freshwater ponds and small lakes or
reservoirs is rarely performed due to considerations of time, availability of funds,
and/or difficulties in accessing potential sampling locations. Table 2.1 documents the
apparent lack of accounting for spatial differences in irrigation water sources. In the
overwhelming majority of studies, only a single sample taken from an irrigation pond,
reservoir, or lake was collected and used for microbial water quality assessments.

The limitations on resources for sampling have led some researchers to
sample as close as possible to the irrigation water intake location and/or at a few
locations along the perimeter of the pond (Gu et al., 2012; Luo et al., 2015; Lee et al.,
2018) while others have elected to include analysis of water from irrigation
distribution systems and/or irrigation water that has reached the crops (Antaki et al.,
2016; Pagadala et al., 2015). Lee et al., (2018) documented large spatial differences
of E. coli and Salmonella concentrations among 3 locations around the perimeter of
an irrigation pond measured from March to September. The authors related the spatial
differences to potential microhabitats present within the pond along with

physicochemical parameter preferences of the organisms. They also found the
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samples taken near the intake (pond interior) contained lower concentrations of F.
coli than those sampled near the bank. Conversely, Harris et al., (2018) reported
higher E. coli concentrations in interior sampling locations than bank locations in two
GA ponds. Pagadala et al., (2015) measured total aerobic bacteria, E. coli, and total
coliforms in irrigation well and pond water samples within the source as well as at the
end of drip lines and found no significant differences between concentrations of all
three groups. In another study, 10-fold or greater differences were observed between
pond water at the source and what is released at the end of drip lines or pivot
sprinkler heads (Antaki et al., 2016). Another group of authors sampled 5 locations
along the flow path of 6 different California reservoirs and found that the microbial
water quality in downstream irrigation supplies was not statistically associated with
conditions in the reservoirs, rather there was a greater similarity to water quality just

upstream of the reservoirs (Partyka et al., 2018)
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Table 2.1. Summary of sampling information in 20 microbial water quality studies performed in lentic waterbodies.

Water Sampling Sample | Samples | Sampling | Total
Microorganism Location Type Sites | Time of Day | Frequency depth (m) | per visit | locations | samples | Reference
Southern Antaki et al.
EC, S spp. Georgia P 2 N.A. Intermittently 0-1 1-2 1 83 2016
California
EC, 0157, S Central Benjamin et
Spp. Coast P 3 N.A. Intermittently N.A. N.A. 1 46 al., 2013
EC, STEC, S Delbeke et
spp. Belgium P 5 N.A. N.A. Surface 1-2 1 53 al., 2015
APC, TC, FC, Southern Draper et
EC, EN Pennsylvania P 1 N.A. N.A. N.A. 1 1 55 al., 2016
Northern Durham et
EC Texas L 6 N.A. Monthly 0.5 3 3 216 al., 2016
Southern Guetal.,
Campy spp. Georgia P 10 N.A. Monthly Surface 2 1 280 2012
Eastern
L. mono., S. Shore of Guetal.,
ent, EC Virginia P 4 N.A. Weekly Surface 1 1 12 -49 2021
Southern Precipitation Harris et al.,
EC, S spp. Georgia P 2 N.A. Driven Surface 2 3 24 2017
EC; Crypto. Western Jokinen et
Spp. Canada R 1 N.A. Biweekly Surface 1 1 16 al., 2019
Southern Lee et al.
EC, S. spp. Georgia P 5 N.A. Monthly Surface 3 3 507 2018
Eastern
EC, TC, APC, Shore Marine et
S spp. Maryland P 9 N.A. Various Surface 1 1 N.A. al., 2015
Central Before 12 McEgan et
EC, TC, S spp. Florida P 1 pm Monthly 0-0.2 1 1 12 al., 2013
Mid-Alantic Micallef et
S. spp. U.S. P 11 N.A. Intermittently | Surface 1 1 34 al., 2012
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Eastern
EC, TC, FC, S Shore Pahl et al.,
spp. Maryland P 1 N.A. Biweekly Surface 3 3 87 2013
EC, FC, S. Eastern Partyka et
STEC, 0157 California R 6 N.A. Monthly Multiple 1 3 N.A. al., 2018
Eastern
EC, TC, ENT, Shore 0.15to Solaiman et
Aero Maryland P 2 N.A. Various 0.30 1 1 69 al., 2020
EC, TC, FC, Southern Steele et al.,
EN Ontario P 27 N.A. Intermittently | Surface 2 1 501 2005
EC, TC, EN, S Western Before 12 Topalcengiz
spp. STEC Florida P 6 pm Weekly Surface 1 1 540 etal., 2017
Eastern
APC, EC, TC, Shore Before 11 Truitt et al.,
S spp. Virginia P 20 am Biweekly 0.5 1 1 400 2018
Won et al.
EC, TC Ohio R 4 N.A. Various 0.5 1 1 160 2013

P =pond, R = reservoir, L = Lake. N.A. = information not available. EC = generic E. coli, TC = total coliforms, EN = enterococci,
FC = fecal coliformsS spp. = Salmonella spp., STEC = shiga-toxin producing E. coli, Aero = Aeromonas spp., Crypto spp. =
Cryptosporidium spp., O157 = E. coli O157:H7, Campy spp. = Campylobacter spp., S. ent = Salmonella enterica, L. mono = Listeria
monocytogenes. Surface = reported a “surface” sample from unspecified depth, Multiple = samples collected from epilimnion,
thermocline, and hypolimnion of multiple sites but specific depths were not listed. N.A. = no information available.
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While spatial variability of microbial water quality metrics is largely under-
reported, even less is known about variations in concentrations at different water
depths. Concentration changes with depth can be expected to exist due factors such as
the development of thermal and/or dissolved oxygen gradients, closer proximity to
sediments, and the reduced effects of solar radiation on FIB inactivation. Kleinheinz
et al., (2006) reported significantly different concentrations of E. coli in lake waters
among sampling depths of 30, 60, and 120 cm. Hosetti and Patil (1987) observed
maximum bacteria counts in bottom layers of wastewater ponds and related this
observation to the depth-dependent light penetration. In a storm water pond, He et al.
(2015) documented uniformly distributed levels of E. coli and fecal coliforms up to
the 1.2-1.5 m depths with increased levels below this layer. The authors also
concluded that thermal gradients inhibited the vertical movement of microorganisms
and that stratification and de-stratification of bacterial concentrations followed
diurnal cycles. Antaki et al., (2016) sampled two irrigation ponds in Southern Georgia
and reported conflicting results. In one pond the levels of E. coli and Salmonella were
roughly 31 and 4 times greater, respectively, at a 1-m depth compared to the surface
water. At the second pond, E. coli and Salmonella were 0.5 and 6 times lower,
respectively, at the surface than at the 1-meter depth. Partyka et al. (2018) measured
E. coli, fecal coliforms, Salmonella, STEC, and E. coli O157:H7 at six California
reservoirs and at 3 different depths which included the epilimnion, the thermocline,
and the hypolimnion. The authors reported overall no significant differences by water
depth when averaged across reservoirs, but two reservoirs did have significantly

higher E. coli and fecal coliform concentrations within the epilimnion layers
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compared to both the thermocline and hypolimnion layers. The authors also found a
trend of higher detection of all pathogens with increased water depths. All in all, the
spatial variability of FIB and pathogens in irrigation sources is largely unknown due
to measurements performed in only a single sampling location. This shortcoming is
sometimes acknowledged in studies such as that of Cooley et al. (2007) who stated
that statistical analysis of pathogen data could not be performed due to low sample

numbers.

2.4.3 Temporal variability of microbial water quality metrics

Temporal variability of E. coli concentrations has been well documented in
stream waters and at beaches (U.S. EPA, 2010). Less information is available for
irrigation water sources. During a 19-month study, Lee et al., (2018) measured E. coli
and Salmonella in 5 different irrigation ponds in Georgia. The authors reported that E.
coli concentrations peaked with peak temperatures in early- to mid-summer, however,
Salmonella concentrations peaked in the late summer or early fall. Durham et al.,
(2016) studied the level of E. coli in 6 small urban lakes in Texas and found that 5 of
6 lakes contained higher concentrations in the summer than the winter. Results from
their 36-month study also demonstrated substantial inter-annual differences in E. coli
in all studied ponds which was attributed to varying water temperatures and the
number of geese present each year (i.e. correspondingly the quantity of geese feces).
Similarly, Jokinen et al. (2019) documented significant inter-annual differences in E.
coli and campylobacter in an irrigation reservoir. In year 1 of their study, microbial

water quality exceedances were attributed to runoff from surrounding agricultural
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lands which occurred earlier in the season whereas in year 2 most of the exceedances
occurred later in the season when there was little precipitation and were attributed to
feces from wild birds and cattle.

It is important to point out that there is a strong effect of seasonality on the
incidences of foodborne outbreaks. A meta-analysis on outbreaks in the U.S. between
1996 and 2017 compared the seasonality in reported cases and found that the majority
were tightly clustered in late-July at both the state and national level (Simpson et al.,
2020). Another study that documented seasonal changes in outbreaks reported that
50% of outbreaks were associated with vegetable row crops, fruits, and seeded
vegetables and occurred during the April to July periods with a resurgence in October
(Bennet et al., 2018). Similarly, in a systematic review of the cases of
campylobacteriosis, salmonelellosis, and vero cytotoxin-related illnesses between
1960 and 2010, it was shown that in general there was increased prevalence of these
bacteria-related diseases in the summer months while cryptosporidiosis and
giardiasis, the only parasite-related illnesses in the study, showed peaks in cooler
seasons such as the spring and fall (Lal et al., 2012). The authors attributed the
observations to seasonal land use patterns between animals and humans and changes
in temperature and precipitation throughout the year. The higher prevalence of
pathogens in the summer months corresponds with the growing season and when
irrigation withdrawals are the greatest which may explain the larger number of
illnesses reported in this season.

The time of day an irrigation source is sampled may also have significant

impacts on the results of microbial water quality monitoring. Strong diurnal changes
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occur in FIB concentrations, whereby concentrations are highest during the evening
or early morning and lowest in the afternoon, and have been documented in streams,
canals, and coastal environments (Boehm et al., 2002; U.S. EPA, 2010; Stocker et al.,
2016; Lothrop et al., 2018), however, these findings have not been investigated for
small irrigation ponds. Brissaud et al., (2002) studied the level of fecal coliforms in a
stabilization pond and reported diurnal fluctuations between mixed and stratified
conditions which substantially affected fecal coliform populations measured at the
pond outlet. In their study, concentrations were highest in the 6:00 to 10:00 am period
and began to decline from 10:00 am to 14:00 pm. The primary drivers of mixing and
stratification were reported to be daily temperature variations and density fields as
well as wind friction at the surface of the pond. Table 2.1 shows that the time of day
in which samples were taken is largely unreported in irrigation microbial water
quality studies. Where documented, most researchers report taking samples in the
morning hours prior to solar noon (Topalcengiz et al., 2017; Truit et al., 2018).
Without accounting for diurnal variability of indicators in irrigation water quality,
results from study to study or even within the same study may inadvertently over- or
under-estimate the true risk of using an irrigation water source.

The greatest temporal differences in indicator densities are attributed to
precipitation events. Jenkins et al. (2015) documented two orders of magnitude
increase in FIB in three ponds during stormflow events observed in their study. These
increased levels were attributed to runoff and sediment disturbances. These authors
also demonstrated that it took about 5 days for levels of E. coli and enterococci to

return to pre-storm levels. Interestingly, the levels of Salmonella and E. coli O157

37



remained significantly higher 5 days after the event as compared with the pre-event
levels. Harris et al. (2017) measured the levels of E. coli and Salmonella before and
after rainfall events in two irrigation ponds in GA and reported significantly higher
concentrations of both organisms after precipitation events which agrees with the
results of several other studies that involved measurements conducted during
precipitation events (Steele et al., 2005; Chen and Chang, 2014; Kleinheinz et al.,
2010; Stocker et al., 2016)

It is important to note that when creating Table 2.1 it was discovered that in
many publications there was insufficient information to characterize the monitoring
designs. Many reports did not provide the number of samples, the number of
sampling locations, the time of day, and/or the depth at which samples were taken
(Strawn et al., 2013; Marine et al., 2015; Benjamin et al., 2015; Partyka et al., 2016;
Pagadala et al., 2015; Gorksi et al., 2011; Cooley et al., 2014; Cooley et al., 2007).
Extracting pertinent spatial and temporal information from these studies was also
made difficult or impossible due to researchers lumping irrigation sources together
(ponds, streams, creeks, reservoirs) without differentiating the characteristics between

them.

2.5 Modeling FIB and Pathogens Concentrations

2.5.1 Physicochemical, meteorological, and hydrological covariates

The measurement of E. coli in surface waters is currently limited by culturing

methods which require 18 to 24 hours before enumeration can begin. Similarly,
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determining pathogen densities is also laborious and often takes several days for
results. Due to such delays, the U.S. EPA has recommended the use of predictive
models to improve the timeliness and accuracy of microbial water quality
assessments (U.S. EPA 2012; Francy et al., 2013; Francy et al., 2020). These models
utilize environmental variables with expected mechanistic relationships with the
target organism being predicted. Table 2.2 shows a summary of the environmental
covariates used in the studies reported in Table 2.1. Examination of Table 2.2 shows
that water temperature, pH, specific conductance, turbidity, air temperature, and

precipitation were the most commonly reported covariates measured in these studies.
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Table 2.2. Summary of environmental covariates measured across studies presented in Table
2.1.

Number of Percent

Parameter Reference Appearances (%)
Water Temperature (°C) 1,2,3,4,5,6,7,8,10,12,13,14,17 12 60
pH 1,2,3,4,5,6,7,8,10,14,17 10 50
SPC (uS cm™) 1,2,3,4,5,6,7,8,10 8 40
Turbidity (NTU) 1,2,3,4,5,6,7,8,10 8 40
Air Temperature (°C) 1,2,3,4,6,8,9,14 7 35
Precipitation® 2,3,6,7,9,13,16,17 7 35
Tcol (CFU100 mL™) 1,2,3,7,9,13,16 6 30
ORP (mV) 1,2,4,5,7,10 5 25
DO (mg L) 1,6,7,8,10,17 5 25
TSS (mg L) 4,5,11,17 3 15
NOs3 (mg L) 4,10,17 2 10
Ent (CFU 100 mL"") 2,3,13 2 10
APC (CFU100 mL™) 1,3,9 2 10
Fcol (CFU100 mL™) 3,4,13 2 10
Salinity (%) 10,17 1 5
OP (mg L") 4,17 1 5
Solar radiation (W m™) 1,12 1 5
Humidity (mmHg) 12 1 5
NH3 (mg L) 17 1 5
Chloride (mg L) 10 1 5
Wind Speed (mph) 12 1 5
Wind Direction 12 1 5
DOC (mg L) 4 1 5
DN (mg L) 4 1 5
Farming system (Org/Conv) 15 1 5
Growing Season (Spring/Fall) 15 1 5
Within Season (start/middle/end) 15 1 5
Region (MD,NJ,DE) 15 1 5
Number of Geese 17 | 5

a = amount or days since last precipitation event, SPC = specific conductance, Tcol = total coliforms,
ORP = oxidation reduction potential, DO = dissolved oxygen, TSS = total suspended solids, NO3 =
nitrate, Ent = enterococci, APC = aerobic plate count, Fcol = fecal coliforms, OP = orthophosphate,
NH3 = ammonia, DOC = dissolved organic carbon, DN = dissolved nitrogen. References: 'McEgan et
al. (2013), *Topalcengiz et al., (2017),*Draper et al., (2016), *Gu et al., (2013), °Lee et al.,
(2018),°Antaki et al. (2016),’Gu et al. (2021),*Partyka et al. (2018), Truitt et al., (2018),'’Solaiman et
al. (2020),'"Harris et al. (2018),"*Jokinen et al. (2019),"*Steele et al. (2005),'“Pahl et al.
(2013),"*Marine et al. (2015),"*Won et al. (2013),'’Durham et al. (2016),'®Benjamin et al.
(2014),"Micalleff et al. (2012),*’Delbeke et al. (2015).
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Total coliforms and other microbial populations such as enterococci or total
heterotrophic bacteria, ORP, dissolved oxygen, salinity, and nutrient concentrations
were also measured in multiple studies to assist in the prediction of E. coli and
pathogen densities. The choice of parameter to include in a study is often site-
specific. For example, studies focusing on microbial water quality at freshwater
beaches often include day of the year, wave height, antecedent rainfall, wind speed
and direction, stream inflow, solar radiation, tide stage, and changes in water levels
(Francy et al., 2020) whereas some of these variables are not measurable in other
systems (e.g. rivers or ponds). In general, exploratory variables in microbial water
quality studies can be divided into meteorological (e.g. precipitation, radiation, wind),
hydrological (e.g. river flow, sea level, or tide), and direct water quality
measurements such as turbidity, temperature, salinity, pH, nutrients, and past
microbial concentrations (Sokolova et al., 2022; Francy et al., 2020). Several studies
considered geographical, physical, and remotely sensed covariates such as region,
elevation, basin/channel slope, proximity to cropland, pastures, impervious surfaces,
and composition of soils and sediments in the waterbody or surrounding areas
(Laureano-Rosario et al., 2019; Weller et al., 2021; Alvarez-Cabria et al., 2016; Woo,

etal., 2019).

2.5.2 Conventional Statistical Analyses and Microbial Water Quality

The levels of environmental covariates utilized in microbial water quality
studies are reported and related to the concentrations of the target microorganism

using statistical models. This procedure is usually followed because these parameters
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effectively describe conditions that control the habitat and fate and transport
processes of the microorganism. In the 20 studies summarized in Table 2.1, 11 of 20
used correlation analysis, 5 of 20 used linear regression analysis, 4 of 20 used
multiple linear regression, 7 of 20 used binary logistic regression, 1 of 20 used
canonical correspondence analysis, 1 used principal component analysis, and 2
studies did not perform statistical analysis. Strong associations between
environmental variables and target microorganisms were rare (r;R?;or rs < 0.4), but
did show statistical significance as well as consistency in the direction of the
relationships in several studies. For example, Draper et al. (2016), Solaiman et al.
(2020), and Topalcengiz et al. (2017) reported significant negative relationships
between E. coli and pH, however the strengths of these relationships were weak with
correlation coefficients of -0.354, -0.300, and -0.198, respectively. Several authors
reported relationships between precipitation and fecal microorganism concentrations,
but the strongest association was only R? = 0.395 (Topalcengiz et al., 2017). In the 20
studies in Table 2.1, only a couple reported strong relationships. Solaiman et al.
(2020) reported a strong correlation between the concentrations of Aeromonas spp.
and nitrate in pond waters (r = 0.800) and Partyka et al. (2018) found a moderately
strong relationships (R? = 0.530) between E. coli concentrations and geographical and
chemical variables in reservoir waters using multiple linear regression. The strongest
relationships in the 20 summarized studies were those reported in Durham et al.
(2016) who used stepwise multiple linear regression for variable selection to predict
E. coli concentrations in both the summer and winter in 6 different Texas lakes.

While the R? values for the individual lakes were as low as 0.174, the authors
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reported strong (0.806) to very strong (0.924) values with certain combinations of
variables for some of the lakes. The strongest association (0.924) utilized geese
counts, total solids, precipitation, pH, ammonia, and nitrate concentrations to predict
E. coli concentrations. The average R? value across seasons and lakes in their study
was 0.522. While the regressions presented in Durham et al. (2016) for lake waters
showed strong results, the majority of the remaining studies did not find strong
associations between target microorganisms and environmental parameters.

It is likely that conventional statistical approaches that rely on linear
combinations of predictors are not well suited for microbial water quality studies
which contain complex and non-linear relationships between inputs and the output.
These complex relationships may result from subsets of data in which the
directionality and strength and/or reported relationships may be different than the
values for other subsets. For example, Bradshaw et al. (2016) reported varying
efficacy of E. coli as an indicator of Salmonella concentrations when dissolved
oxygens levels were < 11.3 mg L', pH was < 6.65, and temperature was > 13 °C, but
outside the specified environmental conditions these parameters were not useful in
modeling the relationships between the studied fecal microorganisms. Davies-Colley
et al., (2000) reported that E. coli die-off in pond water was greatly increased when
pH was above 8.5 as compared to more moderate levels of 7 to 8.5. The authors also
noted an interdependence of die-off rates on dissolved oxygen, pH, and sunlight
levels with separate threshold values above and below which die-off rates would
change. Weller et al. (2020) reported polynomial relationships between the detection

of shigatoxins (eaeA-stx) and air temperatures in New York streams and Arizona
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irrigation canals. Whitman et al. (2004) reported exponential decline of E. coli
concentrations with increased solar insolation within Great Lake waters. In another
study, it was reported that E£. coli concentrations agricultural streams displayed non-
linear relationships with pastured land whereby if this land use type exceeded a
threshold value of 50% of a studied area, there was a significant increase in mean
concentrations (Scott et al., 2017).

Overall, relationships between target microorganisms or their markers and
environmental covariates in microbial water quality studies have been shown to be
complex and often non-linear whereby threshold values determine the sign of the
relationship. Additionally, the dependencies of microbial concentrations on water
quality covariates can be different or unique to certain clusters of data within dataset.
Machine learning (particularly regression trees and random forest algorithms) allows
us to discern these domains which may contain unique dependencies of microbial
concentrations on water quality covariates. Elucidating these covariate subspaces

would be an arduous task to complete with conventional regression methods.

2.5.3 Machine learning and Microbial Water Quality

Machine learning (ML) is a subsection of artificial intelligence (Al) within the
field of computer science which revolves around creating algorithms that can solve
complex problems with little to no human intervention. These algorithms are
provided training datasets in which to learn the associations between the predictor
variables (independent variables/inputs) and the output (or target/dependent variable)

without any assumptions about the functional forms of the relationships. Therefore,
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classic statistical assumptions including normality and homoscedasticity of data or
linearity of relationships are not required (Quetglas et al., 2011). Once models are
developed with the algorithms, some portion of the total dataset, which the algorithm
was not trained on, is used for testing/validation. The results of predictions or
classifications show how well the models generalize on unseen data and therefore
provide insight into the future performance of the model.

Model evaluation differs depending on whether the ML algorithm is being
used to solve regression or classification problems. For regression, ML algorithms are
evaluated based on the absolute or relative errors computed with observed and
predicted values. Common metrics include root-mean-squared error (RMSE), mean
absolute error (MAE), percentage error (MAPE), and the coefficient of determination
(R?). Classification tasks do not use these metrics, but rather common results include
those reporting model selectivity and sensitivity, classification accuracy and
precision, and recall, among others. Classification metrics focus on the number of
true and false positives and negatives and analysis of confusion/error matrices.

Popular ML algorithms include random forest (RF), support vector machines
(SVM), k-nearest neighbor (kNN), gradient boosting machines (GBM), and artificial
neural networks (ANN), among others (Kuhn and Johnson, 2013). These algorithms
are fundamentally different in how they operate and produce results. For example, the
RF algorithm produces hundreds to thousands of regression trees which all produce
individual predictions which are then averaged to get a final prediction. The kNN
algorithm makes new predictions based on similarities between characteristics of the

to-be-predicted value with other values in the dataset (known as neighbors). It is also
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quite common for variants of each algorithm to appear within studies as well and
comparisons to baseline models are usually performed. These variants (e.g.
conditional random forests, weighted kNN, and linear or polynomial SVM kernels,
etc.) are created with similar foundations as the original algorithms, but usually
include some modifications which may be preferable in certain circumstances (Weller
et al., 2021). For example, if a dataset contains a high-degree of linear relationships in
the data, then a researcher may discover that the linear SVM is more suitable than one
designed to handle non-linearity like the polynomial or radial basis function kernels
which are both more computationally intensive as they use functions to transform the
original feature space into a higher dimensional space (Burkov, 2019). The selection
of the optimal algorithm is largely dataset dependent and researchers must often
conduct some exploratory analysis to make the determination of which algorithms to
utilize in their studies.

Machine learning has been gaining popularity within the field of microbial
water quality as numerous studies have now demonstrated the powerful capabilities
of these algorithms. Table 2.3 lists 20 studies published between 2015 and 2022
which have successfully utilized ML to create models which are either used to predict
specific concentrations (regression) or classify ranges (e.g. low, medium, high or
compliant/noncompliant) of FIB and other foodborne pathogens. The performance of
these models is typically very good especially when compared to results gained
through classic statistical approaches (Quetglas et al., 2011). In microbial water
quality studies which have evaluated conventional statistical models alongside ML

models using the same datasets, ML models have been shown to consistently
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outperform the former (Mas and Ahlfeld, 2007; Motamarri and Bocelli, 2012; Thoe et
al., 2012; Thoe et al., 2014; Stidson et al., 2012; Avila et al., 2018; Panidhapu et al.,

2020).
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Table 2.3. Results of 20 recent microbial water quality studies which utilized machine learning methodology.

Target Best Ideal
Organism | Water Type Predictors Models model Metric | Value | Performance Reference
ANN,
ANFIS,
FCM,
Agricultural AD, GP, HYD, | SVM, RT,
EC streams MET RF ANFIS R? 1 0.962 Abimbola et al., 2020
GEOG, LU, 0.84 for S.

S. spp., Irrigation PHYS, MET, spp. 0.92 for

EHEC canals HYD cRF - AUC 1 EHEC Belias et al., 2021
EC Beaches MET, PHYS 14 models GBM AUC 1 0.76 Brooks et al., 2016

Irrigation PHYS, MET, RF, SVM, | ANN + AUC ; 1;

S. spp. Ponds MIC NB, ANN RF* ACC 100% | 0.98;94.9% Buyrukoglu et al., 2021
TC River MET,HYD ANN - R’ 1 0.56 - 0.87 Choi et al., 2018
EC Estuaries MET, HYD ANN - R? 1 0.83 Garcia-Alba et al., 2019

cB, XgB,
RF, SVM, 0.71 for EC
EC,EN Beaches MET, HYD ANN cB R? 1 0.68 for EN Grbci¢ et al. (2021)
BBN, NB, 76% to
ECFC River PHYS,MET RF BBN ACC 100% 95.5% Panidhapu et al., 2020
ANN,
EC,EN Beaches MET, HYD SVM ANN R? 1% 0.332 - 0.962 Park et al., 2018
kNN,
Irrigation SVM,
S. spp. Ponds PHYS ANN kNN ACC 100% 52 -77% Polat et al. (2020)
Laureano- Rosario et al
EN Beaches RS ANN - ACC 100% 76% 2019
GLS,
EC Beaches MET, HYD ANN, RF RF R? 1 0.95 Searcy and Boehm, (2021)
Drinking LASSO,
EC,TC Supply PHYS,MET,HYD RF, TPOT R? 1 0.86 Sokolova et al. (2022)
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TPOT,

VAR
Irrigation
EC Ponds PHYS RT - R? 1 0.676 - 0.926 Stocker et al., 2019
Irrigation PHYS, MET, SVM, TPR ; 93 -100 %
EC Canals SED BLR, RC SVM TNR 100% | 88.3-95.7% Tousi et al., 2021
FIB River PHYS, MET, SO ANN - ACC 100% 86% Vijayashanthar et al. (2018)
Urban
EC Streams GEOG, LU, MET RF - R? 1 0.46 - 0.50 Wang et al., 2021a
MLR,
PLS,
SPLS, RF,
EC Beaches MET, HYD BN RF ACC 100% | 78t0 82.3 % Wang et al., (2021b)
GEOG, LU,
Agricultural PHYS, MET, 26 ML
EC Streams HYD models b-kNN R? 1 0.47 Weller et al. 2020a
Agricultural GEOG, LU,
L. spp., S. | Streams and PHYS, MET, 0.72 for AZ
spp., EC Canals HYD cRF - R? 1 0.45 for NY Weller et al. 2020b

MET = meteorological variables, HYD = hydrological variables, LU = land use variables, GEOG = geographic variables, PHYS = physicochemical
variables, RS = remotely sensed variables, AD = animal density, SO = proximity to sewage outfall, GP = proximity to grazing pastures, SED =
sediment properties, MIC = microbial populations, R?> = coefficient of determination, ACC = accuracy, TPR = true positive rate, TNR = true negative
rate, S. spp. = Salmonella spp, L. spp. = Listeria spp., EC = generic E. coli, FIB = fecal indicator bacteria (multiple) , EHEC = enterohemorrhagic E.
coli, FC = fecal coliforms, MLR = multiple linear regression, SVM = support vector machine, RF = random forest, BN = Bayesian networks, cRF =
conditional random forest, BLR = binary logistic regression, RT = regression trees, ANN = artificial neural networks, NB, naive Bayes, LASSO = least
absolute shrinkage and selection operator, GAMMLS = general additive model for location and shape, VAR = vector auto regression, XgB = ‘xtreme’
gradient boosting machines, RC = ridge classifier, b-kNN = boosted k-nearest neighbors, TPOT = tree-based pipeline optimization tool, SPLS = sparse
partial least squares, BBN = Bayesian belief networks, GLS = generalized least squares, ANFIS = adaptive neuro-fuzzy inference systems, FCM =

fuzzy c-means.
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Explanations for better performance of the ML algorithms as compared to
conventional statistical approaches are numerous, but may be attributed largely to the
complexity of aquatic environments. The relationships between predictors and the
target variable (e.g. E. coli concentration) are often non-linear or unknown, and
datasets may contain subsets of data with specific direction and strengths of
relationships, which if analyzed as a whole, may show inconsistent relationships or no
associations between independent and dependent variables. In addition, aquatic
environments can be incredibly complex and dynamic systems with many
interconnected biotic and abiotic variables which may change in tandem (Strogatz,
2001; Pascual & Dunne, 2006). Aquatic datasets can be bulky, contain noisy data,
redundancy, internal relations, and outliers (Park et al., 2003). Discerning the nature
of these systems is therefore difficult for biologists and ecologists to describe with
conventional statistics which are constrained by assumptions of the nature of the
datasets (Quetglas et al., 2011). ML algorithms are flexible and do not make any
assumptions regarding the nature of the dataset and are not restricted in abiding by a
specific functional equation form. They are capable of fitting data automatically and
in seconds even with very large datasets.

While numerous published studies have utilized ML within the field of
microbial water quality, a much smaller set have been applied to irrigation water
quality (Table 2.3). Within this subset, the majority of studies have applied ML to
solve classification problems while only one study utilized ML to predict

concentrations of E. coli. The study performed by Weller et al. (2020) predicted E.
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coli concentrations in NY streams which could be used for irrigation using ML
algorithms. The applicability of ML for use within microbial irrigation water quality
studies has not been fully elucidated. More work is needed to both identify the best
algorithms as well as investigate the accuracy of these algorithms for predicting FIB
based on levels of readily sensed environmental parameters.

The relationships between target microorganisms or their markers and
environmental covariates in microbial water quality studies have been generally
shown to be complex and often non-linear whereby threshold values determine the
sign and strength of the relationship. Additionally, the dependencies of microbial
concentrations on water quality covariates can be different in separate domains of the
covariate space. Machine learning and particularly regression trees and random forest
algorithms allows us to discern these domains which may contain unique
dependencies of microbial concentrations on water quality covariates. Elucidating
these covariate domains would be an arduous task to complete with conventional

regression methods.
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2.6 Research Needs

A substantial volume of research has been previously conducted to study the
prevalence and dynamics of FIB and pathogens in the environment waters. A smaller
subset of research has been conducted to evaluate these issues with regard to the
microbial quality of irrigation waters. However, several issues that are critical for the
design and implementation of microbial monitoring as well as for the development of
successful predictive modeling remain unexplored, thus hampering effective and
efficient water quality determinations.

Since information regarding the spatial and temporal dynamics of FIB in
irrigation water sources is extremely scarce, this literature review provided an up-to-
date overview of the limited scientific information currently in print. The extent of the
spatial variability in FIB concentrations across waterbodies is largely unknown which
may have serious consequences for monitoring and risk assessment. Temporal
dynamics are also rarely reported as is the time of day in which sampling occurred in
the majority of studies. If concentrations can be expected to change throughout the
day in response to environmental stressors then the time of day when sampling
occurred may have substantial impacts on the results of water quality assessments.
Therefore, it appears highly pertinent to evaluate both the spatial and temporal
dynamics of FIB in waters used for irrigation. It is likely that the choice of where and
when to sample should not be one made arbitrarily or based on where and when is
most convenient. More work is needed to elucidate the spatiotemporal dynamics of

FIB in order to improve monitoring design and risk assessment.
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The majority of previous studies have drawn conclusions from samples
collected only at the water surface which may not be representative of conditions at
depths where the largest volumes of water are contained. Three-dimensional (3D)
sampling of waterbodies used for irrigation is extremely uncommon. Yet, when
irrigation is initiated, waters from deeper depths are what is withdrawn, at least
initially before substantial mixing occurs, and therefore may be the most important
waters to monitor. Knowledge on the 3D distributions of FIB in irrigation ponds may
be especially useful for simulating the withdrawal of water and estimating the
concentrations of FIB which will reach fields. Currently, the vast majority of
hydrodynamic modeling studies involving ponds have focused on waste- or storm-
water stabilization ponds which are designed to utilize temperature, sedimentation,
sunlight, predation, and competition as factors to reduce populations of bacteria,
viruses, and parasites while also increasing hydraulic retention time to allow
sufficient time for these factors to reduce the quantity of microorganisms within the
water (Dias et al., 2017). No such study has been conducted with regard to
withdrawal of water for irrigation with implications for microbial water quality
monitoring and food safety. Therefore, conducting 3D sampling of irrigation ponds
for the use of hydrodynamic modeling will improve our knowledge on changes in
microbial water quality throughout the duration of an irrigation event and provide
insight into the concentration ranges that can be expected in the withdrawn water and
by extension the water which reaches crops and soils.

Correlative and regression results in irrigation waters often report poor

associations between environmental variables and densities of FIB or pathogens. The
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complexity of aquatic habitats which are simultaneously affected by a multitude of
factors responding in concert to changes in the system is a likely reason why
conventional statistical approaches struggle in discerning relationships between inputs
and outputs. Machine learning provides a powerful approach to elucidating the
functional forms of these relationships and can also be used to evaluate which
predictor variables are the most important for predictions and degree in which
specific predictors affect the model error.

Machine learning is becoming commonly applied within microbial water
quality studies, but most previous research studies have focused on flowing or coastal
waters (Table 2.3). Results from irrigation water quality studies may be expected to
differ depending on the water source and if the irrigation water is from a lotic (e.g.
stream, river, coastal) or lentic (e.g. pond, lake, reservoir) source. Differences in the
most important predictor variables will likely also differ between waterbody types.
For example, water velocity would likely not be an important factor in lakes while
thermal stratification would not be an important factor for streams or creeks.
Therefore, it appears prudent to evaluate the applicability of ML algorithms to make
predictions on the microbial quality of water in ponds which are commonly used to
provide irrigation water. Additionally, the only ML studies which involved irrigation
ponds and canals have been conducted in the South West and South East regions of
the United States. No such studies have been conducted in the Mid-Atlantic region
which may contain unique relationships between predictors and outputs due to

differing environmental conditions such as temperature and solar radiation.
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Chapter 3: Persistent Patterns of E. coli Concentrations in
Two Irrigation Ponds from 3 Years of Monitoring

3.1 Introduction

The microbial quality of water used for irrigation is a critical component of
environmental quality that should be monitored to reduce the incidences of food-
borne outbreaks associated with fecal contamination. The linkages between microbial
water quality and public health incidents have been documented in the US and
elsewhere worldwide (Pachepsky et al., 2011; Uyttendaele et al., 2015; Jongman and
Korsten, 2016; Allende et al., 2018). Due to the difficulty in the detection and
enumeration of pathogenic microorganisms in the environment, the levels of generic
Escherichia coli (E. coli) are measured and compared to regulatory standards for
microbial water quality evaluation. Currently, the Food and Drug Administration sets
the allowable levels of E. coli in irrigation waters in the U.S. under the Food Safety
Modernization Act (FSMA) (FDA, 2016) and E. coli is also used as a microbial water
quality indicator internationally as well (Uyttendaele et al., 2015; Allende et al.,
2018).

The initial guidance provided by the FDA for the evaluation of microbial
water quality of irrigation source waters does not provide information regarding the
selection of water sampling location(s). The dynamics of E. coli concentrations in
surface waters have been shown to display substantial spatial and temporal variability
(USEPA, 2010; Quilliam et al., 2011; Jeon et al., 2020). An et al. (2002) reported that

E. coli densities on an inland lake displayed large spatial variation with high
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concentrations measured in areas with heavy recreational activity (swimming or
motor boating) and where waterfowl tended to congregate. Increased levels of both
Salmonella and E. coli O157 have been observed with decreased distance from
rangeland in wells, ponds, drainage ditches, standing waters, and reservoirs used for
irrigation (Benjamin et al., 2013). Other researchers have documented high indicator
organism concentrations in areas where streams or rivers enter lakes and lower
concentrations when moving outward from these locations (Brookes et al., 2004;
Davis et al., 2005). Therefore, the decision on where and when to sample may have
significant effects on the results of microbial water quality monitoring assessments.

Datasets resulting from microbial water quality assessments of irrigation
water sources are somewhat limited and have usually focused on the temporal
component over the spatial one (Draper et al., 2016; Havelaar et al., 2017; Lee et al.,
2018; Topalcengiz et al., 2017). In these studies, samples are collected from as close
to the irrigation intake as possible which is considered the “golden standard” (Lee et
al., 2018), or from the sprinkler systems where the water is distributed (Marine et al.,
2015; Pagadala et al., 2015). Many studies exist that document E. coli concentrations
in irrigation sources such as ponds, lakes, and reservoirs, but rarely are samples taken
across the water body due to limited available resources, difficulties in accessing
potential sampling locations and/or due to the intended goals of the research.

Denser spatial sampling yields better information on the spatial distribution of
concentrations that may be present. Lee et al. (2018) documented large spatial
differences of E. coli and Salmonella concentrations among 3 locations around the

perimeter of an irrigation pond measured from March to September. The authors
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related the spatial differences to potential microhabitats existing within the pond
along with the physicochemical parameter preferences of the microorganisms. They
also found the samples taken near the intake (pond interior) contained lower
concentrations of E. coli than those sampled at the bank. Conversely, Harris et al.
(2018) reported higher E. coli concentrations in interior sampling locations as
compared to bank locations in two GA ponds. Pagadala et al. (2015) measured total
aerobic bacteria, E. coli, and total coliforms concentrations in irrigation wells, pond
water samples, and at the end of drip lines, but found no significant differences
among the concentrations of all three groups. In another study, tenfold or greater
differences were observed between pond water at the source and what is released at
the end of drip lines or pivot sprinkler heads (Antaki et al., 2016). Another group of
authors sampled 5 locations along the flow path of 6 different California reservoirs
and found that the microbial water quality in downstream irrigation supplies was not
statistically associated with conditions within the reservoirs, rather there was a greater
similarity to water quality just upstream of the reservoirs (Partyka et al., 2018).

The need for monitoring environmental variables across spatial units with
substantial internal heterogeneity is quite common across environmental disciplines.
One feature helpful in monitoring design is the existence of persistent spatial patterns
in spatiotemporal variations. Some areas exhibit environmental variable values that
tend to be lower than the average across the study area. On the contrary, other areas
have values of the same variable that tend to be higher than the average. Such

phenomenon is well known in hydrology and atmospheric sciences and is referred to
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as temporal stability (Cosh et al., 2008; Vanderlinden et al., 2012; Vereecken et al.,
2016).

One approach to quantify the temporal stability is to use the mean-relative-
difference (MRD) analysis which compares the relative differences between the point
measurements and averages across the study area. The analysis returns information on
the consistency, or stability, of a measurement taken in each location relative to the
averaged measurements in all locations within the sampling extent. In this way,
locations with values consistently lower, approximately equivalent, and higher than
the spatiotemporal average can be determined. The MRD analysis has been
successfully applied in the analysis of across- the-field soil moisture contents
(Vachaud et al., 1985), soil moisture, and electrical conductivity (Cosh et al., 2008;
Pedrera-Parrilla et al., 2017) as well as crop yields (Huang et al., 2018). Jeon et al.
(2020) used the MRD analysis to discern temporal stability of E. coli concentrations
in a PA creek which showed dependency on the sampling season and land use.
Pachepsky et al. (2018) documented temporal stability in £. coli concentrations over a
single growing season in two irrigation ponds in Maryland.

Another powerful approach to elucidating spatial patterns is the Empirical
Orthogonal Function (EOF) analysis. This method was successfully applied to
spatiotemporal variations found for various environmental variables, e.g., rainfall
(Saravan et al., 2020), soil moisture (Perry and Niemann, 2007; Korres et al., 2010),
snow cover thickness (Pan et al.,2017), crop yield (Kim et al., 2020), phytoplankton
community structure (Liu et al., 2021), etc. Pattern analysis with EOFs typically

concludes with identifying natural factors responsible for each pattern (Lee et al.,
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2021). The EOF analysis was applied to study E. coli concentrations in a large creek
in Pennsylvania (Jeon et al., 2019) and the patterns found were related to land-use
change and tributary effects. The benefit to performing the EOF analysis is that not
only is the spatial variation identified but the temporal component is as well in the
form of expansion coefficients (ECs) and EOFs and ECs can be analyzed separately.
Additionally, while the MRD method provides a single spatiotemporal pattern, the
EOF analysis can identify multiple patterns within datasets which each contribute to
some percentage of the overall variability in the system.

Although irrigation ponds and reservoirs provide a substantial fraction of
irrigation water in the world, neither the MRD or EOF analysis has been applied to
study E. coli concentrations in these surface water sources. Knowledge of spatial and
temporal patterns in E. coli concentrations in irrigation sources can improve
monitoring design by characterizing the variability across a waterbody which will
help identify representative sampling locations.

The objective of this work was to 1) apply and compare two distinct pattern
recognition analyses to characterize and compare the spatiotemporal variability of E.
coli concentrations in irrigation ponds using single- and multi-year data, and 2) to test
the hypothesis that the patterns of E. coli correlate and may be predicted using the

patterns of more easily measurable water quality variables.

3.2. Materials and Methods

3.2.1 Data Collection
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The field sites and the data acquisition are described earlier by Stocker et al.

(2019). In brief, two working irrigation ponds (Fig. 1) were sampled during the

growing seasons of 2016 — 2018 at the locations indicated in the site maps. Irrigation

water is withdrawn in locations 6 and 4 from ponds P1 and P2, respectively. No
animal manure is applied to the surrounding lands of either property. Ponds are
mostly rain- and runoff-fed. P1 receives some water from an ephemeral creek at
location 23 and from another pond at location 6 when the water level is low. P2
receives water via the culvert at location 12 during rainfall events and has level-
dependent outflows between locations 24 and 25. Animal inter- actions with the
ponds are controlled by the farm managers, but P1 has been observed to occasion-
ally shelter small flocks of geese. Location 9 at P1 is used as an entry point by the

landowners for recreational activities. There is a permanent residence at the South-

Western part of P2 which is equipped with a septic system and domesticated dogs are

free to wander the area near the pond. The two ponds are separated by a distance of

roughly 130 km.
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Figure 3.1. Sampling locations used for the 2016 — 2018 observation period. P1 and

P2 have 23 and 34 locations, respectively. Locations 20-23 in P1 were not sampled in

2016. In 2016, sites 16-19 in P1 were added after the 2" sampling date. Pond P2 had
locations 31-34 added after the first sampling date in 2016.

Sampling was performed approximately biweekly primarily in June, July, and
August. Care was taken to avoid sampling less than 2 days after a rainfall event. In
2018, the increased occurrence of rainfall led to larger than biweekly gaps between
some sampling events. Nevertheless, in the two instances indicated below, sampling
occurred less than 8 h after heavy rainfall events. Weather data, including air
temperature and precipitation, were collected from on-site weather stations. Sampling
on all dates started at 9:00 am and ended around 10:30 am. Samples were collected

from the 0 to 20 cm depth interval by hand using a multipurpose sampling platform

(Kim et al., 2020), a small boat, or in the case of nearshore samples, using a 500-mL
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sampling rod. All samples collected were immediately placed in ice-packed insulated
bags and then in a dark cooler on ice for transport. The coolers were brought to the
laboratory within 2 h after sampling concluded.

Concurrently with sampling, a YSI 556 MPS (Xylem, Yellow Springs, Ohio)
meter was used to measure temperature (C;°C), specific conductivity (SPC; uS cm™),
dissolved oxygen (DO; mg L"), and pH in 2016. Turbidity (NTU;NTU) was
measured back in the laboratory with a Lamotte 1799 turbidity meter (Lamotte,
Chestertown, Maryland). In 2017 and 2018, a YSI EXO-2 sonde meter was used to
measure the same set of parameters within the 0-20 cm sampling depth range but was
also equipped with the sensors to measure turbidit, fluorescent dissolved organic
matter (FDOM; pg L), phycocyanin (PC; relative fluorescent units (RFU)), and
chlorophyll-a (CHL; RFU). E. coli was enumerated based on EPA method 1603
(USEPA, 2014) which utilizes membrane filtration. The filtered volume was 50 to
150 mL of pond water. Each sample was filtered and plated in duplicate and the CFU

counts were then averaged before reporting.

3.2.2 Mean Relative Difference (MRD) Analysis

The MRD analysis is a method used to characterize temporal stability of target
measurements across space and time and utilizes relative differences in
concentrations as opposed to absolute concentrations. The relative difference RD;;
between x;; which is the observation of a variable x at location i at time j, and the

spatial average of x at the same time (x);is defined as:

xij—(x);
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The MRD for location i becomes:

1 i=N.
MRD, = 232V RD 2)

where Nt is the number of observation times and i = 1,2, ....Nj, where N is the total
number of locations.
The standard error SERD:; of the set RDi 1, RDi2....RDi, nt of the relative differences at

location i over the observation period is computed along with the MRDi as follows:

1

N,
Nt — 1Zji1(RDij - MRDL')Z

SERD; = E
2

The SERD serves as a metric to evaluate the degree of temporal stability
present at a specific location. If SERD: is large, this value indicates that the MRD; in
location i is not stable. Conversely, if the value is low, this result indicates a strong

temporal stability of the E. coli concentrations.

3.2.3 Empirical Orthogonal Function (EOF) Analysis

The E. coli concentration datasets were analyzed using Empirical Orthogonal
Functions (EOFs). EOF analysis has proven to be a powerful tool to discern spatial
patterns in spatiotemporall datasets obtained by measuring a single scalar variable in
space and time (Navarra and Simomcini, 2010).

The EOF analysis describes patterns not in variations of the target variable per
se but in variations of its “anomalies” defined as deviations of the target variable in
measurement locations from the average across all locations at the same time. If
measurements of the target variable Y were done in m locations n times, then the

anomaly is
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A(m,n) =Y(m,n) —Y(n) (1)
Where m=1,2,3,...,M, and n=1,2,3,..., N, are locations and times of measurements,
respectively, and Y (n) is the average value of Y (m, n) across all locations
m=1,2,3,..., M at the time n.

The EOF analysis presents the anomalies as sums:

A(m,n) = Yg=1 EOF, (M)EC, (n) (2)
Where EOF,, (m) is the k™ spatial pattern defined for each of locations m and EC(n)
is the expansion coefficient defined for each sampling time 7 for the k™ spatial
pattern.

Other names for EOFs are scores and loadings while amplitude functions or
principal components are other names for ECs. These names reflect the fact that the
EOF analysis is a particular case of the principal component analysis. Each of the
EOFs explains some part of the variability in the anomaly values. Algorithms for
EOFs computation generate EOFs in descending order by the value of explained
variance. The proportion of the total variance in the data explained by the EOF is the
largest; EOF2 explains less variance than EOF1 but more than any of others, etc. In
this work, the singular value decomposition was performed to obtain the EOFs and

expansion coefficients (ECs) (Bjornsson and Venegas, 1997).

3.2.4 Data Analysis

All values of E. coli were logio-transformed prior to statistical analysis. In

cases where E. coli was not detected in a water sample (i.e., a concentration of 0 CFU
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100 mL"), the concentration was first assigned a value of one-half the detection limit
(i.e. 0.5 CFU 100 mL ") and was then log-transformed.

The Kolmogorov-Smirnov test was used to compare distributions of E. coli
concentrations between the pond interior and bank locations. The non-parametric
Spearman correlation coefficient was calculated to determine similarities in the MRD
or EOF values of locations between individual years as well as with the 3-year
average. A value of 1 and -1 indicate extremes whereby there is a strong positive and
negative monotonic relationship, respectively. PAST (Paleontological Statistics
Software v3.2 (Hammer et al., 2001) was used to perform the abovementioned
analyses. Site maps were created using QGIS v3.18. Figures were generated using
Sigmaplot v13 (Systat Software, California). Sampling dates which were associated
with rainfall events (6/22/2016 and 8/8/2016 at P2) were analyzed separately for all
statistical testing.

EOFs analysis was performed in R using the sinkr package (Taylor, 2017; R
Core Team. 2013). In this work, we used North's rule of thumb which is described in
Overland and Preisendorfer (1982) and examines the uniqueness of singular values
whereby overlapping error limits between neighboring singular values indicate a
possible mixture of signals. Those that do not show overlap can be retained for
interpretation. In this work, only EOF; in the 3-year datasets for both ponds was
found to be statistically significant and therefore this pattern will primarily be

discussed.
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3.3 Results

3.3.1 Overview of the dataset

Daily average air temperature, daily precipitation, and average E. coli

concentrations on each date are shown in Figure 2. For P1, there was a negative

Spearman correlation between the days since previous rainfall and the E. coli

concentration when data from all years was pooled (rs=-0.544; p = 0.029). For P2,

this relationship was also negative (rs=-0.380; p = 0.146), indicating that E. coli

concentrations in the surface water samples generally decreased with increasing

separation from rainfall events.
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Figure 3.2. Daily precipitation (cm), average daily temperature (°C), and
average across the pond E. coli value at P1 (a, b, ¢) and P2 (d, e, f) in 2016, 2017, and
2018, respectively. The mean E. coli value is displayed for specific sampling dates
and is separated by the standard error of the mean by the + symbol.

Average water temperature values in P1 showed considerable differences with
a max and min value of 22.7 °C and 29.6 °C, respectively, over the three-year
observation period (Supplemental Tables S1 and S2, Appendix B). The average water
temperature during all observation dates was 26.5 = 1.9 °C (average + S.E.). Annual
averages of pH in P1 were very similar in 2016 and 2017 with values of 8.64 + 0.33
and 8.81 £ 0.30, respectively, but in 2018 this value was noticeably lower at 7.64 +
0.24. Average daily DO concentrations in P1 across years ranged from 7.89 to 13.1
mg L', with a mean of 10.14 £ 1.35 mg L"!. Average daily values of SPC ranged
from 130.00 uS/cm to 175.82 ps/cm and had an inter-annual average of 147.88 +
14.15 uS/cm. SPC showed small standard error across P1 on most sampling dates;
however, on the 8/29/2018 the error was relatively large due to locations 20 and 21
have a combined average of 31.4 uS/cm whereas all other locations had an average of
142.5 uS/cm. CHL and PC levels in P1 were relatively low in both 2017 and 2018
with values generally < 5 RFU (100 RFU is the sensor maximum value) indicating
minor populations of planktonic photosynthetic organisms in the water body. Average
FDOM concentrations in P1 in the same years showed considerable variability across
sampling dates which ranged from 2.11 ppb to 36.65 ppb in 2017 and from 1.92 ppb
to 38.39 ppb in 2018.

Average daily water temperatures in P2 displayed a greater range than P1 with

min and max values of 21.5 °C and 31.9 °C and an experimental average of 27.5 +
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2.6 °C. Annual average pH values were 7.6 + 1.2, 8.5+ 0.7, and 8.2 + 0.8 in 2016,
2017, and 2018, respectively. D.O. values were typically higher in P2 than in P1 over
the study period, and there were a greater proportion of sampling dates with DO
levels > 10 mg L' in P2 than P1. The average DO over observation dates in P2 was
12.6 3.7 mg L', and the CV was 29.21 %. Daily average values of SPC ranged
from 125 uS/cm to 179 puS/cm with a mean of 154 uS/cm, which were all very similar
to the same metrics in P1 (129 puS/cm, 176 pS/cm, and 153 puS/cm, respectively). P2
contained levels of CHL and PC which were consistently several times higher than P1
and were similar across years. FDOM levels in P2 were also consistently higher and
showed much less variability across sampling dates as compared to those measured in
P1. Average annual FDOM concentrations in P2 were 27.22 ppb and 34.91 in 2017

and 2018, respectively.

3.3.2 Measurements taken on rainfall dates

On two dates at P2 within the 3-year observation period, samples were
collected during or shortly after (< 8 hours) heavy rainfall events. These dates were
6/22/2016 and 8/8/2017 and interestingly, both dates had very similar E. coli
concentrations with very low standard error at 3.07 = 0.02 and 3.06 + 0.17,
respectively, indicating a high degree of mixing in the pond. Indeed, values of water
quality parameters also demonstrated very low errors relative to the measured values
(Tables S1.1 and S1.2, Appendix B). On the 6/22/2016 rainfall event, inflow water
was sampled from the culvert at location 12 and was found to have an average E. coli

concentration of 3.92 log CFU 100 mL™! which was about 7 times higher than the
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average value in the pond based on untransformed concentration data. DO and pH
levels were lower than average on both rainfall dates while other parameters showed
inconsistent trends. CHL and PC pigment levels were notably low on 8/8/2017 while
average FDOM levels were the higher than any other date across the 2-years of

observations that included this measurement.

3.3.3 Inter-annual variability of E. coli concentrations

In 2016, E. coli concentrations steadily increased throughout the sampling
period from late May to late July in P1 (Figure 3). The 2017 sampling season showed
consistently higher concentrations of E. coli than observed for P1 during the 2016 or
2018 sampling seasons. The 2018 sampling season in P1 showed the greatest
variability in concentrations and did not show any consistent trend across the season.
Mean logarithms of E. coli were 0.88 = 0.51, 1.65+ 0.31, and 1.09 + 0.61 for 2016,
2017, and 2018, respectively (+ separates mean and standard deviation). A Kruskal-
Wallis ANOVA on ranks showed that E. coli concentrations, when pooled together
by year, were significantly different (P < 0.001). Pairwise testing of any pair of years
also showed significant differences (p < 0.05). The coefficient of variation for the
log-transformed average E. coli concentrations at P1 was 59.1 %, 18.8 %, and 55.9%

for 2016, 2017, and 2018, respectively.
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Figure 3.3. Box and whisker plots showing the spread of the observed data. Upper
and lower portions of boxes show the 25" to 75" percentiles, respectively,

(interquartile range) while whiskers show the 10" and 90™ percentiles of the data,

respectively. The solid and dotted lines represent the median and mean, respectively.
Dots show the 5™ and 95" percentiles.
Concentrations in P2 were similar to those values measured in P1 during the

2016 and 2018 years and displayed no consistent trend across years (Figure 3). In P2,
the across-season averages of E. coli were 1.01 = 0.57, 0.80 + 0.53, and 0.77 £ 0.59
log CFU 100 mL! for 2016, 2017, and 2018, respectively. A Kruskal-Wallis
ANOVA on ranks showed that E. coli concentrations significantly differed between
years in P2 (P = 0.001). Mann-Whitney pairwise testing showed that the
concentrations measured in 2016 significantly differed (P < 0.05) from 2017 and
2018, but concentrations in 2017 did not significantly differ from those observed in
2018 (P =0.533). In general, P2 did not show a consistent within-season trend of

increase or decrease in concentrations with the progression of the sampling season.

For P2, the CVs of logarithms of E. coli were 56.4 %, 67.3 %, and 77.2 % for 2016,
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2017, and 2018, respectively. The experiment-wide CVs for each pond when the data

was pooled across years was 47.1 % and 67.8 % for P1 and P2, respectively.

3.3.4 Site-specific variability of E. coli concentrations

Concentrations of E. coli varied substantially across the two ponds during
every year of the observations (Figure 4). In accordance with Fig. 2, Figure 3 shows
that there were typically lower E. coli concentrations observed in P1 in 2016 and
higher concentrations observed in 2017 with 2018 appearing somewhere
intermediate. In general, the samples from the pond interiors contained lower
concentrations than those collected near the banks. On average, the concentrations of
E. coli measured in bank and interior samples was 1.38 = 0.16 and 1.12 = 0.09 log
CFU 100 mL!, respectively. A Kolmogorov-Smirnov test for sameness of
cumulative probability distributions showed that concentrations observed in the pond
interior were significantly lower than those measured at the bank on multiple
sampling dates, but the number of cases of such significance differed by year. In
2016, 3 of the 5 sampling dates (2™, 4™ | 5™ dates) were found to contain
significantly higher (P < 0.05) E. coli concentration distributions in the bank samples
than the pond interior. In 2017, this significant difference occurred for 4 of 6 dates
(2nd, 31, 5t 6™, Conversely, in 2018, only 1 of the 6 sampling dates contained
significantly different distributions (3™ date) while the other dates were found to
contain more similar concentrations between the two location groups albeit always

higher on the banks.
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Figure 3.4. Observed concentrations oLfc‘) (zt.iogoli at each location by year during the
2016 to 2018 monitoring period. Error bars show the standard error of the mean.
In P2, the inter-annual differences in E. coli concentrations across the

sampling locations were less pronounced than in P1. This level of difference meant
that despite large differences in the spatial averages observed throughout the
experiment, the trends of high and low concentrations by locations were preserved.
Locations 8 through 13 show divergent concentrations in 2016 and 2017 whereas
2017 and 2018 were largely similar. The interior locations 25 through 33

demonstrated consistently lower concentrations than the bank samples collected

across the rest of the pond. The 3-year average for the bank and interior locations was
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0.97 +£0.17 and 0.56 = 0.11 log CFU 100 mL"', respectively. Interestingly, locations
25 and 34, which are adjacent on three sides to the bank showed concentrations more
similar to bank samples than interior samples. The Kolmogorov-Smirnov test showed
that in 2016 the 2™, 3™ | and 5™ sampling dates contained significantly different
distributions of concentrations between the bank and interior. In 2017 only the 1% and
2" sampling dates were found to have significantly different distributions (P < 0.05)
and in 2018 all sampling dates, but the 3™ date (p = 0.068) were significantly

different.

3.3.5 Temporal Stability Assessment of E. coli concentrations

The mean-relative-difference analysis pooled data from all 3 years for each
pond and showed that some locations demonstrated temporal stability in E. coli
concentrations with locations that were consistently lower, about, and above the
spatial average on each sampling date (Figure 5). The consistently low and
consistently high locations or groups of locations may be thought of as “cold” and
“hot” spots or zones of E. coli concentrations in the pond, respectively. The degree of
temporal stability of any location presented in Figure 4 is indicated largely by the size
of the error bars present. Examination of the size of the error bars reveals locations
that could potentially belong to another group of values (e.g. location 22 in P1 and
location 12 in P2). However, the largest number of points is contained within the
intermediate range and, thus, these locations can be informative for determining the
relative concentrations across all other locations.

The MRD graphs showed similar dynamics by location between the years

although there was usually some shuffling of locations within a given group (low,
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medium, and high) (Supplemental Figure S1, Appendix C). For instance, in P1, the

hot spots in 2017 consist of locations 3, 6, 9, 7, 8, 22, and 21 (presented in order by

MRD value)

and in 2018 this group consisted of locations 17, 9, and 21. Locations 9

and 21 did not change group, but location 17 went from being low to being high in

2017 and 2018, respectively. Another example may be seen in the ranked order of

locations in P2 within the cold and hot spots in 2017 and 2018 (Figure S1.2,

Appendix C).
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Figure 3.5. Mean relative difference (MRD) values for Pond P1 (P1) and Pond P2
(P2). Symbol colors were selected based on those that are below the 25" quartile
(blue), within the 25" and 75" quartiles (yellow), and above the 75" quartile (red).
Overall, there was a moderate to high level of consistently in the ranked order
of locations between years. In P1, the Spearman correlations between MRD values
across years was 1s= 0.524 p <0.021 for 2016 and 2017, rs= 0.842 p < 0.001 for 2016
and 2018, and rs=0.487 p = 0.018 for 2017 and 2018. The correlation coefficients for
each year’s MRD and the 3-year average MRD was rs= 0.843, 0.611, and 0.869 for
2016, 2017, and 2018 comparisons, respectively (p < 0.001 for each). P2 also showed
a high degree of consistency in the ranks of locations from the MRD analysis. The
Spearman correlation coefficients were 0.467 p = 0.005, rs = 0.789 p <0.001, and
0.452 p =0.007 for comparisons between 2016 and 2017, 2016 and 2018, and 2017
and 2018, respectively. The strength of the correlations were generally strong
between the 3-year average MRD values and each year: rs= 0.933, rs= 0.645, and rs=

0.896 (all p <0.001) for 2016, 2017, and 2018, respectively.

3.3.6 Correlation of MRDs of E. coli and Water Quality Variables

Average values of water quality variables are shown in Supplemental Tables
S1 and S2 for P1 and P2, respectively (Appendix B). An MRD analysis was also
performed on values of all measured variables and a correlation analysis was then
performed to relate MRD values from E. coli concentrations with those values from
the measured variables (Table 3.1). In P1 in 2016, the MRDs between E. coli and all
measured water quality variables displayed significant negative relationships with

similar strengths. In 2017, the direction of the correlations was similar during 2016
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for that set of reported variables, however, the MRDs for pH and DO did not show
significant relationships with E. coli MRDs. Correlations with C, SPC, turbidity,
phycocyanin, and chlorophyll-a were found to be significant. FDOM showed a
positive relationship with E. col/i MRDs in both 2017 and 2018, but only in the latter
year was the relationship significant. In 2018 in P1 pH, C, and DO MRDs all showed
significant negative correlation with E. coli MRDs while SPC, NTU, PC, CHL all
showed positive relationships. Correlations of MRDs from the pooled datasets among
all the years show several significant relationships. Temperature, pH, and DO MRDs
demonstrated significant negative relationships while the MRDs for NTU, PC, CHL,
and FDOM showed moderate positive relationships with E. coli MRD values. SPC

demonstrated a weak negative coefficient value when all years were pooled.

Table 3.1. Spearman correlation coefficients (rs) between E. coli MRDs and MRDs of
the listed water quality variables.

Pl P2
2016 2007 2018 A o016 2017 2008 Al
Years Years
pH  -0.681 -0.136 -0.489 -0.485 -0426 -0.642 -0.490 -0.394
C  -0.646 -0541 -0.609 -0.635 -0.419 -0311 -0351 -0.303
DO -0.509 -0051 -0.810 -0.437 -0312 -0.523 -0.556 -0.450
SPC  -0.617 -0.434 0042 0299 -0.098 0015 -0.044 -0288
NTU NM. 0530 0305 035 NM. 0263 0436  0.607
PC  NM. 0.602 052 0591 NM. 0311 0417 0582
CHL NM. 0508 0452 0602 NM. 0439 0176  0.524
FDOM NM. 0242 0.673 0.669 NM. 0149 0209 0206

Values in bold indicate statistically significant (P < 0.05) correlations. Parameters are
abbreviated as C (temperature), DO (dissolved oxygen), SPC (specific conductivity),
NTU (turbidity), PC (phycocyanin), CHL (chlorophyll-a), and FDOM (fluorescent

dissolved organic matter). N.M. stands for not measured.
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Like P1 in P2 during 2016, all correlations between E. coli MRDs and those
values for water quality variables were negatively correlated, however, only the
comparisons with pH and C were significant. In 2017, E. coli MRDs were negatively
correlated with those values for pH, DO, and C with the former two showing
significant relationships. SPC, NTU, PC, CHL, and FDOM all showed positive
correlation with E. coli MRDs, but only the CHL comparison was significant. In P2
during 2018, pH, C, and DO showed low to moderate negative significant
relationships with E. coli MRDs while SPC showed a very weak negative correlation.
NTU, PC, CHL, and FDOM MRDs were all positively correlated with E. coli MRDs
with the former two being significantly related. When all years of data for P2 were
pooled, pH, C, DO, and SPC showed low to moderate negative relationships with E.
coli MRDs while NTU, PC, and CHL showed moderate and significant positive
relationships. MRD values of FDOM showed a weak positive relationship with E.
coli MRDs which was not significant. The MRD correlations between water quality
variables and E. coli showed the same directional relationship between ponds albeit to

different strengths and significances.

3.3.7 Empirical Orthogonal Function Analysis

The empirical orthogonal function analysis was performed on logarithms of .
coli counts per 100 mL! measured at each pond, date, and location. The total
explained variance in the anomalies differed for each pond and by each of the
observation years (Table 3.2). EOF1 for P1 explained 34%, 48%, and 54% percent of
the total variance within the datasets for 2016, 2017, and 2018, respectively. The

second and third EOFs in P1 also tended to explain a non-trivial fraction of the total
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variance. In 2016, the sum of EOF2 and EOF3 explained a larger amount of variation
than EOF1 (34.17%). In 2017 and 2018 the variance explained by EOF1 and the sum
of EOF2 and EOF3 were similar at approximately 50% and 40%, respectively.
Altogether, the sum of the first three eigenvalues s at P1 explained a similar fraction
of the total variance at 87, 94, and 90 % for each respective year. Pooling data from
all years produced an explained variance of 37% for the first P1 EOF. The first EOF
in the 3-year P1 dataset was the only one to show a significant pattern whereas EOFs

from individual years were not found to be significant.

Table 3.2. Percentage of total variance explained by the Empirical Orthogonal
Functions Analysis.

Pond 1 Pond 2

EOF 2016 2017 2018 All Years 2016 2017 2018 All Years

1 34.17 48.04 53.75 37.17 60.23 50.81 44.65 40.53
2 29.59 2624 22.50 17.55 19.70 25.52 21.10 13.74
3 2322 19.76  13.73 10.96 1298 13.25 14.58 8.90
4 8.03 4.21 5.14 7.23 534 744 993 8.58
5 4.99 1.75  3.88 6.17 1.75 298  7.13 6.11
6 - - 1.00 5.92 - - 2.62 5.01

Bold values indicate statistically significant percentage of the total variance
explained.

Total variance explained by the first EOF at P2 was generally higher than P1
at 60, 51, and 45 % for 2016, 2017, and 2018, respectively. In 2016 the EOF2
explained much less variation than EOF1, and the sums of the trailing EOFs were also
low compared to EOF 1, indicating a robust spatial pattern identified by the first EOF.
In 2017 and 2018, variances explained by the first and second EOFs were similar.

Summing the first three EOFs for P2 also produced high total explained variance at
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93, 90, and 80 for three observation years, respectively. EOF; for the pooled dataset
for P2 explained 41% of the explained variance. Like P1, the EOF1 from the 3-year
dataset was the only pattern to demonstrate statistical significance.

EOF1 values from P1 between pairs of years showed weak positive
correlations for comparisons between 2016 and 2017 (rs = 0.263; p =0.276) and 2017
and 2018 (rs = 0.332; p=0.121). However, the comparison between 2016 and 2018
showed a stronger and significant relationship between EOF; values (rs = 0.533; p =
0.018). For P2, EOF1 values between locations and across years demonstrated
significant positive relationships with correlation coefficients of 0.429, 0.804, and
0.489 for the same comparisons as the above annual pairs (p =0.011, p <0.001, and p
= 0.003, respectively).

Figure 6 shows the spatial distribution of EOF; values from the 3-year
datasets of E. coli concentrations from the two ponds. For both ponds, lower EOF
values were observed in the pond interiors. The Kolmogorov-Smirnov test
demonstrated that there was a significant difference in the distribution of EOF1 scores

between the interior and banks samples in both P1 (p = 0.007) and P2 (p < 0.001).
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Figure 3.6. Spatial distribution of EOF values of E. coli across the two observation
ponds between 2016 and 2018.

Several E. coli hot spots and cold spots were identified by EOF in both
ponds. These designations were determined by sampling locations with the highest
and lowest EOF values, respectively, relative to the other locations. For P1, this
included the bank adjacent to the road up to the Western corner of the pond and the
pond apex. Locations closest to the ephemeral inflow were also identified as hotspots;
however, spot 22 stands as an outlier and an identified "cold spot". The EOF analysis
also revealed hot and cold spots in P2. Hot spots were in the Northern and Southern
ends of the pond adjacent to the ephemeral inflow and the outflow, respectively.
Sampling locations along the banks were primarily comprised of EOF scores in
between extremes, while the interior contained mostly cold spots.
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A comparison between EOF score distributions among years can be seen in
Figure 7. In most cases, the sign and amplitude of the EOF scores are in agreement
among all three years of observations. However, there are some notable exceptions.
For instance, in P1, bank locations 6 and 22 have large EOF values for 2016 which
are not present in any other year, indicating a strong deviation from the spatial
average was observed at this location during this year. There are notable differences
in P2, particularly in the bank sampling locations from 2 to 9 and 16 through 19.
Locations 1, 10 through 12, 20 through 24, and 25 through 33 all have similar

deviations between years.
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Figure 3.7. EOF values for specific locations by year alongwith the 3-year

average.

Graphs of the expansion coefficient 1 (EC1) associated with the predominant
empirical orthogonal function (EOF1) are shown in Figure 8. ECi shows the weight
with which the EOF: contributed to the anomaly values on each sampling date (Eq.
(2). The ECi values were almost entirely positive for both ponds across all dates. The

one exception is the 6/8/2016 sampling date at P2, where the EC; is slightly negative.
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Values of EC1 associated with specific sampling dates were correlated with
the observed daily variances of the E. coli dataset. P1 showed a positive, yet non
significant, relationship (rs = 0.380 p =0.132) and P2 displayed a strong positive and
significant relationship with the daily variances observed in the dataset (rs = 0.932, p
<0.001). The EOF1 and EC1 was able to effectively capture both the spatial and
temporal variability of the datasets.

A correlation analysis was performed between the EOF scores and the
original datasets on E. coli concentrations by date and location to assess on which
dates the predominant spatial pattern in EOF:1 was present and to what degree. Results
of the correlations are shown below each graph of EC1 values in Figure 6. On a small
number of sampling days, the dominant spatial pattern was not strongly observed, and
the resulting correlation coefficient was not significant (p > 0.05). For P1 these dates
were 5/31/2016, 7/5/2017, 7/18/2017, and 10/4/2018. In P2, the only the 6/8/2016
date that did not show a significant correlation between E. coli concentrations and the

EOF
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Figure 3.8. Values of expansion coefficients (E.C.s) of the leading empirical
orthogonal function pattern (EOF1) (top panel). Values of Spearman coefficients for
comparisons of EOF1 and individual sampling dates (bottom panel).

3.3.8 Correlation of E. coli and Water Quality Variable EOF values

EOFs were also computed for select water quality parameters where paired
measurements were consistently taken alongside E. coli measurements between 2016
and 2018. These included temperature (°C), specific conductivity (SPC), pH, and
dissolved oxygen (DO). NTU EOFs were not computed due to large gaps in the 2016
dataset. In P1, the Spearman correlation coefficient (rs) between EOF; for E. coli and
temperature demonstrated a significant negative relationship (Table 3.3). Correlations
between EOF for E. coli and both pH and DO in P1 demonstrated significant
negative relationships. EOF1 patterns between E. coli concentrations and specific
conductance showed no correlation. In P1, DO and pH were positively correlated as
were DO and temperature. Specific conductivity scores were negatively correlated

with pH, DO, and temperature.
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Table 3.3. Spearman correlation coefficients (rs) for E. coli
and water quality variables. Correlations for P1 and P2 are
shown below and above the diagonal line, respectively.

EC DO pH C SPC
EC -0.403 -0.460 -0.321 -0.059
DO -0.491 0955  0.838 -0.527
pH -0.591  0.811 0.776  -0.509
C -0.707  0.748  0.797 -0.626

SPC -0.001  0.166  0.087  0.091
Values marked in bold indicate statistical significance (p < 0.05)

In P2, spatial patterns from EOF1 of E. coli and temperature demonstrated
negative relationship. Patterns between E. coli and both pH and DO showed
significant negative correlation. Like in P1, EC and SPC EOF| values were not
correlated. DO and pH EOF1 values were strongly correlated. Values of EOF1 for
temperature were also strongly correlated with both DO and pH EOF; values in P2.

EOF values for water quality parameters across both ponds are shown in
Supplemental Figures S3 — S7 (Appendix C). Examination of Figure 2 and
Supplemental Figures S3 — S7 shows that there were similar trends of high and low
EOF values between bank and interior locations for E. coli and those of water quality
parameters. For example, the EOF1 values for E. coli and temperature show opposite
symbol colors in the banks versus interior which agrees with the reported negative

correlation (Figure 2 and Figure S4).

86



3.3.9 Relationship between MRD and EOF values for E. coli and water
quality variables

Since both the MRD and EOF analyses rank measurement locations by their
typical deviations from the average across the pond, it was of interest to assess the
similarity of these rankings. To evaluate the agreement between the 3-year MRD and
EOF: values for each location, linear regression and Spearman correlation analyses
were performed. Figures 9 and 10 show the linear regression results between MRD
and EOF values for Ponds 1 and 2, respectively. Values for these analyses for P1
showed a strong significant and positive relationships (R? = 0.735; p < 0.001). A
stronger monotonic relationship on the agreement of the rankings of locations
between the two methods was observed (rs = 0.919; p < 0.001). In Figure 9 it can also
be seen that both analyses captured earlier observations of interior locations
containing smaller MRD and EOF values. Most locations were clustered close to the
1:1 regression line with only a few exceptions. To the right of the line, the greatest
differences were between locations 21 and 22 with residuals of -0.955 and -0.928,
respectively, which were about twice as large as the next location which was 19 with
a residual of -0.526. The greatest error on the left side of the line was for locations 8

and 9 with residuals of 0.583 and 0.819, respectively.
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Figure 3.9. Linear regression between sampling site values calculated from the MRD
and EOF analyses for Pond 1.

For P2, the agreement between methods as determined by the linear regression
analysis was much stronger than P1 (R?=0.961; p < 0.001). The monotonic
Spearman correlation showed a slightly stronger relationship (rs = 0.973; p < 0.001).
Like P1, the linear regression in Figure 10 shows the clear groupings of interior and
bank sampling locations whereby interior locations contain lower values from both
analyses with location 34 being the only exception. Residuals from the regression
were lower than in P1 with the greatest positive values being 0.600 (location 4) and
0.557 (location 5) and the lowest values being -0.435 (location 34) and -0351

(location 23).
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Figure 3.10. Linear regression between sampling site values calculated from the
MRD and EOF analyses for Pond 2.

Examination of Tables 3.2 and 3.3 show that there is a perfect agreement
between the sign of the relationships between EOF or MRD values for E. coli
concentrations and those calculated for water quality variables. Interestingly, in most
cases the strength of the relationship is similar as well. For example, the Spearman
correlation value of -0.403 and -0.491 were recorded between the 3-year EOFs of .
coli and dissolved oxygen and for the MRD analysis in P1 these values were -0.437
and -0.450, for P1 and P2, respectively, with all cases showing statistical significance.
Likewise, correlation coefficients for pH were -0.460 and -591 for P1 and P2 EOFs,
respectively, while these values for MRD were -0.485 and -0.394 with all showing

significance. SPC demonstrated consistent negative correlations in both analyses
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however the MRD analysis showed a stronger relationship. Some differences between
analyses can be seen for temperature which showed significant negative association
with E. coli for P1 EOF and P2 MRD but non-significant association with E. coli in
P1 MRD and P2 EOF although the sign of the relationship was maintained across

analyses.

3.4. Discussion

The two ponds in the present study demonstrated satisfactory microbial water
quality over the 3-year period. On average, no sampling dates exceeded the water
quality criteria limit which is a geometric mean value of 126 CFU 100 mL™! (log 2.1
CFU 100 mL") as established by the US Food and Drug Administration (Tables S1
and S2, Appendix B) (US FDA, 2019). The STV values also were below the
threshold value of 410 CFU 100 mL™! (data not shown).

The concentration ranges of E. coli in the two studied ponds differed by year
(Fig. 3). The intra-annual variability of indicator organisms measured in the same
season during consecutive years is not commonly reported, but the available literature
has shown that concentrations may vary considerably. For example, Topalcengiz et
al. (2017) measured E. coli concentrations for 3 years at six different agricultural
ponds in Central Florida between 2012 and 2014. When analyzing their summer data
(May and June) for 2013 and 2014, it was seen that in 5 of 6 ponds the concentrations

in 2014 ranged from 3 to 13 times greater than those observed in 2013 and in 1 pond

90



the concentration average was 118 times greater in 2014. Similarly, Jokinen et al.
(2019) documented significant inter-annual differences in E. coli and campylobacter
in an irrigation reservoir in Alberta, Canada. In year 1 of their study, microbial water
quality exceedances were attributed to runoff from surrounding agricultural lands
which occurred earlier in the season, whereas, in year 2 most of the exceedances
occurred later in the season when there was little precipitation and many instances of
exceedance were attributed to wild birds and cattle. Conversely, Durham et al. (2016)
reported similarity in concentrations of E. coli in the summer months for 6 lakes in
Lubbock, Texas between 2011 and 2013. The largest differences in concentrations
between summer seasons across their study were attributed to heavy precipitation
events that are known to efficiently transport fecal material and organisms to surface
waters with runoff as well as to disturb bottom sediments which seem to be a large
reservoir for E. coli in the environment (Jenkins et al., 2015).

The present study was conducted with emphasis on avoiding measurements
taken within close proximity to rainfall events to ascertain the expected
concentrations during baseflow and when farmers are most likely to irrigate. For this
reason, only two sampling events were performed at P2 shortly after heavy rainfall.
During these sampling dates the concentrations of E. coli in the pond were around
1000 CFU 100 mL™! on both dates and the inflow water had concentrations roughly
ten times greater. Indeed, the USEPA has listed rainfall events as the greatest cause
for temporal differences in indicator densities in surface waters (USEPA, 2010).
Jenkins et al. (2015) reported a two orders of magnitude increase in fecal indicator

bacteria for three ponds during stormflow events observed in their study. The authors
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attributed the elevated levels to runoff and sediment disturbances. Harris et al. (2018)
measured the levels of E. coli and Salmonella before and after rainfall events in two
irrigation ponds in GA and reported significantly higher concentrations of both
organisms after precipitation events which agrees with the results of several other
studies that involved measurements conducted during precipitation events (Steele et
al., 2005; Chen and Chang, 2014; Kleinheinz et al., 2010). Farmers would likely need
not irrigate crops for some time after heavy rainfall events, but more data is needed to
determine the optimal waiting period before resuming irrigation and what factors may
affect the wait time. One example comes from Jenkins et al. (2015) who reported that
it took about 5 days for levels of E. coli and enterococci to return to pre-storm levels.
Interestingly, the levels of Salmonella and E. coli O157 remained significantly higher
5 days after the event in their work.

E. coli concentrations in both ponds showed a substantial spatial variability in
measurements taken across the ponds (Fig. 4). It was observed that on numerous
dates the concentrations of E. coli were significantly higher in bank samples than in
interior samples. Possible explanations for this observation may include decreased
shading of interior locations relative to bank locations as solar insolation has been
shown to increase indicator organism inactivation rates in pond water (Davies-Colley
et al., 2000). Pond interior locations also had higher pH and DO levels than the banks
(data not shown). Davies-Colley et al. (1999) reported that when pH values exceeded
8.5 the inactivation of E. coli in pond water increased, but the inactivation may also
be partially related to elevated DO levels that are linked with photo-oxidative damage

to fecal-microorganisms in water. Bank samples are typically located along shallower
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parts of ponds. The wind-driven movement of water against bank soils and sediments
may cause the release of microorganisms and the settling process would be less
effective near the banks as compared to the interior due to wave action. Finally, bank
locations may be expected to have higher concentrations of E. coli because this
interface is where runoff enters which may be rich in fecal bacteria and/or nutrients
dependent on the conditions and surrounding land. It should be noted that the hot
spots identified in P1 are at locations 9 which coincides with small beach where
recreational swimmers and waterfowl sometimes enter the pond and location 21
where an ephemeral creek is located. In P2, location 12 is considered a hot spot as the
location is adjacent to the inlet. Locations 21 and 22 may also be consider hot spots
since both locations are adjacent to the residential property containing domesticated
animals and a septic system.

Correlation coefficients were calculated between MRD and EOF values for E.
coli and those of water quality variables (Tables 3.2 and 3.3). In performing this
analysis, we compared spatiotemporal patterns of variables rather than simply
correlating the raw values which is the typical procedure. There was a considerable
amount of consistency in the interrelationships among MRD and EOF values of E.
coli and the values of the water quality variables. Correlation coefficients between pH
and E. coli demonstrated a consistently negative relationship. A similar finding was
reported by Draper et al. (2016) who observed significant, albeit weak, relationships
between pH and aerobic plate counts, total coliforms, fecal coliforms, and enterococci
in irrigation waters on 39 farms in Pennsylvania over a 2-year period. Topalcengiz et

al. (2017) also reported significant negative relationships between pH and E. coli,
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enterococci, and total coliforms in 6 ponds in Central Florida in a 3-year study. As
previously noted, elevated pH levels (> 8.5) have been linked with increased
inactivation of indicator organisms in pond water (Davies-Colley et al. 1999). DO
MRDs also showed consistent negative relationships with E. coli MRDs. The increase
of pH and DO oftentimes occur simultaneously due to photosynthetic activity by
planktonic organisms in water as dissolved COz2 is converted into organic components
that may serve as nutrients, and release DO as a by-product. This process also spurs
the dissociation of HCO3 which further increases the pH (Zang et al., 2011). The
positive relationship between E. coli MRDs and those of turbidity and dissolved
organic matter may be related to the shielding effects that suspended materials
provide for fecal microorganisms in water (Whitman et al., 2003). Similarly, the
positive relationships with both PC and CHL may also be linked with decreased light
penetration as well as the potential for cyanobacteria and algae to release dissolved
organic carbon and other nutrients back into the water column which may benefit E.
coli survival (Davis et al., 2005).

The MRD analysis was used to identify sampling locations which were
consistently lower, about, or higher in E. coli concentrations than the average across
the pond. Differences in hot and cold spots could then be related to activities on the
shore or physiochemical properties of the water and the effects on fecal
microorganisms in terms of changing the habitat conditions. Additional usefulness in
computing MRD values for sampling locations is introduced by gaining the ability to
use locations with low error, or high temporal stability, to estimate the concentrations

across the rest of the pond. For example, if one were to develop an MRD distribution
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of E. coli in a pond, a location characterized by the consistent display of small errors
might be used to help predict the concentrations in different locations based on the
pre-established relationships between the locations in question. Similarly, the
locations between the 25™ and 75 percentiles of the MRD curve (indicated in yellow
in Fig. 4) might be useful to help approximate the average concentrations across the
rest of the pond and would reduce the need for intensive sampling regimes. A similar
type of procedure was performed by Pedrera-Parrilla et al. (2017) who were able to
calculate an MRD curve for soil water contents and electrical conductivity from
multiple sampling locations across a field. The authors defined a representative
location from a MRD distribution as one with low error which could be used as a
constant bias to acquire the average soil water content and electrical conductivity over
the observation area. One may expect a much weaker temporal stability in aquatic
systems than in soil systems due to mixing and movement of water. However, the
results of the current study indicate that even with the occurrence of mixing, the
temporal stability of E. coli concentrations were still observed. The uncertainty of the
MRD curves was greater for P2 than P1 which may reflect differences in the relative
degree of mixing, the fecal microbe inputs, and microbial survival conditions between
the two ponds.

The EOF analysis informed not only about the temporally stable anomalies in
specific locations but also about contributions of individual locations to the overall
variability. The observed correlations between expansion coefficients and variance of
logarithm concentrations across the pond on the observation dates illustrate the role of

the first EOF as the most informative pattern. If one truncates (Eq. 2) and leaves only
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the first term of the sum, then for each observation time, the variance of the
anomalies will be equal to the variance of the EOF1 multiplied by the squared ECi for
this observation time. Because the first EOF does not explain the total variance, the
above proportionality can only be observed as approximate estimation.

In general, the EOFs explained more variance over one year than over the
combined 3-year period (Table 3.3). However, the emergence of interpretable signals
(patterns) from the noise according to North’s test was not noted for any EOF found
in a 1-year observation period. Three years of data were necessary to delineate the
significant spatial patterns in the data. It remains to be seen whether the sheer amount
of sampling dates or the temporal extent of observations control the relationship
between EOF and noise in this case. Additionally, the authors note that the first
several EOFs in various years explain a non-trivial fraction of the total variance
explained however they were not found to be significant. Researchers may elect to
choose different significance tests or analyze non-significant EOFs and ECs which
may provide additional insight into their data.

The two spatiotemporal analyses utilized in this study provided results which
were largely in agreement which held true for the concentrations of E. coli as well as
water quality parameters. The MRD analysis uses relative anomalies, whereas the
EOF analysis works with absolute anomalies. This presents some advantages to the
MRD technique when there are large temporal variations of the studied variable. On
the other hand, the MRD analysis generates a single pattern. The EOF analysis
reveals several different spatial (EOFs) and temporal (ECs) patterns that may also

represent large fractions of the variability and can be attributed to separate
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mechanisms affecting the observed spatiotemporal variability. Additionally, there are
several methods to determine the significance of EOFs (Babamoradi et al., 2013;
Bjornsson and Venegas, 1997; Hammer et al., 2001), but no such techniques are
known for the MRD analysis. Overall, each of the spatial pattern recognition methods
has useful features and the methods can be complementary (Vereecken et al., 2016)
which was evident in this work.

It must be acknowledged that the present study only studied two irrigation
ponds in the Mid-Atlantic region over the course of 3-years. Indeed, many thousands
of ponds exist in this area with a smaller number actively used for crop irrigation. The
objective of this work was not to document E. coli dynamics in a large number of
ponds, rather it was to test the hypothesis that there may exist spatial- and temporally
stable hot- and cold-spots of E. coli concentrations which has implications for water
quality sampling and the design of future monitoring programs. Pachepsky et al.,
(2018) showed that temporally stable patterns of E. coli can be detected within a
single year of observations. This work aimed to assess the inter-annual variability of
those patterns and answer the question of whether they are stable outside of the span
of a single year. The findings presented show that within these two ponds, the
temporal stability of E. coli concentrations can indeed be persistent. Future work
should aim to determine the applicability of the MRD and EOF methods on additional
study sites within and outside the region examined in this work.

The existence of stable spatial patterns of E. coli concentrations has
consequences for both for microbial quality monitoring and management of irrigation

ponds. We note that the discovery of stable spatial patterns in this work required high
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spatial density of sampling that has not been implemented in previously published
research. The spatial detail of the monitoring should be increased for both detecting
and accounting for temporally stable patterns. Results of this work show that sensing
water quality variables can be instrumental for establishing E. coli MRD or EOF
patterns because of the relationships observed with water quality parameters and F.
coli. Additionally, the use of drone-based imagery may be an appropriate source of
data on spatial variation of major microbial habitat-affecting parameters such as
chlorophyll-a, suspended solids, and dissolved organic matter concentrations (Pyo et
al., 2017; Kutser et al., 2020). Future work should evaluate additional methods to
increase the detection and knowledge of spatial patterns in microbial water quality
studies such as geographically weighted regression and cluster analysis which were
both recently shown to provide promising results within this field (Wang et al., 2021;

Giao et al., 2021).

3.5 Conclusions

Large inter-annual spatial and temporal variability of E. coli concentrations
was documented in two irrigation ponds from biweekly grid sampling for three years.
Bank and interior sampling locations typically contained significantly different
concentrations. In each of the ponds, the MRD analysis identified groups of sampling
locations that had E. coli concentrations consistently below or consistently above the
average concentrations across each pond. The EOF analysis provided similar results
as the MRD analysis in terms of the ranking of locations based on the observed
concentrations in space and time which was confirmed by linear regression and

correlation analysis. Such stable spatial patterns were related to differences in habitat
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conditions for E. coli across the ponds and pathways in which the microorganism may
enter. For each pond, the MRDs demonstrated significant positive relationships across
years which exemplified the multi-year persistence of the observed patterns. The
MRD patterns in dissolved oxygen, pH, and temperature showed consistently
negative relationships with E. coli patterns in both ponds for the 3 years of the study,
while the turbidity, phycocyanin, chlorophyll-a, and dissolved organic matter showed
positive relationships in all cases. Correlations between EOF1 values for E. coli and
water quality parameters contained the same sign of the relationships and often
similar strengths as the correlations performed in the MRD analysis. Both the MRD
and EOF analyses show promise to be beneficial for the improvement of monitoring

and management of the microbial quality of irrigation water from ponds.
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Chapter 4: Accounting for the Three-Dimensional
Distribution of Escherichia coli Concentrations in Pond
Water in Simulations of the Microbial Quality of Water

Withdrawn for Irrigation

4.1 Introduction

The microbial quality of irrigation water is a matter of public safety and
concern. The World Health Organization reported that an estimated 600 million
people in the world suffer from diseases after eating contaminated food every year
(WHO, 2015). The consumption of fresh produce has been increasingly viewed as a
serious matter influencing food safety and health (Kearney, 2010). The microbial
quality of irrigation water is recognized as a substantial factor affecting the
contamination of produce, including fresh fruits and vegetables (Pachepsky et al.,
2014; Oliveira et al., 2012; Akinde et al., 2016).

Generic Escherichia coli (E. coli) and enterococci are commonly used as fecal
indicator microorganisms for the determination of the microbial quality of irrigation
water (Steele et al., 2005; Boehm et al., 2014; Chandrasekara et al., 2015). In the
United States, the US Food and Drug Administration (FDA) implements the Food
Safety Modernization Act (FSMA) to prevent the risk of foodborne disease (FDA,
2018). As part of the FSMA, the Produce Safety Rule sets standards on the
microbiological quality of irrigation water. This rule proposes specific standards of
E. coli concentrations to evaluate the microbial water quality based on two
calculated values: the geometric mean (GM) and the statistical threshold value

(STV). The STV is calculated as an approximation of the 90th percentile of the
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water quality distribution and no more than 10% of samples used to calculate the
GM should exceed this value. Both the GM and STV are calculated using 20 grab
samples collected over a 2 to 4-year period. Ponds, impoundments, and agricultural
water recovery basins are common sources of irrigation water (Dieter et al., 2015).

The microbial quality of irrigation waters in the USA was essentially unknown
until recently (Pachepsky et al., 2014). Since then, survey studies have been
conducted in various regions of the United States, including studies on farm ponds
and agricultural reservoirs in New York State (Jones et al., 2014), Georgia (Antaki
etal., 2016; Guetal., 2012; Lee et al., 2018), Florida (Havelaar et al., 2017),
Virginia (Truitt et al., 2018), Mississippi (Partyka et al., 2016), and California
(Partyka et al., 2016). The majority of work was done by taking a single sample
from a single depth when sampling irrigation ponds or reservoirs. In many cases, the
depth was not reported. Where the sampling depth was recorded, it was either 20 cm
(McEgam et al., 2013) or 50 cm (Gu et al., 2015; Lee et al., 2018; Truitt et al.,
2018). A depth of 1 m was also used to characterize the microbial water quality near
the irrigation intake (Antaki et al., 2016).

Taking more than one sample during a sampling event has been shown to result
in a substantial spatial variability of E. coli concentrations measured at the same
depth across irrigation ponds.Pahl et al. (2013) took three samples across a pond on
a biweekly and later weekly basis in the summer of 2009 and reported standard
deviations of logarithms of E. coli concentrations between 0.25 and 0.5.Pachepsky
et al. (2018) took surface samples in 34 locations across an irrigation pond on a

biweekly basis in the summer of 2016 and reported standard deviations of
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logarithms of E. coli concentrations between 0.1 and 0.75. The latter authors also
demonstrated that there was a spatial pattern in E. coli concentrations during the
summer months of June, July, and August, meaning that some areas in the pond
mostly had higher than average concentrations of E. coli and other areas mostly had
lower than average concentrations of E. coli.

The spatial variation of fecal indicator concentrations across a waterbody is
commonly studied in research on wastewater stabilization ponds (Dias et al., 2017;
2018, Li et al., 2018). It has been shown that considering variations of microbial
concentrations in three dimensions is beneficial for understanding the pond
efficiency (Maiga et al., 2009). Three-dimensional hydrodynamic modeling has
been used to explain functions of wastewater stabilization ponds, such as aerobic
and anaerobic carbon and nutrient removal, sedimentation and mixing, and algae
growth, among others (Sah et al., 2011; 2012, Khan et al., 2013). To the best of our
knowledge, no 3D information on the microbial water quality in irrigation ponds has
been reported so far.

We hypothesized that information on the 3D distribution of E. coli
concentrations in irrigation ponds may be useful for explaining and predicting the
temporal variation of the microbial quality ofwater going to the fields. If irrigation
water is taken at different times from different parts of a pond, and the E. coli
concentrations in these parts are different, then one can anticipate differences in the
irrigation water quality at different times during an irrigation event.

The objective of this work was to research the 3D distributions of E. coli

concentrations in an irrigation pond in Maryland and to estimate the dynamics of E.

102



coli concentrations at the water intakeduring irrigation events using hydrodynamic

modeling.

4.2 Materials and Methods

4.2.1 Study Area

The study was carried out at an excavated pond located at the University of
Maryland Wye Research and Education Center (38°54'58.43"N— 76° 8'28.95"W).
The pond is about 22 m wide and 200 m long, with an average depth of 1.5 m
(Figure 1). The pond is surrounded by dense shrubs andgrasses, with a few small
trees. There are agricultural supply storage facilities and a parking lot on the eastern
side of the pond. The crops around the pond receive chemical fertilizers in March
and animal manures are not applied. The water level in the pond between irrigation
events is controlledby precipitation, as well as by an ephemeral creek that enters
through a culvert at the northern-end inflow. This creek directs overland flow from
the surrounding corn fields to the pond. The water levelis restricted by a water level-
dependent orifice outflow drain that flows to a ponded marsh-like areathat drains

into a small creek. The irrigation pipe is located in the pond interior and is indicated

in Figure 1. The irrigation water was drawn at a rate of 0.01 m3/s for durations

ranging from 1 to 8 h.
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Figure 4.1. Map of the study area showing the locations of 3D sampling for the pond
interior and nearshore sampling (left-hand side). The top view of the computational
mesh is also shown (right-hand side).

4.2.2 Data Acquisition

Water sampling was conducted between 12:15 and 13:30 on the 24 August
2017. All sampling locations were geotagged with the handheld global positioning
system (GPS) device (BE-2300; Bad Elf, Tariffville, CT). Interior water samples
were collected using the Mobile Sensing and Sampling Hyper-Spectral Imaging

Platform (MSSHIP, Figure S8, Appendix C). Samples were collected along three
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transects of the pond, which encompassed the bottom, middle, and top portions
(Figure 1). At each sampling position, samples were collected at depth increments of
0.5m (i.e., 0, 0.5, 1, and 1.5 m). Care was taken to monitor the water depth at each
sampling location so that interaction between the sampling pump and the bottom
sediments was avoided. For this reason, some locations only provided samples from
as deep as 0.5 m, while others provided samples collected to a depth of 1.5 m, which
was the maximum sampling depth employed in this experiment. Between each
location and sampling depth, the water pump was thoroughly flushed with pond water
from the target depth of interest prior to collecting the sample so as to minimize
cross-contamination. Bank samples were collected every 20 m along the perimeter of
the pond with a 500-mL grab sampler. A total of 26 and 24 interior and bank samples
were collected, respectively. The bathymetry data were collected using a handheld
digital depth sounder (Vexilar LPS1, Minneapolis, MN). Approximately 200 depth
sample points were collected in the pond. Weather data were recorded at the Wye
Research and Education Center, which is less than 1 km from the study pond.

The precipitation and maximum/minimum temperature were recorded on an
hourly basis, and the wind speed and direction were recorded every 15 min. No
rainfall occurred on the sampling date and the closest event consisted of a 57 mm
rainfall one week before the monitoring day. The average temperature, wind speed
and direction during the sampling period were 22 °C, 1.9 m s}, and northward
(354.1°), respectively.

Membrane filtration was used to enumerate E. coli (EPA method 1603, US

EPA, 2002). Approximately 100 mL of sampled water was vacuum filtered through
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0.45 um filters (Millipore Corp., Bedford, MA, USA), which were placed on
modified mTEC agar plates (Difco, Sparks, MD, USA). The plates were placed in a
37 oC incubator for 2 h and were then transferred to a 44.5 C incubator for 22 h.

After the incubation period, purple colonies were counted as E. coli.

4.2.3 Model and Simulation Setup

The environmental fluid dynamic code (EFDC), which was developed at the
Virginia Institute of Marine Science, is a comprehensive three-dimensional
numerical model (Hamrick, 1992). This model has been successfully applied to a
wide range of environmental studies simulating the variation of hydrodynamic and
water quality in lakes (Zhao et al., 2012), rivers (Seo et al., 2012), estuaries (Wool et
al., 2003), reservoirs (He et al., 2011), wastewater stabilization ponds (Li et al.,
2018, Maiga et al., 2009; Sah et al., 2011; 2012; Khan et al., 2013; Luo et al., 2018),
and wetlands (Yang et al., 2016). Details of the EFDC have been documented by
Hamrick (28). In the EFDC model, fecal coliform bacteria have no interaction with

other state variables and only have a die-off term. The kinetic equation is written as:

2EB) = —KFCB x TFCBT29 x FCB + %22 (1)

where FCB is the bacterial concentration (CFU 100 mL™), ¢ is the time (day),
KFCB is the first-order die-off rate at 20 °C, TFCB is the effect of temperature on

the decay of bacteria (°C™"), WFCB represents the external loads of fecal coliform
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bacteria (CFU 100 mL™! m® day '), and V is the cell volume (m?). The right-hand
side of Figure 1 shows the boundary and corresponding topography of the

irrigation pond. The water quality model was set by allocating 960 active cells in
the horizontal plane and four layers in the vertical direction. The average cell size

was 4.5 m>.

The kinetic equation was approximated using the finite difference, with a five
second time step applied in each computational cell. The irrigation event was
simulated by adding the negative component of the water mass balance in the
computational cell where the intake was located. This component was equal to the
intake rate multiplied by the time step. The interpolation was performed with the
EFDC explorer software interpolation routine that uses a Laplace equation filling
technique (EEMS, 2020). A five second computational time step was used. Water
extraction was simulated by setting a constant sink value corresponding to the

actual water extraction rate (i.e., 9.8 L s1).

Four different E. coli concentration distribution scenarios were designed to
examine the effectiveness and necessity of 3D information in microbial water
quality assessments in the irrigation pond (Figure 2). The first scenario included
data from the bank water samples and 3D interior water samples. The second
scenario was built using bank water samples and interior water samples taken at the
minimal depth (surface samples): the data obtained at the depth 0—15 cm were
extrapolated down to the bottom of the pond. The third scenario included the
interpolation of nearshore data across the pond and extrapolation of the results as

constant values down to the bottom. The fourth scenario differed fromthe third one
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were used for interpolation.

by using interior samples instead of nearshore samples. Internal EFDC routines
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Figure 4.2. Scenarios with the initial Escherichia coli concentration from different

sources: (a) 3D sampling; (b) surface layer data (both nearshore and interior)

interpolated in 2D and extended over the whole water column; (c) nearshore data
interpolated in 2D over the surface layer and extended over the whole water column;
and (d) interior surface layer data interpolated in 2D and extended over the whole

water column.

A set of scenarios was set for the simulations to examine the temporal

variation of the microbialwater quality at the intake, depending on the location of the

intake pipe around the pond (Figure 3). The scenarios of different intake locations

were designed by moving the intake location at an interval of about 16-25 m from the

actual intake position shown in Figure 3. The hypothetical locations corresponded to

other sampling sites along the perimeter of the pond.

To assess the zone of influence of the intake pipe, five hypothetical spatial

distributions of initial concentrations of an inert tracer were assumed. Each of these
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distributions assumed a zero concentration in the section of the pond that included
the intake and a concentration equal to one in the section that did not include the
intake. The boundaries between the sections were set at locations 2,5, 6, 7, 8, and 9 for
the six scenarios, respectively.

E. coli concentrations were log-transformed prior to statistical analysis.
Statistics were computedusing the Paleontological Statistics Software Program for

education and data analysis (PAST) (Hammer et al., 2001).
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Figure 4.3. Hypothetical irrigation water intake locations. Locations 1-10
correspond with the tenhypothetical irrigation intake positions described in the
text. Location 3 is the actual intake location.

4.3. Results

4.3.1 Spatial Variability of E. coli Concentrations

Figure 4 shows the lateral distributions of E. coli concentrations according to
depth. A ¢-test demonstrated that there was no significant difference between the average
values of E. coli concentrationsnear the shore and in the interior of the pond (p = 0.491).
Lateral distributions of E. coli concentrations at all depths showed higher
concentrations in the southern part of the pond than the middle or northern part,
except for at the 0.5 m depth. Concentrations of E. coli increased with an increasing
depth. The average concentrations of E. coli in the 0.5 and 1.0 m water depths were
about 2 and 4 times higher, respectively, than the average concentration at the surface
(0 m). The average concentration at the 1.5 m water depth (bottom layer) was 101.7
CFU 100 mL—1, which was 21 times higher than that of the surface water. An
analysis of variance (ANOVA) on the E. coli values showed that the concentrations
significantly differed by water depth range (p < 0.001). Tukey’s pairwise testing
showed that the 1.5 m depth contained significantly higher concentrations than the 0
m (p <0.001), 0.5 m (p <0.001), and 1.0 m (p = 0.043) depths. The 0 and 1.0 m
depth ranges also significantly differed (p = 0.044), but comparisons of other depth

ranges were not statistically significant.
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Figure 4.4. Initial E. coli concentration at different depths interpolated from the
3D sampling data.Concentrations at the surface (0 m), 0.5 m, 1 m, and 1.5 m depths
are shown from left to right.

Figure 5 shows that the predictions of the temporal variation of the E. coli
concentration in the withdrawn water dependent on the different initial concentration
distributions. The simulation results based on the initial distribution using 3D
information were substantially different from the simulation results based on initial
distributions using only surface water information. In the simulation involving the
actual location of the intake pipe (Figure 5. Panel 3), using the 3D dataset yielded an
initial concentration of pumped water of 27 CFU 100 mL"! which slowly declined
over the 8-h simulation. Using the other three interpolation scenarios in this case all
resulted in similar but lower results, which consisted of roughly 5 CFU 100 mL! in

the pumped water over the course of the simulation.
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4.3.2 Simulations with Different Intake Locations

Figure 5 shows the temporal variation of E. coli in the withdrawn water for
several irrigation intake locations. Figure 5 panel 3 presents the change in E. coli
concentrations of irrigation water taken at the actual pumping location. The other
panels represent the change in E. coli concentrations when the location of the
irrigation pipe is moved upwards along the pond according to the hypothetical
locations presented in Figure 3. Simulations involving the 3D data distributions
resulted in consistently higher E. coli concentrations than the lor 2D information
distributions in all proposed locations. This was particularly true for locations 1-7;
however, locations 8—10 contained the smallest differences between scenarios of
initial concentration interpolation. Placing the irrigation pipe at location 10 resulted in

the most similar result across scenarios.
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Figure 4.5. E. coli concentrations in irrigation water in different irrigation pipe
locations under four initial E. coli concentration distribution scenarios. ® 3D
sampling data; o 2D data from surface samples extended to the bottom; ¥2D data
from nearshore samples extended to the bottom; and A data from interior samples
extended to the bottom. Panels 1-10 correspond to the hypothetical irrigation intake
locations displayed in Figure 3.
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4.3.3 Assessment of the Zone of Influence for the Intake

Figure 6a shows the results of setting the boundaries between sections with the
tracer being present and absent at different locations within the pond. Figure 6b
shows the simulated dynamics of the tracer at the actual intake location, depending on
the different microbial contaminated area boundaries under an actual wind direction
condition. Scenarios with the boundary between sections at locations 5 to 8 indicated
an increase in the E. coli concentration during the irrigation event. On theother hand,
scenarios with boundaries between sections at locations 2 and 9 maintained a stable
concentration during the entire irrigation event time of 8 h. Figure 6¢ shows the variations
of the tracer concentration in the withdrawn water with the wind blowing in the opposite
direction to the observed direction. The scenarios with the boundary between sections
at locations 2, 5, and 6 demonstrated variation of the E. coli concentration during the
irrigation event. The other scenarios maintained a zero tracer concentration during the

entire 8-h event.
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Figure 4.6. Tracer distributions and simulation results in scenarios designed
to evaluate the zone of influence of the intake. Panel (a) shows the
boundaries between pond sections with the tracer present(red) and absent
(blue). Panel (b) shows the simulated concentrations of the tracer withdrawn
from the pond at different intake locations over the 8-hour irrigation event.
Panel (c¢) displays the same scenarioas in (b) except with the opposite wind
direction.

4.4. Discussion

Both vertical and lateral changes in E. coli concentrations were found across

the pond (Figure 4). The lateral variations at the 0 to 15 cm depth range were

demonstrated for this pond in earlier reports (Pachepsky et al., 2018; Stocker et al.,

2019). In these works, the southern part of the pond had concentrations that were

persistently higher than other parts of the pond over the summers of 2016 and 2017.

The hypothesis was that this hotspot was formed due to the proximity to a residential
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property equipped with a septic system, as well as the presence of domesticated pets
(Stocker et al., 2019). Vertical gradients of E. coli concentrations were well-
pronounced in some parts of the pond. A possible reason for gradient formation is the
effect of UV radiation. Maraccini et al. (Maraccini et al., 2016) observed that a
stronger UVB intensity significantly increased the inactivation rate constants of £.
coli in an unmixed natural freshwater marsh, a brackish water lagoon, and a marine
site. The absorbance of UVB and inactivation rates of E. coli likely decreased with
depth in this work, thus creating conditions for the formation of vertical gradients of
concentrations. The elevated levels of E. coli in the southern part of the pond may
also be the result of the increased shading that this region receives relative to the
middle and northern parts throughout the day. The amount of particulate matter
present in the pond would have also likely influenced both the vertical and lateral
concentrations of E. coli, since it has been shown that particulate and dissolved
organic matter may attenuate UV penetration and shield bacteria in water (Smith et
al., 2004). Future work may want to investigate the results of simulations when both
organic matter and UV radiation measurements are collected and used as model
inputs.

The temporal variation of E. coli concentrations in the withdrawn water based
on 3D information had significantly different patterns compared with results based on
three different 2D information scenarios (Figure 2). Under the conditions interpolated
using the 3D dataset, E. coli concentrations of the intake water were high because of
vertical gradients that were detected during sampling. All three scenarios assuming a

constant concentration across the depth range gave an estimated E. coli withdrawal
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concentration that was five times lower than that of the scenario using the 3D
information. Therefore, it may not be sufficient to characterize the microbial quality
of irrigation water based on E. coli concentrations measured in samples taken close to
the pond water surface. Additionally, such characterization may mask the possibility
that the microbial quality of irrigation water exceeds permitted thresholds when
vertical concentration gradients are formed between rainfall periods.

Changing the intake location substantially changed the simulated E. coli
concentrations and dynamics in the extracted water (Figure 5). The simulated E. coli
concentration in the extracted water based on 3D information demonstrated higher
concentrations than the results of 2D information during irrigation events up to
location 9 due to the vertical gradient of E. coli concentrations present in the pond.
With water uptake at location 10, no difference was found in the results obtained
between 3D information and 2D information. Therefore, if the location of the
irrigation pipe is moved to location 10 in the studied pond, then the microbial quality
of the extracted water may be improved both initially and throughout the course of a
multi-hour irrigation event.

The 3D sampling information helps to more realistically predict the temporal
variation of the E. coli concentration in the extracted water compared to using 2D
survey information. However, 3D surveys have disadvantages in terms of time, costs,
and labor compared with 1D survey tasks. Therefore, reducing the area in which a 3D
survey is performed would alleviate these disadvantages while maintaining a high
prediction accuracy of the microbial quality in the extracted water. We have

confirmed that the northern-most area from location 9 and the southern-most area
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from location 2 do not affect the temporal variation of E. coli concentrations in the
extracted water taken from location 3 under actual wind direction conditions (Figure
3). The 3D survey information from location 9 to location 2 is sufficient to accurately
predict the microbial quality in the extracted water. Furthermore, the decreased
survey area will contribute to reducing the time, costs, and labor for subsequent 3D
surveys. The results on the selection of the survey area are obviously pond shape-
specific. Simulations can be helpful in selecting the parts of a pond that should be
researched in a 3D survey.

To examine the impact of the wind direction on the spread of E. coli in the
studied pond, we compared the intake influence zones which were estimated under
the actual wind direction, as well as the opposite wind direction (Figure 6). The
survey area was considerably reduced as the wind direction changed from a northerly
wind direction to a southerly wind direction (data not shown). The northerly wind
encourages more movement of the microbially contaminated water from the upper
area to lower areas. Otherwise, the southern wind disturbs the movement from the
northern area to the southern area. The wind direction and speed have dramatically
influenced water circulation and the spread of microbial contamination in various
bodies of surface water (Smith et al., 1999; Zhang et al., 2012; Hatvani et al., 2018).
Sokolova et al. (2013) concluded that the microbial contamination from different
sources was transported faster or slower to the water intake, depending on the wind
speed and direction. Therefore, these simulations demonstrated that the wind

direction should be considered when designing a 3D survey area.
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We realize that our simulations with a constant inactivation rate only present a
first approximation of the fate and transport of E. coli in the pond during irrigation. A
decrease in the inactivation rate with depth is expected (Maraccini et al., 2016).
However, the differences between the inactivation rates at different depths will
support and may increase the vertical gradients and possibly lateral variation of
concentrations. Quantifying the effect of E. coli survival variation in space and time
on the variation of the microbial quality of the extracted water presents an interesting
research avenue. Future work should also investigate the applicability of the EFDC
model for irrigation water sources of different shapes, sizes, and types (such as
streams, rivers, or canals). Validating the model by sampling the withdrawn water
and pond water over time would also be an interesting venture, but would require
intensive 3D sampling, which would be time-consuming and costly. Additionally, the
simulation scenarios presented in this work are just a few of many possible ways to
configure the model and simulate the irrigation event. Therefore, we encourage future
researchers to experiment with differing sample sizes, sampling depths, interpolation
methods, wind patterns, and locations of irrigation withdrawal. Finally, it would be
interesting to incorporate other measured water quality variables into the model to
assess their dynamics during an irrigation event and examine whether levels of other
water quality parameters such as dissolved oxygen or pH influence the concentrations
of E. coli in the withdrawn water.

The results of this work indicate that sampling irrigation water in the field
should not be done once. The spatial variability of the microbial concentrations in the

water source translates to the temporal variation of concentrations in the irrigation

119



water reaching the field. The variation of the microbial water quality in the field over
time will indicate that there is a spatial variability of the indicator concentrations in
the water source. Understanding the reasons for this variability may lead to
management actions that will improve the quality of the irrigation water from the

source.

4.5. Conclusions

Through simulations using the EFDC model, we were able to estimate the
temporal dynamics of E. coli concentrations based on hydrodynamic information,
such as inflow and outflow rates, and mixing due to wind. E. coli concentrations
were measured at depth increments of 0.5 m in the interior area and at the water
surface along the bank of an irrigation pond. Albeit small, the studied pond is not a
homogeneous body of water. Both vertical and lateral changes in E. coli
concentrations were observed across the pond. Modeling confirmed that the initial
3D distribution of E. coli concentrations significantly influenced the dynamics of the
E. coli concentration in extracted water going to the field. The simulation study
confirmed that changing the intake location can change the microbial quality of the
extracted water. Moreover, simulations can be helpful in defining the pond sections
for which to collect 3D data. The delineation of this section must be done for
different realistic wind conditions that may have significant effects on the E. coli
transport in the pond. The 3D spatial distributions of E. coli in irrigation ponds

appear to be an underestimated factor which may influence the microbial quality of

120



water by creating substantial temporal variations. Hydrodynamic modeling can be a
useful tool for improving microbial water quality monitoring strategies by

considering site-specific environmental characteristics of irrigation water sources.
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Chapter 5: Diurnal Variation of E. coli Concentrations in
Agricultural Irrigation Ponds

5.1 Introduction

Irrigation accounts for 42 % of the total freshwater withdrawals in the United
States with most of that coming from surface water sources (Dieter et al., 2015). The
microbial quality of these surface waters is immensely important. Pathogens in
surface water sources can be transferred via irrigation water to crops and their soils
which has led irrigation water quality to be implicated in several multi-state
foodborne outbreaks (Greene et al., 2007; Carstens et al., 2019). In recent years, the
U.S. EPA listed the leading cause of the impairment of surface waters as being
attributed to elevated levels of microbial pathogens (U.S. EPA, 2009). Because
pathogens are often difficult to detect and enumerate, fecal indicator bacteria, such as
generic E. coli which are easier to measure, are used for determining the microbial
quality of irrigation sources.

The Produce Safety Rule (PSR) is a part of the implementation of the Food
and Drug Administration’s Food Safety Modernization Act (FSMA). It specifies the
allowable concentrations of E. coli in surface water used for irrigation. Under the
PSR, growers must sample their irrigation water a minimum of 20 times over the
course of a 2- to 4-year period and develop a microbial water quality profile. Failure
to meet microbial water quality standards results in the inability to use a water source
or the need to undertake corrective measures such as delaying harvest to allow for

microbial die-off in the field (Havelaar et al., 2017).
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The PSR does not specify where or when to sample an irrigation water source
and simply states that samples must be “collected as close as is practicable to harvest”
(FDA, 2015). Recent investigations into E£. coli concentrations in irrigation ponds has
revealed that a high degree of spatial variability can exist which may affect the
conclusions of microbial water quality assessments (Pachepsky et al., 2017; Lee et al.,
2018; Stocker et al., 2019). Temporal variation of E. coli concentrations has also been
described in the literature. Seasonal variability is routinely reported whereby
concentrations are typically higher in the summer months and lower in colder periods
(Traister and Anisfeld, 2006; Jeon et al., 2020). E. coli concentrations can
dramatically increase in response to rainfall/runoff events (Jenkins et al., 2015; US
EPA, 2010). However, within-day variability in indicator or pathogen concentrations
in irrigation waters is rarely acknowledged or reported in the literature.

Concentrations of E. coli in water may change in response to diurnal
fluctuations of environmental factors. Diurnal variation in indicator or pathogen
concentrations in freshwater bodies typically results in the highest concentrations
observed in the morning hours with steady reductions throughout the day and a
rebound overnight (US EPA, 2010). These dynamics are most often attributed to
increasing solar radiation and temperatures over the course of a day. These factors
have been shown to effectively inactivate indicator and pathogen species in
microcosm experiments (Solic and Krstulovic, 1992; Sinton et al., 2002; Jenkins et
al., 2011; Maraccini et al., 2016) and has been implicated in field monitoring studies
(Hughes, 2003; Desai and Rifai, 2013; Maraccini et al., 2016; Lusic et al., 2017,

Lothrop et al., 2018). Diurnal increases in dissolved oxygen and pH attributed to
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photosynthetic activity of algae and cyanobacteria during the day have also been
shown to negatively affect E. coli concentrations in water (Liu et al., 2016; Nguyen et
al., 2015; Cho et al., 2016; Dias et al., 2017). Concurrent action of environmental
stressors can lead to die-off but also can induce a “viable but not culturable”
physiological state in E. coli and pathogens in which cells lose their capacity to
multiply while maintaining metabolic activity in a so-called “survival mode” which
may also lead to lower counts of bacteria measured in the afternoon (Han et al.,
2020). Concentrations of fecal bacteria in surface waters have been reported to
rebound during the nighttime hours possibly due to cellular repair/recovery and
reduction in stressors which during the day may result in a negative net population
change (Boehm et al., 2009; Desai and Rifai et al., 2013; Dias et al., 2017).

Diurnal or intra-daily variation in E. coli concentrations has been reported to
occur in numerous recreational waters including streams and creeks (Maey et al.,
2006; Traister and Anisfeld, 2006; Stocker et al., 2016), Great Lakes (Whitman et al.,
2004), and coastal environments (Boehm et al., 2009; Mudd et al., 2012; Lusic et al.,
2017; Wyer et al., 2018). Daily dynamics have also been documented in retention and
treatment ponds, and wetlands (Fallowfield et al., 1996; Davies-Colley et al., 2000;
Nguyen et al., 2015; Dias et al., 2017). However, we are aware of only one
publication that has reported diurnal microbial variations within agricultural irrigation
sources. Lothrop et al. (2018) measured the concentrations of E. coli and total
coliforms in irrigation canals in Southern California and Arizona at four different
time intervals including before 9:00, between 9:00 and 12:00, 12:00 and 13:00, and

after 13:00. The authors observed decrease in concentrations throughout the day with
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the last time interval samples containing about half the E. coli concentrations
collected before 9:00.

It was demonstrated that differences in water quality may substantially affect
daily E. coli dynamics. Such differences can be expected in terms of fluctuating
dissolved oxygen, pH, and temperature, as well as the accumulation of cyanobacteria
and algae, suspended solids, and the degree in which light penetrates the water. The
canal water studied in Lothrop et al. (2018) was shallow and non-turbid which would
be conducive to die-off of E. coli throughout the day. Poor water clarity has been
hypothesized to subdue diurnal oscillations of E. coli in lake waters and therefore it
would be interesting to know if deeper lentic waters can be expected to exhibit
diurnal concentration oscillations (Ismail et al., 2015). To date, no data are available
on the effect of water quality parameters on E. coli concentrations in irrigation ponds

The objectives of this work were to 1) assess the intra-daily variations of .
coli concentrations in irrigation ponds 2) summarize the range of inactivation rates,
and 3) determine the most influential water quality variables governing the changes in

E. coli concentrations throughout the day.

5.2 Materials and Methods

5.2.1 Pond Monitoring

Sampling was conducted at three irrigation ponds in Maryland, USA. These
irrigation ponds are referred to as P1, P2, and P3 and were chosen because they were
either actively or previously constructed and used for irrigation purposes. Sampling

of these ponds was conducted between June and September which was considered the
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growing season and when irrigation withdrawal would primarily occur. The ponds
were sampled at different frequencies with P1 and P2 being sampled 5 and 8 times,
respectively, over three years (2019 to 2021) and P3 being sampled 4 times over 2

years (2020 -2021). All ponds were located within a 1-hour drive from the laboratory

so that samples could be processed the same day as collection.

Figure 5.1. Maps of sampling locations used in this study.

Pond 1 is a 4036 m? man-made embankment pond with an average depth of
2.7 m (Fig 1). There is vegetation consisting of deciduous trees and shrubs along the
Northern and Eastern banks. The remaining banks have grass cover. To the West and
Southwest of the pond are crop fields which receive inorganic fertilizers in late April

or early May. When the water level in this pond gets low, the farm operators will
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occasionally pump water from another pond which is creek-fed. The inflow pipe is
located near location 4 and the irrigation outflow is at location 5. Through
correspondence with the farm operators, irrigation was not conducted at any pond in
the study on days in which sampling occurred.

Pond 2 is located at the University of Maryland Wye Research Center in Wye
Mills, MD, USA. This 4197 m? pond is an excavated pond with an average depth of
2.7 m and most of the bank is covered with grass and dense shrubs. Large trees are
also present along the perimeter but are not close to the water. This pond is
surrounded by crop fields, farm buildings, and one residential property. In March, the
surrounding fields receive inorganic fertilizer and, no animal manures are used. This
pond is primarily fed through rainfall which enters mainly through an ephemeral
creek that leads into a culvert near sampling location 10. This culvert tends to have a
substantial inflow only when precipitation has recently occurred. On the south end of
the pond there is a water-level dependent outflow drain located near location 1. The
irrigation pump intake is located near point 3.

Pond 3 is a retired irrigation pond located at the USDA’s Beltsville
Agricultural Research Center (BARC) in Beltsville, Maryland, USA. This man-made
pond is 4,383 m? and used to provide irrigation water to the adjacent fields which are
primarily corn fields. The Western perimeter of the pond is boarded by a 10-m grass
buffer strip whereas the remainder is adjacent to a forested area. To the West and
Southwest of the pond are separate fields planted with corn and orchard grass. The
surrounding fields receive no nutrient amendments. The pond is runoff-and

groundwater-fed with an inflow pipe extending into and hovering above the pond
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water surface between locations 1 and 2. The pipe drains the surrounding fields which
are at a higher elevation and has a consistent flow of approximately 3 L min™'. A
level-dependent outflow is located at sampling site 6 which drains into a riparian
creek. The pond depth ranges from 30 cm to 130 cm with an average depth of 90 cm.

Sampling locations in P3 were the same for all observation dates. In 2019, the
P1 and P2 sampling sites are what is depicted in Figure 1. In 2020 and 2021 sampling
schemes changed and the number of samples was changed from 10 to 5 whereby odd-
numbered locations continued to be sampled. Sampling always began within + 10
minutes of 9:00, 12:00, and 15:00 on each event and the sampling sites are presented
in the order of which they were sampled. Sampling was conducted with emphasis to
collect all samples as close to the specified times as possible while ensuring proper
collection procedures. Sampling always began within + 10 minutes of 9:00, 12:00,
and 15:00 on each event and the sampling sites are numbered in the order of which
they were sampled. There was on average a + 30-minute time span within which
sampling and sensing were done across the ponds. For example, some samples at the
9:00 sampling event could have been taken at 8:55 while others were taken at 9:15 or
9:25.

Water samples were always taken at depths of 0 - 20 cm which was
considered the water surface. Samples were taken from a small boat and GPS was
used to provide consistency of sampling locations between different sampling dates.

After collection samples were immediately placed into a cooler. Samples were
then transported to the lab for analysis. Water quality variables were measured in-situ

with a YSI EXO-2 sonde (YSI Inc., Yellow Springs, OH) at the same time and
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locations as the water samples were collected. The YSI sonde measured temperature
(C;°C) (abbreviation; unit), specific conductance (SPC; uS cm™) dissolved oxygen
(DO; mg L), pH, fluorescent dissolved organic matter (FDOM) (relative fluorescent
units, RFU), chlorophyll-a content (CHL; RFU), phycocyanin (PC; RFU), and
turbidity (NTU;NTU). Surface and subsurface photosynthetic active radiation (PAR
and sPAR, respectively) measurements were taken in the field with submersible
sensors (Apogee Instruments, Logan Utah). The PAR meters measured the
photosynthetic photo flux density (umol m? s!) at the wavelength range from 400 to
700 nm and applied an immersion effect correction factor for underwater readings.
Concentrations of ammonia (NH3; mg L), nitrite (NO2; mg L), nitrate (NO3; mg L~
1, and orthophosphate (OP; mg L') were analyzed with a SEAL AQ300 discrete
nutrient analyzer (SEAL, Minnesota, USA). Total carbon (TC; mg L!) (inorganic and
organic; (TIC; mg L") and (TOC; mg L"), respectively) and total nitrogen (TN; mg
L") were analyzed on a Vario TOC cube (Elementar Hanau, Germany) using high
temperature combustion and tandem TNb and TC detectors. All nutrient samples were
processed according to prescribed methodology provided by the respective
companies.

Samples in the lab were kept on ice throughout processing. Laboratory
processing involved membrane filtration for E. coli enumeration based on EPA
method 1603 (U.S. EPA, 2014). Briefly, 50 to 150 mL of pond water was filtered,
depending on turbidity, through a 0.45 pum filter (EMD Millipore) which was then
aseptically transferred onto petri dishes with modified mTEC media. Agar plates with

filters were then incubated at 22 °C for 2 hours followed by incubation for 22 hours at
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45 °C. After incubation, purple colonies were counted as E. coli. All samples were

filtered in duplicate and counts were then averaged.

5.2.2 Data Analysis

E. coli concentrations were decimal log-transformed prior to applying
statistical tests. All samples with non-detectable concentrations of E. coli (e.g. <1
CFU 100 mL") were assigned a value of 0.5 CFU 100 mL™! prior to log
transformation (USEPA, 2009). If water disturbances occurred during sampling
(human or wildlife activity) then samples near those locations were not used in the
analyses. The Kruskal-Wallis one-way analysis of variance (ANOVA) was used to
test if time of day was a significant factor on E. coli concentrations. The same test
was used to statistically compare medians of the E. coli concentrations across ponds.
If significance was detected then a pairwise Mann-Whitney post-hoc test was
performed to evaluate if median concentrations significantly differed between sample
sets collected at 9:00, 12:00, and 15:00. The a = 0.05 significance level was used for
all statistical comparisons. Intra-daily die-off rates were computed for concentration
changes between 9:00 and both 12:00 and 15:00 as well as for 12:00 and 15:00.
Rates were calculated by dividing the difference in natural logarithms of the pond-
wide average E. coli concentration at two time points by the elapsed time in hours.
The Kolmogorov-Smirnov test was used to evaluate the equality of continuous
probability distributions of die-off rates between ponds. The Spearman correlation
coefficient (rs) was calculated between E. coli and water quality parameters to assess

the strength and direction of statistical relationships. Correlations coefficients were
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calculated using paired point measurements of E. coli and water quality parameters.
Statistical significance was assessed with o = .05.

Regression tree analysis was used to determine the most influential
environmental covariates of the E. coli concentrations (Stocker et al., 2019). The
‘partykit’ package (Hothorn et al., 2015) was used in the R statistical software (R
Development Core Team, 2015). This package implements a type of regression trees
called conditional inference trees (CTREE). Conditional inference trees use
hypothesis testing to determine covariates responsible for splitting the dataset into
homogenous groups with respect to the output variable (E. coli concentrations). This
approach resolves complications of overfitting and covariate selection bias associated
with traditional regression trees and uses a pre-determined significance level (a = .05)
as a split-stopping criterion (Guan et al., 2021). The only constraint used in creating
the cTREEs was that at least 10 samples must be present in the terminal nodes. The
cTREEs for each pond were created using the pooled datasets containing all point

observations collected at that study site over the monitoring period.

5.3 Results

5.3.1 Physicochemical water quality parameter changes and correlations
with E. coli concentrations

The concentrations of E. coli in the ponds as well as other water quality
variables by time of day are shown in Table S3 for P1 and P2 and Table S4 for P3
and the P3 inflow water, respectively (Appendix B). For all ponds, the levels of DO,

pH, and °C increased throughout the day. Other parameters showed inconsistent intra-
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daily trends. Changes in DO and pH throughout the day were most pronounced at P2
while the other ponds only experienced small increases. For example, in P2 from 9:00
to 15:00, the average increase of DO and pH throughout the observation period were
about 7 mg L and 1.6 units, respectively, whereas in P1 this amounted to about a 1
mg L' and 0.3 unit increase, respectively in P1. For P3 these increases were about
1.85 mg L' and 0.9 units, respectively, between 9:00 and 15:00. PAR and sPAR
levels increased from 9:00 to 12:00 but decreased by the 15:00 sampling time in all
ponds. NTU concentrations in the ponds were similar from 9:00 to 15:00 but P2 was
found to be in general about 2 times as turbid as P1 and P2 which contained similar
concentrations. FDOM concentrations were similar between Ponds 2 and 3 with both
having in the range of 2 to 3 times greater concentration than P1. In all three ponds
the concentrations of FDOM slowly decreased from 9:00 to 15:00 as did the levels of
photosynthetic pigments PC and CHL. Both PC and CHL were several times higher
in P2 relative to P1 and P3. Concentrations of nutrients measured in the ponds were
low and were found to typically be below the limit of detection. The exceptions were
NOs and OP in P1 and P2, respectively, which were consistently above detection
limits. Nutrient analysis was not consistently performed for P3 but when it was
performed all nutrients but NH3 were below the detection limits.

Of the 18 environmental variables measured relatively few showed significant
correlations with concentrations of E. coli. In P1, the DO and pH levels showed
significant negative correlation with E. coli (rs=-0.714 p=.003 and rs =-0.646 p =
.009, respectively) while concentrations of nutrients such as total dissolved nitrogen,

ammonium, and nitrate all showed significant positive correlations (rs = 0.682 p =
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005, 0.575 p=.025, and 0.761 p = .001, respectively). For P2, DO and pH were also
negatively correlated with E. coli concentrations (rs=-0.518 p = .006 and rs = -0.630
p <.001) while dissolved total organic and inorganic carbon concentrations showed
significant positive correlations (rs= 0.590 p =.005 and rs = 0.551 p = .010,
respectively). In P3, the only covariate significantly correlated with E. coli
concentrations was specific conductivity (rs=-0.629 P = 0.028). Temperature was
negatively correlated with E. coli in all ponds (s = -0.207, -0.133, and -0.238 in P1,
P2, P3, respectively, all p > .05). The levels of PAR and sPAR were weakly
negatively correlated with E. coli concentrations in all ponds (rs < 0.200) and non-
significant (P > 0.05). The only exception was with sPAR in P3 which had a

moderate negative correlation with E. coli (rs=-0.650 p = .0670).

5.3.2 Intra-daily variation in E. coli concentrations

The intra-daily dynamics of E. coli at the studied ponds are shown in Figure 5.2 and
summarized in Table 5.1. In all samplings at the P1, the highest average
concentrations were observed during the 9:00 sampling time. In all but the 7/2/2019
sampling date, concentration magnitudes were in the order of 9:00 > 12:00 > 15:00.
The average concentrations in P1 across the study were 0.716 + 0.336, 0.656 + 0.265,
and 0.636 + 0.251 (average + S.E.) log CFU 100 mL"! for the 9:00, 12:00, and 15:00
sampling times, respectively. Time of day was found to be a significant factor in all

but the 6/6/2019 and 9/6/2019 sampling dates (p < .05) (Table S5).
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Figure 5.2. Intra-daily changes in E. coli concentrations at P1 (top; blue), P2 (middle; green), and P3 (bottom,;
yellow). Means and medians are displayed with dashed and solid lines, respectively. The upper and lower sides of
the boxes represent the 3™ (Q3) and 1% (Q1) quartiles of the E. coli distribution with the distance between showing
the interquartile range (IQR). The whiskers show maximum and minimum concentrations values not considered
outliers. Upper and lower dots show outliers which are calculated as values greater than Q3+1.5*IQR or less than
QI1-1.5*IQR, respectively. Means not sharing any letter are significantly different by the Tukey pairwise test at the
5% level of significance.
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Similar to P1, P2 showed a trend of highest concentrations in the 9:00
sampling events with a gradual decrease throughout the day with the sampling on
6/4/2019 being the only exception. In 6 of 8 sampling dates, concentrations in P2
were shown to significantly differ by time of day (Table 5.1). Where one-way
ANOVA results were significant, Tukey pairwise comparison testing showed that E.
coli concentrations in P2 during the 9:00 and 12:00 sampling times were typically not
significantly different nor were the 12:00 and 15:00 but the 9:00 and 15:00 sampling
times were always significantly different. Study-wide average concentrations in P2
were 0.74 £ 0.08, 0.40 = 0.13, and 0.15 + 0.08 log CFU 100 mL"! for the 9:00, 12:00,

and 15:00 sampling times, respectively.
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Table 5.1. E. coli dynamics in the studied ponds at-a-glance

15:00 (Table S4)

Attribute P1 P2 P3
ANOVA significance of time as a
factor (P < 0.05) (Table S3) 3 of 5 dates 6 of 8 dates 0 of 4 dates
Time of thg highest average 9:00 9:00 9:00°
concentrations
Time sequence of average 9> 12> 15° 9> 12> 158 9> 12> 50
concentration decrease
Average reduction of (E. coli CFU o 0 0
100 mL") from 9:00 to 12:00 40% S0% 4%
Average reduction of (E. coli CFU o o o
100 mL") from 12:00 to 15:00 21% 37 12%
Average reduction of (E. coli CFU 0 0 0
100 mL-1) from 9:00 to 15:00 167% S68% 17%
Inactivation rates (k hr'!) from 9:00
0 12:00 (Table S4) 0.187+0.082 | 0.266+0.087 | 0.027 +0.051
Inactivation rates (k hr'!') from
12:00 to 15:00 (Table S4) 0.065+0.047 | 0.205+0.071 | 0.042 +0.054

. . -1

Inactivation rates (k hi™) from 9to | o 1561 0032 | 0.235+0.031 | 0.034 +0.020

?0On all but one observation date. Supplemental Tables S5 and S6 show p-values for
ANOVA testing and die-off rates (k) for each date, respectively.

Concentrations of E. coli in P3 showed a much weaker intra-daily trend than

P1 and P2 (Figure 2). However, concentrations were highest in the 9:00 sampling

time than later in the day in all but the 8/12/2020 sampling date where an increase

was observed at the 12:00 sampling time. Concentrations were not found to

significantly differ throughout the day on any observation date in P3 (p > .05).

Average concentrations across all dates in P3 were 0.93 +0.30, 0.85 £ 0.35, and 0.82

+ 0.31 for the 9:00, 12:00, and 15:00 sampling times, respectively. The average

decrease in E. coli concentrations from 9:00 to 12:00 in P3 was only 3.6 % with a

16.5 % and 12.3 % decrease for 9:00 to 15:00 and 12:00 to 15:00, respectively.
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Measurements of the inflow at P3 were taken on several occasions. When
measured, the SPC of the inflow water source was typically between 2 to 2.5 times
that of the pond average (Table S4, Appendix B). Levels of DO, pH, C, NTU, CHL,
PC were all lower than what was measured in the pond whereas SPC and FDOM
were 2 to 3 times higher than in the pond. Concentrations of E. coli in the inflow
water were often observed to be several times larger than the pond average for the
same day. In 2020, E. coli concentrations in the inflow water were on average 5 times
greater than what was measured in the pond (data not shown). In 2021, inflow water
measurements were taken on the same day as intra-daily measurements.
Concentrations of E. coli in the inflow were 7 times greater on 7/7/2021 and 3.5
greater on 8/13/2021.

When data from specific sampling times (e.g. 9:00, 12:00 or 15:00) were
pooled across the study for each pond it was found that median E. coli concentrations
between ponds did not significantly differ in measurements made at 9:00 (p = 0.379)
but did for those made at 12:00 and 15:00 (both p<0.001). Mann-Whitney pairwise
testing showed that for the pooled 12:00 sample sets, P3 contained significantly
higher median concentrations than P2 (p < 0.001) but for P1 this difference did not
meet the level of statistical significance (p = 0.060). The difference between P1 and
P2 was not significant (p = 0.122). Pairwise testing also showed that P3 contained
significantly higher concentrations at 15:00 across dates than both P1 (p =0.015) and
P2 (p <0.001).

Cumulative probability distributions of E. coli die-off rates were largely non-

overlapping among study sites (Figure 3). Average values of k in P2 were about 2 to
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2.5 larger than in P1 and about 7 times larger than P3 (Figure 5.4 and Supplemental
Table S6, Appendix B). Median die-off rates at all ponds between different times of
day were not found to significantly differ (P = 0.987, 0.564, and 0.945 for P1, P2, and
P3, respectively). The Kolmogorov-Smirnov test showed that distributions of k& for all
ponds were significantly different (P = 0.006, 0.027, and < 0.001 for the comparisons
of P1 and P2, P1 and P3, and P2 and P3, respectively). The ordering of & values
computed between specific times of day (e.g. 9:00 and 12:00 or 12:00 and 15:00) did

not show any discernable trend of higher or lower values for any of ponds.
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Figure 5.3. Cumulative probability distributions of E. coli die-off rates (h™!).
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5.3.3 Leading Environmental Covariates

The cTree analysis for the full datasets revealed environmental covariates of
the E. coli concentrations which split the datasets into the most homogenous
subgroups using significance testing of mean values in the resulting split groups. For
P1, the sole splitter of the dataset was the level of dissolved oxygen with a threshold
value of 10.39 mg L' (Supplemental Figure S8, Appendix C). Above this threshold,
the mean concentration of E. coli was close to zero at 0.174 log CFU 100 mL"!
whereas below this value the mean concentration was 1.23 log CFU 100 mL™.

For P2, pH was the leading splitter of the dataset with a threshold value of 8
(Supplemental Figure S9, Appendix C). Below this, NTU created the next split in the
dataset with higher levels of NTU associated with higher concentrations of E. coli.
Above a pH of 8, the concentration of orthophosphate was responsible for creating
the next most homogenous subgroups of E. coli concentrations with a threshold value
of 0.068 mg L. With higher orthophosphate concentrations, there was higher
observed E. coli concentrations.

For P3, the level of SPC created the first split with a threshold value of 90.7
uS cm (Supplemental Figure S10, Appendix C). Below this value NTU was
responsible for the next split which resulted in higher E. coli concentrations with
higher observed turbidity values. Above an SPC of 90.7, the DO concentration was
responsible for the next split with a value of 9.07 mg L!. Below this, temperature
made the final split of the P3 dataset with a threshold value of 31.52 °C and low E.

coli concentrations with warmer temperatures.
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5.4. Discussion

Intra-daily variation of E. coli concentrations was observed in all three of the
studied ponds but to different degrees (Figure 5.2; Table 5.2). P2 showed the
strongest intra-daily variation and had the highest average die-off rates while P3
showed the weakest trend. Factors controlling E. coli populations appeared to be
different in each of the studied ponds.

Solar radiation metrics including PAR and sPAR were not chosen as
important in the cTREE of any pond (Supplemental Figures S8 to S10, Appendix C).
Levels of PAR and sPAR between all ponds were similar and correlations of these
variables with E. coli concentrations were generally weak albeit consistently negative.
PAR (400 — 700 nm) as well as UV-A (320 — 400 nm) and UV-B (290 — 320 nm) are
commonly reported as disinfecting agents in waste stabilization ponds (Dias et al.,
2017). The latter two wavelength ranges were not measured in this study but would
be pertinent to include in future monitoring efforts. Another possible reason why
PAR/sPAR did not appear as important could be the minimal depth in which these, as
well as UV-A/UV-B penetrate the water. This penetration is dependent on water
properties such as turbidity with higher levels of NTU resulting in lower penetration.
Kohn and Nelson (2007) reported a 99% reduction in UV-B and UV-A at depths of
only 2.5 and 8.0 cm in waste stabilization pond water whereas Bolton et al. (2011)
found that UV-B, UV-A, and PAR were limited to depths of 8, 15, and 43 cm in a
facultative pond. In a shallow maturation pond, Dias and von Sperling (2016) found
UV-A/UV-B penetration was limited to the top 10 cm whereas PAR was detected at

30 cm. Overall, solar radiation was likely not the single driver of concentration
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reduction throughout the day. Like radiation, temperature ranges for the ponds were
similar and P3 which had the highest average temperatures showed the lowest
declines in E. coli concentrations throughout the day.

A possible explanation for the large reductions in P2 relative to the weaker
changes in the other ponds is the large increases in both pH and DO throughout the
day due photosynthetic activity of phytoplankton species. Levels of CHL and PC
were on average 4 to 5 times greater in P2 than the other ponds (Supplemental Tables
S3 and S4, Appendix B). The P1 tree showed that DO concentrations were the single
most important covariate affecting E. coli concentrations while in Pond 2 the most
important covariate was pH (Supplementary Figures S8 and S9, respectively,
Appendix C). One expects coupled changes in DO and pH in pond water because
photosynthesis adds Oz to the water as well as removes CO2 which consequently
makes the water more alkaline (Dias et al., 2017). Elevated levels of DO have been
shown to negatively affect concentrations of fecal bacteria in water particularly in the
presence of sunlight which promotes the formation of radical oxygen species (Curtis
et al., 1992). These oxygen radicals can cause photo-oxidative damage to bacteria by
way of single strand breaks in cellular DNA (Davies-Colley et al., 2000). The
survival of gram-negative bacteria in water has been reported to exhibit dependence
on the pH level. For example, pH levels above 8.0 or 8.5 (Davies-Colley et al., 2000;
Liu et al., 2015), 9.0 (Smallman, 1986; Pearson et al., 1987), 10 (Mendonca et al.,
1994; Mayo and Noike, 1996) have all been linked with elevated die-off rates of E.
coli as well as other indicator organisms and pathogens as compared to ranges closer

to neutral.
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The levels of FDOM as well as TC, TIC, and TOC were all greater in P2 than
in P1. However, in P3 the FDOM levels were on average higher than in P2 which
may indicate other variables have greater control over E. coli concentrations than
suspended materials. Indirect exogenous photooxidative damage has been described
as a mechanism for reducing fecal bacteria populations in water. This occurs when
dissolved organic or inorganic materials in water absorb and transfer light energy
which can cause physical or chemical alteration of other materials and the creation of
radical oxygen species (Dias et al., 2017). Mechanisms for the within-day die-off are
likely site-specific and identifying the relative role of specific factors is made difficult
due to variables changing in concert throughout the day. Levels of FDOM may also
be responsible for reducing light penetration and scattering in the studied ponds as
well as levels of algae and cyanobacteria which reduce water clarity (Sukias et al.,
2001).

Turbidity (NTU) was responsible for the left split of the cTree of the P2
dataset with greater NTU associated with higher E. coli concentrations (Fig. S2).
Turbidity (NTU) has been well documented to positively correlate with E. coli
concentrations in surface waters with shielding being the most likely factor for the
direction of the relationship as well as the co-transport of suspended particulates and
E. coli in sediments and runoff (Stocker et al., 2016; Davies-Colley et al., 2018;
Weller et al., 2020). The P2 right split was determined by concentrations of the
nutrient orthophosphate. Microcosm studies focusing on the response of E. coli and
fecal coliforms to nutrient additions have shown that orthophosphate and other forms

of phosphorous can dramatically stimulate growth rates in water (Chudoba et al.,
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2013; Shelton et al., 2014) which could mean that die-off was reduced due to
concentrations of orthophosphate that led to growth in E. coli populations.

The P3 dataset was first split by levels of SPC. This observation may be
explained by the constant inflow water which contained higher concentrations of both
E. coli and SPC relative to that in the pond. This constant influx of E. coli into the
pond may also explain the weak intra-daily trends that were observed at this study
site. It is possible that the die-off rates in the pond were slightly larger than the
replenishment of E. coli into the pond from the inflow water source. Identification of
inflows to agricultural ponds appears important as these can act as a constant source
of microorganisms and may also result in localized hot spots of fecal bacteria
(Stocker et al., 2021). We cannot rule out the effect of undiscovered inflows in P1 or
P2 as a source of E. coli to the ponds which may have affected the trends observed in
the current study.

Temperature (C) was also responsible for splitting the dataset into terminal
nodes of the regression tree with elevated temperatures equating to lower E. coli
concentrations. Meta-analyses focusing on the dependency of fecal indicator and
pathogen survival on temperature in a variety of surface water types (e.g. agricultural,
pristine, river etc.) have shown overwhelmingly negative associations between fecal
bacteria and temperature (Blaustein et al., 2013; Pachepsky et al., 2014).

Probability distributions of intra-daily die-off rates for E. coli concentrations
were found to significantly differ across ponds (Figure 5.3; Supplemental Table S6,
Appendix B). Micro- or mesocosm and or field data which reports diurnal E. coli die-

off rates is scarce in the literature as most small-scale studies are run with constant
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conditions and do not incorporate temperature or solar oscillations. In this work,
average k values for P1 and P2 were similar to those reported by Struck et al. (2008)
for E. coli in outdoor pond mesocosms with reported values of 0.148 hr'! and 0.196
hr'! for June and July, respectively. Similar rates (0.15 — 0.29 k hr'!") were reported in
the work of Desai and Rifai (2013) for a watershed stream which was sampled
throughout the day. Another study which measured E. coli concentrations in 16
Colorado streams and rivers at 2 hour intervals from 8:00 to 16:00 reported die-off
rates between 0.125 and 0.25 hr'! for most study sites (Burke, 2018). P3 demonstrated
very low die-off rates compared to the other ponds which was likely due to an influx
of E. coli from the inflow water entering the pond. The rates for P3 were very similar
to the 0.0324 hr'! rate which was reported for lake waters (Ge et al., 2012) and lake
and reservoir waters (0.010 hr'!) (Blaustein et al., 2013). It is possible that the larger
variation in both DO and pH in P1 and P2 are responsible for the higher die-off rates.
It should be noted that comparison of rates across different scales of studies (e.g. lab,
small- or field-scale) must be done cautiously especially since lab and small scale
studies repeatedly sample the exact same water whereas in rivers, ponds, or lakes
there is constant movement of water.

E. coli die-off rates have been calculated in this study using the pond-wide
averages. Alternatively, measurements at each sampling location at different times
could be used to generate information on local die-off rates. The common practice of
die-off rate computations presumes measurements are made to the same volume of
water. In the field, water movement and mixing excludes the possibility of having the

same volume of water present at different times in the same location. Therefore, the

144



“local” die-off rates would include the effect of both local E. coli survival factors and
water flow. The effect of local survival factors can be estimated using the
methodology of Jenkins et al. (2011) who deployed floating anchored microcosms for
the study of fecal microorganism die-off in agricultural pond water. The die-off rates
were found for the volumes of water contained in microcosms rather than for the
pond-scale as it was done in this work. It should be noted that this study only
documented changes in E. coli concentrations over a part of the daytime hours. It
would be interesting to expand the sampling window by several hours in either
direction and/or to collect samples at intervals which span the course of 24 hours or
more. Such information would provide insight into the night-time concentration
rebounds.

Limitations of this work are that only 3 irrigation ponds were studied which
were all located in the same region of the United States. Future work should
investigate the intra-daily or diurnal variability in E. coli or other fecal bacteria
concentrations in other regions where temperature, solar radiation regime, and
microbial community structures may be substantially different. Additionally, all
sampling in this study was performed by taking surface (0 to 20 cm) grab samples.
The intra-daily dynamics of E. coli at different depths may be expected to vary less
than near the surface due to reduced influence of effects of temperature and solar
radiation. After all, most of the water used for irrigation from ponds is not pulled
from the surface, rather it comes from the greater volume of water which is typically
in the center where depths are greater and therefore understanding concentration

dynamics at depth would be worthwhile to elucidate. The concentrations of E. coli
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encountered in this study were low. It would be interesting to locate and study
irrigation ponds which have higher concentrations ranges than those reported here to
determine if there is a dependency of die-off on the initial concentrations.

Overall, the results in this work show that significant variation in E. coli
concentrations can occur in agricultural irrigation ponds throughout a day and to
varying degrees this is dependent on a wide range of environmental factors. Intra-
daily variation in E. coli concentrations can affect the conclusions of microbial water
quality testing with regard to the regulatory standards. The authors of this paper
therefore agree with the recommendations put forward by Liu et al., (2006) and
Whitman et al. (2004) for Great Lake monitoring and that put forth by Lothrop et al.,
(2018) for Southwestern irrigation canals that sampling should occur in the morning
hours when concentrations of E. coli are typically the highest. Such an approach
would provide the most conservative estimate on the microbial quality of a waterbody
whereas sampling in the afternoon hours may give an overly optimistic result which

may not correctly characterize the risk of using an irrigation source.

5.5. Conclusions

Intra-daily variation of E. coli concentrations was encountered in all studied
ponds. The most consistent observed trend was the concentration change in the order
0f 9:00 > 12:00 > 15:00. Die-off rates were appreciably different for each pond which
may be related to the relative levels of physicochemical water quality parameters
present in each pond and the degree in which they changed between sampling times.

The cTREE analysis showed that levels of dissolved oxygen, pH, turbidity, specific
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conductance were the best splitters of the datasets with respect to E. coli
concentrations. Dissolved oxygen showed a strong negative association with E. coli
in when DO was greater than 10.39 mg™! in P1 but in P3 there was a weaker
relationship with a lower threshold value (9.07 mg L!). The concentrations in P2
were largely affected by the pH level with differences occurring above and below a
value of 8.0. Turbidity was positively associated with E. coli concentrations in P2 and
P3 but the threshold values which created the splits was different for each pond
(14.41 NTU and 5.28 NTU for P2 and P3, respectively) and contained different
average concentrations in the resulting nodes. Design of future microbial water
quality monitoring studies should account for the importance of sampling time within
a day and document the most influential controls over E. coli concentrations in

irrigation ponds which appear to be site-specific.
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Chapter 6: Prediction of E. coli Concentrations in
Agricultural Pond Waters: Application and comparison of
Machine Learning Algorithms

6.1 Introduction

Food safety is a fundamental public health concern which is threatened when
waters with poor microbial quality are used for the irrigation of fresh produce. In the
U.S. and around the world, regulatory or advisory thresholds on the microbial quality
of irrigation waters are based on the concentrations of Escherichia coli (E. coli)
measured in the water source (US Food and Drug Administration., 2015; Allende et
al., 2018; Wen et al., 2020). Irrigation with water of substandard microbial quality has
been implicated with foodborne outbreaks associated with the consumption of
contaminated produce (Nygard et al., 2008; Kozak et al., 2013; Gelting et al., 2015).
Additionally, it is known that pathogenic microorganisms transferred with irrigation
water can internalize into crop tissues which extends their persistence and reduces the
efficacy of post-harvest washing (Solomon et al., 2002; Martinez et al., 2015).

Ensuring that water used for irrigation meets the recommended criteria is vital
for protecting public health and reducing incidences of foodborne outbreaks.
Concentrations of fecal indicator organisms, primarily E. coli, are commonly used to
characterize microbial water quality. Researchers have investigated the relationships
between fecal microorganisms and water quality parameters such asdissolved oxygen,
pH, turbidity, and nutrient levels with a goal of improving timeliness and

predictability of microorganism concentrations in a water source (Francy et al., 2013;
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McEgan et al., 2013; Stocker et al., 2019). Such dependencies have varied
considerably across studies. This may at least partially beexplained by the complexity
and non-linearity of relationships of fecal microorganisms with multiple water quality
parameters, which in turn exhibit complex relationships.

Machine learning (ML) algorithms have been extensively shown to
outperform traditional multivariate analyses innumerous aquatic ecology studies
where the two analyses have been compared (Quetglas et al., 2011). The advantage
of machine-learning methods is in their ability to mimic linearrelationships between
dependent and independent variables. Machine learning models are also able to assess
associations and quantify predictability in the absence of the knowledge needed for
developing process-based models (Thomas et al., 2018). Within the field of microbial
water quality, several researchers have used ML algorithms to develop models which
could be used to make rapid water quality determinations in rivers, streams, Great
Lakes beaches, groundwater, drinking water wells, and water distribution systems
(Brooks et al., 2016; Mohammed et al., 2018, 2021; Panidhapu et al., 2020; Tousi et
al., 2021; Weller et al., 2021; White et al., 2021).

A large number of ML algorithms have been proposed and implemented in a
variety of different research disciplines (Kuhn and Johnson, 2013). Common research
goals are (a) to obtain an accurate predictive relationship between the predictors and
target variables, and (b) to determine and rank the most influential predictors. By
achieving these goals, researchers may be able to eliminate unimportant predictors
from measurement programs which can potentially save a great deal of time and

resources. The application of ML regressions in the field of microbial water quality is
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relatively new (Park et al., 2015; Garcia-Alba et al., 2019; Stocker et al., 2019;
Abimbola et al., 2020; Ballest¢ et al., 2020; Li et al., 2020; Belias et al., 2021; Wang
et al., 2021). For agricultural waters, research into predicting E. coli concentrations
using ML was done for streams (Weller et al., 2021), but so far no studies have
utilized ML regressions to predict E. coli concentrations in agricultural irrigation
ponds which serve as an important source of irrigation water across the United States
and abroad.

The objectives of this work were (i) evaluate and compare the capabilities of
several popular ML algorithms for predicting concentrations of E. coli from water
quality parameters in irrigation ponds, and (ii) to determine the most influential

predictors for the estimation of E. coli concentrations using a multiyear dataset.

6.2. Materials and Methods

6.2.1 Field Sites and Data Collection

Two working irrigation ponds in Maryland were sampled during the 2016-2018
growing seasons. Sampling typically occurred on a biweekly schedule between May
and August. Specific details of the sampling procedures can be found in Pachepsky et
al. (2018) and Stocker et al. (2021). Briefly, each pond was sampled in a grid-like
pattern the maps of which are shown in Supplementary Figure S11 (Appendix C).
Pond P1 is located in central Maryland and provided irrigation water to the
surrounding fruit fields. The northern part of the pond is surrounded by a forested area

whereas the other two sides are covered by grasses or bushes. The fields around P1
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received chemical fertilizers prior to planting each year in late March or early April.

Pond P2 is an excavated pond located on the University of Maryland’s Wye
Research and Education Center (WREC) which is located on Maryland’s Eastern
Shore. The pond receives water from a culvert at the northern end (location 12 on the
map). The pond is surrounded by dense brush vegetation along the perimeter as well
as by several trees planted further up from the banks. To the northern end of the pond
is a small riparian area that surrounds an ephemeral creek while the southernmost
portion has a wetland area that leads into the Wye River.

Along with each water sample that was collected, a YSI sonde was used to
determine characteristics of the water quality in that sampling location. In 2016, a
YSI MPS 556 (Yellow Springs Instruments, Yellow Springs Ohio) unit was used to
measure dissolved oxygen (DO), pH (pH), specific conductance (SPC), and
temperature (C) which were measured in-situ. At the laboratory, a Lamotte
turbidimeter was used to measured turbidity (NTU) of the samples. In 2017, a YSI
EXO 2 was used to measure all of the previously described water quality variables as
well as the concentrations of chlorophyll (CHL), phycocyanin (PC), and fluorescent
dissolved organic matter (fDOM). In 2018, the same YSI EXO 2 sonde was used but
additional laboratory measurements were performed. These included ammonium
(NH4"), orthophosphate (PO4), total nitrogen (TN), and total carbon (TC).
Ammonium was measured using an ion-selective probe (CleanGrow, United
Kingdom) which was calibrated prior to analysis which occurred on the same day as
sample collected. Orthophosphate was run on a SEAL AQ300 discrete nutrient

analyzer (SEAL Analytical, Mequon, Wisconsin). Total carbon and TN were
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analyzed on a Vario TOC cube (Elementar Hanau, Germany) using high temperature
combustion and tandem TN and TC detectors.

E. coli enumeration was performed based on EPA method 1603 (US
Environmental Protection Agency., 2005) which utilizes membrane filtration. Briefly,
100 ml of pond water was vacuum filtered through 0.45 pm membrane filters. Filters
were then placed onto modified mTEC agar (BD Difco, Sparks, MD) and incubated
for 2 h at 37 °C and then 22 h at 44.5 °C. After incubation, colonies that were purple
in color were counted as E. coli. Each sample was duplicate plated and the resulting

counts were then averaged.

6.2.2 Machine Learning Algorithms and Implementation

Several ML algorithms as well as a multiple linear regression (MLR) were
compared in this work. The stochastic gradient boosting algorithm (SBG) builds the
prediction model from an ensemble of weak models which in this case are decision
trees (Friedman, 2002). Models are built in a step-wise fashion where at each step a
weak model is fitted to a subsample of the training data drawn at random without
replacement. The term “gradient boosting” comes from the fact the model is trying to
minimize a loss function by tweaking parameters until a minimum value is reached.
The R package “gbm” (Greenwell et al., 2020) was used develop SGB models.
Parameters for the SGB algorithm are the number of trees (n.trees), the number of
splits in the trees (interaction.depth), the learning rate (shrinkage), and minimum
number of observations in terminal nodes of trees (n.minobsinnode).

The k-nearest neighbors (kNN) algorithm implements a non-parametric

approach which computes distances from test datasets to the neighboring training
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datasets and uses these distances to determine the predicted value for the test dataset.
The distances are computed from predictor values for training and test datasets. The
number of neighbors (k) used for the prediction is the single parameter for this
algorithm. A Euclidean distance measure was used to determine nearest neighbors.
The “kknn” package (Schliep et al., 2016) was used to develop kNN models.

The support vector machines (SVM) algorithm finds the global minimum in
the predictor (Cristianini and Shawe-Taylor, 2000). Support vector machines
automatically select their model size and prevent overfitting by using special form of
the regression cost function that balances accuracy and flexibility (Vapnik et al.,
1995). Support vector machines neglects small errors which makes it robust and
computationally treatable. It employs mapping to use linear regression while the
relationship between original (not mapped) predictor and output variables is non-
linear. The “kernlab” package (Karatzoglou et al., 2019) was used to run the SVM
algorithm with a radial basis function kernel which has two control parameters. The y
parameter defines how far the influence of a single training example reaches and the
parameter C controls the overfitting prevention.

The random forest (RF) algorithm creates predictions by generating many
decision trees and combining their predictions in a weighted average giving the final
prediction. The RF algorithm also has a built-in mechanism for preventing overfitting
by random selection of inputs for the individual trees. As implemented in the ranger
package (Wright and Ziegler, 2017), the algorithm includes three control parameters.
The mtry parameter controls overfitting by determining the number of variables to

randomly select at each split in the trees. The min.node.size parameter sets the
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minimum number of observations in a terminal node. The number of trees was kept at
500 to reduce computational intensity and because out-of-bag error did not
appreciably change after this number of trees.

One of the outcomes of running RF algorithms is determining the most
influential features that effect the model output. A random-forest based recursive
feature elimination (RF-RFE) algorithm was applied to each dataset to determine the
most influential predictors. The result of this procedure is to (i) find the subset of
predictors with the minimum possible generalization error and (ii) to select the
smallest possible subset of predictors which provide the optimal accuracy in model
performance (Granitto et al., 2006). Within the algorithm, at each iteration feature
importance is calculated based on the overall effect on the residual error and then the
least important predictors are removed. The recursion is needed to address the
problem that for some measures of relative importance, the results can change
substantially over different subsets of the entire predictor list.

All ML algorithms as well as a MLR model were applied within the “caret”
(classification and regression training) R package (Kuhn, 2008). This package
contains functions that streamline training for complex ML regression and
classification problems. The package facilitates the optimization and execution of ML
algorithms and uses other R packages as functions for creating models. For each of
the above-listed ML algorithms, we used the “caret” package to perform repeated
cross-validation when fitting the ML models to the datasets. A default 10-fold cross-
validation was performed with five repeats and then the results were averaged. The

“caret” package was also applied to perform the recursive feature elimination.
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Algorithm tuning was performed during cross-validation and tuning was performed to
minimize the average root mean squared error RMSE. The “caret” package contains a
grid search function for control parameter tuning which was utilized in this study. The
optimal control parameters as well as most influential variables were identified during

cross-validation.

6.2.3 Comparison of Algorithm Performance Metrics

The average root mean square error RMSE, coefficient of determination R2,
and mean absolute error MAE were the metrics used to evaluate algorithm
performance in this study. Averaging of RMSE, R? and MAE was done across 50
values of those statistics obtained for all cross-validation folds and repeats. The
probability of the averages being the same for a pair of algorithms was determined

from the corrected Student statistics t,.:

teRmMSE = 5 lemae = s LRz = TV ()
hogmsE hay, hogs p2
1-RMSE; MAE, -MAE; R%-R3

where subscripts “1”” and “2” refer to the first and the second compared algorithms,

RMSE, —RMSE, MAE,-MAE, RZ-RZ

U}%MSEl—RMSEz’ O-IEIAEl—MAEZ, and aé%_Rg are variances of differences between the

values of RMSE, MAE, and R, respectively, obtained for the same fold and repeat, h
is the variance correction term proposed by Bouckaert and Frank (2004) to account

for the fact that that values of the metrics in the 50 individual random samples are not
independent as they are obtained by the random subsampling of the same dataset. The

value of / is determined as

h=-—"24+ Ntesting (2)

kr Ntraining
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where k is the number of folds and r is the number of repeats, 1y yqining instances are
used for training, and the remaining Neging instances for testing in each of runs. The

t. statistics in (1) have the Student 7 distribution with k-7 — 1 degrees of freedom.

The value of the ratio Nesting/Mtraining Was 0.1 in this work as recommended by

Bouckaert and Frank (2004). Having the value and knowing the distribution of t., one
can estimate the probability of the differences between the average metrics from two
models being equal to zero. Bouckaert and Frank (2004) referred to this test statistic
as the “corrected repeated k-fold cv test”.

Normalized root-mean-square-error (VRMSE) and mean absolute errors
(NMAE) were also computed by dividing the RMSE and the MAE, respectively, by
the range of E. coli concentrations (e.g. maximum — minimum concentration) and
then multiplying by 100 for each year and predictor set. NRMSE and NMAE show the

percentage of algorithm error relative to the spread of data.

6.2.4 Data Preprocessing and Analysis

E. coli count data was log-transformed prior to statistical analysis. All
observations of 0 CFU 100 mL™! were assigned a value of 0.5 to facilitate the log-
transformation (USEPA, 2015). Rows with missing values were removed prior to
analysis. Data was not normalized or standardized before analysis. Preliminary
findings showed that these operations did not substantially affect algorithms
performance and in many cases resulted in poorer predictions.

To examine model performance and variable importance using different
predictor sets we created three different predictor scenarios. These included set A

which is DO, pH, SPC, NTU, and C, set AB which is set A plus fDOM, PC, and
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CHL, and set ABC which is set AB plus (PO4)*, NH4*, TN, and TC. Models with the
Set A were developed for the individual years 2016 to 2018 and the combined 3-year
dataset. Models with Set AB predictors were developed for 2017 and 2018, and
models with the set ABC predictor were built only for 2018 where all 12 of the
parameters were measured.

A separate study was performed to evaluate the models developed with the
combined P1 and P2 datasets as opposed to models developed with separate P1 and
P2 datasets. Only the predictor set A was evaluated in this exercise because these
predictors were present in all years of observations and across ponds. The combined
dataset was modeled with and without the introduction of a categorical variable “site”

that labeled the data from different ponds.

6.3. Results

6.3.1 Summary of Monitoring Data

The P1 2016A, 2017A, and 2018A datasets contained 50, 126, and 138
samples, respectively, after row removal due to missing values. The P1 2017AB and
2018AB datasets were 126 and 138 samples, respectively, while the 2018ABC
dataset was 92 samples after row removal. For P2, the sample set sizes were 97, 148,
and 202 samples for 2016A, 2017A, and 2018A, respectively and the 2017AB and
2018AB had the same dimensions as the A scenario. The P2 2018 ABC dataset
contained 202 samples.

E. coli and other water quality variable concentration averages and standard
errors are shown in Supplemental Table S7 (Appendix B). The two ponds contained

similar concentration ranges of E. coli in general although the P1 2017 dataset
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contained consistently higher concentrations. The 2016 datasets for each pond
contained higher amounts of missing values of E. coli concentrations compared to the
2018 and 2018 datasets which had relatively few missing values (<5 %).

Values of most of the water quality parameters were similar between ponds
with a few exceptions. Pond 2 in 2018 and 2018 had elevated DO concentrations
compared to other instances. CHL and PC were also several times higher in P2 than
in P1 in 2017 and 2018. The 2016 NTU concentrations at P2 were considerably
higher than in other cases. Orthophosphate concentrations were about 16.5 times
greater at P2 than in P1 in 2018. However, P1 had an average NH4" concentration
which was about three times greater than in P2. Average SPC values varied between
142.59 and 166.95 across the two ponds. Average fDOM values were higher in P2 in

2017 and 2018 than P1 for each corresponding year.

6.3.2 Evaluation of Machine Learning Algorithm Performance

The RMSE values and standard errors of RMSE are presented in the Table
6.1. As expected, the MLR performed substantially worse than the ML algorithms
for both ponds and for all years and predictor sets. The differences between the
performance of the ML algorithms were less substantial. Overall, the differences
among average SVM, RF, and SGB RMSE for the same ponds and years were less
than 10%. The kNN demonstrated relatively larger spread of differences between its
RMSE and RMSE of other ML algorithms and the range of those differences was

from 1.5% to 24.9%.
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Table 6.1. Average root-mean-squared errors (RMSE) of logarithms of E. coli concentrations predicted with four machine learning
algorithms and multiple linear regression.

Predictor set A Predictor set AB Predictor
set ABC
ML Algorithm 2016 2017 2018 2016-2018 2017 2018 2017-2018 2018
Pond P1
SGB 0.247+0.011 0.250+0.012 0.354+0.015 0.343+0.009 0.257+0.012 0.348+0.012 0.325+0.008 0.336+0.011
kNN 0.279+0.016 0.276+0.012 0.395+0.015 0.366+0.010 0.283+0.016 0.385+0.016 0.356+0.011 0.361+0.016
MLR 0.452+0.033 0.287+0.013 0.556+0.016 0.504+0.009 0.288+0.014 0.518+0.014 0.461+0.008 0.447+0.012
RF 0.255+0.015 0.250+0.012 0.346+0.015 0.334+0.010 0.244+0.013 0.338+0.013 0.322+0.010 0.334+0.014
SVM 0.269+0.013 0.255+0.012 0.384+0.013 0.356+0.009 0.260+0.012 0.382+0.014 0.344+0.009 0.371+0.014
Pond P2
SGB 0.332+0.011 0.422+0.013 0.381+0.007 0.402+0.007 0.428+0.015 0.375+£0.008 0.403+0.007 0.314+0.009
kNN 0.370+0.015 0.416+0.015 0.405+0.008 0.423+0.008 0.424+0.012 0.401+£0.009 0.408+0.009 0.396+0.009
MLR 0.421+0.016 0.463+0.012 0.434+0.008 0.506+0.008 0.467+£0.012 0.418+0.009 0.506£0.006 0.391+0.010
RF 0.306+0.012 0.416+0.014 0.344+0.009 0.381+0.007 0.418+0.014 0.343+0.008 0.385+0.007 0.304+0.008
SVM 0.288+0.012 0.424+0.014 0.365+0.008 0.404+0.007 0.431+£0.013 0.378+0.011 0.406+0.009 0.340+0.010

The + separates the average from the standard error of the mean. The smallest RMSE are shown in bold. Machine learning algorithms:
stochastic gradient boosting machines (SGB); k-nearest neighbor (kNN); multiple linear regression (MLR); random forest (RF); support
vector machines (SVM). Predictor sets: A — °C, DO, pH, turbidity, and SPC; AB — all from A and PC, CHL, and fDOM ; ABC — all from

AB and NH4", PO4*, TN, and TC.
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6.3.3 Random Forest as the best performing algorithm

The RF algorithm provided the smallest RMSE value in 88% of cases. Only in
2016, the SGB and SVM algorithms, on average, provided lower RMSE values for P1
and P2, respectively. The SGB algorithm provided the second smallest RMSE in 75%
of cases. Probabilities of RMSE being equal for RF and other algorithms are shown in
Fig. 1. The probability ranges differed between the ponds and among algorithms.
Whereas the probabilities of equal RMSE for SGB and RF were high for Pond 1,
Pond 2 had a greater spread of probabilities that were generally lower. Similarly, the
range of probabilities of equality of RMSE for RF and kNN was much wider for Pond
2 compared with Pond 1. Probabilities of equal RMSE for RF and SVM were
relatively high in both ponds. Ranges of those probabilities were similar in both
ponds, unlike with other algorithms. The two significant differences in model
performance occurred between the RF and kNN algorithms with the 2018 A (P <

0.043) and the 2018 ABC (P <0.001) P2 datasets.
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Figure 6.1. Probabilities for the mean RMSE value to be the same in the RF and other

ML applications based on the corrected t-statistic. Symbols in red show statistical
significance.

6.3.4 Inter-annual differences in algorithm performance

Probabilities of the absence of differences in RMSE for pairs of years varied
by year, algorithm, and pond (Supplementary Table S8, Appendix B). Comparisons
between 2016 and 2017 performance were not significant in the P1 dataset. For P2,
the SVM, RF, and SGB algorithms performed significantly better on the 2017 than
the 2016 set. The 2017 predictor A set showed significantly better performance than

the 2018 A set in P1 but was not found to significantly differ for any model in P2.
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Between the 2016 and 2018 predictor A sets, the SGB, kNN, and SVM algorithms
performed significantly better for the 2016 dataset than for the 2018 dataset whereas
the performance, while better for RF and MLR in 2016, did not significantly differ.
The MLR model was the only model at P2 which showed significantly better

performance in 2016 when compared to 2018.

6.3.5 Multiannual algorithm performance

When ML algorithms were applied to the three-year dataset from P1 with the
predictor set A, the RMSE appeared to lie between the maximum and minimum
RMSE obtained for individual years for the same pond and predictor set. For P2 and
predictor set A, the RMSE of the three-year dataset were slightly higher than the
largest of the individual year RMSE. A similar pattern was observed with the
predictor set AB and the two-year dataset. The RMSE for P1 was between the RMSEs
of individual years, whereas with P2 data, the RMSE of individual years were smaller

than the RMSE of the two-year dataset.

6.3.6 Effect of the predictor set expansion

Expanding the predictor set size from A to AB in the 2017 resulted in a slight
increase of RMSE in most cases with the one exception being for the RF model in P1.
Transition from A to AB and then to ABC predictor sets generally led to the decrease
of RMSE (Fig. 2). However, in some cases there was effectively no difference (i.e. RF
in P1 between AB and ABC and kNN between all sets in P2). In P1, there was a
gradual decrease in RMSE with increased number of predictors whereas for P2 the

largest RMSE decreases were between AB and ABC with kNN being the exception.
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In all cases the 12-predictor ABC set showed the best performance for all ML

algorithms at both ponds.
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Figure 6.2. Dependence of the root-mean-squared error (RMSE) on the predictor set
size. Predictor sets have 5, 8, and 12 predictors for A, AB, and ABC, respectively.
The displayed results are from the 2018 datasets.

6.3.7 Other metrics of algorithm performance

The differences between algorithm performance measured with mean absolute
error (MAE) and the determination coefficient (R?) were similar to the differences
found with RMSE values (Supplementary Tables S9 and S10, Appendix B).
However, in a few instances the model with the best performance changed when

analyzing different metrics. For example, the SGB model provided the best
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performance in the 2018 ABC predictor set in P1 and the kNN provided the best
result for the 2016-2018 predictor set A for P2 when using MAE as a metric. These
two were predicted most accurately by the RF model when RMSE is used. Similarly,
the SGB model in P1 2017-2018 AB predictor set in P1 provided the highest R? value
and the kNN model was best in the 2017 A predictor set in P2 whereas both were
predicted best by the RF model when using RMSE.

The RF algorithm provided either the best (12 cases) or the second best (4
cases) value of the average MAE. The SGB and SVM algorithms were the closest to
the random forest (Supplementary Table S9). Similar to the results comparing RMSE,
the 2016 and 2017A and AB sets were predicted with the lowest errors according to
average MAE and errors were generally lower with P1 than P2. The only significant
differences in ML model performances using the MAE metric was between the RF
and kNN in the P2 2018 ABC dataset (P = 0.004) (Supplemental Figure S12,
Appendix C). Based on R? values, the RF model was preferred in 12 of 16 cases with
it being second in 2 cases and tied with the SGB model in two cases (Supplementary
Table S14). Interestingly, R? values for the 2017 A and AB sets were the lowest
across models despite this year having the smallest average RMSE and MAE values.
Similar to results with RMSE and MAE, kNN was the only ML model to perform
significantly worse (P = 0.003) than the RF model based on R? values which occurred
for the 2017-2018 AB dataset (Supplemental Figure S13, Appendix C).

Normalized RMSE and MAE were calculated for all years and predictor sets
for both ponds (Supplemental Tables S11 and S12, Appendix B). The preferred

algorithm did not change from those presented in Table 6.1 and Supplemental Table
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S9 for values of RMSE and MAE, since for a given dataset, RMSE and MAE values
from all algorithm were divided by the same value. The percentages of the errors as
shown by examination of NRMSE values (Supplemental Table S11) for the ML
algorithms were generally around 10 % of the data range for the P1 2016A, 2017A,
2016 —2018A, and 2017AB datasets. The P1 2018A, AB, and ABC datasets
contained higher errors which were between 10 % and 20 %. The MLR algorithm
provided consistently higher errors which were typically in the range of 15 to 20 %
except for the 2017 datasets which had < 10% error. P2 contained greater relative
error (15 — 20 %) than the P1 datasets with the exception being the 2018A, AB, and
ABC data in which errors were in the same range between ponds. Values of NMAE
were consistently lower than those of NRMSE and were in the range of 5.2 % to (RF
P12017A) to 15.5 % (MLR P2 2018 A).

6.3.8 Algorithm performance for the combined Pond 1 and Pond 2
datasets

Results of combining the P1 and P2 datasets are shown in Supplemental Table
S13. The SVM algorithm performed the best in terms of values of RMSE, R?, and
MAE in the combined 2016 dataset whereas the RF algorithm showed the best
performance in the 2017, 2018, and 2016 — 2018 datasets. The algorithm performance
for the combined P1 and P2 dataset was never better than the performance of both
ponds run individually for certain years but was typically higher than one pond and
lower for the other (Table 6.1; Supplemental Tables S9 and S10). Including ‘site’ as a
categorical input generally improved the performance of the combined P1/P2 datasets

across years (Supplemental Table S14).
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6.3.9 Recursive feature elimination

In almost all scenarios the RF model was shown to provide the best RMSE
values when compared to the other models. For this reason, a recursive feature
elimination in “caret” was performed using the RF model to determine and rank the
most important features for each pond and by year. Supplemental Figure S14
(Appendix C) shows the reduction in RMSE values for the RF models for each year.
Examination of the graph shows that in most cases the models do not greatly benefit
from more than 5 predictors but the specific predictors varied by pond and year. The
predictor importance order for each year from the RF-RFE was recorded and each
variable received a numeric value corresponding to the overall ranking (Table 6.2). In
this way, the variables with the lowest scores corresponded to being picked as

consistently most important.
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Table 6.2. The top five important variable as determined by the recursive feature selection algorithm in caret with Random
Forests. Variable set A uses importance metrics from 2016, 2017, and 2018. Variable set AB uses metrics from 2017 and
2018. Variable set ABC uses metrics only from 2018.

Pond 1 Pond 2
Variable Set A Variable Set AB Variable Set ABC Variable Set A Variable Set AB Variable Set ABC
Average Average Average Average

Variable Rank Variable Rank Variable Rank Variable Rank Variable Rank Variable Rank
SPC 1.3 SPC 2.0 /DOM 1 C 2.0 SPC 1.5 /DOM 1
C 1.7 C 2.5 SPC 2 SPC 2.7 C 2.0 SPC 2
DO 3.7 Fdom 3.5 CHL 3 pH 3.3 pH 2.5 CHL 3
pH 4.0 CHL 4.5 TN 4 NTU 33 NTU 5.0 TN 4
NTU 4.3 NTU 5.5 TC 5 DO 3.7 /DOM 5.5 TC 5

Variable set A was measured in 2016, 2017, and 2018. Variable set AB was measured in 2017 and 2018 and variable set ABC was
measured in 2018 only. A = C, pH, NTU, SPC, AB = A + CHL, PC, fDOM. ABC = AB + NH4", PO4+*", TN, and TC.
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Within the various predictor set scenarios, there were some parameters that
were consistently highly ranked as important features. These included SPC, C,
/DOM, CHL and NTU. All other parameters showed largely inconsistent ranking.
While SPC was consistently ranked in the top 2 variables for all scenarios,
temperature was as well for variable sets A and AB but was ranked poorly in the
ABC datasets. The PC value was consistently ranked low in the datasets that
contained this parameter. Similarly, NH4* and PO4>", the only ionic nutrients
measured in the study were also ranked low in the ABC set. Conversely, TN and TC
were ranked 4 and 5™ important in both ponds in the 2018 datasets. Interestingly, the
2018 ABC parameter sets had identical rankings of the 5 top important features and

overall similar rankings of the remaining 7 parameters.

6.4. Discussion

While model performance generally did not significantly differ, the RF model
was found to provide consistently better performance than any of the other models
evaluated. Several publications focusing on ML model evaluation specifically for
microbial water quality purposes have reached similar conclusions (Weller et al.,
2021; Avila et al., 2018; Chen et al., 2020). The SGB model was found to provide the
second-best performance across all three metrics from all datasets. In several
empirical ML comparison studies, it has been stated that SGB models usually
outperform RF models (Caruana and Niculescu-Mizil, 2005; Hastie et al., 2009;

Maclin and Opitz, 1997) but other studies report the opposite (Manchada et al., 2007;
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Khoshgoftlaar et al, 2010; Bauer and Kohavi, 1999). Therefore, the choice of “the
best” model may be dataset-dependent which to some degree was evident in the
results of this work (Table 6.1; Supplementary Tables S9 and S10, Appendix B).
Also, the performance of both models is dependent on how they are tuned. SGB are
considered harder to tune than RF models, contain greater sensitivity of tuning
parameters with regard to the output, and have a greater number of tuning parameters
(Freeman et al., 2016). Both RF and SGB algorithms are tree-based but the SGB
algorithm incorporates a boosting procedure whereby model fitting is additive and
each new tree is fit to the residuals of the previous tree with the goal of minimizing
the most egregious errors according to a specific loss function such as MSE. Because
SGBs are additive, they are more susceptible to over- or underfitting which the RF
model is robust to because the individual trees are independent and are averaged to
create the forest. Lastly, when bagging (RF) and boosting (SGB) type algorithms
have been compared, bagging has been described to provide better results when
datasets are noisy or there are class imbalances (Khoshgoftaar et al., 2010; Maclin
and Opitz, 1997).

The performance of the SVM and kNN algorithms was generally poorer than
the RF and SGB algorithms (Table 6.1) but in most cases the performance did not
significantly differ (Figure 6.1). One possibility is that both SVM and kNN
algorithms have been reported to not handle missing values, near-zero variance
predictors, or noisy data as well as RF or SGB algorithms (Kuhn and Johnson, 2016).
The SVM algorithm typically provided lower RMSE than the kNN algorithm and this

may be because SVM is robust to outliers especially when non-linear kernels are
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used. The RBF kernel was used in this study because it provided substantially better
results than the linear or polynomial kernels (data not shown) which was also
reported in the work by Weller et al. (2021) who used ML algorithms for the
prediction of E. coli in NY streams. Several other water quality studies have also
reported better performance of SVM than kNN when the two have been compared
(Modaresi et al, 2014; Danades et al., 2016; Babbar and Babbar., 2017; Prakash et al.
2018; Chen et al., 2020). Finally, the kNN has been reported to not perform well with
high dimensional or highly scattered datasets which is why centering and scaling is
recommended. However, in our work, this pre-processing procedure did not affect
results but may explain why SVM is preferred in other water quality datasets.

Different performance metrics in general agreed with each other, but in some
cases contradicted. For example, while all algorithms showed the best RMSE on the
2017 P1 dataset (Table 6.1), this year was ranked the worst predicted by the R? metric
(Supplemental Table S10, Appendix B). This is caused by the distribution of
observed and predicted data along a 1:1 line. This example highlights the importance
on the choice of performance metric reported in algorithm evaluation studies and the
advantage of using multiple performance metrics.

We compared only 5 different algorithms in this study which were chosen due
their popularity, but many more ML algorithms and their modifications exist and can
be tested for regression-type application (Kuhn, 2008; Kuhn and Johnson, 2013;
Weller et al., 2021). We chose not to run artificial neural networks (ANN) due to
constraints of the dataset dimensions but other researchers have found success in

applying ANN algorithms in the field of microbial water quality (Buyrukoglu et al.,
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2021; Motamarri and Bocelli, 2012). Other promising algorithms for water quality
determinations include those founded in Bayesian statistical methods such as Naive
Bayes or Bayesian Belief Networks (Panidhapu et al., 2020; Avila et al., 2018) and
the use of ensemble or model stacking methods (Burukoglu et al., 2021).

Several predictor variables emerged as consistently important for both ponds
and across years of observations. These included /DOM, SPC, C, and CHL, and
NTU. Positive relationships between dissolved organic matter (fDOM) and
concentrations of planktonic fecal bacteria in water have been reported (Bouteleux et
al., 2004; Rincon and Pulgarin, 2004). The relationship is likely governed by the
presence of suspended organic substances which may promote the growth and
survival of E. coli in the present study by providing nutrients, an attachment surface,
and decreasing direct cellular photo-inactivation (Katarzyte et al., 2018; Rincon and
Pulgarin, 2004; Maraccini et al., 2016; Tamara-Armisen and Servais, 2009).

In both ponds and in every year NTU was positively correlated with E. coli
concentrations (data not shown). Positive associations of fecal bacteria and NTU have
been previously presented (Francey et al. 2013; Partyka et al., 2018; Weller et al.,
2020) and can also be related to the level of suspended particulates which have been
shown to enhance E. coli survival in water (Katarzyte et al., 2018). Additionally,
elevated NTU levels may indicate recent disruption of bottom sediments either by
bioturbation or runoff-related mixing which results in the resuspension of fecal
bacteria contained in sediments (Stocker et al., 2016; Cho et al., 2010).

The presence of CHL in the lists of most important predictors apparently

reflects mutualistic relationships between algae and E. coli have been reported and
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attributed to solar shielding as well algae providing a source of labile organic
nutrients which promote bacterial persistence (Vogeleer et al., 2014; Englebert et al.,
2008). On average in both ponds, when chlorophyll-a levels were higher, E. coli
concentrations were lower (Supplemental Table S7, Appendix B). There may exist a
threshold level at which there is a mutualistic relationship between E. coli and algae
and above this level there exists competition (Ansa et al., 2011).

The concentrations of SPC were determined as most important in the largest
number of cases in the study. The concentrations of SPC in water are proportional to
the ion concentrations present. lonic nutrient concentrations in water have often
shown positive relationships with the concentrations of E. coli present (Shelton et al.,
2015; Ozkanca, 1993; Lim and Flint, 1989). Recent research has also demonstrated
that E. coli survival rates in freshwater increase with conductivity by way of reducing
osmotic stress and improving membrane stability but can be detrimental above certain
levels (DeVilbiss et al., 2021). Runoff reaching waterways may either have a
dilutional effect and lower water conductance or increase it (Baker et al., 2019).
Rapid changes in SPC may be used as an indicator of when influent such as runoff or
precipitation has reached water sources and thus may provide good indication of
when E. coli concentrations can be expected to change within a waterbody.

Temperature effects on E. coli persistence in the environment are perhaps the
most well-documented of any other variables in the literature but may also be the
most inconsistent. Numerous review and meta-analysis articles indicate E. coli
persistence is negatively influenced by higher temperatures (Blaustein et al., 2013;

Stocker et al., 2014; Cho et al., 2016). However, others have reported positive
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relationships (Truchado et al., 2018) while some have reported inconsistent direction
of the relationship when multiple sites were included in the same study (Francy et al.,
2013; McEgan et al., 2013). These diverse dependencies reveal the complexity of the
relationships between E. coli and the predictors which govern the aquatic habitat and
affect survival. Ultimately, ML algorithms are expected to handle the complex
interactions and non-linear relationships better than traditional regression models in
aquatic studies (Quetglas et al., 2011; Weller et al., 2021).

Through additional scenario testing (Table 6.1; Supplementary Tables S9 and
S10, Appendix B) it was discovered that model performances did not substantially
change when the 2017 and 2018 datasets were held at a lower number of predictors.
This indicates while parameters introduced in later years of the study were found to
be at times more important, the core 5 predictors utilized in 2016A, 2017A, and
2018A predictor sets (C, SPC, NTU, DO, and pH) were found to be largely suitable
for predicting E. coli concentrations in agricultural pond waters. This finding is of
special interest as each additional predictor introduces additional burden on water
quality characterization program. Additionally, results of this study indicate that E.
coli concentrations in irrigation ponds may be “now casted” by using relatively cheap
deployable on-line sensor suites that are used for continuous monitoring. It must be
acknowledged that this study utilized measurements of a total of twelve predictors.
Many additional predictors exist (e.g. ORP, total suspended solids, or various nutrient
concentrations such as nitrate or ammonia) which may further improve the predictive
performance of the ML algorithms or lead to the creation of similar simple and

effective sets of variables as those identified in this study.
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We realize that the effect of redundancy of predictors was not fully elucidated
in this work. There exist multiple suggestions on redundancy removal as a
preprocessing step of regressions using correlations between predictors, variance
inflation estimation, or principal component analysis as a basis for the removal of
covarying predictors. Multiple methods are suggested in the literature to reduce the
effects of the input reduction on variable importance determinations (Bovelstad et al.,
2007). These methods tend to increase the reliability of the regression results (more
data per coefficient), but at the same time, they may change the perception of the
relative importance of input variables (Ransom et al., 2019). Applying these methods
to several ML algorithms and assessing results presents an interesting research
avenue. In this work, we limited the study by analyzing correlations between inputs.
As expected, the only strong correlations were found between DO and pH (data not
shown). The most likely mechanism for the observed co-linearity is photosynthetic
activity in the ponds which consumes dissolved CO: (raising pH) and releases
dissolved oxygen (raising DO). We cannot exclude the effect of this correlation on
the occurrence and position of DO and pH in lists of important inputs.

The algorithm performance for the combined P1 and P2 dataset was never
better than the performance of both ponds run individually for certain years but was
typically higher than one pond and lower for the other (Table 6.1; Supplemental
Table S13, Appendix B). Explanations for this may be site-specific responses of E.
coli concentrations to differences in predictor levels in each pond which may in some
cases be similar and in others dissimilar. For example, P2 had elevated levels of the

photosynthetic pigments phycocyanin (PC) and chlorophyll-a (CHL) compared to P1.
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Similarly, DO and pH levels in P2 were typically higher in P2 than in P1
(Supplemental Table S7, Appendix B). It is therefore possible that there were
different extents to the effects of these predictor levels on E. coli concentrations
which were unique for each pond. If monitoring datasets are available for multiple
water bodies, one can pool these datasets together and compare the performance
between site-specific models and those developed using pooled datasets across
locations. Alternatively, one may use ‘site’ as categorical variable input which may
preserve site-specific interactions between E. coli and predictors within a larger
model. Indeed, in the present study, adding ‘site’ (e.g. Pond 1 or Pond 2) generally
improved the performance of all algorithms on the P1/P2 combined datasets
(Supplemental Tables S13 and S14, Appendix B).

The results of this work were gathered by studying only two irrigation ponds
both in the state of Maryland and as such the scope of inference is limited. However,
in the literature there is a lack of information regarding E. coli and water quality
dynamics in irrigation sources let alone those involving ML algorithms. The current
study suggests a framework for using ML algorithms for irrigation water quality

determinations.

6.5. Conclusions

Overall, all ML algorithms performed well in predicting E. coli in the
datasets. The RF algorithm predicted better in more cases than the other models when
assessed in terms of average values of root-mean-squared-error, coefficient of

determination, and mean absolute error. However, when those performance metrics
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were treated as statistics, there was no significant difference between the ML
algorithm performance in most cases. The MLR model consistently provided the
worst results which demonstrated the non-linearity of the relationships between E.
coli and its predictors. The recursive feature elimination exercise revealed similarities
in important features across years and sites. Namely, SPC, NTU, C, CHL, and fDOM
were found to be the most influential variables for the prediction of E. coli in the
studied ponds. However, it was also shown that the algorithm performances were not
substantially improved when predictor sets were expanded to 8 and 12 variables from
the core 5 variable list (pH, DO, SPC, C, NTU). The performance of the RF model as
well as its relatively simple set up and deployment indicate it may be a valuable tool
for water quality managers and researchers to utilize when predicting the microbial

quality of irrigation waters.
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Chapter 7: Conclusions, Recommendations, and Future
Work

Understanding the extent of the spatial and temporal variability of E. coli in
agricultural irrigation ponds is vital for designing efficient and effective water quality
monitoring regimes. Monitoring methods that ignore the spatial and temporal
variability of microorganism concentrations in agricultural waters will not lead to an
accurate assessment of microbial quality of water extracted for irrigation. As this
work has shown, there can be a large degree of variation in E. coli concentrations
even across relatively small farm ponds and this variation is three dimensional.
Temporal variation in concentrations was shown to be substantial at the annual, inter-
seasonal, and diurnal temporal scales as well as throughout the course of an irrigation
event. Public health risks associated with using surface waters for irrigation cannot be

reliably estimated without accounting for this variability.

7.1 Summary of Conclusions

It was shown in Chapter 3 of this work that stable spatial patterns of E. coli
concentrations and water quality variables can develop in farm irrigation ponds.
Sampling locations that were consistently below, about, and above the pond-wide
average E. coli concentration were identified. These patterns were identified within a
single year of observations and were found to persist over multiple years.
Concentrations of E. coli in irrigation sources which show consistency in the

deviations from the spatial average have major implications for microbial water
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quality monitoring as microbial quality assessments may differ depending on the
selection of sampling location. The Empirical Orthogonal Function (EOF) and Mean
Relative Difference (MRD) analyses were used to identify these patterns and were in
almost perfect agreement on the ranking of sampling locations by the E. coli
concentration. The MRD analysis uses relative deviations from the average across the
pond and is simpler than the EOF analysis that uses absolute concentrations. The EOF
analysis offers more information in the case where there is more than one stable
pattern present.

Recommendations stemming from this chapter include the advice to perform
pilot surveys to assess the spatial and temporal variability of E. coli concentrations in
farm ponds. Identification of sampling locations which are representative of the pond-
wide average would be advantageous to assess the true risk of using a water source
for irrigation. During pilot studies, effort should be made to identify and document
the presence of physical features such as point sources, waterfowl congregation areas,
or areas where sediments may be disturbed as these may affect the E. coli
concentrations in the water. Pilot surveys should be performed over a single irrigation
season and at least twice a month and should be conducted more than three days after
rainfall. Finally, it is recommended to sample both the pond nearshore and interior
locations as the observed concentrations have been shown to often significantly differ
between these two areas.

Future work associated with Chapter 3 content includes monitoring of a
greater number of farm ponds in the Mid-Atlantic and other regions of the USA to

better understand both the degree of spatiotemporal variability of E. coli that may be
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encountered and the environmental parameters which govern this variation. The
effectiveness of composite sampling should also be tested as a method to approximate
the average E. coli concentration across a farm pond while limiting the number of
samples to process after sampling.

Chapter 4 of this dissertation focused on documenting the vertical
distributions of E. coli in farm ponds and the effects of vertical concentrations
gradients on the water which reaches the fields. E. coli concentrations were found to
significantly vary with depth. Concentration hot spots were found at certain depths
within some sampling locations but were not observed in the rest of the water
column. The effect of vertical and horizontal gradients in E. coli concentrations on
the water withdrawn for irrigation was demonstrated by using the Environmental
Fluid Dynamic Code (EFDC) hydrodynamic modeling software. Spatial
heterogeneity of concentrations across the pond translated to temporal variability at
the intake. Wind speed and direction were shown to be substantial factors
contributing to the movement of E. coli in the pond and to the intake. Finally, in this
chapter it was also shown that the placement of the irrigation pipeline can be a factor
which influences the concentration of E. coli in the irrigation water.

Recommendations from this chapter include advisability to sample at multiple
depths within an irrigation pond. If this is not feasible, then sampling the irrigation
water at the pump or at fields should be done several times throughout an irrigation
event to capture the possible effects of the concentration heterogeneity in the pond.
The optimal number of samples to take at the pump which best represents the spatial

variability of E. coli in the pond, the frequency of this sampling, and the use of
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composite samples also presents several interesting research questions. While we
recommend the use of the EFDC model to gain insight into the factors which effect
the dynamics of the E. coli concentrations in water which reaches the field, more
work is needed to validate these models and assess prediction errors by comparing the
results of simulations with periodic grab samples. Finally, the EFDC model can
incorporate numerous water quality parameters such as dissolved oxygen and pH and
thus it would be interesting to increase the number of input parameters and assess the
effects on the E. coli concentrations.

In Chapter 5, diurnal variation of E. coli concentrations in three irrigation
ponds was assessed over multiple sampling dates. In almost all cases, E. coli
concentrations were the highest in the morning hours and declined throughout the
day. On average for all ponds, concentrations decreased by a factor of 1.15 every
hour between 9:00 and 12:00 and by factor of 1.11 every hour between 12:00 and
15:00. Physicochemical changes in the pond water, particularly with dissolved
oxygen and pH levels, were shown to govern the extent of the decrease in
concentrations. Significant diurnal variation was not observed at one of the study sites
which had a constant influx of E. coli from an inflow along with small changes in
dissolved oxygen and pH throughout the day. This indicates that diurnal variation in
concentrations cannot be assumed to occur especially if there are opposing forces
which neutralize the effects of changes in water properties or solar insolation.
Regression trees were shown to be a valuable tool for assessing the environmental
covariates which best split the E. coli datasets. Recommendations gained from the

results of Chapter 5 are that sample collections must be conducted in the early
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morning hours when concentrations are the highest. Such timing would provide the
most conservative estimate of the actual risk of using an irrigation. There should be
consistency in the timing of sampling so that results collected across a season are
more comparable and are not confounded by diurnal effects. If multiple sites are
being sampled within an irrigation pond, then samples must be collected in a way that
minimizes the collection time.

Future work associated with Chapter 5 include performing research towards
quantifying and explaining daily cycles and overnight restoration of E. coli
populations in agricultural water sources. It would be advantageous to incorporate
sampling at multiple water depths throughout a day to assess if similar die-off rates
can be anticipated throughout the water column. Optimal irrigation regimes should be
found that could take advantage of lower concentrations of microorganisms towards
the afternoon or evening hours on one hand and the undesirability of irrigation during
the maximum heat hours on other hand. It would be interesting to determine if there is
a window in the evening when temperature and solar radiation have lowered and fecal
microorganism concentrations have not yet begun to increase.

In the Chapter 6 of this dissertation, machine learning (ML) algorithms were
applied to multi-year datasets to relate E. coli concentrations to the levels of easily
measured physicochemical variables. Predictive models were developed using four
ML algorithms. Of the 4 ML algorithms evaluated, the random forest algorithm
provided the lowest error in almost all cases. It was also found that a simple suite of
inexpensive sensors was sufficient for making predictions of E. coli concentrations

using ML algorithms. The most influential variables varied by year and pond. These
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were specific conductance, and concentrations of fluorescent dissolved organic
matter, chlorophyll-a, total nitrogen, and total carbon.

Recommendations from Chapter 6 include supplementing microbial water
quality monitoring with machine learning modeling. Concurrent measurement of
water quality parameters and E. coli is highly advisable as it will create datasets and
models for the express estimation of E. coli from in-situ sensing data. Collecting a
large number of samples paired with in-situ data is advisable as the performance of
machine learning models is directly related to the number of samples utilized in
developing the models. While the random forest algorithm consistently provided the
best results, algorithm comparisons should always be conducted as each dataset may
contain unique associations between the predictors.

Future work associated with Chapter 6 include evaluating additional
predictors which may be used to estimate E. coli concentrations such as various
hydrological (e.g. horizontal or vertical mixing of water), meteorological (e.g.
precipitation amounts or days since rainfall, wind speed, solar irradiance etc.) or
physicochemical variables which were not measured in this study (e.g. ammonium,
oxidation-reduction potential, salinity etc.). Multi-and hyperspectral imaging of ponds
from aerial platforms or unmanned systems should also be considered as a source of
predictors which would allow for the rapid collection of a large amount of data over
survey areas. Determination of the site-specific usefulness of certain predictors would
also be beneficial to able to prescribe an input set of variables which applies to a wide
range of cases. Additional ML algorithms or variations on the ones utilized in this

chapter need evaluation and may also provide satisfactory results for predicting
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microbial water quality. Finally, gaining the ability to “now-cast” E. coli
concentrations in ponds using sensor data would be highly valuable and would greatly

reduce sampling burden and determination times.

7.2 Concluding Remarks

Overall, irrigation ponds appear to be highly complex ecosystems. E. coli
population dynamics in these ponds are affected by multiple factors and the
variability of these factors translates into spatial and temporal variability in the
concentrations of E. coli. Multiple aspects of pond functioning, such as the role of
sediments as a habitat for E. coli and the disturbance of these sediments during
irrigation events, the effects of microplankton and aquatic vegetation, and
competition with other microorganisms are promising avenues for future research
which are waiting to be studied. The optimal water quality parameters to incorporate
into studies, their site-specific importance, and the possibility to refine the number of
parameters to reduce time and costs is also an important research topic.

In-situ sensing allows for the rapid prediction of E. coli concentrations when
paired with machine learning modeling and proximal sensing using unmanned aerial
vehicles (UAVs) equipped with multi-or hyperspectral cameras may further improve
our ability to make rapid and accurate predictions (Kim et al., 2020; Morgan et al.,
2021). Aquatic drones have the potential to expedite sampling, allow for access to
hard-to-sample locations such as pond interiors or shallow waters, and sample at

multiple depths without the use of a boat or specialized equipment.
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Metagenomic surveys of agricultural waters through gene sequencing also
present a promising opportunity for performing assessments on the presence or
absence of specific virulence genes associated with foodborne pathogens (Tan et al.,
2015; Chopyk et al., 2019). Recent advances in gene sequencing are providing
opportunities to rapidly assess pathogen presence in irrigation waters in-field using
rapid sequencing kits (Maguire et al., 2021). While sequencing alone does not
provide a quantitative estimate of FIB or pathogen concentrations, it can be paired
with quantitative PCR which can distinguish between culturable and non-culturable
microorganisms (Khan e al., 2007).

The importance of agricultural ponds in providing clean and safe water for
irrigation is high and is expected to increase. There is a need and feasibility to
develop science-based monitoring designs, forecasting strategies, and models to
reduce the incidences of using water of poor microbial quality for irrigation. While
this dissertation has helped to elucidate several important factors and considerations
regarding the microbial testing of irrigation ponds, an equal number, or greater, of
questions have arisen stemming from the experimental chapters. Future work
opportunities within this field are ripe as is the possibility to dramatically improve our
ability to detect when unsafe water quality conditions are present. By combining
improved sampling regimes, modeling, and emerging technologies we can minimize
the risks of using surface waters for irrigation and protect the lives and livelihoods of

countless people.
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Appendices

Appendix A: Depth-dependent concentrations of E. coli in
agricultural irrigation ponds

Introduction

Escherichia coli (E. coli) is a fecal indicator bacteria (FIB) which is measured
to assess the microbial quality of waters used for irrigation. In 2016, the Food and
Drug Administration’s Produce Safety Rule (PSR) required that growers periodically
sample their irrigation waters during the growing season to ensure adequate microbial
water quality (FDA, 2016). However, FSMA gave growers little information on
where or when to sample.

FIB and pathogens in environmental waters exhibit large spatial variability
both laterally across a waterbody and with depth (USEPA, 2010). However, water
samples to characterize the variability of microbial pathogens and FIB in agricultural
ponds are usually collected only from a single depth close to the surface (0 to 30 cm).
(McEgan et al., 2013; Topalcengiz et al., 2017; Solaiman et al., 2020). Only few
studies incorporate samples taken from a greater depth. In particular, Luo et al. (2015)
and Lee et al., (2018) sampled multiple irrigation ponds in Georgia but only collected
1 or 2 samples from the surface or a depth of 50 cm. Similarly, Antaki et al. (2016)
sampled two ponds in Georgia but included a 100-cm depth in addition to a surface
sample.

Irrigation ponds are typically shallow water bodies but this is dependent on

the region in which they are located and the volume of water that is needed for
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irrigation. The Natural Resource Conservation Service (NRCS) recommends that
manmade irrigation ponds should range between 5 to 14ft (~1.5 to 4.3 m) with greater
depths recommended for Western states with dryer climates and less precipitation
(NRCS, 1997). Nevertheless, nonuniformity in fecal microorganism concentrations or
the levels of water quality parameters which describe their habitat may be expected at
different depths within farm ponds.

During irrigation events, the largest volume of water is withdrawn from the
pond interior and at depths greater than the surface (~ 0 — 20 cm). For this reason,
concentrations of microorganisms measured in samples taken near the surface may
not be representative of the greater volume of water used for irrigation. There is
ample literature available regarding the concentrations of pathogens or fecal indicator
organisms in wastewater or maturation ponds which are engineered to reduce fecal
microbe populations via biophysical processes, lengthened holding times, and/or
chemical treatments (this is well reviewed in the work of Dias et al., 2017). However,
there are very few reports which focus on ponds which directly provide irrigation
water to crop fields. Substantial increases in indicator concentration with depth in
non-tidal lakes or reservoirs can be expected due to the development of well-defined
gradients in temperature, light, or dissolved oxygen (Davis et al., 2005; Partyka et al.,
2016) but whether this can be expected in relatively shallow irrigation ponds is not
known as sampling is often most often performed only at the water surface.

The objective of this work was to examine vertical distributions in E. coli

concentrations at different times of the day in three irrigation ponds.
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Materials and Methods

Water sampling was conducted at three agricultural irrigation ponds in
Maryland between 2019 and 2021 (Figure 1). Detailed descriptions of P1 and P2 can
be found in Stocker et al. (2021). Briefly, P1 is an embankment pond which is about
4000 m? and is located in central Maryland while P2 is a rectangular excavated pond
located on the Eastern Shore of Maryland and is also about 4000 m?. P1 and P2 have
a similar average depth at roughly 270 cm. Both ponds also have ephemeral inflows
which are marked in Figure 1.

Pond 3 is a retired irrigation pond located at the USDA’s Beltsville
Agricultural Research Center (BARC) in Beltsville, Maryland, USA. This man-made
pond is 4,383 m? and used to provide irrigation water to the adjacent fields which are
primarily corn fields. The Western perimeter of the pond is boarded by a 10-m grass
buffer strip whereas the remainder is adjacent to a forested area. To the West and
Southwest of the pond are separate fields planted with corn and orchard grass. The
surrounding fields receive no nutrient amendments. The pond depth ranges from 30
cm to 130 cm with an average depth of 90 cm.

For P1 and P2, samples were taken from the interior at 4 depths: 0-cm, 50-cm,
100-cm, and 150-cm. The exception to this was sampling at P2 on two dates when the
150-cm depth was not sampled. Samples were not collected from P3 at a depth
greater than 100-cm due to concern of disrupting the pond sediments. Samples were
collected within 30 min around 9:00, 12:00, and 15:00 to assess potential diurnal

effects on E. coli concentrations.
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Figure 1. Sampling map of the three ponds in the study. Sampling sites are
marked with blue dots. Ephemeral and constant inflows are marked with dashed and
solid green arrows, respectively. Ephemeral and constant outflows are marked with
dashed and solid orange arrows, respectively.

All water samples were collected from a boat with a Sigma 900 MAX all
weather autosampler connected to an external battery (Hach, Loveland Colorado).
This programmable peristaltic pump was fed a vinyl tube with a strainer at the end
which was lowered to depths specified by pre-measured markings on the vinyl tube.

The strainer was attached to the YSI EXO2 sensor guard such that the strainer

openings were at the same level as the sensor tips. The vinyl tube was purged for 20
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seconds with the water at the depth of interest prior to sample. The autosampler
pumped water into pre-labeled 500-mL plastic sampling containers which were kept
on ice until the boat returned to shore and samples were immediately removed from
the cooler and placed in the dark in an ice-filled cooler. Sample processing in the lab
occurred usually within 2-hr of the 15:00 sample collection time. At the beginning
and end of sample collections the vinyl tubing was rinsed with tap water, then 70%
ethanol which was allowed to sit for several minutes, followed by a rinse with
deionized water.

E. coli enumeration was based on EPA method 1603 (U.S. EPA, 2014).
Briefly, 50 to 150 mL of pond water was filtered, depending on turbidity, through a
0.45 pm filter (EMD Millipore) which was then aseptically transferred onto Petri
dishes with modified mTEC media. Agar plates with filters were then incubated at 22
°C for 2 hours followed by incubation for 22 hours at 45 °C. After incubation, purple
colonies were counted as E. coli. All samples were filtered in duplicate and counts

were then averaged.

Data Analysis

The two-way analysis of variance (ANOVA) was performed to analyze the
differences in mean concentrations of E. coli by time of day and depth layer and to
assess the interactions between the factors. All statistical analysis was performed in
the R programming language (R, Core, 2015) and statistical significance was assessed
at the a = 0.05 level. Figures were created with Sigmaplot v13 (Systat Software,

California) and maps were made with QGIS v3.18.2
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Results and Discussion

Figures 2 — 4 show the E. coli concentration at each of the three times of day
and at sampling depths for Ponds P1, P2, and P3, respectively. The concentrations of
E. coli in all three ponds were low relative to what has been observed in previous
studies at these locations (Pachepsky et al., 2018; Stocker et al., 2019; Stocker et al.,
2021) and were generally lower than 20 CFU 100 mL™! on most sampling dates. The
highest concentrations were recorded in P3 on the 8/12/2020 date which were several
times higher than all other observations made at the other ponds throughout the study.
Overall the concentrations measured in the surface layer of water at all ponds in this
study fell within the ranges of values reported by other researchers of irrigation ponds
in the Mid-Atlantic (Truitt et al., 2018; Solaiman et al., 2021) and Southeastern U.S.
(Luo et al., 2015; Antaki et al., 2016). Several other researchers have reported much
higher average concentrations of E. coli measured in irrigation ponds, however, in
these studies the effects of recent precipitation were used as an explanation for this
observation (Steele et al., 2006; Pahl et al., 2013; Topalcengiz et al., 2017).
Explanations for very low concentrations reported in this study may be due to the
intentional separation of sampling from recent precipitation events as we were trying
to characterize the conditions in which irrigation was warranted. An additional factor
may be that there were no domesticated animals or animal manures located on the

adjacent lands to serve as direct fecal inputs.
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Figure 2. E. coli concentrations measured at Pond 1 on two observation dates. Error
bars show standard errors.

E. coli concentrations at different sampling depths in P1 were very similar
(Figure 2). ANOVA testing confirmed that depth was not a significant factor for
either sampling date (Table 1). The sampling time was found to be a significant factor
on 7/23/2020, and a steady decrease of concentrations was observed from 9:00 to
15:00. Significant diurnal reductions in fecal microorganism concentrations have
been reported in the Great Lakes (Whitman et al., 2004: Ge et al., 2012), in streams
(Traister and Anisfeld, 2006; Lenart-Boron et al., 2016; Stocker et al. 2016),
mangroves (Becker et al., 2020), coastal waters (Boehm et al. 2002; Boehm and
Weisberg, 2005), and irrigation canals (Lothrop et al., 2018). Common factors
explaining observed diurnal trends are increase of solar radiation and temperature
from morning to afternoon which promote the inactivation of fecal microorganisms in

water (Maracinni et al., 2016; Lothrop et al., 2018).
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Figure 3. Concentrations of E. coli measured at Pond 2 during the observation dates.
Error bars show the standard error of the mean.

At P2 during the 2019 sampling dates the concentrations of E. coli were near

the detection limit (1 CFU 100 mL™") (Figure 3). At this study site, only one date
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showed significant temporal trend (8/26/2020) of decrease in concentrations at each
sampling time from 9:00 to 15:00. Depth was not a significant factor at P2 during the
first three sampling dates although on 7/15/2020 during the 15:00 sampling time the
concentration at the 100-depth was twice as high as the 50-cm depth and about 6
times as high as the surface water. On the 8/10/2020, 8/26/2020, and 7/15/2021
sampling dates at P2, depth was found to be a significant factor with E. coli
concentrations increasing with sampling depth.

Information on differences in E. coli concentrations by depth in agricultural
irrigation ponds is extremely scarce. In only two studies have authors taken samples
from multiple depths and these studies were conducted in the same region of the
United States. Antaki et al., (2016) sampled two irrigation ponds in Southern Georgia
and found conflicting results. In one pond the levels of E. coli and Salmonella were
roughly 31 and 4 times greater, respectively, at a 1 m depth compared to the surface
water. At the second pond, E. coli and Salmonella were 0.5 and 6 times lower,
respectively, at the surface depth than at the 1 meter depth. In the second study, Lee
et al. (2018) sampled six irrigation ponds in Georgia and found nearly identical
concentrations and prevalence of Salmonella spp. between the surface and 50-cm
water sampling depth.

E. coli survival in water has been shown to be greater at depth than near the
surface. For example, Jenkins et al. (2011) studied E. coli O157:H7, commensal E.
coli, and intestinal enterococci persistence in in-situ microcosms placed in an
irrigation pond. In their work, the time for a 10-fold decrease in the concentrations of

all the studied microorganisms was significantly greater at the 50-cm depth than the
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5-cm depth which the authors attributed primarily to higher solar insolation at the
surface water depth. Similarly, Maiga et al. (2009) studied E. coli and enterococci
survival in microcosms built to simulate wastewater ponds and found no difference of
bacterial persistence at the 10-cm or 90-cm depths in dark conditions, however when
the microcosms were exposed to sunlight, the inactivation at the 10-cm depth was
significantly greater than at 90-cm. These findings agree with Mayo et al. (1989) who
showed that the 10-fold decrease time in coliform concentrations in maturation pond
water took 21, 90, and 150 hours at depths of 0-, 15-, and 100-cm, respectively.

Concentrations of E. coli at larger depths may be related to a closer proximity
to pond sediments or sediment disruption. Sediments have been shown to be a
reservoir of fecal microorganisms in aquatic systems (Jamieson et al., 2005; Cho et
al., 2010). Additionally, hyporheic exchange of fecal microorganisms has been
demonstrated in streams (Grant et al., 2011; Pachepsky et al., 2017) but so far there
are no reports quantifying this flux in pond waters. Determining the influence of E.
coli cells originating from the sediment on the microbial quality of pond waters

would be an interesting avenue for research.
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Table 1. Summary of two-way Analysis of Variance (ANOVA) testing with sampling
depth and time of day as factors.
Site Date Time  Depth Interaction

Pond 1  9/6/2019  0.321 0.368 0.861

Pond 1  7/23/2020 0.000  0.183 0.859

Pond2 9/15/2019 0.087  0.274 0.128

Pond2 9/21/2019 0.433  0.822 0.374

Pond2 7/15/2020 0.494  0.336 0.987

Pond2 8/10/2020 0.579  0.000 0.748

Pond2 8/26/2020 0.002  0.028 0.788

Pond2 7/15/2021 0.529  0.001 0.393

Pond 3 8/12/2020 0.632  0.621 0.271

Pond3 7/7/2021  0.270  0.554 0.840

Pond3 8/13/2021 0.182  0.098 0.733
Values in bold indicate statistical significance at the (P = 0.05) level.

The P3 pond did not show significant differences by depth or time of day on
any of the three sampling dates (Table 1). However, in most cases concentrations
were higher at the surface than at depth (Figure 4). He et al. (2015) reported
uniformly distributed E. coli and fecal coliform concentrations in pond water at
depths up to 1.2 m and found higher concentrations at depths exceeding this value.
The authors attributed this to thermal gradients which may inhibit vertical movement
of water and therefore establish the stratification of microorganism concentrations. It
is possible that the shallow nature of this pond prevented gradient formation which
may have been the case as well in the works by Antaki et al. (2016) and Lee et al.
(2016). Is also possible, though, that these authors did not sample deep enough for
samples to be effected by vertical gradients in parameters such as temperature, light

penetration, or dissolved oxygen.
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Figure 4. Concentrations of E. coli by sampling depth in Pond P3.

The results from studies focusing on wastewater, stabilization, or maturation
ponds may apply to irrigation ponds whereby the factors that govern fecal
microorganism concentrations are primarily pH, dissolved oxygen, temperature, and
UV radiation (Ouali et al., 2013; Liu et al., 2020; Park et al., 2021). More work is
needed to relate changes in water quality parameters controlling the E. coli habitat in
irrigation ponds. Additionally, it would be worthwhile to identify and sample

irrigation ponds which contain higher E. coli concentrations than those utilized in this
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study to evaluate if concentration gradients proportional to those observed in this
study can be expected. The E. coli concentrations encountered in this study were
below the FSMA PSR thresholds and therefore it would also be interesting to see if
higher concentrations in ponds by depth could affect regulatory compliance
depending on where in the water column the sample is taken.

Vertical gradients of E. coli concentrations in ponds have been shown to
affect the temporal variation in water withdrawn for irrigation (Stocker et al., 2020).
Gaining more information on depth-specific concentration gradients will improve our
ability to forecast the microbial quality of water withdrawn for irrigation as well as
perform effective monitoring exercises which best characterize the true risk of using
an irrigation source. Ultimately, the authors agree with the conclusions of Enns et al.
(2012) who concluded sampling at different times of the day and at different depths
can significantly impact microbial monitoring results and may lead to differing

management decisions.

Conclusions

This study examined E. coli concentrations in irrigation ponds at more than
two depths and throughout multiple time points of a day. Overall, low concentrations
of E. coli were observed in each of the ponds and absolute differences in
concentrations between different times of day or by depth were not substantial.
However, statistical testing revealed significant differences in both the sampling time
of day and by depth at various observation dates. Namely, in P2 three of the six

sampling dates showed significant differences in E. coli concentrations by depth
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while 1 of six showed time of day as a significant factor. In several observation dates
at P2 the concentrations in the lowest layer were found to be several times higher than
what was measured at the surface. In P1 and P3, significant differences in
concentrations by depth were not observed but in one of the two P1 observation dates,
time of day was found to be a significant factor. Results of this study demonstrate the
possibility for the formation of vertical E. coli concentration gradients in irrigation
ponds and suggest that monitoring campaigns should be expanded to sample at

greater water depths which represent a larger volume of the pond.
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Appendix B: Supplemental Tables

Supplemental Table S1. Observed levels of water quality parameters in P1 across the monitoring period. The average is separated

from the standard error of the mean by the & symbol.

2016
Date 5/31 6/13 6/27 7/11 7/25 -
LEC 0.11+0.10 0.59+0.07 1.36 £ 0.07 1.00 +£0.07 1.10 £ 0.06 -
C 26.56 £0.26 24.85+0.10 25.94 £0.06 27.15+£0.28 26.48 £0.12 -
pH 8.56 £0.06 8.86 £ 0.05 8.49+0.09 8.24 +£0.12 9.10£0.13 -
DO 8.42+0.22 9.17+0.34 9.04 +0.19 13.10+0.34 9.94+£0.45 -
SPC 154.47 +£3.73 137.20+0.26  129.58+£2.23 143.58+0.49  173.74+1.18 -
NTU NC 5.94£0.18 6.58 £0.46 8.32+£0.43 NC -
2017
Date 6/7 6/21 7/5 7/18 8/1 8/16
LEC 1.61 +0.05 1.77 £ 0.06 1.52+0.09 1.50 £ 0.06 1.83 £0.02 1.78 £0.05
C 22.73 £0.03 27.14 £ 0.08 28.00 + 0.06 29.14+£0.10 25.44 +£0.08 25.43 +£0.09
pH 8.51£0.06 8.70 £0.08 9.39+0.02 8.86 £0.07 8.64 £0.05 8.79 £0.09
DO 10.52 +£0.19 9.12+0.22 11.92 +0.07 11.02+0.23 10.16 £0.12 9.58 £0.08
SPC 156.40+0.14  168.85+0.19 170.13+0.12  175.82+0.27  150.74 +0.09 153.10+0.11
NTU 2.88+0.23 4.82+1.02 4.06 +0.30 7.38+£0.77 6.28 £0.10 5.54+£0.31
CHL 1.88+0.13 2.34+0.78 6.25+0.66 7.56 £1.90 1.68 £ 0.08 3.29+£0.44
PC 0.22+0.02 0.32+£0.07 0.88+0.12 2.34+0.33 1.17 £ 0.06 1.94+0.11
FDOM 342+0.12 2.11+£0.30 4.82+0.53 6.24 +£0.24 36.65+0.33 25.02 £0.32
2018
Date 6/20 7/5 7/19 8/15 8/29 10/4
LEC 1.79 £0.07 1.04 £0.11 0.49+0.13 1.46 £ 0.04 1.11 £ 0.06 0.67+0.10
C 26.59 £ 0.06 29.57 £0.06 28.25+0.14 26.83 £0.16 27.73£0.21 22.97+0.14
pH 8.46 +£0.04 7.30+0.02 7.25+0.04 7.46 =0.03 8.06 £0.08 7.36 £0.03
DO 11.59+0.16 7.89 £0.07 8.96 £0.06 10.50 £ 0.07 11.23+0.11 10.23 £0.10
SPC 141.37+£0.09 15644 +0.07 166.90=+0.15 146.49 £0.13 132.82+9.10  148.95+0.09
NTU 8.80 +1.00 3.76 £ 0.45 2.57+047 2.47+£0.26 3.97+0.39 3.60£0.15
CHL 242 +0.14 1.12+0.10 1.03+0.17 4.55+0.29 6.93 £0.48 0.73 £0.03
PC 2.51+£0.50 0.60£0.12 0.28 £0.05 0.64 +0.10 0.91 +£0.09 0.76 £ 0.06
FDOM 21.35+£0.59 7.11+0.33 1.92+0.20 29.94 £0.36 25.58 £0.50 38.39+0.38
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Parameters are abbreviated as C (temperature; °C), DO (dissolved oxygen; mg L"), SPC (specific conductivity; uS cm™), NTU
(turbidity; NTU), PC (phycocyanin; RFU), CHL (chlorophyll-a; RFU), and FDOM (fluorescent dissolved organic matter; ug L™).
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Supplemental Table S2. Observed levels of water quality parameters in P2 across the monitoring period. The average is separated from the
standard error of the mean by the + symbol.

2016
Date 6/8 7/6 6/22%* 7/20 8/4 8/10
LEC 1.43 £0.05 1.01 £0.09 3.07 £1.76 0.73+0.12 1.13£0.04 0.80+0.12
C 21.54+0.34 2744 +£0.16 242 +£0.17 28.94+0.29 28.08 £ 0.07 28.12+£0.26
pH 8.83£0.13 6.54+0.11 6.71 £0.11 8.19+0.21 7.25+0.19 7.36 £0.18
DO 13.89 £ 0.52 7.04 £0.57 5.63 £0.59 10.16 £ 0.70 6.13£0.22 10.54 £ 0.68
SPC 133.86+5.03 16491 +1.12 17233+ 1.51 151.29+0.58 15526 +1.54 163.96 +£0.96
NTU 27.49 £3.29 NC 28.68 £3.80 14.51 +3.44 65.97 +22.89 NC
2017
Date 5/31 6/13 6/27 7/11 7/25 8/8%*
LEC 0.39£0.10 0.57+0.10 1.22 £0.06 0.75 +£0.05 1.08 £ 0.05 3.06 £0.01
C 24.24 +0.21 30.69 +£0.21 27.98 £0.11 29.58 £0.12 29.58 £ 0.06 22.14 £ 0.06
pH 9.29 £0.06 8.73 £0.08 8.05+0.12 8.14+0.11 8.08 £0.11 6.48 =£0.03
DO 16.18 + 0.62 13.79 + 0.54 13.19 £ 0.68 11.57+0.49 10.10 £ 0.57 5.32+£0.06
SPC 151.15+£0.33  160.15+0.28  16930+0.24 174.99+0.21 179.16 £0.32  141.77+0.46
NTU 4,73 £0.53 9.58+2.45 6.88+1.21 4.16 £0.38 31.84 +£2.03 5.11+£0.19
CHL 10.12 + 1.47 17.09 +5.30 20.89 £5.03 13.25+2.55 15.15+1.49 2.42 +0.09
PC 1.11+0.22 2.79 +£1.08 2.33+0.64 1.93 £0.46 11.20 £ 0.75 0.33+0.01
FDOM 33.68 £ 0.51 25.18 £0.94 25.36 £0.59 23.32£0.63 28.56 £ 0.62 42.84 £0.50
2018
Date 6/14 6/26 7/10 8/7 8/23 9/20
LEC 0.72 £0.05 0.76 = 0.06 0.51 +£0.08 0.04 +0.06 0.93 £0.05 1.67 £ 0.03
C 25.45+0.13 27.12+£0.11 28.64 £0.19 31.93+£0.38 2592 +£0.15 26.21 £0.27
pH 8.82 +£0.04 8.49+0.08 7.51£0.06 8.50£0.09 7.37+0.11 8.32+£0.10
DO 20.73 £0.52 16.78 £ 0.71 11.11 +£0.47 14.05+0.53 11.46 £ 0.66 15.33 +£0.47
SPC 136.37+0.13  146.25+0.14 162.08 £0.18 124.84 +1.91 139.56 £4.50  146.44+0.21
NTU 9.30 £2.03 6.04 +0.96 10.17 £1.52 18.68 +3.70 18.52+0.77 20.47 £5.89
CHL 36.64 + 8.47 26.28 £5.85 12.90 + 5.01 17.01 +1.68 13.69 £0.79 13.31+1.56
PC 6.07 £1.38 4.16 +0.89 449 +1.16 4.72+0.72 5.03+0.24 4.69 +0.59
FDOM 39.56 £ 0.86 30.01 +0.80 27.51 £0.68 40.84 £1.17 38.75+0.22 32.76 £ 1.10

Dates marked with an asterisk (*) indicate dates on or in very close proximity to rainfall dates which were not included in other analysis.
Parameters are abbreviated as C (temperature; °C), DO (dissolved oxygen; mg L"), SPC (specific conductivity; uS cm™), NTU (turbidity;
NTU), PC (phycocyanin; RFU), CHL (chlorophyll-a; RFU), and FDOM (fluorescent dissolved organic matter; ug L™).
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Supplemental Table S3. Average values (+ S.E.) of water quality parameters measured in ponds 1 and 2 over the study period. Averages and errors are pooled

from all observation dates.

n=>5 Pond 1 n=_§ Pond 2
Parameter 9:00 12:00 3:00 Parameter 9:00 12:00 3:00
LEC 0.90 +0.20 0.66 +0.27 0.64 +0.25 LEC 0.67 £0.08 0.37+0.13 0.18 £ 0.09
C 26.44 + 0.88 27.47+0.97 2943 +1.17 C 26.07 +1.03 28.18 £0.98 30.37+0.97
DO 10.26 +1.74 10.76 +£1.52 11.21+1.31 DO 10.29 + 0.69 15.55+0.68 17.57+1.16
SPC 150.94 +£11.33 156.50 + 6.99 157.63 £ 6.82 SPC 139.18 £15.99 | 139.70+15.95 | 141.54 +15.80
PH 8.30 £0.39 8.46 +£0.37 8.59 £0.35 PH 7.29+0.15 8.42+0.16 8.88 +£0.13
NTU 499 +1.17 4.62 +1.31 5.67+1.82 NTU 8.80£1.05 8.06 £1.31 7.56+1.56
PC 0.91 £0.25 0.81 +0.26 0.65+0.20 PC 494 +£0.73 3.28 +£0.55 2.08 £0.53
CHL 5.23 +1.40 427+1.21 3.59+1.09 CHL 27.10 £4.95 15.97 +£3.31 9.65 £2.55
FDOM 12.69 +1.88 11.08 £1.45 891+1.11 FDOM 29.08 + 2.83 28.36 £ 3.38 23.24 +3.25
TC 11.77 £0.56 11.18 +£0.34 11.23 +£0.40 TC 16.40 + 1.84 14.92 + 1.63 13.57 £ 1.34
TOC 5.38 £ 0.09 5.34+0.23 5.41+0.10 TOC 9.85+1.18 8.84 +1.20 7.90 + 0.84
TIC 6.36 £ 0.54 5.77+0.46 5.71 £0.40 TIC 6.51 £0.74 6.05+0.59 5.65+0.56
TNB 3.06+0.37 3.37+0.44 342 +0.44 TNB 2.22+0.33 2.36+0.13 2.74+£0.12
PAR 794.88 £179.24 | 1418.23 £277.39 | 1681.62 + 74.81 PAR 962.02 +£108.51 | 1806.97 +£75.52 | 1557.82 +70.97
sPAR 440.01 £90.20 | 919.87 +£177.63 | 1070.47 + 64.47 sPAR 436.02+51.39 | 818.40+113.21 | 853.86+71.33
NH3 0.10+0.03 0.10+0.03 0.09 + 0.03 NH3 0.18 £ 0.07 0.12+0.04 0.12+0.05
NO2 0.02 +0.00 0.02 +0.00 0.02 + 0.00 NO2 0.01 +£0.00 0.20+0.12 0.01 +£0.00
NO3 1.16 =0.20 1.16 £0.22 1.17+0.22 NO3 0.09 £ 0.02 0.07 +£0.02 0.32 +0.06
OP B.D.L. B.D.L. B.D.L. OP 0.19 +0.04 0.19+0.04 0.29 +0.03

B.D.L. indicates “below detection limit”. (abbreviation;unit). LEC = logyo E. coli (log CFU 100 mL™), C = temperature (°C), DO = dissolved

oxygen (mg L), SPC = specific conductance (uS cm™), pH (unitless), PC = phycocyanin (relative fluorescence unit (RFU)), CHL =

chlorophyll-a (RFU), FDOM = fluorescent dissolved organic matter (ug L), TC = total carbon (mg L), TIC = total inorganic carbon (mg L’

1, TOC = total organic carbon (mg L), TNB = total bound nitrogen (mg L"), PAR = photosynthetic active radiation (umol m?s™), sSPAR =
submerged photosynthetic active radiation (umol m*s™), NH; = ammonia (mg L"), NO, = nitrite (mg L"), NO; = nitrate (mg L"), OP =
orthophosphate (mg L™).
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Supplemental Table S4. Average values (+ S.E.) of water quality parameters measured in Pond 3 and the Pond 3 Inflow over the study period. Averages and errors are pool

all observation dates.

n=4 Pond 3 n=2 Pond 3 Inflow
Parameter 9:00 12:00 3:00 Parameter 9:00 12:00 3:00
LEC 0.92+0.30 0.85+0.36 0.82+0.31 LEC 1.87+0.30 1.71 £ 0.06 1.78 £ 1.02
C 29.20 +£0.48 31.18 £0.35 33.00 = 0.35 C 23.54 +0.06 2420+ 0.19 26.18 £0.32
DO 8.16 £0.72 9.64 +0.53 10.01 +0.40 DO 498 +4.15 5.45+6.75 5.20+5.55
SPC 89.28 +£3.77 90.24 £3.79 91.24 +3.65 SPC 222.35+0.15 221.75+£0.16 227.65 £0.43
PH 7.66 +0.34 8.22+0.27 8.55+0.15 PH 5.77+1.99 591225 6.15+1.22
NTU 5.66 + 0.40 4.52 +£0.68 3.82+0.66 NTU 2.57+0.03 3.08+0.10 3.56 +0.08
PC 1.06 £0.15 0.55+0.21 0.44+0.19 PC 0.03+0.14 0.10+0.09 0.08 £ 0.05
CHL 6.80+ 1.04 3.26+0.71 2.97+0.97 CHL 0.43 +£37.18 0.62 +£29.85 0.55 +£34.04
FDOM 29.99 + 3.84 28.23+£2.24 25.67 £1.62 FDOM 82.75+34.32 66.10+27.29 71.26 £28.04
TC N.M. N.M. N.M. TC N.M. N.M. N.M.
TOC N.M. N.M. N.M. TOC N.M. N.M. N.M.
TIC N.M. N.M. N.M. TIC N.M. N.M. N.M.
TNB N.M. N.M. N.M. TNB N.M. N.M. N.M.
611.60 £
PAR 118.69 1483.31 + 88.67 | 1105.38 £ 154.30 PAR N.M. N.M. N.M.
sPAR 461.24 £64.24 | 1016.22 £136.42 | 739.64 £ 160.75 sPAR N.M. N.M. N.M.
NH3 B.D.L B.D.L B.D.L NH3 N.M. N.M. N.M.
NO2 B.D.L B.D.L B.D.L NO2 N.M. N.M. N.M.
NO3 B.D.L B.D.L B.D.L NO3 N.M. N.M. N.M.
OoP B.D.L B.D.L B.D.L OoP N.M. N.M N.M

B.D.L. and N.M. indicate “below detection limit” and “not measured”, respectively. (abbreviation;unit). LEC = logio E. coli (log CFU 100

mL™), C = temperature (°C), DO = dissolved oxygen (mg L"), SPC = specific conductance (uS cm™), pH (unitless), PC = phycocyanin
(relative fluorescence unit (RFU)), CHL = chlorophyll-a (RFU), FDOM = fluorescent dissolved organic matter (ug L), TC = total carbon
(mg L"), TIC = total inorganic carbon (mg L), TOC = total organic carbon (mg L"), TNB = total bound nitrogen (mg L"), PAR =
photosynthetic active radiation (umol m*s™), sPAR = submerged photosynthetic active radiation (umol m”s™"), NH; = ammonia (mg L),
NO; = nitrite (mg L"), NO; = nitrate (mg L"), OP = orthophosphate (mg L™).
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Table S5. Results of Kruskal-Wallis ANOVA testing with time of day as a factor.

P1 P2 P3
Date p Date p Date P

6/6/2019 0.837 6/4/2019 0.002 7/29/2020 0918
7/2/2019 0.001 6/26/2019 <0.001 8/12/2020  0.426
8/8/2019 <0.001 8/30/2019 <0.001 7/7/2021 0.186
9/6/2019 0.678 9/21/2019 0.556 8/13/2021  0.404
7/23/2020 0.007 7/15/2020 0.598

8/10/2020 0.004

8/26/2020 0.032

7/15/2021 0.002

Results in bold are statistically significant (P < 0.05)
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Table S6. Values of the E. coli die-off rate constant (k h™") across ponds and for
comparisons between different times of day.

P1
Date 9:00 and 12:00 9:00 and 15:00 12:00 and 15:00

6/6/2019 0.106 0.069 0.032
7/2/2019 0.502 0.210 -0.081
8/8/2019 0.090 0.124 0.161
9/9/2019 0.046 0.044 0.041
7/23/2020 0.193 0.182 0.170
X 0.187 0.126 0.065
S.E. 0.082 0.032 0.046

P2
6/4/2019 0.799 0.311 -0.177
6/26/2019 0.147 0.200 0.253
8/30/2019 0.117 0.311 0.502
9/21/2019 0.203 0.117 0.032
7/15/2020 0.053 0.124 0.198
8/10/2020 0.219 0.230 0.240
8/26/2020 0.143 0.226 0.311
7/15/2021 0.447 0.364 0.283
X 0.266 0.235 0.205
S.E. 0.087 0.031 0.071

P3
7/29/2020 0.005 0.018 0.030
8/12/2020 -0.076 -0.005 0.064
7/7/2021 0.166 0.037 -0.094
8/13/2021 0.012 0.090 0.168
X 0.026 0.035 0.042
S.E. 0.051 0.020 0.054

Averages (X) and standard error of the means (S.E.) are presented for each pond.
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Supplementary Table S7. Average values of predictor variables measured in each year.

Pond 1 Pond 2
Variable 2016 2017 2018 2016 2017 2018

EC 0.90+0.05 1.67+£0.03 1.12+0.05 1.03+0.04 0.83+0.04 0.814+0.04

pH 8.64+0.06 8.82+0.04 7.65+0.04 7.61+0.10 8.46+0.06 8.17+0.05
DO 10.04+0.23 10.39+0.10 10.07+0.12 9.45+0.33 12.97+0.30 14.91+0.32
SPC 147.89£1.90 162.51£0.81  148.83+£1.75 154.46+1.30 166.95+0.79  142.59+1.13
C 26.24+0.11 26.31+0.18 26.99+0.18 26.95+0.23 28.414+0.19 27.54+0.18
NTU 7.05+0.27 5.16+£0.26 4.20+0.28 36.34+8.33 11.44+1.05 13.86+1.30
CHL N.M. 3.83+0.41 2.80+0.22 N.M. 15.30+1.61 19.97+£2.02

PC N.M. 1.15+0.09 0.95+0.11 N.M. 3.87+£0.42 4.86+0.37
FDOM N.M. 13.04+1.13 20.72+1.09 N.M. 27.224+0.41 34.90+0.50

TDN N.M. N.M. 6.44+0.11 N.M. N.M. 4.31+0.05
TDC N.M. N.M. 13.96+0.11 N.M. N.M. 15.97+0.08

NH," N.M. N.M. 0.65+0.07 N.M. N.M. 0.23+0.01

[PO4J* %

100 N.M. N.M. 1.394+0.12 N.M. N.M. 22.82+0.72

N.M. represents variables that were not measured in a specific year. Thetsymbol separates the average from the standard error.

EC (log CFU 100 mL™), pH (unitless), DO (mg L"), SPC (uS cm™), C (°C), NTU (NTU), CHL (RFU), PC (RFU), FDOM (pg
L"), TDN (mg L"), TDC (mg L"), NH4" (mg L"), and [PO4]> (mg L™).
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Supplemental Table S8. Probabilities for mean RMSE values to be the

same over pairs of years.

. Predictor
Predictor set A sot AB
Algorithm 2016-2017 2017-2018 2016-2018 2017-2018
Pond P1
GBM 0.940 0.006 0.018 0.033
kNN 0.951 0.016 0.028 0.072
MLR 0.063 <0.001 0.255 <0.001
RF 0.916 0.045 0.074 0.042
SVM 0.748 0.012 0.022 0.009
Pond P2
GBM 0.044 0.236 0.509 0.209
kNN 0.438 0.813 0.811 0.534
MLR 0.351 0.432 0.008 0.188
RF 0.008 0.052 0.963 0.063
SVM 0.005 0.139 0.614 0.210

Bold values indicate statistical significance.
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Supplemental Table S9. Average mean absolute errors of logarithms of E. coli concentrations predicted with four machine learning
algorithms and multiple linear regression.

Predictor set

Predictor set A Predictor set AB ABC
ML
Algorithm 2016 2017 2018 2016-2018 2017 2018 2017-2018 2018
Pond P1
GBM 0.193+£0.066 0.182+0.007 0.269+0.010 0.247+0.037 0.182+0.048 0.262+0.008 0.236+0.005 0.268+0.061
kNN 0.217+£0.088 0.193+0.006 0.294+0.011 0.257+0.044 0.193+0.066 0.286+0.010 0.250+0.006 0.281=+0.093
MLR 0.338+0.132 0.205£0.007 0.435+0.012 0.389+0.048 0.202+0.047 0.408+0.012 0.346+0.007 0.351+0.076
RF 0.188+0.070 0.182+0.007 0.264+0.011 0.239+0.042 0.175+£0.048 0.254+0.010 0.230+0.006 0.269+0.073
SVM 0.214+0.073 0.178+0.008 0.288+0.009 0.248+0.044 0.185+0.045 0.288+0.009 0.245+0.006 0.287+0.072
Pond P2
GBM 0.265+0.070  0.324+0.009 0.293+0.006 0.305+0.035 0.323+0.078 0.289+0.006 0.310+0.006 0.235+0.054
kNN 0.291+£0.076 0.318+0.011 0.315+0.008 0.320+0.041 0.322+0.062 0.310+0.008 0.365+0.008 0.306=0.065
MLR 0.317£0.074 0.356=0.009 0.347+0.007 0.393+0.040 0.362+0.062 0.334+0.007 0.394+0.005 0.305+0.059
RF 0.239+0.059 0.319+0.010 0.263+0.007 0.289+0.029 0.323+0.070 0.266+0.007 0.294+0.005 0.226+0.046
SVM 0.233+0.062 0.323+0.009 0.275+0.006 0.306+0.034 0.326+0.064 0.288+0.009 0.304+0.007 0.255+0.050

Values in bold show the model with the best performance.

Supplemental Table S10. Average coefficients of determination of logarithms of E. coli concentrations predicted with four machine learning
algorithms and multiple linear regression.

Predictor set A Predictor set AB Predictor set ABC
ML
Algorithm 2016 2017 2018 2016-2018 2017 2018 2017-2018 2018
Pond 1
GBM 0.720 £0.230 0.381 £0.011 0.670£0.025 0.628 £0.015 0.376 £0.032 0.680+0.023 0.677 £0.015 0.749 £0.021
kNN 0.621+£0.114 0304 +£0.036 0.607+0.028 0.585+0.019 0.263+0.035 0.611+0.029 0.598+0.022 0.722 +0.021
MLR 0.407 £0.298 0.244 £0.031 0.239+0.023 0.210+0.017 0.221 £0.029 0.332+0.022 0.355+0.018 0.587 £0.012
RF 0.696 £0.235 0.384 £0.029 0.687 £0.026 0.647 £0.018 0.414 +0.028 0.697 +£0.024 0.672+0.019 0.751 £ 0.020
SVM 0.631+£0.269 0.364+0.033 0.619+0.027 0.601 +£0.020 0.325+0.026 0.632+0.024 0.625+0.017 0.670+0.030
Pond 2
GBM 0.614 £0.026 0.402+£0.029 0.600+0.016 0.515+0.017 0.394+0.030 0.609+0.018 0.511+0.019 0.726+0.017
kNN 0.503 £0.035 0.449 £0.030 0.562+0.019 0.472+0.018 0.425+0.026 0.552+0.018 0.492+0.021 0.568 £0.019
MLR 0.397£0.039 0.295+0.025 0.486+0.019 0.250+0.016 0.279+0.022 0.529+0.020 0.225+0.015 0.592 +0.021
RF 0.623 +£0.035 0.436+0.031 0.669 +0.019 0.568 +0.015 0.424 +0.028 0.667 +=0.019 0.551+0.016 0.745+0.014
SVM 0.693 £0.034 0.411 £0.032 0.630+0.017 0.519+0.014 0.384 +£0.029 0.609 £0.020 0.492+0.022 0.675+0.019

Values in bold show the model with the best performance.

209



Supplemental Table S11. Average normalized root-mean-squared errors (NRMSE) of logarithms of E. coli concentrations predicted with four machine learning
algorithms and multiple linear regression.

Predictor set A

Predictor set AB

Predictor set

ABC
ML Algorithm 2016 2017 2018 2016-2018 2017 2018 2017-2018 2018
Pond P1
SGB 0.097 £0.004 0.071+0.003 0.126 +£0.005 0.098 £0.003 0.073+£0.003 0.124+0.004 0.093+0.002 0.120=+0.004
kNN 0.110+£0.006 0.079+0.003 0.141 +£0.005 0.105+0.003 0.081 £0.005 0.138+0.006 0.102+0.003 0.129+0.006
MLR 0.178 £0.013 0.082+0.004 0.199+0.006 0.144+0.003 0.082+0.004 0.185+0.005 0.132+0.002 0.160=+0.004
RF 0.100 £0.006 0.071 +£0.003 0.124 +£0.005 0.095+0.003 0.070 £0.004 0.121 +0.005 0.092 +£0.003 0.119 +0.005
SVM 0.106 £0.005 0.073+0.003 0.137+0.005 0.102+0.003 0.074+0.003 0.136+0.005 0.098+0.003 0.133+0.005
Pond P2
SGB 0.111 £0.004 0.156+0.005 0.166+0.003 0.149+0.003 0.159+0.006 0.163+0.003 0.149+0.003 0.137+0.004
kNN 0.123 £0.005 0.154+0.006 0.176+0.003 0.157+0.003 0.157+0.004 0.174+0.004 0.151+0.003 0.172+0.004
MLR 0.140 £ 0.005 0.171+0.004 0.189+0.003 0.187+0.003 0.173+£0.004 0.182+0.004 0.187+0.002 0.170=+0.004
RF 0.102 £0.004 0.154 +£0.005 0.150 +£0.004 0.141+0.003 0.155+0.005 0.149+0.003 0.143+0.003 0.132+0.003
SVM 0.096 £ 0.004 0.157+0.005 0.159+0.003 0.150=+0.003 0.160+0.005 0.164+0.005 0.150+0.003 0.148 +0.004

The + separates the average from the standard error of the mean. The smallest RMSE are shown in bold. Machine learning algorithms: stochastic

gradient boosting machines (SGB); k-nearest neighbor (kNN); multiple linear regression (MLR); random forest (RF); support vector machines (SVM).

Predictor sets: A — temperature, DO, pH, turbidity, and SPC; AB — all from A and PC, CHL, and f/DOM ; ABC — all from AB and NH", [PO4]*, TN,

and TC.
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Supplemental Table S12. Average normalized mean absolute errors (NMAE) of logarithms of E. coli concentrations predicted with four machine learning

algorithms and multiple linear regression.

Predictor set A Predictor set AB Predictor set ABC
ML ) 2016 2017 2018 2016-2018 2017 2018 2017-2018 2018
Algorithm
Pond P1
SGB 0.076 £0.004 0.052+0.002 0.096+0.004 0.071+0.011 0.052+0.014 0.094+0.003 0.067+0.001 0.096 £ 0.022
kNN 0.085+£0.005 0.055+£0.002 0.105+0.004 0.073£0.013 0.055+0.019 0.102+0.004 0.071 £0.002 0.100 +£0.033
MLR 0.133 £0.007 0.059+0.002 0.155+0.004 0.111+0.014 0.058+0.013 0.146+0.004 0.099 £ 0.002 0.125 £0.027
RF 0.074 £ 0.004 0.052+0.002 0.094 = 0.004 0.068+0.012 0.050£0.014 0.091 +£0.004 0.066 = 0.002 0.096 +0.026
SVM 0.084 £0.004 0.051+£0.002 0.103£0.003 0.071+£0.013 0.053+£0.013 0.103+0.003 0.070£0.002 0.103 £ 0.026
Pond P2
SGB 0.088+0.003 0.120+0.003 0.127+0.003 0.113+£0.013 0.120+£0.029 0.126+0.003 0.115+0.002 0.102 +0.023
kNN 0.097 £0.004 0.118+0.004 0.137+0.003 0.119+0.015 0.119+£0.023 0.135+0.003 0.135+0.003 0.133 £0.028
MLR 0.106 £0.003 0.132+0.003 0.151+0.003 0.146+£0.015 0.134+£0.023 0.145+0.003 0.146 = 0.002 0.133 £0.026
RF 0.080 £0.003 0.118+0.004 0.114+0.003 0.107£0.011 0.120+0.026 0.116 = 0.003 0.109 = 0.002 0.098 = 0.020
SVM 0.078 £0.003 0.120+0.003 0.120+0.003 0.113+£0.013 0.121 £0.024 0.125+0.004 0.113 +0.003 0.111 £0.022

The + separates the average from the standard error of the mean. The smallest RMSE are shown in bold. Machine learning algorithms: stochastic gradient boosting

machines (SGB); k-nearest neighbor (kNN); multiple linear regression (MLR); random forest (RF); support vector machines (SVM). Predictor sets: A — temperature,

DO, pH, turbidity, and SPC; AB — all from A and PC, CHL, and fDOM ; ABC — all from AB and NH4*, [PO4]*, TN, and TC.
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Supplemental Table S13. Average root-mean-squared errors (RMSE), coefficients of determination
(R?), and mean absolute errors (MAE) of logarithms of E. coli concentrations predicted with four
machine learning algorithms and multiple linear regression for the combined datasets from each
pond over the observation period using predictor set A.

RMSE

ML Algorithm 2016 2017 2018 2016-2018
SGB 0.318+£0.012  0.397+0.009  0.382 +0.008 0.394 + 0.005
kNN 0.354+0.011  0.400+0.012 0.407+0.009  0.418 +0.007
MLR 0.441+0.012 0.505+0.010 0.529+0.009  0.543 + 0.006
RF 0.307+0.009  0.383+0.012 0.356=0.008  0.377 = 0.006
SVM 0.295+0.011  0.394+0.010  0.383+0.007  0.398 + 0.005

R2

ML Algorithm 2016 2017 2018 2016-2018
SGB 0.584+0.029 0.608 +£0.016  0.626+0.013 0.591 +£0.010
kNN 0.509+£0.029  0.596 +£0.020 0.581+0.016  0.546 +0.012
MLR 0.265+0.028  0.357+0.018  0.302+0.023 0.233+0.014
RF 0.629+0.022  0.636 £0.022  0.677=0.015  0.630 = 0.010
SVM 0.655+0.023 0.610+0.019 0.626+0.013 0.586 + 0.012

MAE

ML Algorithm 2016 2017 2018 2016-2018
SGB 0.245+0.008  0.296+0.007 0.295+0.006  0.293 + 0.003
kNN 0.271+0.008  0.288+0.008 0.303+0.006  0.306 + 0.004
MLR 0.339+0.009  0.391 £0.008 0.427+0.007  0.424 + 0.005
RF 0.229+0.006  0.278 £0.008 0.268 =0.005  0.278 + 0.004
SVM 0.225+0.008 0.284 +0.007  0.288 = 0.005 0.293 + 0.004

Values highlighted in bold show the model with the best performance.
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Supplemental Table S14. Average root-mean-squared errors (RMSE), coefficients of determination
(R?), and mean absolute errors (MAE) of logarithms of E. coli concentrations predicted with four
machine learning algorithms and multiple linear regression for the combined datasets from each
pond over the observation period using predictor set A and including ‘site’ (e.g. Pond 1 or Pond 2)
as a categorical variable.

RMSE

ML Algorithm 2016 2017 2018 2016-2018
SGB 0.316 £ 0.013 0.365 £0.010 0.376 + 0.007 0.386 + 0.006
kNN 0.354 +0.012 0.394 £ 0.010 0.403 +0.010 0.393 £ 0.007
MLR 0.467 +0.029 0.405 + 0.008 0.526 + 0.008 0.530 £ 0.007
RF 0.301 £0.011 0.359 +0.009 0.352 +0.008 0.365 + 0.005
SVM 0.295 + 0.009 0.369 + 0.009 0.378 £ 0.008 0.384 + 0.006

R2

ML Algorithm 2016 2017 2018 2016-2018
SGB 0.604 + 0.026 0.667 £ 0.016 0.639 £ 0.013 0.606 £ 0.012
kNN 0.518 £0.028 0.618 £0.019 0.586 + 0.018 0.599 £ 0.012
MLR 0.262 +£0.031 0.593 +£0.014 0.294 + 0.019 0.265 £ 0.012
RF 0.640 + 0.022 0.674 £ 0.014 0.681 + 0.014 0.651 + 0.009
SVM 0.634 £ 0.025 0.661 £0.014 0.636 + 0.015 0.616 £0.010

MAE

ML Algorithm 2016 2017 2018 2016-2018
SGB 0.245+0.010 0.271 £ 0.006 0.291 + 0.004 0.287 £ 0.004
kNN 0.271 £ 0.009 0.283 £ 0.007 0.302 + 0.007 0.289 £ 0.004
MLR 0.352+0.014 0.301 £ 0.006 0.422 + 0.006 0.406 £+ 0.004
RF 0.227 £ 0.007 0.263 + 0.006 0.264 + 0.005 0.269 + 0.003
SVM 0.227 £ 0.007 0.264 £ 0.005 0.278 + 0.006 0.281 £ 0.004

Values highlighted in bold show the model with the best performance.
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Appendix C: Supplemental Figures
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Supplemental Figure S1. Mean relative difference values for each year at P1 as well as the 3-year average.
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@ -264--16 ® 531
@ 16-043 ® 531--16
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@ 167-245 @ 44-65

Supplemental Figure S3. Spatial distribution of EOF1 values of teerature across the two
observation ponds between 2016 and 2018.

216



P1 EOF1 Scores P2 EOF1 Scores

@ 4.36--17 @® 48--31
@® 17-008 ® 31--16
@ o008-215 ) -1.6-44

® 44-65

i
() 215-2.94

Supplemental Figure S4. Spatial distribution of EOF1 values of dislved oxygen (DO) across the two
observation ponds between 2016 and 2018.
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Supplemental Figure S5. Spatial distribution of EOF; values of pH cross the two observation ponds between
2016 and 2018.
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Supplemental Figure S6. Spatial distribution of EOF: values of specific conductivity (SPC) across the two observation ponds

between 2016 and 2018.
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Supplemental Figure S7. Schematics of the Mobile, Sampling, Sensing, and Hyperspectral Imaging Platform (MSSHIP).
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Supplemental Figure S8. The full conditional inference tree (cTREE) for Pond 1. The y-axis of the terminal nodes shows the baseio logarithm of the
observed E. coli concentration. The solid line in the box and whiskers show the median while the bottom and top boarders of the box display the 1
(Q1) and third (Q3) quartiles also known as the interquartile range (IQR), respectively. Outliers (< Q1-1.5*IQR or > Q3+1.5*IQR) of the concentration
distribution are shown as dots. Dissolved oxygen is abbreviated by DO and the splitting concentration of 10.39 is in units mg L!. The value n next to
the node number indicates the number of observations in that split.
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Supplemental Figure S9. The full conditional inference tree (cTREE) for Pond 2. The y-axis of the terminal nodes shows the baseio logarithm of the
observed E. coli concentration. The solid line in the box and whiskers show the median while the bottom and top boarders of the box display the 1%
(Q1) and third (Q3) quartiles also known as the interquartile range (IQR), respectively. Outliers (< Q1-1.5*IQR or > Q3+1.5*IQR) of the concentration
distribution are shown as dots. pH is abbreviated as pH (unitless); turbidity is abbreviated as NTU (NTU), and OP is the abbreviation for the
orthophosphate concentration (mg L!). The value n next to the node number indicates the number of observations in that split.
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Supplemental Figure S10. The full conditional inference tree (CTREE) for Pond 3. The y-axis of the terminal nodes shows the baseio logarithm of the
observed E. coli concentration. The solid line in the box and whiskers show the median while the bottom and top boarders of the box display the 1%
(Q1) and third (Q3) quartiles also known as the interquartile range (IQR), respectively. Outliers (< Q1-1.5*IQR or > Q3+1.5*IQR) of the concentration
distribution are shown as dots. Specific conductance is abbreviated as SPC (uS cm™); turbidity is abbreviated as NTU (NTU), dissolved oxygen is
abbreviated by DO (mg L!), and temperature is abbreviated by (C;°C). The value n next to the node number indicates the number of observations in

that split.
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Supplementary Figure S11. Site maps for the two studied ponds. P1 had 23 sampling locations and is
pictured on the left. P2 had 34 sampling locations and is pictured on the right
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Supplementary Figure S12. Probabilities of MAE between the RF and other ML models.
Red symbols indicate statistically significant differences.
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Supplementary Figure S13. Probabilities of R? between the RF and other ML
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